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Chlamydia, a bacterial sexually transmitted infection, is known as a silent disease because 

more than half of individuals infected with chlamydia are asymptomatic. We estimate chlamydia 

incidence and asymptomatic rates for groups of students formed by crossing class standing with 

race and place of residence for the entire population. Standard statistical methods are inadequate 

because the misclassification problem, associated with the asymptomatic nature of chlamydia, vio

lates the assumption that the outcome variable is measured without error. Our Bayesian models use 

double logistic regressions and small area estimation, which borrows strength across these domains. 

Based on the model selected, the overall incidence and asymptomatic rates for women from the 

University of Florida were found to be between 5% and 6% and between 30% and 40% respectively, 

and they can be explained by condom use, number of sexual partners, number of times one has 

drinks and sex simultaneously and amount of recent alcohol intake. 

INDEX WORDS: Double Logistic Regression, Metropolis-Hastings Sampler, Misclassification, 

Multi-Level Models, Sexual Diseases 
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1. INTRODUCTION 

In this thesis, we develop and use statistical methods to analyze misclassified data on chlamydia 

and to estimate incidence and asymptomatic rates. Chlamydia is a common sexually transmitted 

disease (STD) caused by the bacterium Chlamydia trachomatis. In fact, it is the most frequently 

reported bacterial STD in the United States. People can get infected with chlamydia during 

vaginal, anal or oral sex. Chlamydia can even be transmitted from an infected mother to her baby 

during vaginal childbirth. Every sexually active person, including homosexuals, can be infected 

with chlamydia and the risk of infection increases as the number of sexual partners increases. 

Chlamydia is known as a "silent" disease since approximately three quarters of infected women 

and approximately half of infected men have no symptoms. If symptoms occur at all, they usually 

are apparent within 1-3 weeks after exposure. Because of this, under-reporting is dramatically high 

since most infected people are unaware of their infections and thus do not seek testing or treatment. 

Women who have symptoms may have abnormal vaginal discharge, burning sensation during uri

nation, lower abdominal pain, low back pain, nausea, fever and frequency of urination. Men who 

have symptoms may have penile discharge, burning sensation during urination and burning and 

itching around the penile meatus. 

There are multiple ways that people become infected with chlamydia and transmit it to other 

people. Men and women who have penile vaginal intercourse (few or no symptoms), men and 

women who have receptive anal intercourse can get infected with chlamydia in their rectum (rectal 

pain, discharge, and bleeding are possible symptoms) and men and women can get infected with 

chlamydia in their throats if they have oral sex with an infected partner. Babies who are born to 

infected mothers can get infected with chlamydia in their eyes and respiratory tracts and chlamydia 

is also a leading cause of infant pneumonia and conjunctivitis in newborns. Untreated chlamydia 

infections, even if they are asymptomatic, can cause serious health problems such as pelvic in

flammatory disease (PID), fatal ectopic pregnancies and Reiter's syndrome. In addition, women 

infected with chlamydia are up to five times more likely to become infected with HIV if they are 

exposed. 

It is very important to understand how to diagnose, treat and prevent chlamydia infections. 

Fortunately, laboratory tests exist that can definitively diagnose chlamydia and it is easily treated 
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and cured with antibiotics such as azithromycin and doxycycline. Although consistent and correct 

use of condoms can reduce the risk of chlamydia infections, the surest ways to avoid transmission 

of STDs are sexual abstinence or participation in a long-term mutually monogamous relationship 

with an uninfected partner (CDC website 2007). It should be clear from the previous facts that the 

under-reporting of chlamydia infections due to their generally asymptomatic nature is an extremely 

serious problem. 

It is necessary to understand why we are interested in estimating the incidence and asymp

tomatic rates of chlamydia for domains of female students defined by a combination of ethnic 

group, residence and class standing. Class standing was chosen because numerous researchers and 

behavioral scientists have advanced the hypothesis that risk behaviors vacillate with age, which is 

closely correlated with class standing. Ethnic group was chosen since it is consistently indicated 

as a covariate in predicting chlamydia infection rates due to poor access of health care services, 

lack of health insurance, and poverty. Residence was chosen since it is noted as an important so

ciocultural influence on chlamydia incidence rates in existing medical literature and the chlamydia 

incidence rates have been shown to vary substantially with regard to residence in previous stud

ies. It is of enormous interest to health care providers and administrators to predict the incidence 

and asymptomatic rates of chlamydia for groups of students defined by combining graduate sta

tus (undergraduate/graduate) and ethnic group for the whole population. In the past, budgets 

for treatment and prevention varied due to student enrollment and funding sources. If chlamydia 

incidence rates can be predicted, budgets and resources can be designated by relying on scientific 

method instead of past expenditure and intuition. This is crucial since chlamydia incidence rates 

and its associated costs are unlikely to decrease (Thomas 2006; Thomas and Nandram 2007). In this 

thesis, the incidence data and the prevalence data are subdivided into twelve domains with respect 

to ethnic, residence, and class standing for future analyses. In particular, these twelve domains 

are derived from all combinations of ethnic group (dichotomized as white, non-white), residence 

(dichotomized as on campus, off campus) and class standing (categorized as Freshman/Sophomore, 

Junior/Senior and Graduate). 

It is also necessary to understand the nature of the data that we will be analyzing in order 

to follow the assumptions and techniques used to analyze it. In this thesis, we analyze data 

pertaining to the incidence of chlamydia and health risk behaviors reported by female students at 

2 



the University of Florida, which were collected in Spring 2006. Students who are at risk of getting 

chlamydia may be misclassified in the incidence data since some students who say they do not have 

chlamydia could still have chlamydia since chlamydia is often asymptomatic. To account for this 

misclassification, a survey was performed at the University of Florida in January of 2006 for those 

students seeking health care services at the UF Student Health Care Center to describe health 

risk and condom use. Some of the students taking this survey who said that they did not have 

chlamydia may actually have had chlamydia. These asymptomatic cases could be included in the 

prevalence data. The prevalence data is the data we use to help account for the misclassification 

in the incidence data. Recall from epidemiology that the prevalence of a disease is the proportion 

of a defined population that has the disease at a given point in time and the incidence of a disease 

is the rate at which new cases of a disease occur in an at-risk population during a specified period 

of time. 

The Prevalence Data And The Incidence Data 

It is necessary to give an exhaustive description of how the prevalence data was obtained. 

The prevalence data contains both men and women and the confirmed chlamydia diagnoses are 

known to be correct in this data set. Prevalence data was collected at the University of Florida 

Student Health Care center as part of the 2006 April STD Awareness-Enhanced Screening Project 

coordinated by Frank R. Meyers, Special Projects Coordinator, Bureau of STD Prevention and 

Control, Florida Department of Health. The project was coordinated at the University of Florida 

by Tami Thomas, a research coordinator and Advanced Registered Nurse Practitioner employed 

by the University of Florida Student Health Care Center. During the first three weeks in April 

(when students arrived in any one of 5 health care team settings for health problems such as 

trauma, the flu and physical complaints), they were notified by nurses that free urine chlamydia 

and gonorrhea screening tests were available as part of a prevalence project sponsored by the 

Department of Health in Tallahassee. These urine screening tests use ligase chain reaction assays 

to detect the presence of C tmchomatis and N gonorrhoeae (i.e. the bacteria that cause chlamydia 

and gonorrhea respectively) in the subjects' urine specimens. Two hundred and fifty one specimens 
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were collected from students during April 11 - 19, 2006. All samples were collected and sent to 

a laboratory in Jacksonville for processing and evaluation. Thirteen samples were positive for 

chlamydia. Among those students whose samples were positive for chlamyclia, 4 partners were 

students at the University of Florida. None of these students who tested positive suspected that 

they had chlamydia prior to volunteering for participation in the Enhanced Screening Project. All 

students and their partners who tested positive were treated with antibiotics, given education and 

counseling per Student Health Care Center policy. At all times confidentiality was maintained and 

partners who were not students at the University of Florida were encouraged to seek treatment as 

soon as possible. As a result of the prevalence project the Meclical Director and Quality Assurance 

Council developed a work team to increase access to screening (Miller et al 2004 and Thomas, 

personal communication, 2008). 

It is also necessary to give an exhaustive description of how the incidence data was collected. 

It is important to note that unlike the prevalence data, this data set contains only women and the 

self-reported cliagnoses contained in this data set are known to contain errors. The incidence data 

was collected at the University of Florida Student Health Care Center by Tami Thomas, a research 

coordinator, Advanced Registered Nurse Practitioner, employed by the Student Health Care Center, 

and a doctoral student in the College of Nursing at the University of Florida. Approved flyers were 

posted to invite students to participate in this study. A letter of explanation and the purpose of 

the study were attached to the front of the questionnaire that each of the participating students 

were given. The questionnaire included items about demographic information, sexual behavior, 

high-risk drinking, treatment for sexually transmitted diseases and the Condom Use Self-Efficacy 

Scale. Items in the questionnaire were either Likert scale, fill-in-the-blank or multiple choice with 

answers to circle. The Condom Use Self-Efficacy Scale was developed from social cognitive theory 

and used as a predictor for Condom Use Self-Efficacy with tested reliability and validity (Brafford 

and Beck 1991). This scale is a crucial element since condom use has previously been identified as 

the most important preventative measure to stop the spread of chlamydia. Completed anonymous 

questionnaires from volunteer subjects were collected at the University of Florida Student Health 

Care Center on the main campus until the required number of subjects for statistical analysis 

was met. It took about 3 weeks to collect the questionnaires from the required 285 subjects. 

The questionnaire information was entered on a statistical program variable data sheet to permit 
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analysis at a later date. The computer used for the analysis was password protected and the data 

were locked in a filing cabinet behind a locked door to ensure confidentiality. Health care was 

provided to students regardless of their participation in the study and medical treatment was never 

denied for students who refused to participate (Thomas 2006). 

Important Preliminary Results 

In this section, we present the number of chlamydia cases and sample sizes for each of the twelve 

domains for both the prevalence and incidence data. We also present the results of a multiple 

logistic regression on chlamydia diagnosis that explains our choice of covariates used throughout 

the remainder of this thesis. Neither of these analyses account for the misclassification problem. 

Although several other preliminary analyses were performed (Appendix A), these two analyses are 

the most important of all the preliminary analyses. 

The SAS procedure PROC FREQ was used to obtain the frequency of chlamydia and both the 

prevalence and incidence data by domain. Table I gives the frequencies of chlamydia diagnoses with 

respect to domains defined by a combination of ethnic group, residence and class standing. Table 

1 shows that no one fell into the 6th or 12th domains, only one male in the prevalence data had 

chlamydia and the prevalence of chlamydia in women is higher in the United States (prevalence 

= 11/180 =.061 =6.1%} than the prevalence of chlamydia in women at the University of Florida 

(prevalence= 13/316 = .041 = 4.1%). Table I also shows that there is only one case of chlamydia 

among the males, thus sparseness of the data precludes any reasonable statistical analysis for males. 

The SAS procedure PROC LOGISTIC was used to perform the multiple logistic regression 

of chlamydia diagnosis with the continuous version of one's condom use in the past 12 months, 

number of sexual partners one has had in the past 12 months, number of times that one has 

consumed alcohol and engaged in sexual activity at the same time or during the same occasion in 

the past 12 months and the amount of alcohol one has consumed in the past 2 weeks. Table II 

gives the results of the aforementioned multiple logistic regression of chlamydia diagnosis. Table 

II shows that conuse12m (the continuous version of one's condom use in the past 12 months} is 

not a significant predictor of chlamydia, alcSA12m (the number of times that one has consumed 
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Table I: Frequency of chlamydia in prevalence and incidence data by domain 

Prevalence Data UF Data 

Male Female Female 

White Residence Class Yes No Yes No Yes No 

No On Fresh/Soph 0 1 1 7 2 15 
No On Junior/Senior 0 6 3 23 2 31 
No On Graduate 0 9 1 16 3 19 
No Off Fresh/Soph 1 4 3 14 0 . 14 
No Off Junior/Senior 0 1 1 3 0 1 
No Off Graduate 0 0 0 0 0 o· 
Yes On Fresh/Soph 0 4 0 12 3 23 
Yes On Junior /Senior 0 19 1 47 2 92 
Yes On Graduate 0 13 0 22 0 64 
Yes Off Fresh/Soph 0 8 1 22 1 34 
Yes Off Junior/Senior 0 4 0 3 0 10 
Yes Off Graduate 0 0 0 0 0 o· 

NOTE. On means on campus, Off means off campus and Fresh/Soph means 
Freshman/Sophomore. 

• None observed in the sample. 
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alcohol and engaged in sexual activity at the same time or during the same occasion in the past 12 

months) is not a significant predictor of chlamydia diagnosis and that both amtdr2wk (the amount 

of alcohol one has consumed in the past 2 weeks) and Sexprtl2mth ( the number of sexual partners 

one has had in the past 12 months) are highly significant predictors of chlamydia diagnosis. 

Table II: Multiple logistic regression results with chlamydia diagnosis as dependent variable and 
continuous variables as predictor variables for incidence data 

Variable Coefficient SD P-value 

conusel2m -0.0101 0.01 0.2080 
Sexprtl2mth 0.3965 0.11 0.0005 

alcSA12m 0.0366 0.02 0.1049 
amtdr2wk -0.5817 0.20 0.0043 

NOTE. The P-value for conusel2m is for the continuous version of this variable. 

The variables that will be kept for further analysis are conusel2m, sexprtl2mth, alcSA12m and 

amtdr2wk. Although conusel2m and alcSA12m were not statistically significant in the multiple 

logistic regression analysis, both of them were kept since condom use is considered an essential 

predictor of chlamydia infection rates and alcSA12m is indicated as a good predictor of chlamydia 

infection rates in the literature reviewed by Dr. Thomas in her dissertation (Thomas 2006). It was 

noted that conusel2m could be converted into a continuous variable x, where x = 0, 20, 50, 70, 100 

when conusel2m = 1,2,3,4,5 respectively. Although a two-way interaction term for conusel2m and 

amtdr2wk could have been considered as a predictor variable, it was excluded since it would only 

make conusel2m have even less statistical significance. In the following descriptions of the four 

covariates, only 316 of the students were used in the analysis since 4 of the students had incomplete 

data for the outcome variable Dgntrchlamy. The raw data mean and SD for conusel2m are 46.81 

and 41.31 respectively. The raw data mean and SD for Sexprtl2mth are 1.62 and 1.69 respectively. 

The raw data mean and SD for alcSA12m are 5.43 and 12.05 respectively. Finally, the raw data 

mean and SD for amtdr2wk are 2.95, and 3.63 respectively. 
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Literature Review and Problem Statement 

A. Statement of the Problem 

An important unsolved problem is involved when trying to determine the incidence of chlamydia 

at the University of Florida: analysis of a binary outcome variable given that the observed values 

of the outcome variable can be misclassified. To see how this problem is involved, simply note that 

chlamydia diagnosis is our binary outcome variable and observed negative chlamydia diagnoses can 

be misclassified since chlamydia is often asymptomatic and people with chlamydia or other STDs 

often do not want other people to know that they have chlamydia or other STDs. This general 

problem can be visualized by looking at Table III. 

Table III: fllustration of the general misclassification problem 

.s. 
Y 0 1 

0 (1-,ro)(l-p) ,ro(l-p) 
1 7r1P (l-,r1)p 

NOTE. S is defined as: 1 if the binary outcome variable is present and O otherwise and Y is 
defined as: 1 if the binary outcome variable is observed to be present and O otherwise. 

Note from the table that ,ro and ,r1 are parameters that indicate the degree to which the negative 

and positive diagnoses of chlamydia are misclassified respectively (note that when 7ro = 0 and 7r1 

= 0 no misclassification is present). Therefore, estimates for ,ro and ,r1 must be obtained before 

estimates can be obtained for p. Unfortunately, this problem is not solvable by standard methods 

such as MLE (maximum likelihood estimator) estimation since ,ro, ,r1, and p are nonidentifiable 

parameters ( i.e. unique ML Es for these parameters do not exist). To see this, note from the table 
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that P(Y = 0) = (1 - ,r0)(1- p) + ,ro(l - p) = (1- p), P(Y = 1) = 'lf1P + (1 - ,r1)P = p and that 

there are an infinite number of combinations of p, 'lfo and '1ft that will work for any fixed values of 

P(Y = O) and P(Y = 1). From Table ill, we see that the following joint probabilities are true: 

and 

P(s = 1, y = 1) = (1- ,r1)P, 

P(s = 0, y = 1) = 'lfIP, 

P(s = 1, y = 0) = 'lfo(l - p), 

P(s = 0, y = 0) = (1- ,ro)(l - p). 

We also see that the following conditional probabilities are true: 

and 

P(s = 1 I y = 1) = 1- '1ft, 

P(s = 0 I y = 1) = 'lfl, 

P(s = 11 y = 0) = 'lfo 

Finally, we note that the following marginal probabilities are true: 

and 

P(s = 1) = 'lfo(l - p) + (1 - ,r1)P, 

P(s = 0) = (1- ,ro)(l - p) + (1- ,r1)P, 

P(Y = 1) = 'lflP + (1 - ,r1)p = p 

P(Y = 0) = (1 - ,ro) (1 - p) + 'lfo (1 - p) = 1 - p. 

From these probability formulas, we see that we need estimates for 'lfo, '1ft and p before we can 

obtain the desired estimates for the incidence of chlamydia and the aforementioned probabilities. 

Fortunately, we know that 'lfl = 0 in our case since people who say that they have chlamydia 
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Table IV: fllustration of the chlamydia misclassification problem 

.s. 
y 0 1 

~ I ~l-1ro)(l-p) I 
p 

NOTE. S is defined as: 1 if chlamydia is present and O otherwise and Y is defined as: 1 if 
chlamydia is observed to be present and O otherwise. 

actually do have chlamydia. This simpler special case of the general misclassification problem can 

be visualized by looking at Table IV. 

From Table IV, we see that the following joint probabilities are true: 

and 

P(s=l,y=l)=p, 

P(s=0,y=l)=0, 

P(s= 1,y=0) =,r0(1-p) 

P(s = 0, y = 0) = (1- 1ro)(l - p). 

We also see that the following conditional probabilities are true: 

and 

P(s = 1 I y = 1) = 1, 

P(s=0ly=l)=0, 

P( s = 1 I y = 0) = 7fQ 

P(s = 0 I y = 0) = (1 - 1ro). 

Finally, we note that the following marginal probabilities are true: 

P(s = 1) = 1ro(l-p) +p, 
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and 

P(s = 0) = (1 - ,ro)(l - p), 

P(Y=l)=p 

P(Y = 0) = 1 - p. 

The parameters of greatest interest are the incidence rates and asymptomatic rates. The incidence 

rate is 

0 = P(s = 1) = 1ro(l - p) + p 

and the asymptomatic rate is 

, = P(y = 0 Is= 1) = ,ro(l - p)/[,ro(l - p) + p], 

since this is the probability that a person who has chlamydia is asymptomatic. From these prob

ability formulas, we see that we need estimates for 7fo and p before we can obtain the desired 

estimates for the prevalence of chlamydia and the aforementioned probabilities. 

B. Review of Related Literature 

In this section we will review the existing literature that is relevant to our thesis. First, we 

review the statistical literature to see what existing statistical methods are being used to address the 

misclassification problem. Then, we review the medical literature to determine what the currently 

known incidences rates for chlamydia are. The literature reviewed here discusses the prevalence of 

chlamydia in the United States, the predictors of chlamydia diagnosis, and the existing methods to 

solve the misclassified binary outcome problem given that both false positives and false negatives 

are possible. 

Prescott and Garthwaite (2005) used Bayesian analysis to analyze misclassified data of a binary 

exposure variable from a matched case-control study which has a random sample of the matched 

case-control sets for which the data from the binary exposure variable is classified correctly. They 

consider three potential models for their data analysis. Model 1 assumes little other than ran

domness and independence between matched sets while Models 2 and 3 are logistic models, with 
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Model 3 being a hierarchical model that makes additional distributional assumptions about the 

variation between the matched sets. Models 1 and 2 examine the data in two stages. The first 

stage uses a simplified analysis of the validated sample data to derive a posterior distribution for 

the misclassification rates (this addresses the misclassification problem}, the second stage uses the 

aforementioned posterior distribution as a prior in the analysis of the main data and then MCMC 

methods are used to sample from the joint posterior distribution that contains data from the vali

dation sample data and main data. Model 3 uses a hierarchical structure to express the relationship 

between the exposure probabilities of the matched sets with the intent of obtaining more informa

tion from the data than the first 2 models. Model 3 analyzes the validated sample data to derive 

a posterior distribution for the misclassification rates, the second stage uses the aforementioned 

posterior distribution as a prior in a more advanced analysis of the main data than the other two 

models and then Markov Chain Monte Carlo (MCMC} methods are used to sample from the joint 

posterior distribution that contains data from the validation sample data and main data. Finally, 

Prescott and Garthwaite (2005} generalize all three models to studies in which there are more than 

one control for each case. Although we are not analyzing data from a matched case-control study in 

our case and the prevalence data we have is not a random sample, the details of the above Bayesian 

analysis are still useful since we are analyzing misclassified data of a binary outcome variable and 

this binary outcome variable is classified correctly in the prevalence data. 

Gerlach and Stamey (2007} used Bayesian analysis to develop a variable selection method for 

logistic models where the data from the dependent variable can be misclassified differentially or 

non-differentially (i.e. the misclassification probabilities can be either dependent on the values 

of the covariates or independent of the values of the covariates). In the non-differential case, 

beta priors are specified for the misclassification probabilities (this addresses the misclassification 

problem) and these priors are then used to derive a joint posterior distribution so that inference 

and variable selection can be performed. In the dlfferential case, the misclassification probabilities 

depend on the covariates through the logistic link (this addresses the misclassification problem}, 

an analysis of a gold standard sample from the data set under consideration (the existence of 

this is assumed by the authors) is performed to permit inferences on all parameters and then 

this information is combined with the analysis of the main data set to obtain a joint posterior 

distribution so that inference and variable selection can be performed. Since the joint posterior 
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distributions in either case are not of the form of familiar distributions, a MCMC sampling scheme 

is designed to sample from these joint posterior distributions that incorporates uncertainty about 

which explanatory variables influence the dependent variable or the probability of misclassification 

( Gerlach and Stamey 2007) ._ The details of the previous Bayesian analysis are useful since our 

binary outcome variable is misclassified and we want to build logistic regression models to predict 

the incidence of chlamydia. 

Paulino, Soares and Neuhaus (2003) used a Bayesian analysis to analyze binomial regression 

models where the response variable is subject to a nonrestricted (i.e, false positives and false neg

atives are both possible) misclassification process and the covariates are measured without error. 

A conditional means prior (i.e, choose covariate vectors, assign priors to the unknown regression 

coefficients, and use the change-of-variables method to obtain the induced prior on the regression 

coefficients) is used to obtain a prior for the regression coefficients and the misclassification proba

bilities (this addresses the misclassification problem). This prior is combined with the analysis of 

the main regression data to get a joint posterior distribution for the regression coefficients. Next, 

data augmentation is used to make inferences on the joint posterior distribution tractable. Finally, a 

chained data augmentation algorithm that incorporates the sampling-importance resampling (SIR) 

method is used to make the desired inferences from the joint posterior distribution. This itera

tive approach provides inferences for the misclassification probabilities and for the parameters that 

correspond to the covariates in the regression equation. In addition, this approach makes model 

selection possible since it is valid for any logical generalized linear model and it is also straightfor

ward to generalize this approach to multinomial settings (Paulino et al. 2003). The details of the 

previous Bayesian analysis come closest to ours since it works for any plausible generalized linear 

model, the binary outcome variable is misclassified, and the misclassification parameter depends 

on the values of the covariates. 

Mcinturff, Johnson, Cowling and Gardner (2004) presented Bayesian methods for binomial re

gression when the dependent variable is determined using the results of a single diagnostic test with 

imperfect sensitivity and specificity and they also present a simple method for obtaining Bayes fac

tors for link selection. It is important to note that they assume that the misclassification of the 

dependent variable is non-differential (i.e, the misclassification probabilities are independent of the 

values of the covariates). The Bayesian binomial regression that accounts for misclassification is 
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performed by using a sequence of steps. First, independent beta priors are specified for the sensitiv

ity and specificity probabilities (this addresses the misclassification problem). Next, a conditional 

means prior (CMP) is used for the regression coefficients. Finally, the joint posterior distribution 

obtained by combining these with the binomial regression likelihood obtained from the data is 

sampled using a Gibbs sampler (Mcinturff et al. 2004). Although Mcinturff et al. (2004) address 

the misclassification problem in their Bayesian analysis, it is important to note that they do not 

use the values of the covariates to address the misclassification problem. 

Miller et al. (2004) performed cross-sectional analyses on a prospective cohort study consisting 

of young adults, 18 to 26 years old, to determine the prevalence of chlamydia! and gonococcal 

infections in the US young adult population. These analyses were performed since little information 

was available regarding the prevalence of chlamydia and gonococcal infections in the general young 

adult population. They concluded that the overall prevalence of chlamydia infection was 4.19% and 

the overall prevalence of gonorrhea was 0.43% in the US young adult population. But, it should 

be noted that the misclassification of chlamydia and gonococcal infections are still a problem in 

this study since the ligase chain reaction assays used on the participants' urine specimens have 

imperfect sensitivity and specifi~ity and participant nonresponse (e.g., patients refuse to provide 

urine specimens, the patients' urine specimens were unavailable, and so forth) was present (Miller 

et al. 2004). Thus, the incidence of chlamydia is at least 4.19% in America. 

Thomas (2006) performed a descriptive cross-sectional study to determine the current infection 

rates of chlamydia in the student population that uses the services of the University of Florida 

Student Health Care Center and to determine the relationships between these infection rates and 

condom use self-efficacy scores, high-risk drinking, and sexual risk taking. This data has mis

classification of chlamydia diagnoses since the chlamydia diagnoses were reported by the subjects 

themselves on the questionnaires they were required to fill out and chlamydia is known to have a 

large asymptomatic rate. Although Dr. Thomas was aware of this problem, the statistical methods 

used to analyze the data were standard procedures that do not address this misclassification prob

lem since statistical methods that could address this misclassification problem were not known to 

the investigators at the time of this study. The infection rates were calculated to be 5.8% for 2005 

and 5.1% for January 2006 and only the number of sexual partners was found to have a statistically 

significant relationship with the infection rates of chlamydia (Thomas 2006). Thus, the incidence 
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of chlamydia is at least 5.1 % at the University of Florida. 

It should be noted that our incidence data is a special case of the problems addressed in the 

aforementioned literature summarized. In particular, chlamydia diagnosis is a Bernoulli response 

variable that can be misclassified as negative but can never be misclassified as positive, we are 

assuming differential misclassification (i.e. the misclassification parameters are dependent on the 

values of the covariates obtained from the data), and we are building a logistic regression model 

with the variables in the incidence data set as potential covariates. Thomas and Nandram {2009) 

analyzed a similar data set. They obtained a Bayesian predictive inference for the incidence and 

asymptomatic rates of chlamydia for important student domains defined by combining class stand

ing and ethnic group. The population sizes for each domain are known for the University of Florida. 

In addition they have estimated the at-risk population size. It should be noted that they did not 

use any covariates to perform their inferences. 

Overview of Thesis 

In this thesis, the following question from Dr. Tami Thomas will be answered: "What is the 

actual incidence of chlamydia at the University of Florida given that people who claimed not to 

have chlamydia may still have chlamydia and people who claimed to have chlamydia always have 

chlamydia?" In addition, we will also determine the proportion of students infected with chlamydia 

who are asymptomatic. 

The approaches that will be used to solve these problems will also take the small areas defined 

by class standing (freshman-sophomore, junior-senior, graduate), whether or not a person is white, 

and whether or not a person lives on campus. In the following chapters, we will discuss the theory 

and implementation of four possible ways to answer this question and present the results of all 

four models. We provide a Bayesian analysis of the chlamydia incidence (Gelman, Carlin, Stern 

and Rubin 2004). In all four models, small area estimation is used to borrow strength across the 

domains. The first model ignores the misclassification problem and does not use any covariates. 

The four covariates selected in Appendix A are used to build a logistic regression model with 

chlamydia diagnosis as the outcome variable and a logistic regression model for the prevalence data 
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that has chlamydia diagnosis as the outcome variable is linked to the logistic regression component 

for the incidence data in the three remaining models. The second model ignores the misclassification 

problem but the third and fourth model account for the misclassification problem by including a 

logistic regression model built from the same four covariates with the misclassification parameter as 

the outcome variable. This allows us to account for the misclassification. The third model assumes 

heterogeneity in the domains of the incidence data while the fourth model does not. Domain effects 

are included in the fourth model to account for the heterogeneity in the domains of the incidence 

data. Our technique is statistically novel. 
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2. MATERIALS AND METHODS 

In this chapter, we discuss the methodology that will be used for the statistical analyses. We use 

a Bayesian analysis because it allows us to make reasonable inferences even when there are sparse 

data as in the study of chlamydia. We use small area estimates technique to borrow strength across 

the domains. Our basic assumption is that there is similarity across the domains; the Bayesian 

method can use this similarity in the analyses. In fact, we use techniques of small area estimation 

(Rao 2003). 

We construct two types of models. The first type does not take the misclassification error into 

consideration and the second type does take the misclassification error into consideration. The first 

two models that will be discussed are of the first type of model while the last two models that will 

be discussed are of the second type of model. 

Although the first model is the simplest and least accurate, its results give an indicator of what 

the incidence rates for chlamydia should be for each domain and the overall female student popu

lation at the University of Florida. These results will be used as baseline estimates for comparison 

with the other three methods. 

In Section 1 we use Bayesian analysis on the prevalence of chlamydia without using covariates 

and the misclassification of chlamydia diagnosis is ignored. In Section 2, two Bayesian logistic 

regression models are fitted to the incidence and prevalence data respectively. Bayesian logistic 

regression with chlamydia diagnosis as the outcome variable and the covariates from the incidence 

data set as predictor variables is used in the first model. Bayesian logistic regression with the 

prevalence of chlamydia as the outcome variable and the covariates from the incidence data as 

predictor variables is used in the second model. These two models will be linked together to give 

more accurate estimates of the incidence rates of chlamydia than could be obtained from just the 

incidence data. The misclassification of chlamydia diagnosis and the random effects of the 12 

domains are ignored. 

The last two models that will be used are of the second type of model. In Section 3, two 

Bayesian logistic regression models are fitted to the incidence and prevalence data respectively that 

account for the misclassification problem while ignoring the heterogeneity of the domains. Bayesian 
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logistic regression with chlamydia diagnosis as the outcome variable and the covariates from the 

incidence data set as predictor variables is used in the first model. In addition, a Bayesian logistic 

regression with the misclassification parameter as the outcome variable and the covariates from 

the incidence data as predictor variables is fitted and combined with the first logistic regression 

model to account for the misclassification problem under the assumption that it depends on the 

covariates. Bayesian logistic regression with the prevalence of chlamydia as the outcome variable 

and the covariates from the incidence data set as predictor variables is used in the second model. 

These two models will be linked together to give more accurate estimates of the incidence rates of 

chlamydia than could be obtained from just the incidence data. Finally, in Section 4 we use an 

approach similar to the one used in Section 3 except this time we account for the heterogeneity of 

the domains by including domain effects in the Bayesian logistic regression models from Section 3. 

Model Type 1: No Misclassification 

The models used in these first two sections do not account for the misclassification problem. 

Although the results from these two models are not sufficiently accurate, they will give good baseline 

estimates for the incidence rate of chlamydia that will be compared to the results of the last two 

models. 

2.1. Bayesian Analysis Without Covariates 

In this model, we will perform Bayesian analysis on the prevalence of chlamydia in the prevalence 

data and on chlamydia diagnosis in the incidence data for each domain defined in Chapter 1 

(henceforth denoted as PF) and pf) respectively, i = 1, ... , fl., fl. = 12 domains). As in every 

Bayesian analysis, priors must be specified for each pj1
) and p/2) as well as any parameter that the 

prior for each p)1) and pj2) depends on before we can derive the joint posterior distribution for the 

p)1\ and pfls. Let yi) denote the number of yeses in the incidence data and let y}Jl denote the 

number of yeses in the prevalence data. 
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We assume that 

(1) I (1) ind B ull"(p(l)) . - 1 e . - 1 (1) Yij Pi "'"' erno 1 i ,z.- , ... , ,J- , ... ,ni 

and independently 

(2) I (2) ind B ulli(p(2)) . l e . (2) Yij Pi rv erno i ,z.= , ... , ,J = l, ... ,ni . (1) 

Then, to borrow strength across the domains we assume that 

(1) I ind B ( ( ) ) . e Pi µ, r rv eta µr, 1 - µ r , i = 1, ... , 

and independently 

(2) 

Note that we have the same prior for p;1) and pj2l. This enables us to estimate these parameters 

better since the data are sparse, and also permits an adaptive pooling (different sample sizes) of 

the prevalence and incidence data. Finally, we assume the following proper noninformative prior 

p(µ,r) = 1/(1 + r)2,0 < µ < l,T 2'. 0. (3) 

Then using Bayes' theorem, we find that the joint posterior density is 

It is relatively efficient to integrate out pf) and pf) to get 

rr(µ, TI y(l), yC2l) oc rr}!1[B(s;1l + µr, n;1l - s;1l + (1 - µ)r)/ B(µr, (1 - µ)r) x 

B(s;
2
) + µr,n;2) - sj2l + (1- µ)r)/B(µr, (1- µ)r)] x 1/(1 + r)2, 0 < µ < l,T 2'. 0. (5) 

It is convenient to use the change of variable 

<{, = r/(r+ 1) 

to get the following posterior density that is easier to sample from 
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1r(µ, cf, J y(l), yC2l) ex rrf~i[B(s/1> + µ(cf,/(1 - cf,)), nP) - s}1) + (1 - µ)(¢,/(1- cf,))/ 

B(µ(cp/(l - cf,)), (1 - µ)(¢,/(1- cf,)) x B(s;2) + µ(cp/(l - cf,)), nfl - s;2) + (1 - µ)(cp/(1 - ¢,))/ 

B(µ(cp/(l - cf,)), (1 - µ)(cf,/(1 - cf,))], 0 <µ,cf,< l. (6) 

This keeps both µ and cf, in (0,1). Then the conditional posterior densities for p/1l and pf) are 

(1) I (1) ind (1) (1) (1) ) ) . P; µ, r, y ~ Beta(s; + µr, n; - s, + (1 - µ r , z = 1, ... , £ 

and 

(2) I (2) ind (2) (2) (2) . 
P; µ,r,y ~ Beta(s; +µr,n; -s; +(l-µ)r),i=l, ... ,£. 

Once samples for 1r(µ, cf, J y(l), yC2l) are obtained it is easy to obtain samples from p)1l J µ, r, y(l) 

and p;2
) J µ, r, yC2

) using the composition method. To understand how the composition method 

works, recall that a joint distribution can be written as a product of a conditional distribution and 

a marginal distribution of the parameters that the conditional distribution is conditioned on. The 

composition method uses this fact to obtain samples from the joint distribution by first obtaining 

samples from the marginal distribution and then inputting these samples into the conditional 

distribution to get samples from the conditional distribution. 

Note that the posterior distribution derived above for µ and cf, does not have the form of a 

familiar distribution. This means that straightforward methods to determine the posterior means, 

posterior SDs, and credible intervals for the prevalence of chlamydia and incidence of chlamydia in 

each of the domains discussed in Chapter 1 will not work. Nandram (1998) used the Metropolis

Hasting sampler to solve a similar problem, but one can proceed in a simpler manner by using a 

grid method. This method creates a discrete bivariate distribution defined by all of the possible 

pairings of the two variables, where each variable is contained in the interval [0,1], to apprmdmate 

the posterior distribution. Then probabilities are simulated from the discrete bivariate distribution 

to obtain the desired s=ary statistics (means, SDs, credible intervals, etc.). For this method 

to give satisfactory results two conditions must be met: the length and width of each square in 

the grid must be sufficiently small and a sufficiently large number of simulations on the discrete 
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bivariate distribution must be performed. We used a length of .01 and width of .01. We drew a 

random sample of 5,000 for p;1l and p;2l, i = 1, ... , £, using the composition method. 

2.2. Bayesian Analysis With Covariates Ignoring Misclassification 

In this model, we will perform Bayesian logistic regression on the prevalence of chlamydia in 

the prevalence data and on chlamydia diagnosis in the incidence data for each domain defined in 

Chapter 1 for each individual ( denoted henceforth as p;}l, i = 1, ... , £, j = 1, ... , n/1l, and pfl, 

i = 1, ... , £). The covariates that will be used in both logistic regression models are conuse12m, 

Sexprt12mth, alcSA12m and amtdr2wk by the discussion of Table 2 in Chapter 1. A problem arises 

from this selection of covariates for the prevalence data since these variables do not exist in this 

data set. A solution to this problem is to use as surrogates the mean values of each of the covariates 

for each domain in the prevalence logistic regression model. Let '!'ii (i = 1, ... ,£,j = 1, ... , nl2l) 

denote the values of the covariates for each individual in the incidence data, x; (i = 1, ... ,£) denote 

the mean values of the covariates in each domain in the prevalence data and ~ be the unknown 

regression parameters in the prevalence data and the incidence data respectively. Since we are 

using a logistic regression model for both data sets in this method, we assume 

log{pl]l /(1- PiYn = '!'ii~, i = 1, ... , £,j = 1, ... , njl> 

and 

1 { (2)/(l (2))} _ -. • _ l n og Pi - Pi - x,o:, i - , · · · , -c. 

as the logistic regression models for the incidence data and the prevalence data respectively. Let yfrl 
and yzl be independent Bernoulli random variables as in the previous method. Our assumption 

gives 

yfrJ I~ i~ Bernoulli[exp(q,;i~l/{1 + exp('!'ii~)}], i = 1, ... ,£,j = 1, ... , n;1l 

and independently 

ygl I~ i~ Bernoulli[exp(~;~)/{1 + exp(~;~)}], i = 1, ... ,£,j = 1, ... , nl2l. (7) 
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We use the standard noninformative prior on ~ 

,r(~) = 1, -oo < ao, 01, •.. , °'P < oo. (8) 

Then using Bayes' theorem, we find that the joint posterior density is 

(9) 

Note from the above joint posterior density that the plJ) and p)2) do not appear explicitly; however, 

they are present inlplicitly through the logistic regression equations. To see this simply solve the 

two aforementioned logistic regression models for the pl;) and pj2l to get 

Pl}J = exp('!:ii~)/{1 + exp('!:ii~)}, i = 1, ... , f., j = 1, ... , n)1l 

and 

Therefore, the desired pg> and pj2) can be obtained after ~ is determined by sampling from its 

conditional posterior density and inputting them into the logistic models that were solved for the 

pW and pj2) as above. From the above joint posterior density, we see that the conditional posterior 

density for ~ is 

(10) 

Note that the above joint posterior density and conditional posterior density do not have the 

forms offamiliar distributions. This means that straightforward methods to make inferences about 

PlY and pfl for the prevalence of chlamydia and incidence of chlamydia will not work. Fortunately, 

Markov chain Monte Carlo methods (Casella and Robert 2004) can be used to sample from the 

joint posterior density and the conditional posterior density in this case. In particular, we will 

use the Metropolis-Hastings sampler (Chib and Greenberg 1995), it uses a Metropolis step, on 

,r(~ I y(l), y(2l). 
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We used a burn-in period of 1,000 iterations and then ran the Metropolis-Hastings sampler for 

another 10,000 iterations to have simulated data from which one used in this analysis. 

Since we are using Markov chain Monte Carlo methods, it is important to verify that it works 

correctly by performing standard diagnostics. These diagnostics are autocorrelation plots, trace 

plots, numerical standard errors and the jumping probability. The autocorrelation plots and the 

trace plots are in Appendix B (see Figure 9 and Figure 10). 

It can be seen from Figure 9 that a lag of 10 (i.e. we take every tenth simulated value to get our 

sample of 1,000) is a good choice since the autocorrelations for each °'k (k = 0, ... , 4) are less than 

0.1. It can be seen from Figure 10 that the Metropolis-Hastings sampler appears to be working 

correctly for each °'k (k = 0, ... , 4). 

The numerical standard errors were obtained by using 40 batches of 25 simulated values each 

and were .0190, .0003, .0041, .0007 and .0062 for ao, a1, a2, a3 and a4 respectively. These 

numerical standard errors indicate that the error due to our simulation procedure is quite low. 

Finally, the jumping probability was found to be .3879, which indicates good convergence of the 

Metropolis-Hastings sampler since the jumping probability is supposed to be between .25 and .50. 

To test the validity of the model obtained from the analysis of our sample of simulated data, 

we used a random Bernoulli number generator with the final model as its parameter to test how 

often the predicted diagnosis agreed with the observed diagnosis in both the incidence data and 

the prevalence data. From Table V we see that the overall concordance of the final model is 

excellent since the concordance = (300+4) /316 = .9620 for the incidence data and the concordance 

= (169+0)/180 = .9389 for the prevalence data. Also note that the concordance of the final model 

in the prevalence data is lowest in domain 5 (3/4 = .7500) and highest in domains 7, 9 and 11 

(12/12 = 22/22 = 3/3 = 1.0000) while the concordance of the final model in the UF data is lowest 

in domain 3 (19/22 = 0.8636) and highest in domains 1, 4, 5, 10 and 11 (17/17 = 14/14 = 1/1 = 

35/35 = 10/10 = 1.0000). 
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Table V: Results of model 2 validity test for prevalence and incidence data 

Prevalence Data Incidence Data 

Predicted Predicted 

White Residence Class Observed l! l l! l 

No On Fresh/Soph 0 7 0 15 0 
1 1 0 0 2 

No On J mrlor /Senior 0 23 0 31 0 
1 3 0 2 0 

No On Graduate 0 16 0 19 0 
1 1 0 3 0 

No Off Fresh/Soph 0 14 0 14 0 
1 3 0 0 0 

No Off Junior/Senior 0 3 0 1 0 
1 1 0 0 0 

Yes On Fresh/Soph 0 12 0 23 0 
1 0 0 2 1 

Yes On Junior /Senior 0 47 0 90 2 
1 1 0 2 0 

Yes On Graduate 0 22 0 63 1 
1 0 0 0 0 

Yes Off Fresh/Soph 0 22 0 34 0 
1 1 0 0 1 

Yes Off Junior/Senior 0 3 0 10 0 
1 0 0 0 0 

NOTE. On means on campus, Off means off campus and Fresh/Soph means 
Freshman/Sophomore. 
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Model Type 2: Misclassification 

The models used in these last two sections account for the misclassification problem. Thus, 

they should give the most accurate and precise estimates for the incidence of chlamydia out of all 

four methods. 

2.3. Bayesian Analysis With Covariates Considering Misclassification 

In this model, we will perform Bayesian logistic regression on pfl (same definition as the 

first two methods) in the prevalence data, plJl (same definition as the first two methods) in the 

incidence data for each domain defined in Chapter 1 and on the misclassification parameter 1r;;(i = 
1, ... ,£,j = l, ... ,n)1l) in order to take the misclassification problem into consideration. The 

covariates that will be used in all three logistic regression models are conusel2m, Sexprtl2mth, 

alcSA12m and amtdr2wk by the discussion of Table 2 in Chapter 1. A problem arises from this 

selection of covariates for the prevalence data since these variables do not exist in this data set. 

A solution to this problem is to use the mean values of each of the covariates for each domain in 

the prevalence logistic regression model. Let '!;i;(i = 1, ... ,£,j = l, ... ,n/2
)) denote the values of 

the covariates for each individual in the incidence data, ,f;(i = 1, ... ,£) denote the mean values 

of the covariates in each domain in the prevalence data, /J. be the unknown regression parameters 

for Pii in the incidence data and a be the unknown regression parameters for 1r;; in the incidence 

data. Since in this method we are using logistic regression models for chlamydia diagnosis and the 

misclassification parameter in the incidence data, we assume 

and 

log{ 1r;;/(l - 1r;;)} = '£ij~, i = 1, ... , £,j = 1, ... , n/1
) 

as the logistic regression models for chlamydia diagnosis and the misclassification parameter from 

the incidence data respectively. Let s;; denote the true chlamydia diagnosis and y!Jl denote the 
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observed chlamydia diagnosis in the incidence data. Although s,; is a latent variable, its presence is 

crucial for the implementation of this method. Recall from Chapter 1 that these two aforementioned 

variables have the joint distribution defined by Table 9. Then let y,(2) denote the observed chlamydia 

diagnosis in the prevalence data and let it be an independent binomial random variable. These 

assumptions give 

g(y(~) · s · · I p\l) 7f· ·) = II (1) [(1 - 7f· ·)(1 - p\1))]1-•;; [7f• ·(l - p\~))J•;; X 
tJ ' i3 i3 ' 1,3 Yij =O,s11=0,1 1,3 1.3 tJ tJ 

and independently 

II (1) • _ l n • _ l (1) 
(1)_1 ·•-1Pij ,z - ' ... ,.c.,J - , ... ,ni 

Yij - ,s,,-

y}2
) I a •;1 Binomial[exp(x;a)/ {1 + exp(x;a)}], i = 1, ... , £. - - - - -

We use the standard noninformative prior on ~ 

1r(~) = 1, -oo < a:o, 0:1, ... , a:p < oo 

and the standard noninformative prior on f! 

1C(f!) = 1, -oo < /30,/31, ... ,/3p < 00. 

Then using Bayes' theorem, we find that the joint posterior density is 

1C(~,f!, ~ j y(l), y(2)) ex IIYi;>=O,s;;=0,1 [(1 - exp('!:i;~)/[1 + exp('!:;;~)]) 

(1 - exp(x; •/3)/[l + exp(x; •{3)]]1-•;; x _3_ _J_ 

-oo < <>o, <>1, ... , °'P < oo, -oo < /Jo, /31, ... , /3p < oo. 

(11) 

(12) 

(13) 

(14) 

Note from the above joint posterior density that pi]l and 1r;; do not appear explicitly; however, 

they are present implicitly through the logistic regression equations. To see this simply solve the 

two aforementioned logistic regression models for p)J} and 1'ij to get 

(1) - ( '·/3)/{1 + ( '·/3)} . - 1 n . - l (1) Pij -exp ~.,,3 _ exp ~,3 _ ,z- , ... ,<-,J - , ... ,ni 

26 



and 

1r;; = exp('!'i;~)/{1 + exp('!';;~)}, i = 1, ... , £,j = 1, ... , nf1l. 

Therefore, the desired p}Y and 1r;; can be obtained after /}_ and ~ are determined by sampling from 

their conditional posterior densities and inputting them into the logistic models that were solved 

for the p)Y and pf 2) as above. Note that 

where the last two functions will be defined shortly. Note that the previous factorization shows that 

the posterior distributions for ~ and /}_ are independent. From the above joint posterior density, we 

see that the conditional posterior density for /}_ is 

I 
(1) i n\l) , (1) n(l) , 

1r(/}_ Y ) oc Ill=i[( exp(I:;,:,,1 '!'ii!}_Y;; }}/II;,:,,1 (1 + exp('!';;/}_))], 

-oo < /30,/31, ... , /3p < oo, 

and the conditional posterior density for ~ is 

(15) 

(16) 

It is important to note that since s;; is a latent variable, s;; must be drawn at random from an 

appropriate distribution for each individual to get their corresponding contribution to the above 

joint posterior density and conditional posterior densities. From the above equations, we see that 

Thus, we must draw s;; from the above distribution to calculate the appropriate contribution to 

the above joint posterior density and conditional posterior densities for each individual. 

Note that the above joint posterior density and conditional posterior densities do not have 

the forms of familiar distributions. This means that straightforward methods to make inferences 
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about pl]> and 1r;; for the incidence of chlamydia and the misclassification parameter will not work. 

Fortunately, Markov chain Monte Carlo methods (Casella and Robert 2004) can be used to sample 

from the joint posterior density. In particular, we will use two Metropolis-Hastings samplers ( Chib 

and Greenberg 1995), where the first sampler uses a Metropolis step on 1r(/3 J y(1l) and the second 

sampler uses a Metropolis step on 1r(13, ~ J y(l), y(2l). It is important to note that a Bernoulli random 

number generator is used to sample from 1r(s,; I 13, y(2)) to make sampling from 1r(13, ~ I y(l), y(2)) 

possible. 

We used a burn-in period of 1,000 iterations and then ran the Metropolis-Hastings sampler for 

another 10,000 iterations to have sinlulated data for /} from which one used in this analysis. In 

addition, we used a burn-in period of 1,300 iterations and then ran the Metropolis-Hastings sampler 

for another 13,000 iterations to have simulated data for 13 from which one used in this analysis .. 

Since we are using Markov cliain Monte Carlo methods, we performed the following diagnos

tics for both Metropolis-Hastings samplers: autocorrelation plots, trace plots, numerical standard 

errors and the jumping probabilities. The autocorrelation plots and trace plots for 13 are shown 

in Appendix B (see Figure 11 and Figure 12). The autocorrelation plots and trace plots for f3 are 

shown in Appendix B (see Figure 13 and Figure 14). 

It can be seen from Figure 11 that a lag of 13 (i.e. we take every thirteenth simulated value to 

get our sample of 1,000) is a good clioice since the autocorrelations for each Ol.k (k = 0, ... , 4) are 

less than 0.1. It can be seen from Figure 12 that the Metropolis-Hastings sampler appears to be 

working correctly for eacli Ol.k (k = 0, ... , 4). 

The numerical standard errors were obtained using 40 batches of 25 simulated values each and 

were .0135, .0002, .0032, .0006 and .0044 for ao, 01, 02, 0/.3 and 0/.4 respectively. These numerical 

standard errors indicate that the error due to our simulation procedure is quite low. Finally, the 

jumping probability was found to be .3760, which indicates good convergence of the Metropolis

Hastings sampler since the jumping probability is supposed to be between .25 and .50. 

It can be seen from Figure 13 that a lag of 10 (i.e. we take every tenth sinlulated value to 

get our sample of 1,000) is a good choice since the autocorrelations for each f3k (k = 0, ... , 4) are 

less than 0.1. It can be seen from Figure 14 that the Metropolis-Hastings sampler appears to be 

working correctly for each f3k (k = 0, ... , 4). 
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The numerical standard errors were obtained using 40 batches of 25 simulated values each and 

were .0165, .0003, .0036, .0009 and .0071 for /3o, /31, fh f3a and /34 respectively. These numerical 

standard errors indicate that the error due to our simulation procedure is quite low. Finally, the 

jumping probability was found to be .3503, which indicates good convergence of the Metropolis

Hastings sampler since the jumping probability is supposed to be between .25 and .50. 

To test the validity of the model obtained from the analysis of our sample of simulated data, 

we used a random Bernoulli number generator with the final model as its parameter to test how 

often the predicted diagnosis agreed with the observed diagnosis in both the incidence data and the 

prevalence data. From Table VI we see that the overall concordance of the final model is higher than 

the overall concordance of Model 2 since the concordance = (303+3) /316 = .9684 for the incidence 

data and the concordance = (168+1)/180 = .9389 for the prevalence data. Also note that the 

concordance for the incidence data is higher than the concordance for the incidence data from 

Model 2 and the model correctly predicted 3 positive diagnoses and all of the negative diagnoses 

in the incidence data. Finally, note that the concordance of the final model in the prevalence data 

is lowest in domain 5 (3/4 = .7500) and highest in domains 7, 9 and 11 (12/12 = 22/22 = 3/3 = 
1.0000) while the concordance of the final model in the incidence data is lowest in domain 3 (19/22 

= 0.8636) and highest in domains 4, 5, 9, 10 and 11 (14/14 = 1/1 = 64/64 = 35/35 = 10/10 = 
1.0000). 
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Table VI: Results of model 3 validity test for prevalence and incidence data 

Prevalence Data Incidence Data 

Predicted Predicted 

White Residence Class Observed _Q l Q l 

No On Fresh/Soph 0 7 0 15 0 
1 1 0 1 1 

No On Junior/Senior 0 23 0 31 0 
1 3 0 2 0 

No On Graduate 0 15 1 19 0 
1 1 0 3 0 

No Off Fresh/Soph 0 14 0 14 0 
1 2 1 0 0 

No Off Junior/Senior 0 3 0 1 0 
1 1 0 0 0 

Yes On Fresh/Soph 0 12 0 23 0 
1 0 0 2 1 

Yes On Junior /Senior 0 67 0 92 0 
1 1 0 2 0 

Yes On Graduate 0 22 0 64 0 
1 0 0 0 0 

Yes Off Fresh/Soph 0 22 0 34 0 
1 1 0 0 1 

Yes Off Junior/Senior 0 3 0 10 0 
1 0 0 0 0 

NOTE. On means on campus, Off means off campus, and Fresh/Soph means 
Freshman/Sophomore. 

30 



2.4. Bayesian Analysis With Covariates Considering Misclassification And Domain 

Effects 

In this model, we will perform Bayesian logistic regression on pl2
) (same definition as the first two 

models) in the prevalence data, PW (same definition as the first two models) in the incidence data 

for each domain defined in Chapter 1 and on the misclassification parameter 1l"ij ( i = 1, ... , £, j = 
1, ... , nj1)) in order to take the misclassification problem into consideration. The covariates that 

will be used in all three logistic regression models are conuse12m, Sexprt12mth, alcSA12m and 

amtdr2wk by the discussion of Table II in Chapter 1. A problem arises from this selection of 

covariates for the prevalence data since these variables do not exist in this data set. A solution to 

this problem is to use as surrogates the mean values of each of the covariates for each domain in the 

prevalence logistic regression model. Let q:;;(i = 1, ... ,£,j = 1, ... , n;2)) denote the values of the 

covariates for each individual in the incidence data, :f;(i = 1, ... ,£) denote the mean values of the 

covariates in each domain in the prevalence data, /} be the unknown regression parameters for Pij in 

the incidence data and ~ be the unknown regression parameters for 7l"ij in the incidence data. Since 

in this method we are using logistic regression models with domain effects for chlamydia diagnosis 

and the misclassification parameter in the incidence data, we assume 

{ (1)/( _ (l))} _ ,_. (1) . _ . _ (1) log Pij 1 P;; -q;,1/}+v; ,i-1, ... ,£,J-l, ... ,n; 

and 

as the logistic regression models for chlamydia diagnosis and the misclassification parameter from 

the incidence data respectively. Let s;; denote the true chlamydia diagnosis and ylJl denote the 

observed chlamydia diagnosis in the incidence data. Although s;; is a latent variable, its presence 

is crucial for the implementation of this method. Recall from Chapter 1 that these two aforemen

tioned variables have the joint distribution defined by Table IV. Then Jet y/2) denote the observed 

chlamydia diagnosis in the prevalence data and let it be an independent binomial random variable. 

These assumptions give 
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g(yl}l, Sij I Pl}l, 11"ij) = l\J;>=D,s.;=D,l [(1 - 11"ij)(l - p)J))]1
-•;; [1r;j{l - plJ))]';; X 

II (1)_
1 

. __ 
1
p)

3
1), i = 1, ... , £, j = _1, ... , n)1l 

Yi; - ,s,3 -

and independently 

(2) j ind B" "al[ (- (2))/{l + ( - (2))}] . l 0 Yi ~ rv morm exp ~i~ + vi exp :Pi~+ vi , i = , ... , .c.. 

We use the standard noninformative prior on 9' 

and the standard noninformative prior on /J. 

1r(/J.) = 1, -00 < /30,/31, .•• ,/3p < 00. 

We assume that 

(1) iid N(O 2 ) . _ l n Vi rv ,u(l) ,i- , ... ,<. 

and independently 

(2) iid N( 2 ) . _ n 
vi rv 0,a(2) ,i-1, ... ,-c.. 

Finally, we use the proper noninformative prior on ufo 

and the proper noninformative prior on ul2) 

Then using Bayes' theorem, we find that the joint posterior density is 

(18) 

(19) 

(20) 

(21) 

(22) 

1r(9<, /J., ~' ".'(l), ".'(2), ufo, ul2, I y(l)' y(2)) oc rrvl;>=D,s;;=D,l [(l -exp(q,ij9'+ ,,fll/[1 + exp('!'ii':" + ,,j2))]) 

(1 - exp(q,;jl}_ + vf1l)/[1 + exp('!'ii/J. + vfl)]]1-•;; x 

[exp(x; •o: + ,,(2))/[l + exp(x; ·o: + ,,(2))](1 - exp(x;-/3 + ,,(1))/[1 + exp(x; •/3 + ,,Pl)])]';; x _3_ i _3_ 1- _3 _ i _,_ i 
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nylJ>=l,s;;=l exp('£ij@ + ,.,pl)/[1 + exp('£ij@ + ,.,pl)] X 

exp(('Ei~ + vfl)y/
2
l)/[1 + exp('Ei~ + vf

2
l)tl'l x (l/0}1/12 exp(Ef=l - [(vf1l)2]/2o}1J)x 

(l/0}2/!2 exp(Ef=l - [(v?l)2]/2o}2)) x 1/(1 + aliJ) x 1/(1 + af2J), i = 1, ... ,£,j = 1, ... , nl2l 

(1) (1) (1) (2) (2) (2) 2 2 0 
-oo < !11 , !12 , ... , !1£ < oo, -oo < !11 , !12 , ... , !1£ < oo, "(1) 2': 0, "(1) 2': 

-oo < ao, a1, ... , ap < oo, -oo < /3o, /31, ... , /3p < oo. (23) 

Note from the above joint posterior density that pj;l and 1r;; do not appear explicitly; however, 

they are present implicitly through the logistic regression equations. To see this simply solve the 

two aforementioned logistic regression models for plJ) and 1r;; to get 

C1J ( , /3+ c1JJ/{1 ( , f3 C1J)} · 1 e · 1 C1l Pu = exp :Pii _ vi + exp :pij _ +vi, , i = , ... , , J = , ... , n, 

and 

( ' + (2))/{l ( ' (2))} . 1 £ . 1 (l) 7rij = exp :pij~ vi + exp :pi;g + vi ,i = , ... , ,J = , ... ,ni . 

Therefore, the desired p/]l and 1r;; can be obtained after @ and ~ are determined by sampling from 

their conditional posterior densities and inputting them into the logistic models that were solved 

for the pl}) and pfl as above. Note that 

= 1r(~, ~ I ~(2), y(l), y(2l)1r(@ I ~(1), y(ll)1r(~ I ~(1), ~(2)y(l), y(2)) 

= 1r(~, ~ I ~(2), y(l), y(2l)1r(@I ~(1), y(ll), 

where the last two functions will be defined shortly. Note that the previous factorization shows that 

the posterior distributions for ~ and @ are independent. From the above joint posterior density, we 

see that the conditional posterior density for @ is 

-oo < /30,/31, ... ,(3p < oo, 

and the conditional posterior density for ~ is 

( I (2) (1) (2)) nl [( ('"'nl''[ , (2)] ))/ n)'l( ( , (2)))] 
7r g, ~ ~ 1 Y I Y CX: .L.&..£=1 exp ~j=l :pijg + Vi Sij Ilj=l } + exp :pijg + Vi X 
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In addition, the conditional posterior density for each 11;1) is 

x exp(-[(11}1l)2]/2afo), afo ;::,: 0, -oo < 11}1) < oo, i = 1, ... , £, -oo < {30 , /31, ... , f3v < oo, (26) 

and the conditional posterior density each 11fl is 

( [( (2))21/ 2 ) 2 (2) . - 0 xexp- v1 2uc2) ,u(2)~0,-oo<v1 <oo,i-l, ... ,-c.,-oo<ao,a1,--•,ap<oo. (27) 

Finally, the conditional posterior density for afo is 

,r(afo j ':'(l)) ex (1/afoll2exp(~f=l - [(11J
1
l)2]/2afo) X 1/(1 +afiJ) 

2 0 (1) . - 1 0 u(l) ~ ,-oo < vi < oo,i- , ... ,.t, (28) 

and the conditional posterior density for af2i is 

2 (2) . - 1 0 
U(2) 2::: 0, -00 < Vi < OO, 't - , ••• , c.. (29) 

It is important to note that since Bij is a latent variable, Bij must be drawn at random from an 

appropriate distribution for each individual to get their corresponding contribution to the above 

joint posterior density and conditional posterior densities. From the above equations, we see that 

·-1 0 ·-1 (2) i- , ... ,<.,J- , ... ,ni. (30) 

Thus, we must draw Sij from the above distribution to calculate the appropriate contribution to 

the above joint posterior density and conditional posterior densities for each individual. 

Note that the above joint posterior density and conditional posterior densities do not have 

the forms of familiar distributions. This means that straightforward methods to make inferences 
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about plJ) and 1r;; for the incidence of chlamydia and the misclassification parameter will not 

work. Fortunately, Markov chain Monte Carlo methods (Casella and Robert 1999} can be used 

to sample from the joint posterior density. In particular, we will use a Metropolis-Hastings sam

pler (Chib and Greenberg 1995} with a Metropolis step on 1r(§ j !:'.(l), y<1l), a Metropolis step on 

1r(9', ~ j !:'.(2), y(1), y(2l), a Bernoulli random number generator on 1r(s;; 19', !:'.(2), y<2l), a Metropolis 

step on eacli 1r(v}1l I§, o}1i, y(1l), a Metropolis step on each 1r(v}2l, ~ 19', ufo, y(l), y(2l), an accept

reject sampler on 1r(ufl) \ !:'.(1l) and an accept-reject sampler on 1r(uf2) \ !:'.(2l). 

We used a burn-in period of 2,000 iterations and then ran the Metropolis-Hastings sampler for 

another 75,000 iterations to have simulated data for§, 9', !:'.(l), !:'.(2), ufo, and Uf2l from which one 

used in this analysis. 

Since we are using Markov chain Monte Carlo methods, we performed the following diagnostics 

for the Metropolis-Hastings sampler: autocorrelation plots, trace plots, numerical standard errors 

and the jumping probabilities. The autocorrelation plots and trace plots for § are shown in Ap

pendix B (see Figure 15 and Figure 16). The autocorrelation plots and trace plots for 9' are shown 

in Appendix B (see Figure 17 and Figure 18). The autocorrelation plots and trace plots for Ufl) 

and Uf2) are shown in Appendix B (see Figure 19 and Figure 20). 

It can be seen from Figure 15 that a lag of 75 (i.e. we take every seventy-fifth simulated value 

to get our sample of 1,000} is a good clioice since the autocorrelations for eacli f3k (k = 0, ... , 4} 

are less than 0.2 and only f3o, f32 and /33 have an autocorrelation greater than 0.1. It can be seen 

from Figure 16 that the Metropolis-Hastings sampler appears to be working correctly for each f3k 

(k = 0, ... ,4). 

The numerical standard errors were obtained using 40 batches of 25 simulated values eacli and 

were .0320, .0003, .0058, .0012 and .0088 for /3o, /31, /32, /3a and /34 respectively. These numerical 

standard errors indicate that the error due to our simulation procedure is quite low. Finally, the 

jumping probability was found to be .3201, which indicates good convergence of the Metropolis

Hastings sampler since the jumping probability is supposed to be between .25 and .50. 

It can be seen from Figure 17 that a lag of 75 (i.e. we take every seventy-fifth simulated value 

to get our sample of 1,000} is a good choice since the autocorrelations for eacli ak (k = 0, ... , 4) 

are less than 0.1. It can be seen from Figure 18 that the Metropolis-Hastings sampler appears to 

be working correctly for eacli ak (k = 0, ... , 4). 
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The numerical standard errors were obtained using 40 batches of 25 simulated values each and 

were .0111, .0002, .0026, .0005 and .0048 for ao, a1, a2, a3 and c,4 respectively. These numerical 

standard errors indicate that the error due to our simulation procedure is quite low. Finally, the 

jumping probability was found to be .4082, which indicates good convergence of the Metropolis

Hastings sampler since the jumping probability is supposed to be between .25 and .50. 

It can b7 seen from Figure 19 that a lag of 75 (i.e. we take every seventy-fifth simulated value 

to get our sample of 1,000) is a good choice since the autocorrelations for "fi) and "f2l are less than 

0.1. It can be seen from Figure 20 that the Metropolis-Hastings sampler appears to be working 

adequately for afo and "f2) (although the height of some of the spikes is of some concern). 

The numerical standard errors were obtained using 40 batches of 25 simulated values each and 

were .0438 and .0456 for "fi) and "f2l respectively. These numerical standard errors indicate that 

the error due to our simulation procedure is higher for these parameters than the other parameters 

but is still low. 

To test the validity of the model obtained from the analysis of our sample of simulated data, 

we used a random Bernoulli number generator with the final model as its parameter to test how 

often the predicted diagnosis agreed with the observed diagnosis in both the incidence data and 

the prevalence data. From Table VII we see that the overall concordance of the final model is 

higher than the overall concordance of Model 3 since the concordance = (303+5)/316 = .9747 for 

the incidence data and the concordance = (169+0)/180 = .9389 for the prevalence data, but note 

that this model correctly predicted 5 positive diagnoses in the incidence data while Model 3 only 

correctly predicted 3 positive diagnoses in the incidence data. Also note that the concordance of 

the final model in the prevalence data is lowest in domain 5 (3/4 = . 7500) and highest in domains 7, 

9 and 11 (12/12 = 22/22 = 3/3 = 1.0000) while the concordance of the final model in the incidence 

data is lowest in domain 3 (20/22 = 0.9091) and highest in domains 4, 5, 9, 10 and 11 (14/14 = 

1/1 = 64/64 = 35/35 = 10/10 = 1.0000). 
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Table VII: Results of model 4 validity test for prevalence and incidence data 

Prevalence Data Incidence Data 

Predicted Predicted 

White Residence Class Observed Q l Q l 

No On Fresh/Soph 0 7 0 15 0 
l l 0 l l 

No On Junior/Senior 0 23 0 31 0 
1 3 0 2 0 

No On Graduate 0 16 0 19 0 
l l 0 2 l 

No Off Fresh/Soph 0 14 0 14 0 
l 3 0 0 0 

No Off Junior/Senior 0 3 0 1 0 
l l 0 0 0 

Yes On Fresh/Soph 0 12 0 23 0 
l 0 0 l 2 

Yes On Junior/Senior 0 47 0 92 0 
l l 0 2 0 

Yes On Graduate 0 22 0 64 0 
1 0 0 0 0 

Yes Off Fresh/Soph 0 22 0 34 0 
l l 0 0 l 

Yes Off Junior /Senior 0 3 0 10 0 
l 0 0 0 0 

NOTE. On means on campus, Off means off campus, and Fresh/Soph means 
Freshman/Sophomore. 
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3. RESULTS 

The main purpose of this thesis is to obtain estimates for the incidence rates and asymptomatic 

rates of chlamydia for female students from the University of Florida. Recall that the incidence 

rate is 

0 .. - P(s·· - 1) - =··(1 p··) +P" , -1 ° J0 

- 1 n(l) 1,3- 1,3- -n1,3 - 1,3 i3,"- , ... ,-c., - , ... , i (31) 

and the asymptomatic rate is 

1ij = P(y;; = 0 Is,;= 1) = P(y,; = 0, s;; = 1)/P(s,; = 1) = 1r;;(l - p;;)/(1r,;(l - p;;) + p;;), 

. - 1 0 • - 1 (1) 
i - ' ... , <., J - , ... 'ni . (32) 

Note that the incidence rate simplifies to Pij when 1r;; = 0 and increases as 1r;; increases. Also 

note that the asymptomatic rate can be rewritten as l -p;;/(1r;;(l -p;;) +p,;) and observe that it 

simplifies to 0 when 1r;; = 0 and increases as 1r;; increases. In this section, we discuss what each of 

the four models tells us about how the incidence rates and asymptomatic rates are related to the 

covariates and domains defined in the introduction. 

First, we will discuss what Model 1 tells us about how the incidence rates and asymptomatic 

rates are related to the covariates and domains. It should be noted that Model 1 .tells us nothing 

about the relationship of the covariates with the incidence rates and asymptomatic rates since 

Model 1 does not use any covariates. Also note that Model 1 basically assumes that 1r;;=0 for each 

female student in the UF data since it does not account for the misclassification problem, which 

implies that the asymptomatic rates are 0 for each of the female students in the UF data. This 

implies that Model 1 underestimates the incidence rates and asymptomatic rates for the female 

students in the UF data. 

Table VIII shows the posterior means, posterior standard deviations and 95% credible intervals 

for the prevalence and incidence rates of chlamydia by domain. First, we see that the PMs for 

the incidence rates in each domain are all between 1.5% and 9.5% and the PMs for the prevalence 

in each domain are all between 2.7% and 10.9%. Second, we see that the PSDs for the incidence 

rates are all between .014 and .064 and the PSDs for the prevalence are all between .021 and .073. 
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Table VIII: Posterior means (PM), posterior standard deviations (PSD) and 95% credible intervals 
for the prevalence of chlamydia and incidence rates of chlamydia in female students by domain while 
ignoring misclassification (Model 1) 

White Residence Class PM PSD Interval Cases n 

Prevalence No On Fresh/Soph .075 .056 (.010, .218) 1 8 
No On Junior/Senior .087 .044 (.026, .196) 3 26 
No On Graduate .057 .040 (.007, .158) 1 17 
No Off Fresh/Soph .109 .061 (.029, .262) 3 17 
No Off Junior/Senior .091 .073 ( .012, .283) 1 4 
No Off Graduate .058 .064 (.001, .234) 0 o· 
Yes On Fresh/Soph .035 .033 (.000, .123) 0 12 
Yes On Junior /Senior .032 .021 ( .003, .081) 1 48 
Yes On Graduate .027 .025 (.000, .089) 0 22 
Yes Off Fresh/Soph .050 .033 (.006, .131) 1 23 
Yes Off Junior /Senior .050 .050 ( .000, .187) 0 3 
Yes Off Graduate .059 .064 (.001, .232) 0 o• 

Incidence No On Fresh/Soph .082 .049 (.018, .209) 2 17 
No On Junior /Senior .057 .032 (.013, .136) 2 33 
No On Graduate .095 .050 (.027, .216) 3 22 
No Off Fresh/Soph .032 .030 ( .000, .112) 0 14 
No Off Junior/Senior .054 .055 (.000, .198) 0 1 
No Off Graduate .059 .064 (.001, .231) 0 o· 
Yes On Fresh/Soph .087 .046 ( .024, .200) 3 26 
Yes On Junior /Senior .028 .016 ( .006, .065) 2 94 
Yes On Graduate .015 .014 (.000, .051) 0 64 
Yes Off Fresh/Soph .038 .026 (.004, .104) 1 35 
Yes Off Junior /Senior .038 .035 ( .000, .130) 0 10 
Yes Off Graduate .059 .063 (.001, .238) 0 o· 

*NOTE. There is not a single off-campus graduate student in the incidence sample or prevalence 
sample. There are off-campus graduate students at the University of Florida. We are able to give 
estimates for them even without data. Our assumption that these domains are similar a priori 
provide these inferences. 
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Finally, note that the credible intervals for the prevalence and incidence rates are far too w:ide to 

be helpful due to the sparseness of the data. 

Table IX shows the posterior means, posterior standard deviations and 95% credible intervals 

for the prevalence and incidence rate of chlamydia overall. We see from Table IX that the PM, 

PSD and 95% credible interval for the prevalence of chlamydia are .061, .020 and (.031, .109) 

respectively and the PM, PSD and 95% credible interval for the incidence of chlamydia are .054, 

.016 and (.028, .092) respectively. Thus, the overall incidence rate of chlamydia of female students 

at the University of Florida is 5.4% and the overall prevalence of chlamydia of female students at 

the University of Florida is 6.1%. 

Table IX: Posterior mean (PM), posterior standard deviation (PSD) and 95% credible interval 
for the overall prevalence of chlamydia and incidence rate of chlamydia in female students while 
ignoring misclassification (Model 1) 

PM PSD CI 

Prevalence .061 .020 (.031, .109) 
Incidence .054 .016 ( .028, .092) 

Cases n 

11 180 
13 316 

NOTE. These are estimates for the overall prevalence and incidence rate (i.e. all domains are 
combined into one larger domain) and n is 316 since 4 women had missing dgntrChlamy data in 
the incidence data. 

Second, we w:ill discuss what Model 2 tells us about how the incidence rates and asymptomatic 

rates are related to the covariates and domains. Also note that Model 2 basically assumes that 

1r;;=O for each female student in the UF data since it does not account for the misclassification 

problem, which implies that the asymptomatic rates are O for each of the female students in the 

UF data. This implies that Model 2 underestimates the incidence rates and asymptomatic rates 

for the female students in the UF data. It can be seen from Table X that the incidence rate of 

chlamydia increases as Sexprt12mth increases and as amtdr2wk decreases, but it is invariant to the 

other two covariates. 

40 



Table X: Posterior means (PM), posterior standard deviations (PSD) and 95% credible intervals 
for the regression coefficients from Model 2 

Coefficient PM PSD Interval 

intercept -2.762 .568 (-4.000, -1.770) 
conuse12m -.011 .009 (-.029, .005) 
Sexprt12mth .420 .124 ( .177, .661) 
alcSA12m .031 .027 (-.025, .079) 
amtdr2wk -.626 .208 (-1.050, -.244) 

Table XI shows the posterior means, posterior standard deviations and 95% credible intervals 

for the incidence rates of chlamydia by domain. First, we see that the PMs for the incidence in 

each domain are all between 3.0% and 9.2%. Second, we see that the PSDs for the incidence data 

are all between .008 and .025 (note that these standard deviations are much lower than the ones 

in Table VIII that were obtained from Model 1). Next, we see that the credible intervals are much 

narrower than the credible intervals in Table VIII that were obtained from Model 1. Finally, we 

see from the credible intervals that the incidence of chlamydia is highest in domain 1 and lowest in 

'-- domain 5. 
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Table XI: Posterior means (PM}, posterior standard deviations (PSD) and 95% credible intervals 
for the incidence rote of chlamydia in female students by domain while ignoring misclassification 

{Model 2) 

White Residence Class PM PSD Interval Cases n 

No On Fresh/Soph .092 .025 (.043, .145) 2 17 

No On Junior/Senior .030 .010 (.013, .053) 2 33 

No On Graduate .051 .018 (.020, .092) 3 22 

No Off Fresh/Soph .060 .018 (.028, .101) 0 14 

No Off Junior/Senior .012 .008 ( .002, .032) 0 1 

No Off Graduate .049 .013 (.025, .078) 0 o· 
Yes On Fresh/Soph .043 .017 (.016, .084) 3 26 

Yes On Junior/Senior .032 .009 (.017, .052) 2 94 

Yes On Graduate .037 .010 (.019, .060) 0 64 

Yes Off Fresh/Soph .050 .010 (.031, .071) 1 35 

Yes Off Junior /Senior .031 .012 ( .012, .060) 0 10 

Yes Off Graduate .039 .010 (.022, .060) 0 o• 

*NOTE. There is not a single off-campus graduate student in the incidence sample. There are 
off-campus graduate students at the University of Florida. We are able to give estimates for them 
even without data. Our assumption that these domains are similar a priori provide these 
inferences. 

Table XII shows the posterior means, posterior standard deviations and 95% credible intervals 

for the incidence rate of chlamydia overall. We see from Table 14 that the PM, PSD and 95% 

credible interval for the incidence rate of chlamydia are .041, .010, and (.024, .062) respectively 

(note that this credible interval is much narrower than the one in Table IX that was obtained from 

Model 1). Thus, the overall incidence rate of chlamydia for female students at the University of 

Florida is 4.1%. 

42 



Table XII: Posterior mean (PM), posterior standard deviation (PSD) and 95% credible interualfor 
the overall incidence rate of chlamydia in female students while ignoring misclassification (Model 
2} 

PM PSD CI Cases n 

.041 .010 ( .024, .062) 13 316 

NOTE. These are estimates for the overall incidence (i.e. all domains are combined into one 
larger domain) and n is 316 since 4 women had missing dgntrChlamy data. 

Next, we will discuss what Model 3 tells us about how the incidence rates and asymptomatic 

rates are related to the covariates and domains. Note that Model 3 accounts for the misclassification 

problem while the first two models do not. It can be seen from Table 13 that the misclassification 

rate of chlamydia increases as Sexprtl2mth increases, as alcSA12m increases and as amtdr2wk 

decreases, but it is invariant to conusel2m. It can also be seen from Table XIII that the proba

bility that one will say they have chlamydia increases as Sexprtl2mth increases and as amtdr2wk 

decreases, but it is invariant to the other two covariates. 
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Table XIII: Posterior means (PM}, posterior standard deviations {PSD) and 95% credible interuals 
for the two sets of regression coefficients from Model 3 

Coefficient PM PSD Interval 

intercept -2.738 .521 (-3.823, -1.771} 
conuse12m -.011 .009 (-.030, .005) 
Sexprt12mth .424 .126 (.178, .678} 
alcSA12m .033 .027 (-.028, .080} 
amtdr2wk -.661 .212 (-1.147, -.290) 

intercept -2.853 .378 (-3.602, -2.144} 
conuse12m -.011 .006 (-.022, .001} 
Sexprt12mth .408 .086 (.245, .590} 
alcSA12m .040 .017 (.006, .072} 
amtdr2wk -.604 .145 (-.887, -.304) 

NOTE. Top panel contains the statistics for chlamydia diagnosis and bottom panel contains the 
statistics for misclassification parameter. 

Table XIV shows the posterior means, posterior standard deviations and 95% credible intervals 

for the probability that one will say they have chlamydia and the misclassification rate of chlamydia 

by domain. First, we see that the PMs for the probability that one will say they have chlamydia 

are highest in domain 1 and lowest in domain 5 and the PMs for the misclassification rate of 

chlamydia are highest in domain 1 and lowest in domain 5. Second, we see that the PSDs for the 

probability that one will say they have chlamydia are between .009 and .025 and the PSDs for 

the misclassification rate of chlamydia are between .006 and .017. Next, we see that the credible 

intervals are narrower or approximately the same width as the ones in Table XI that were obtained 

from Model 2. Finally, we see from the credible intervals that the probability that one will say they 

have chlamydia and the misclassification rate of chlamydia are highest in domain 1 and lowest in 

domain 5. 
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Table XIV: Posterior means (PM), posterior standard deviations (PSD) and 95% credible intervals 
for the probability that one will say they have chlamydia in female students and the misclassification 
rate of chlamydia by domain (Model 3) 

White Residence Class PM PSD Interval Cases n 

p No On Fresh/Soph .094 .025 ( .048, .145) 2 17 
No On Junior /Senior .030 .010 (.014, .051) 2 33 
No On Graduate .051 .017 (.024, .091) 3 22 
No Off Fresh/Soph .060 .018 (.030, .101) 0 14 
No Off Junior /Senior .011 .008 (.002, .031) 0 1 
No Off Graduate .049 .013 ( .026, .076) 0 o• 
Yes On Fresh/Soph .044 .018 (.015, .084) 3 26 
Yes On Junior /Senior .031 .009 (.016, .052) 2 94 
Yes On Graduate .036 .010 (.018, .060) 0 64 
Yes Off Fresh/Soph .050 .010 (.031, .070) 1 35 
Yes Off Junior/Senior .031 .012 ( .012, .059) 0 10 
Yes Off Graduate .039 .010 (.021, .060) 0 o• 

'11"Q No On Fresh/Soph .084 .017 ( .053, .120) 2 17 
No On Junior /Senior .027 .007 (.015, .041) 2 33 
No On Graduate .045 .012 (.026, .071) 3 22 
No Off Fresh/Soph .053 .012 (.032, .079) 0 14 
No Off Junior /Senior .011 .006 (.004, .024) 0 1 
No Off Graduate .044 .009 (.028, .062) 0 o• 
Yes On Fresh/Soph .044 .014 (.022, .079) 3 26 
Yes On Junior/Senior .029 .007 (.018, .045) 2 94 
Yes On Graduate .034 .007 (.021, .050) 0 64 
Yes Off Fresh/Soph .047 .007 (.034, .061) 1 35 
Yes Off Junior/Senior .030 .010 (.016, .054) 0 10 
Yes Off Graduate .037 .008 (.023, .054) 0 o· 

*NOTE. There is not a single off-campus graduate student in the incidence sample. There are 
off-campus graduate students at the University of Florida. We are able to give estimates for them 
even without data. Our assumption that these domains are similar a priori provide these 
inferences. 
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Table XV shows the posterior means, posterior standard deviations and 95% credible intervals 

for the probability that one will say they have chlamydia and misclassification rate of chlamydia 

overall. We see from Table XV that the PM, PSD, and 95% credible interval for the overall 

probability that one will say they have chlamydia are .041, .010 and ( .023, .062) respectively and 

the PM, PSD, and 95% credible interval for the misclassification rate of chlamydia are .035, .009 

and (.019, .055) respectively. Thus, the overall probability that one will say they have chlamydia 

in female students from the University of Florida is about 4.1 % and the overall misclassification 

rate of chlamydia in female students from the University of Florida is about 3.5%. 

Table XV: Posterior mean (PM), posterior standard deviation (PSD) and 95% credible interval/or 
the overall probability that one will say they have chlamydia in female students and misclassification 
rate of chlamydia (Model 3} 

PM PSD CI Cases n 

p .041 .010 ( .023, .062) 13 316 
'll"Q .035 .009 (.019, .055) 13 316 

NOTE. These are estimates for the overall probability that one will say they have chlamydia and 
misclassification rate of chlamydia(i.e. all domains are combined into one larger domain). We 
have n of 316 since 4 of the women have missing dgntrChlamy data. 

Now that we have estimates for p,; and 'lrij, we can get estimates for the incidence rates and 

asymptomatic rates of chlamydia immediately by using our simulated Pii and 1r;;. In order to 

illustrate the empirical distributions for the overall incidence rates and asymptomatic rates of 

chlamydia, we plotted histograms for both sets of values (Figure 1 has the histogram for the 

overall incidence rate of chlamydia and Figure 2 has the histogram for the overall asymptomatic 

rate of chlamydia). In addition, we created box plots for the incidence rates and asymptomatic 

rates of chlamydia for each of the twelve domains to illustrate the empirical distributions for the 

incidence rates and asymptomatic rates of chlamydia for each of the twelve domains (Figure 3 has 

the box plots for the incidence rates of chlamydia by domain and Figure 4 has the box plots for 

the asymptomatic rates of chlamydia by domain). 
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Model 3 Overall Incidence Rate 
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Figure 1: Histogram of the estimated overall incidence rate for model 3. 
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Figure 2: Histogram of the estimated overall asymptomatic rate for model 3. 
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It can be seen from Figure 1 that the distribution for the overall incidence rate of chlamydia 

is positively skewed with the mode being in the (0.07,0.08) interval. It can be seen from Figure 2 

that the distribution for the overall asymptomatic rate of chlamydia is positively skewed with the 

mode being in the (0.50,0.55) interval (which suggests that the asymptomatic rate of chlamydia is 

moderately high). 
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Model 3 Incidence Rates By Domain 

8 9 10 11 12 

Figure 3: Box plots of the estimated incidence rates by domain for model 3. 

NOTE. 1: Non-white, On campus, Fresh/Soph; 2: Non-white, On campus, Junior/Senior; 3: 
Non-white, On campus, Graduate; 4: Non-white, Off campus, Fresh/Soph; 5: Non-white, Off 
campus, Junior/Senior; 6: Non-white, Off campus, Graduate; 7: White, On campus, Fresh/Soph; 
8: White, On campus, Junior/Senior; 9: White, On campus, Graduate; 10: White, Off campus, 
Fresh/Soph; 11: White, Off campus, Junior/Senior and 12: White, Off campus, Graduate. 

It can be seen from Figure 3 that the distributions for the incidence rate of chlamydia in each 

domain are symmetric, the incidence rate of chlamydia in domain 1 is incredibly high (between 

13% and 16%), and the incidence rate of chlamydia in domain 5 is very low (between 1% and 3%). 

In addition, we see from Figure 3 that domains 3, 4, and 6 have the second highest medians and 

domains 2, 7, 8, 9, 10, 11, and 12 have the second lowest medians. It can be seen from Figure 10 that 

the distributions for the asymptomatic rate of chlamydia in each domain are approximate symmetric 

with medians between 4 7% and 50% ( the medians are almost identical), the asymptomatic rate of 

chlamydia is highest in domains 7 and 8 (the medians look identical) and the asymptomatic rate 

of chlamydia is lowest in domain 4. Finally, we see from Figure 4 that domains 2, 5, 9, 10, 11 and 

12 have the second highest medians and domains 1, 3 and 6 have the second lowest medians. 
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Model 3 Asymptomatic Rates By Domain 
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Figure 4: Box plots of the estimated asymptomatic rates by domain for model 3. 

NOTE. 1: Non-white, On campus, Fresh/Soph; 2: Non-white, On campus, Junior/Senior; 3: 
Non-white, On campus, Graduate; 4: Non-white, Off campus, Fresh/Soph; 5: Non-white, Off 
campus, Junior/Senior; 6: Non-white, Off campus, Graduate; 7: White, On campus, Fresh/Soph; 
8: White, On campus, Junior/Senior; 9: White, On campus, Graduate; 10: White, Off campus, 
Fresh/Soph; 11: White, Off campus, Junior/Senior and 12: White, Off campus, Graduate. 

Finally, we will discuss what Model 4 tells us about how the incidence rates and asymptomatic 

rates are related to the covariates and domains. Note that Model 4 accounts for the heterogeneity 

of domains by including domain effects while Model 3 does not. It can be seen from Table XVI that 

the misclassification rate of chlamydia increases as Sexprt12mth increases, as alcSA12m increases 

and as amtdr2wk decreases, but it is invariant to conuse12m. It can also be seen from Table XVI 

that the probability that one will say they have chlamydia increases as Sexprt12mth increases and 

as amtdr2wk decreases, but it is invariant to the other two covariates. 
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Table XVI: Posterior means (PM), posterior standard deviations (PSD) and 95% credible intervals 
for the two sets of regression coefficients from Model 4 

Coefficient PM PSD Interval 

intercept -2.948 .691 (-4.526, -1.621) 
conuse12m -.012 .009 (-.031, .004) 
Sexprt12mth .461 .140 (.187, .761) 
alcSA12m .025 .027 (-.033, .072) 
amtdr2wk -.617 .220 (-1.137, -.254) 

intercept -2.828 .390. (-3.630, -2.052) 
conuse12m -.011 .006 (-.022, .001) 
Sexprt12mth .403 .086 (.230, .570) 
alcSA12m .038 .016 (.005, .069) 
amtdr2wk -.602 .147 (-.882, -.322) 

NOTE. Top panel contains the statistics for chlamydia diagnosis and bottom panel contains the 
statistics for the misclassification parameter. 

51 



Table XVII shows the posterior means, posterior standard deviations, and 95 % credible intervals 

for the probability that one will say they have chlamydia and misclassification rate of chlamydia by 

domain. First, we see that the PMs for the probability that one will say they have chlamydia are 

highest in domain 1 and lowest in domain 5 and the PMs for the misclassification rate of chlamydia 

are highest in domain 4 and lowest in domains 8 and 9 (the PMs for these domains are identical). 

Second, we see that the PSDs for the probability that one will say they have chlamydia are between 

.007 and .042 and the PSDs for the misclassification rate of chlamydia are between .003 and .016. 

Next, we see that most of the credible intervals for the misclassification rate of chlamydia are 

narrower than or approximately the same width as the credible intervals in Table XIV that were 

obtained from Model 3. Finally, we see from the credible intervals that the probability that one will 

say they have chlamydia is highest in domain 3 and lowest in domain 5 while the misclassification 

rate of chlamydia is highest in domain 1 and lowest in domain 5. 
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Table XVII: Posterior means (PM), posterior standard deviations (PSD) and 95% credible inter-
vals for the probability that one will say they have chlamydia in female students and the misclassi-
fication rate by domain (Model 4) 

White Residence Class PM PSD Interval Cases n 

p No On Fresh/Soph .103 .034 (.045, .178) 2 17 
No On Junior /Senior .041 .019 ( .014, .088) 2 33 
No On Graduate .090 .042 (.029, .193) 3 22 
No Off Fresh/Soph .035 .016 ( .013, .076) 0 14 
No Off Junior /Senior .011 .010 (.001, .038) 0 1 
No Off Graduate .056 .022 (.024, .110) 0 o· 
Yes On Fresh/Soph .072 .032 (.021, .143) 3 26 
Yes On Junior /Senior .025 .011 ( .009, .051) 2 94 
Yes On Graduate .016 .007 (.006, .034) 0 64 
Yes Off Fresh/Soph .039 .011 (.019, .065) 1 35 
Yes Off Junior /Senior .021 .012 (.006, .049) 0 10 
Yes Off Graduate .035 .013 (.015, .065) 0 O' 

-rro No On Fresh/Soph .061 .015 (.035, .093) 2 17 
No On Junior /Senior .027 .007 (.016, .041) 2 33 
No On Graduate .026 .007 (.014, .044) 3 22 
No Off Fresh/Soph .070 .016 (.043, .105) 0 14 
No Off Junior/Senior .017 .008 ( .006, .037) 0 1 
No Off Graduate .040 .008 (.025, .059) 0 O' 
Yes On Fresh/Soph .021 .009 ( .009, .042) 3 26 
Yes On Junior /Senior .012 .003 (.007, .020) 2 94 
Yes On Graduate .012 .003 (.007, .018) 0 64 
Yes Off Fresh/Soph .031 .006 (.020, .041) 1 35 
Yes Off Junior/Senior .019 .006 (.010, .033) 0 10 
Yes Off Graduate .019 .004 (.012, .028) 0 o• 

*NOTE. There is not a single off-campus graduate student in the incidence sample. There are 
off-campus graduate students at the University of Florida. We are able to give estimates for them 
even without data. Our assumption that these domains are similar a priori provide these 
inferences. 
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Table XVIII shows the posterior means, posterior standard deviations and 95% credible intervals 

for the probability that one will say they have chlamydia and misclassification rate of chlamydia 

overall. We see from Table XVIII that the PM, PSD and 95% credible interval for the overall 

probability that one will say they have chlamydia are .039, .014 and (.018, .076) respectively and 

the PM, PSD and 95% credible interval for the misclassification rate of chlamydia are .023, .005 

and ( .015, .033) respectively. Thus, the overall probability that one will say they have chlamydia 

in female students from the University of Florida is about 3.9% and the overall misclassification 

rate of chlamydia in female students from the University of Florida is about 2.3%. 

Table XVIII: Posterior mean (PM), posterior standard deviation (PSD) and 95% credible interval 
for the overall approximate incidence rate of chlamydia in female students and misclassification rate 
of chlamydia (Model 4) 

PM PSD CI Cases n 

p .039 .014 (.018, .076) 13 316 
11"0 .023 .005 ( .015, .033) 13 316 

NOTE. These are estimates for the overall probability that one will say they have chlamydia and 
misclassification (i.e. all domains are combined into one larger domain). We have n of 316 since 4 
of the women have missing dgntrChlamy data. 

Now that we have estimates for Pij and 11"ij, we can get estimates for the incidence rates and 

asymptomatic rates of chlamydia immediately by using our simulated Pii and 11"ij• In order to 

illustrate the empirical distributions for the overall incidence rates and asymptomatic rates of 

chlamydia, we plotted histograms for both sets of values (Figure 5 has the histogram for the 

overall incidence rate of chlamydia and Figure 6 has the histogram for the overall asymptomatic 

rate of chlamydia). In addition, we created box plots for the incidence rates and asymptomatic 

rates of chlamydia for each of the twelve domains to illustrate the empirical distributions for the 

incidence rates and asymptomatic rates of chlamydia for each of the twelve domains (Figure 7 has 

the box plots for the incidence rates of chlamydia by domain and Figure 8 has the box plots for 

the asymptomatic rates of chlamydia by domain). 
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Model 4 Overall Incidence Rate 
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Figure 5: Histogram of the estimated overall incidence rate for model 4. 

Method 4 Overall AsymptomaUc Rate 

~ 
0 :, 

~ 

1> 0 
C m 
• , 
u 

S'. 0 
m 

0 
~ 

[<I 

0 

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 

Overall Asymptomatic Rate 

Figure 6: Histogram of the estimated overall asymptomatic rate for model 4. 
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It can be seen from Figure 5 that the distribution for the incidence rate of chlamydia is positively 

skewed with the mode being in the (0.05,0.06) interval. It can be seen from Figure 6 that the 

distribution for the asymptomatic rate of chlamydia is positively skewed with the mode being in 

the (0.40,0.45) interval (which suggests that the asymptomatic rate is moderately high). 
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Model 4 Incidence Rates By Domain 

0 

Figure 7: Box plots of the estimated incidence rates by domain for model 4. 

NOTE. 1: Non-white, On campus, Fresh/Soph; 2: Non-white, On campus, Junior/Senior; 3: 
Non-white, On campus, Graduate; 4: Non-white, Off campus, Fresh/Soph; 5: Non-white, Off 
campus, Junior/Senior; 6: Non-white, Off campus, Graduate; 7: White, On campus, Fresh/Soph; 
8: White, On campus, Junior/Senior; 9: White, On campus, Graduate; 10: White, Off campus, 
Fresh/Soph; 11: White, Off campus, Junior/Senior and 12: White, Off campus, Graduate. 

It can be seen from Figure 7 that the distributions for the incidence rate of chlamydia in each 

domain are symmetric, the incidence of chlamydia in domain 1 is incredibly high (between 12% and 

16%), and the incidence of chlamydia in domain 5 is very low (between 1% and 2%). In addition, 

we see from Figure 7 that domains 3, 4, 6, and 7 have the second highest medians and domains 

2, 8, 9, 10, 11, and 12 have the second lowest medians. It can be seen from Figure 8 that the 

distributions for the asymptomatic rate in each domain are approximate symmetric with medians 

between 20% and 75% (note that the medians are substantially different), the asymptomatic rate is 

highest in domain 4, and the asymptomatic rate is lowest in domain 7. Finally, we see from Figure 

8 that domains 5, 6, 9, and 11 have the second highest medians and domains 1, 2, 3, 8, 10, and 12 

have the second lowest medians. 
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Model 4 Asymptomatic Rates By Domain 
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Figure 8: Box plots of the estimated asymptomatic rates by domain for model 4. 

NOTE. 1: Non-white, On campus, Fresh/Soph; 2: Non-white, On campus, Junior/Senior; 3: 
Non-white, On campus, Graduate; 4: Non-white, Off campus, Fresh/Soph; 5: Non-white, Off 
campus, Junior/Semor; 6: Non-white, Off campus, Graduate; 7: White, On campus, Fresh/Soph; 
8: White, On campus, Junior/Semor; 9: White, On campus, Graduate; 10: White, Off campus, 
Fresh/Soph; 11: White, Off campus, Junior/Semor and 12: White, Off campus, Graduate. 
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Since the first two models do not account for the misclassification problem, they should not be 

considered valid for estimating the incidence and asymptomatic rates of chlamydia. Although both 

Model 3 and Model 4 account for the misclassification problem, we need to compare the results 

from Model 3 and Model 4 to determine which of these two models is the correct model since Model 

4 has domain effects that account for the heterogeneity of domains while Model 3 does not. Note 

that Model 4 correctly predicted 5 positive diagnoses in the incidence data while Model 3 only 

correctly predicted 3 positive diagnoses in the incidence data. Also note that the mode for the 

incidence rate of chlamydia is lower in Method 4 than the incidence rate of chlamydia in Model 3 

and the mode for the asymptomatic rate of chlamydia is lower in Model 4 than the asymptomatic 

rate of chlamydia in Model 3. Finally, we note that not only are the distributions for the incidence 

rate of chlamydia and the asymptomatic rate of chlamydia by domain for Model 4 substantially 

different from those of Model 3 (e.g. the domains with the highest and lowest rates are different), 

the distribution of the asymptomatic rate of chlamydia by domain looks heterogeneous across the 

domains in Model 4 while it looks homogeneous across the domains in Model 3.' Because of these 

results and the fact that Model 4 accounts for the heterogeneity of domains, we choose Model 4 

as the correct model since it gives results that are superior to the other three models and has the 

most realistic design of the four models. 
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4. DISCUSSION 

We have selected Model 4 as the correct model. We obtained estimates of the chlamydia incidence 

rates and asymptomatic rates. We have accounted for the misclassification problem overall and 

for the small areas defined by the 12 combinations of class standing, whether or not a person is 

white, and whether or not a person lives on or off campus. This misclassification analysis is new 

for chlamydia. 

Our findings are consistent with the chlamydia incidence rates of 5.1% and 5.8% obtained by 

Thomas (2006) in 2005 and 2006 respectively since we found that the incidence rate of chlamydia in 

women from the University of Florida is between 5% and 6%. They also confirm that the chlamydia 

infection rates in women from the University of Florida are definitely higher than the national rate 

of 4.1% found by Miller, Ford, Morris, et al (2006). 

We also found that treatment of chlamydia for female students who are not white, live on cam

pus, and are freshmen or sophomores should be emphasized since they have the highest incidence 

rate of chlamydia and screening of chlamydia female students who are not white, live off campus, 

and are freshmen or sophomores should be emphasized because they have the highest asymptomatic 

rate of chlamydia. 

Our model is a special case of the general misclassification problem of binary data. Female 

students who said that they have chlamydia do, indeed, have chlamydia. Thus, one of the mis

classification probabilities is zero. This is a constrained misclassification problem which differs 

from the unconstrained misclassification problem, described by Paulino et al. (2003) and others. 

We still have the nonidentifiability issue that occurs in such misclassification problems. To make 

inferences about the incidence data, we have also used the prevalence data to help overcome the 

nonidentifiability issue to estimate the incidence rates and asymptomatic rates. 

It is also of interest to determine logistic regression models with the four covariates included 

to predict the incidence rate of chlamydia and to predict the asymptomatic rate of chlamydia for 

female students at the University of Florida. In order to do this, we obtain estimated values of 0u 

and 'Yii for each of the 316 women from the University of Florida by using each set of g and/} from 

their respective samples of 1,000 iterates obtained from the Metropolis-Hastings sampler in Model 
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4 and the definitions of 0;; and 1;;. Next, we used the Nelder-Mead method (Nelder and Mead 

1965) to find the regression coefficients ,P that minimize 

and the regression coefficients f! that minimize 

for each set of~ and 1 from their respective samples of 1,000 iterates. Thus, we obtain the empirical 

distributions of the posterior densities of ,P and f!. 

Table XIX: Posterior means (PM}, posterior standard deviations (PSD) and 95% credible intervals 
for the two sets of regression coefficients from the Nelder-Mead method 

Coefficient PM PSD Interval 

intercept -2.621 .544 (-3.535, -1.479) 
conusel2m -.012 .007 (-.027, .000) 
Sexprtl2mth .471 .111 (.276, .689) 
alcSA12m .032 .016 (-.001, .065) 
amtdr2wk -.561 .139 (-.841, -.300) 

intercept -.384 .900 (-1.824, 1.158) 
conusel2m -.001 .070 (-.017, .022) 
Sexprt12mth -.115 .275 (-.417, .179) 
alcSA12m .000 .447 (-.052, .075) 
amtdr2wk -.048 2.146 (-.454, .572) 

NOTE. Top panel contains the statistics for incidence rates and bottom panel contains the 
statistics for asymptomatic rates. 

It can be seen from Table XIV that the incidence rate of chlamydia increases as the number of 

sexual partners in the past 12 months increases and as the amount of alcohol consumed in the past 

2 weeks decreases. Also, it can be seen from Table XIV that the asymptomatic rate is invariant to 

all four covariates. 
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5. CONCLUSIONS 

We have selected Model 4 since it gives results that are superior to all of the other 3 models and it 

is the only model that accounts for the misclassification problem and heterogeneity of domains. 

We found that frequency of condom use in the past 12 months, the number of sexual partners 

in the past 12 months, the number of occasions that one has consumed alcohol and engaged in 

sexual activity at the same time or during the same occasion in the past 12 months and the amount 

of alcohol consumed in the past 2 weeks were clinically significant predictors of the approximate 

incidence rate of chlamydia and the misclassification rate of chlamydia in female students from the 

University of Florida. Unfortunately, we also found that frequency of condom use in the past 12 

months was not a statistically significant predictor of the approximate incidence rate of chlamydia 

or the misclassification rate of chlamydia in female students from the University of Florida while 

the number of sexual partners in the past 12 months and amtdr2wk were statistically significant 

predictors of the approximate incidence rate of chlamydia and the number of sexual partners in 

the past 12 months, the number of occasions that one has consumed alcohol and engaged in sexual 

activity at the same time or during the same occasion in the past 12 months and the amount of 

alcohol consumed in the past 2 weeks were statistically significant predictors of the misclassification 

rate of chlamydia in female students from the University of Florida. 

The overall incidence rate of chlamydia in women from the University of Florida was found to be 

between 5% and 6% and the asymptomatic rate in women from the University of Florida infected 

with chlamydia was found to be between 40% and 45%. There is also substantial heterogeneity 

of the incidence rates and asymptomatic rates of chlamydia over the 12 domains. In addition, we 

found that women who are not white, live on campus, and are freshmen or sophomores have a 

shocking incidence rate of chlamydia that is about 14% and we also found that women who are 

not white, live off campus, and are freshmen or sophomores have an incredibly high asymptomatic 

rate of chlamydia that is over 70%. We also found that the number of sexual partners in the past 

12 months and the amount of alcohol consumed in the past 2 weeks were statistically significant 

predictors of the incidence rate of chlamydia while none of the four covariates were found to be 

statistically significant predictors of the asymptomatic rate of chlamydia. 
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A. Preliminary Exploratory Data Analysis 

The following five tables give the results from our preliminary exploratory data analysis of the 

prevalence and incidence data. Male and female students are present in the prevalence data but 

only female students are present in the incidence data. The SAS procedure PROC FREQ was used 

to perform the chi-square tests of association. The SAS procedure PROC LOGISTIC was used to 

perform the multiple logistic regressions where chlamydia diagnosis is the outcome variable. It is 

important to note that none of these analyses account for the misclassification problem. 

Table XX gives the results of the chi-square tests of chlamydia diagnosis with the first thirty-six 

variables (an exhaustive list of these variables is too cumbersome to provide since there are over 50 

variables involved) from Tami Thomas' questionnaire for the female students from the University of 

Florida, which consists of demographic variables and variables pertaining to condom use, drinking 

behavior and sexual activity. Table XX shows that the following variables are significant: ethnicity, 

petting in the past 12 months, having oral sex in the past 12 months, having anal sex in the past 

12 months, being diagnosed in the past or currently being treated for yeast infections, bacterial 

vaginitis, or none of the STDs in the survey; being treated more than once for yeast infections, 

bacterial vaginitis, or none of the STDs in the survey; confidence in the ability to suggest using 

condoms to a new partner, level of embarrassment at putting a condom on oneself or their partner 

and fear of being rejected by a sexual partner because of suggesting condom use to the sexual 

partner. Table XX also shows that the following variables have a trend toward significance: comfort 

level about asking a sexual partner to seek treatment for an STD given the sexual partner is 

diagnosed with an STD, being diagnosed in the past or currently being treated for gonorrhea, being 

treated more than once for gonorrhea and confidence in the ability to suggest using a condom to a 

sexual partner without the sexual partner feeling "diseased". 
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Table XX: Results of the tests of association between chlamydia diagnosis and each of the cate-
gorical variables from the incidence data 

Variable P-Value Variable P-Value Variable P-Value 

ethnicity 0.0045 dgntrhpv 1.0000 cuconfi 0.4888 
clsstd 0.1699 dgntrystinfe 0.0008 conpurcconfi 0.3033 
resid 0.2225 dgntrbacva 0.0001 concarryconf 0.3871 

sbpett 0.0118 dgntrnone < 0.0001 cuprtdisc 0.2104 
sbmast 0.4132 treatchlamy < 0.0001 consugnp 0.0212 
sboral 0.0436 treatgonnor 0.0807 conprtflg 0.0582 

sbinterc 0.4790 treatherpes 0.1906 conmtnerec 0.6737 
sbanal 0.0035 treathpv 0.2882 cuemb 0.0276 

askptrstdtr 0.0772 treatstiinfec 0.0003 cuprtsgfear 0.0020 
selfstdptr 0.9284 treatbacvag < 0.0001 cuprtsgnu 0.3157 

dgntrgonnor 0.0807 treatnone 0.0003 cuconfi2 0.5346 
dgntrherpes 1.0000 conuse12m 0.0038 cudisb4sa 0.3175 

NOTE. clsstd: class standing, resid: residence, sbpett: petting, sbmast: masturbating, sboral: 
oral sex, sbinterc: sexual intercourse, sbanal: anal sex, askptrstdtr: comfort with asking partner 
to seek treatment for an STD, selfstdptr: comfort with discussing own STD diagnosis with 
partner, dgntrgonnor: gonorrhea diagnosis or current treatment, dgntrherpes: herpes diagnosis or 
current treatment, dgntrhpv: HPV diagnosis or current treatment, dgntrystinfe: yeast infection 
diagnosis or current treatment, dgntrbacva: bacterial vaginitis diagnosis or current treatment, 
dgntrnone: no diagnosis and no current treatment, treatchlamy: treated more than once for 
chlamydia, treatgonnor: treated more than once for gonorrhea, treatherpes: treated more than 
once for herpes, treathpv: treated more than once for HPV, treatstiinfec: treated more than once 
for yeast infection, treatbacvag: treated more than once for bacterial vaginitis, treatnone: not 
been treated more than once, conuse12m: condom use in the past 12 months, cuconfi: condom 
use confidence, conpurcconfi: condom purchase confidence with no embarrassment, concarryconf: 
condom carrying confidence, cuprtdisc: condom use discussion confidence with partner, consugnp: 
condom suggestion to new partner confidence, conprtf!g: confidence in suggesting condom use 
without partner feeling "diseased", conmtnerec: confidence in maintaining erection during 
condom use, cuemb: condom use embarrassment, cuprtsgfear: fear level of being rejected by 
partner after suggesting condom use, cuprtsgnu: agreement level with not suggesting condom use 
if unsure of partner's feelings about condom use, cuconfi2: correct condom use confidence and 
cudisb4sa: confidence in discussing condom use before sexual activity. 
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Table XXI gives the results of the chi-square tests of chlamydia diagnosis with the remaining 

variables ( an exhaustive list of these variables is too cumbersome to provide since there are over 50 

variables involved) from Tami Thomas' questionnaire for the female students from the University of 

Florida, which consists of demographic variables and variables pertaining to condom use, drinking 

behavior and sexual activity. Table XXI shows that the following variables are significant: level 

of embarrassment at trying to use a condom again given oneself or their sexual partner failed the 

first time, confidence level in the ability of oneself to suggesting using condoms to a new partner 

without the partner thinking one of the following: "I've had a past homosexual experience", "I have 

an STD", or "I think that they have an STD"; confidence in the ability of oneself in incorporate 

putting a condom on oneself or their partner during foreplay and whether or not a person is white. 

Table 21 also shows that the following variables have a trend toward significance: confidence in the 

ability of oneself to use a condom with a partner without "breaking the mood" and confidence in 

the ability of oneself to convince a partner to use a condom if they do not want to use a condom. 
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Table XXI: Results of the tests of association between chlamydia diagnosis and each of the cate-
gorical variables from the incidence data continued 

Variable P-Value Variable P-Value 

prtpercu 0.1069 cuhigh 0.4243 
curemdisp 0.3876 cuconvinprt 0.0602 

cuembtryag 0.0179 cusuccess 0.8726 
cupsthomo 0.0020 cudurpass 0.4348 

cupststd 0.0297 white 0.0495 
cupststdpr 0.0460 reseat 0.4747 
cudisb4sex 0.8617 classcat 0.3889 
cuforeplay 0.0039 
cubrkmood 0.0825 
cuquickly 0.1833 

cusexsensa 0.1776 
cuafterdrink 0.1017 

NOTE. prtpercu: confidence in persuading partner to use a condom, curemdisp: confidence in 
disposing of a used condom, cuembtryag: level of embarrassment of trying to use a condom after 
previous failure, cupsthomo: confidence in suggesting condom use to partner without them 
thinking you had a previous homosexual experience, cupststd:, cupststdpr:, cudisb4sex: 
confidence in discussing condom use before sex, cuforeplay: confidence in incorporating condom 
use into foreplay, cubrkmood: confidence in using condom without "breaking the mood", 
cuquickly: confidence in quickly putting on condom, cusexsensa: condom use without sexual 
sensation reduction confidence, cuafterdrink: condom use after drinking confidence, cuhigh: 
condom use while high confidence, cuconvinprt: confidence in convincing partner to use condom 
during intercourse, cusuccess: successful condom use confidence, cudurpass: condom use during 
passion confidence, white: 1 if white, 0 otherwise; reseat: 1 if on campus, 0 otherwise and 
classcat: 1 if freshman or sophomore, 2 if junior or senior, 3 if graduate student. 
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Table XXII give the results of the chi-square tests of chlamydia diagnosis with the demographic 

variables in the prevalence data. Table XXII shows that race is significant and that whether or not 

one lives on campus has a trend toward significance. 

Table XXII: Descriptive statistics and test of association with chlamydia diagnosis P-values for 
the categorical variables of the prevalence data 

Variable P-value 

Race 0.0007 
Gender 0.1877 
Resid 0.1556 
Class 0.2374 

Reseat 0.0844 
Classcat 0.2399 

NOTE. Reseat: 1 if on campus, 0 otherwise Classcat: 1 if freshman or sophomore, 2 if junior or 
senior, 3 if graduate student. 

Table XXIII gives the results of the multiple logistic regression of chlamydia diagnosis with 

the demographic variables in the prevalence data. Table XXIII shows that only whether or not a 

person is white is a significant predictor of chlamydia diagnosis in the prevalence data. 
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Table XXIII: Multiple logistic regression results with chlamydia diagnosis as dependent variable 
and demographic variables as predictor variables for prevalence data 

Variable Coefficient SD P-value 

White 2.1564 0.7936 0.0066 
Gender -1.3152 1.0750 0.2212 
Reseat -0.6947 0.8013 0.3860 

Classcat 0.3842 0.5637 0.4955 

NOTE. Reseat: 1 if on campus, 0 otherwise; Classcat: 1 if freshman or sophomore, 2 if junior or 
senior, 3 if graduate student. · 

Table XXIV gives the results of the multiple logistic regression of chlamydia diagnosis with the 

demographic variables for the incidence data. Table XXIV shows that none of the demographic 

variables is a significant predictor of chlamydia diagnosis and only whether or not a person is white 

has a trend toward being a significant predictor of chlamydia diagnosis in the incidence data. 
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Table XXIV: Multiple logistic regression results with chlamydia diagnosis as dependent variable 
and demographic variables as predictor variables for incidence data 

Variable Coefficient SD P-value 

White -1.0742 0.5788 0.0635 
Reseat -1.6167 1.1059 0.1438 

Classcat -0.6606 0.4289 0.1235 

NOTE. Reseat: 1 if on campus, 0 otherwise Classcat: 1 if freshman or sophomore, 2 if junior or 
senior, 3 if graduate student. 
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B. Diagnostic Figures 
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Figure 9: Autocorrelation plots of the alpha regression coefficients from model 2. 
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Figure 10: Trace plots of the alpha regression coefficients from model 2. 
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Figure 11: Autocorrelation plots of the beta regression coefficients from model 3. 
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Figure 12: Trace plots of the beta regression coefficients from model 3. 
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Figure 13: Autocorrelation plots of the alpha regression coefficients from model 3. 
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Figure 14: Trace plots of the alpha regression coefficients from model 3. 
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Figure 15: Autocorrelation plots of the beta regression coefficients from model 4. 
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Figure 16: Trace plots of the beta regression coefficients from model 4. 
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Figure 17: Autocorrelation plots of the alpha regression coefficients from model 4. 
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Figure 18: Trace plots of the alpha regression coefficients from model 4. 
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Figure 19: Autocorrelation plots of the variance parameters from model 4. 
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Figure 20: Trace plots of the variance parameters from model 4. 
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