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Summary

Studies of host biological factors associated with resistance to HIV-1 acquisition may be aided by appropriately
estimating participant HIV-1 exposure levels across multiple study visits. We developed the Escore package in R
to provide a platform for researchers to determine longitudinal exposure clusters within their own cohorts using the
approach proposed in the primary manuscript. This package allows estimation of exposure scores based on Cox PH
regression models developed in the Partners in Prevention HSV/HIV cohort and presented in the paper, and also
allows estimation of exposure scores using new Cox PH models. Finally, there is a utility for simulating the effects of
ignoring exposure levels when studying potential host correlates of resistance to infection. This vignette provides brief
instructions for getting started with R and gives examples for using the Escore package in separate cohorts.

Figure 1: Overview of Escore package
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1 Introduction to R

The R Project for Statistical Computing is a free software environment for statistical computing and graphics that runs
on multiple platforms, including UNIX, Windows, and MacOS (http://www.r-project.org/). R provides a wide
variety of statistical and graphical techniques, as well as object-oriented programming features, that make it a strong
platform for estimating HIV-1 exposure scores.

R can be downloaded from the Comprehensive R Archive Network (CRAN)(http://cran.r-project.org/) and
installed on most operating systems. The CRAN website also provides several manuals that are extremely useful when
first using R, especially “An Introduction to R”, of which new users may wish to start with Appendix A; A Sample
Session. Packages in R “provide a mechanism for loading optional code, data, and documentation as needed”. The base
distribution includes about 30 packages and more than 3000 additional packages can be downloaded directly from the
CRAN website to provide extended functionality.

2 The Escore package

We have developed the Escore package for estimating HIV-1 exposure scores, creating exposure score clusters, and
visualizing exposure score data. Specifically, this package utilizes existing R libraries to:

e Determine visit specific exposure scores across study visits based on a participant’s observed covariate values and
the regression coefficients from a Cox PH model.

Cluster participants into homogeneous groups based on longitudinal exposure trajectories.

Compute statistics for analyzing model performance using receiver operator characteristic (ROC) curves and areas
under the ROC curves (AUC).

Provide graphical utilities for plotting exposure score densities and smoothed hazard curves for exposure clusters.

2.1 Download source file
At this time, the Escore package has not been uploaded to the CRAN website and needs to be installed locally from a
source (tar.gz) file. The source file is embedded in this pdf document and needs to be saved to a directory on the user’s

computer. This .tar.gz file can be accessed by clicking the following icon (=|::|) or through the attachments pane in
Acrobat (View > Show/hide > Navigation panes) ! Alternatively, the tar.gz file can be downloaded from the the ICRC
website (http://depts.washington.edu/uwicrc/).

2.2 Install Escore package

After the source file is saved to a local directory, open R and install the Escore package by running the command
'install.packages(" “path/escore_1.0.tar.gz'", repos=NULL, type="source")’, where “path” is the local directory in
which the file is saved.

> ###Install escore package

> install.packages("H:/escore_1.0.tar.gz”, repos=NULL, type="source”)
> ###Load package
> library (escore)
>
After the Escore package has been loaded, HTML help files can be viewed by running:
> help.start ()
>

!Security features in Acrobat prohibit saving file archives (e.g. zip and tar.gz files) that are attached to pdf documents. Therefore, it was
necessary to include a .txt extension at the end of the file name to 'fool’ Acrobat’. After saving the file to a local directory, the .txt extension
should be deleted so the filename ends with .tar.gz



../escore_1.0.tar.gz.txt
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escore/data/paper.models.rda
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escore/data/primary.rda
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escore/data/secondary.rda
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escore/DESCRIPTION


Package: escore

Type: Package

Title: Estimates HIV-1 exposure scores and longitudinal exposure clusters.

Version: 1.0

Date: 2011-07-06

Author: Romel D. Mackelprang

Maintainer: Romel D. Mackelprang <romelm@uw.edu>

Description: Estimates longitudinal HIV-1 exposure scores based on Cox PH models developed in the Partners in Prevention HSV/HIV cohort or new Cox models developed in new cohorts.  The package also creates longitudinal exposure clusters and provides several graphics utilities for evaluating exposure scores.

License: What license is it under?

LazyLoad: yes

Depends: Hmisc, Design, kml, ROCR, muhaz, MatchIt

Packaged: 2011-09-15 20:11:30 UTC; romelm











escore/EscoreVignette.R


library(escore)

###Load primary data
data(primary)

###Create model fit based on primary data
fit<-cph(Surv(time=start, time2=stop, event=event)~logvl+sex, data=primary)

###Create exposure score object
escore.fit.primary <- escore(model=fit, data=primary,
                             vars=list(id="ptid", event="event", time="start", time2="stop", visit="visitmonth"), newdata=FALSE, seed=100, nbClusters=6)

escore.fit.primary

###Plot clusters
plot.cluster(escore.fit.primary)

###Create new cluster categories
escore.fit.primary <- cluster.cat(escore.fit.primary,
                                  labels=list(A="Low", B="Low", C="Low",
                                    D="Decreasing", E="Low", F="High"))

###Plot clusters with new categories and no legend
plot.cluster(escore.fit.primary, xlab = "Visit",
             ylab = "Exposure score", col.group = TRUE,
             new.col=c("green", "blue", "red", "black"),
             legend=FALSE)


###Plot densities with seroconverters
plot.escore.density(escore.fit.primary, use.cat=TRUE,
                    by.event=TRUE, event.label="Seroconverter",
                    xlim=c(-4.5, 4.5), ylim=c(0,1), lwd=2,
                    xlab="Mean HIV-1 exposure risk score across all study visits",
                    bw=.2, legend.x=-4.5, legend.y=1)

###Plot hazards
plot.hazard(escore.fit.primary, use.cat=TRUE, ref="High")

###Plot ROC curves
plot.roc(escore.fit.primary, col="black", lty=1, print.auc=TRUE)










escore/man/cluster.cat.Rd


\name{cluster.cat}

\alias{cluster.cat}



\title{Re-categorize exposure clusters}

\description{Groups exposure clusters into new categories based on user input.}

\usage{

cluster.cat(x, labels=list(A="A", B="B", C="C", D="D", E="E", F="F"))

}

%- maybe also 'usage' for other objects documented here.

\arguments{

  \item{x}{escore object}

  \item{labels}{A list of labels for re-categorizing exposure score

    clusters.  This should contain all of the original clusters and new

    labels for each.}

}

\details{

}

\value{Returns an escore object with updated categories.}

\references{}

\author{Romel D. Mackelprang}

\note{}



\seealso{}

\examples{

data(primary)



###Create model fit based on primary data

fit<-cph(Surv(time=start, time2=stop, event=event)~logvl+sex, data=primary)



###Create exposure score object

escore.fit.primary <- escore(model=fit, data=primary,

vars=list(id="ptid", event="event", time="start", time2="stop", visit="visitmonth"), newdata=FALSE, seed=100, nbClusters=6)



###Create new categories

escore.fit.primary <- cluster.cat(escore.fit.primary,

labels=list(A="Low", B="Low", C="Low", D="Low", E="Low", F="High"))



table(escore.fit.primary@cluster.df$cluster.cat)





}











escore/man/create.cluster.Rd


\name{create.cluster}

\alias{create.cluster}

%- Also NEED an '\alias' for EACH other topic documented here.

\title{Creates clusterizations of exposure scores.}



\description{An internal function of the escore function that creates clusters of

participants based on longitudinal exposure score trajectories.  Based

on the KML package, which is a new implementation of k-means for

longitudinal data (or trajectories). This algorithm is able to deal with

missing value and provides an easy way to re roll the algorithm several

times, varying the starting conditions and/or the number of clusters

looked for.

}

\usage{

create.cluster(data = x@long.df, vars=c(id="ptid", visit="visitmonth",

time="start", time2="stop", event="event"), seed = seed, nbClusters=6)

}

%- maybe also 'usage' for other objects documented here.

\arguments{

  \item{data}{Longitudinal dataframe with linear predictors.  Part of an

    escore object.}

  \item{vars}{list of variable names including id, visit, event, time, time2}

  \item{seed}{Seed number for kml program.}

  \item{nbClusters}{Vector containing the number of clusters with which

    kml must work. By default, nbClusters is 6. Maximum number of

    cluster is 52.}

}

\value{Returns cld slot of escore object containing exposure score

  clusterizations (x@cld).}

\references{Article "KmL: K-means for Longitudinal Data", in Computational Statistics (accepted on 11-11-2009)

  Web site: http://christophe.genolini.free.fr/kml}

\author{Romel D. Mackelprang}



%% ~Make other sections like Warning with \section{Warning }{....} ~



\seealso{kml, escore}

\examples{

  }













escore/man/escore-package.Rd


\name{escore-package}

\alias{escore-package}

\docType{package}

\title{Package for estimating exposure level risk scores for indiviual

  study participant visits and longitudinal exposure clusters.}

\description{Includes functions for creating, plotting, and summarizing

  exposure risk scores.}



\author{Romel D. Mackelprang}

\references{}

\examples{

~~ simple examples of the most important functions ~~

}











escore/man/escore.Rd


\name{escore}

\alias{escore}

%- Also NEED an '\alias' for EACH other topic documented here.

\title{Create exposure score objects.

}

\description{Function for 1) estimating individual exposure scores at specific study

  visits, and 2) creating longitudinal exposure score clusterizations.  }



\usage{

escore(model, data = data, vars=list(id="ptid", visit="visitmonth",

event="event", time="time", time2="time2"), newdata = FALSE, seed =

seed, nbClusters=6)

}

%- maybe also 'usage' for other objects documented here.

\arguments{

  \item{model}{Cox proportional hazards regression model created using

    the cph function in the Design library.

}

  \item{data}{Visit level data for calculating exposure scores.  Data

    must contain variables of same names and formats as data used to

    create model.

}

  \item{vars}{List of variable names for creating exposure score

    objects.  1. id: participant id number, 2. visit: variable

    indicating specific visits, 3. event: event of interest (e.g. HIV

    infection), 4. time: survivial analysis variable indicating starting

    time of visit interval, 5. time2: survival analysis variable

    indicating ending time of visit interval.

  }



  \item{newdata}{Default=FALSE.  Otherwise, provide name of new dataframe

    for estimating exposure scores based on model.  The new dataframe

    must have variable names and formats that are identical to the

    primary dataframe.

}

  \item{seed}{Set seed number for clusterization procedure.

  }

  \item{nbClusters}{Default=6.  A single number specifying the number of longitudinal exposure score

    clusters.  In general, use of differing numbers of clusters will be

    explored.  Currently the escore function is only designed to

    determing a specific set of clusters.  However, different levels can

    be explored afterwards using function output.

  }

  }





\details{The program takes as input a Cox PH model and can either

  estimate exposure scores objects for 1) the data used to create the

  model, or 2) for a different dataset using the model parameters.

}



\value{

  S4 data object that includes individual longitudinal

  exposure scores at each study visit, individual mean exposure scores

  across all study visitss, exposure score clusterizations,

  and receiver operator characteristic curve values.

}



\references{}



\author{Romel D. Mackelprang}

\note{}



\seealso{}



\examples{



data(primary)



###Create model fit based on primary data

fit<-cph(Surv(time=start, time2=stop, event=event)~logvl+sex, data=primary)



###Create exposure score object

escore.fit.primary <- escore(model=fit, data=primary,

vars=list(id="ptid", event="event", time="start", time2="stop", visit="visitmonth"), newdata=FALSE, seed=100, nbClusters=6)



escore.fit.primary#view summary of exposure scores



###Exposure scores for secondary data using model from primary data.

data(secondary)

escore.fit.secondary <- escore(model=fit, data=secondary,

vars=list(id="ptid", event="event", time="start", time2="stop", visit="visitmonth"), newdata=TRUE, seed=100, nbClusters=6)



escore.fit.secondary







}

% Add one or more standard keywords, see file 'KEYWORDS' in the

% R documentation directory.

\keyword{ ~kwd1 }

\keyword{ ~kwd2 }% __ONLY ONE__ keyword per line











escore/man/get.auc.Rd


\name{get.auc}

\alias{get.auc}

%- Also NEED an '\alias' for EACH other topic documented here.

\title{Find AUC for exposure score object

}

\description{Internal function of escore function for determining the area

  under the curve (AUC) of a reciever operator characteristic (ROC)

  curve.  Finds power of individual average exposure scores

  across all study visits in discriminating between participants with

  and without the event of interest (HIV infection).  Based on the

  prediction and performance functions of the ROCR package.

}

\usage{

get.auc(predictions, labels)

}

%- maybe also 'usage' for other objects documented here.

\arguments{

  \item{predictions}{A vector, matrix, list, or data frame containing the

          predictions.  For escore package, this is a vector of the

	  individual average exposure scores across all study visits.

}

  \item{labels}{A vector, matrix, list, or data frame containing the true

          class labels. Must have the same dimensions as 'predictions'.

	  For escore package, this is a vector indicating whether or not

	  each participant experiences event (HIV infection).

}

}

\details{

}

\value{

  Returns the AUC value representing discriminatory power of a

  participant's average exposure score across all study visits for HIV

  infection.  AUC is returned as an individual slot in escore S4 data

  object (x@auc).

}

\references{A detailed list of references for the ROCR package can be found on the ROCR homepage at

  <URL: http://rocr.bioinf.mpi-sb.mpg.de>.

}

\author{Romel D. Mackelprang

}

\note{This is an internal function used in the escore function and all

  calculations utilize the ROCR package.

}



%% ~Make other sections like Warning with \section{Warning }{....} ~



\seealso{

  \code{\link{ROCR}}

  \code{\link{prediction}}

  \code{\link{performance}}

  \code{\link{escore}}

}

\examples{



###Load data

data{primary}



###Create model

fit<-cph(Surv(time=start, time2=stop, event=event)~logvl+sex,

data=primary)



###Create escore object

escore.primary <- escore(fit, data=primary, vars=list("ptid", event="event", time="start", time2="stop", visit="visitmonth"), newdata=FALSE, seed=100)



###Return AUC

escore.primary@auc



}



% Add one or more standard keywords, see file 'KEYWORDS' in the

% R documentation directory.

\keyword{ ~kwd1 }

\keyword{ ~kwd2 }% __ONLY ONE__ keyword per line











escore/man/get.clusters.Rd


\name{get.clusters}

\alias{get.clusters}

%- Also NEED an '\alias' for EACH other topic documented here.

\title{Create cluster dataframe.}

\description{An internal function of the escore function.

  Creates slot in escore object with dataframe containing the

  ptid number and exposure cluster for each individual participant.}

\usage{

get.clusters(cld = cld)

}

%- maybe also 'usage' for other objects documented here.

\arguments{

  \item{cld}{Clusterization object}

}

\details{

%%  ~~ If necessary, more details than the description above ~~

}

\value{Returns dataframe as part of escore S4 object that contains

  longitudinal exposure score cluster.

}

\references{

}

\author{Romel D. Mackelprang}

\note{

%%  ~~further notes~~

}



%% ~Make other sections like Warning with \section{Warning }{....} ~



\seealso{

%% ~~objects to See Also as \code{\link{help}}, ~~~

}

\examples{

##---- Should be DIRECTLY executable !! ----

##-- ==>  Define data, use random,

##--	or do  help(data=index)  for the standard data sets.



## The function is currently defined as

function(cld=cld){

  ###Find clusters

  cluster.df <- data.frame(id=cld@id, cluster=cld@clusters$c6[[1]]@clusters)

  return(cluster.df)

  }

}

% Add one or more standard keywords, see file 'KEYWORDS' in the

% R documentation directory.

\keyword{ ~kwd1 }

\keyword{ ~kwd2 }% __ONLY ONE__ keyword per line











escore/man/get.lp.Rd


\name{get.lp}

\alias{get.lp}

%- Also NEED an '\alias' for EACH other topic documented here.

\title{Get visit-specific exposure scores.}

\description{An internal

function of the escore function.  Visit specific exposure scores are

determined by finding the relative linear predictor for each observation

in data based on a specified Cox model.}

\usage{get.lp(model, data,newdata = FALSE) }

\arguments{

  \item{model}{Cox PH model used for estiamting exposure scores.

}

  \item{data}{Data frame used for estimating exposure scores.

}

  \item{newdata}{TRUE/FALSE variable indicating if  exposure scores will be determined for new

  data.  Default = FALSE.}

}

\details{

}

\value{Vector of exposure scores for each observation in data.

}

\references{

}

\author{Romel D. Mackelprang

}

\note{This function is used interally in the main escore function.

}





\seealso{

}

\examples{



data(primary)



###Create model fit

library(Design)

fit<-cph(Surv(time=start, time2=stop, event=event)~logvl+sex,

data=primary)





###Exposure scores for primary data.

lp<-get.lp(model=fit, data=primary, newdata=FALSE)



###Exposure scores for secondary data.

data(secondary)

lp2<-get.lp(model=fit, data=secondary, newdata=TRUE)





}

% Add one or more standard keywords, see file 'KEYWORDS' in the

% R documentation directory.

\keyword{ ~kwd1 }

\keyword{ ~kwd2 }% __ONLY ONE__ keyword per line











escore/man/get.roc.Rd


\name{get.roc}

\alias{get.roc}

\title{Create object for plotting ROC curves.}

\description{Creates performance object for plotting ROC curves based on

  the average of each participant's exposure scores across all study

  visits.  An internal function of the escore function.

}

\usage{

get.roc(predictions, labels)

}



\arguments{

  \item{predictions}{A vector, matrix, list, or data frame containing the

    predictions.  For escore package, this is a vector of the

    individual average exposure scores across all study visits.

  }

  \item{labels}{A vector, matrix, list, or data frame containing the true

    class labels. Must have the same dimensions as 'predictions'.

    For escore package, this is a vector indicating whether or not

    each participant experiences event (HIV infection).

  }

}



\details{}



\value{Returns performance values for plotting ROC curves based on the

  ROCR package.  Values are returned as part of the score S4 data object (x@roc.perf).

}



\references{ A detailed list of references for the ROCR package can be found on the ROCR homepage at

  <URL: http://rocr.bioinf.mpi-sb.mpg.de>.

}

\author{Romel D. Mackelprang

}

\note{

}



\seealso{

  \code{\link{ROCR}}

  \code{\link{prediction}}

  \code{\link{performance}}

  \code{\link{escore}}

}



\examples{

###Load data

data{primary}



###Create model

fit<-cph(Surv(time=start, time2=stop, event=event)~logvl+sex,

data=primary)



###Create escore object

escore.primary <- escore(fit, data=primary, vars=list("ptid", event="event", time="start", time2="stop", visit="visitmonth"), newdata=FALSE, seed=100)



###Plot ROC curve

plot(escore.primary@roc.perf)



}

% Add one or more standard keywords, see file 'KEYWORDS' in the

% R documentation directory.

\keyword{ ~kwd1 }

\keyword{ ~kwd2 }% __ONLY ONE__ keyword per line











escore/man/merge.escore.Rd


\name{merge.escore}

\alias{merge.escore}

%- Also NEED an '\alias' for EACH other topic documented here.

\title{Merge exposure scores with another dataframe.}

\description{Extracts exposure score clusters and mean exposure scores

  for each individual and merges those variables with another dataframe.}

\usage{merge.escore(x, data, name, ...)}



\arguments{

  \item{x}{escore object}

  \item{data}{Dataframe cluster variables will be merged with.}

  \item{name}{Optional prefix that can be added to cluster variables

    when merged with data.}

  \item{...}{Additional arguments may be passed to the merge function.}

}

\details{Function will always export original alpha-clusters created by

  default in the escore and kml packages.  If re-categorized clusters

  have been created using the cluster.cat function, this variable will

  also be merged with data.}

\value{A new dataframe with all variables from data and cluster variables.}



\author{Romel D. Mackelprang}

\seealso{escore, cluster.cat, kml)



}

\examples{

data(primary)



###Create model fit based on primary data

fit<-cph(Surv(time=start, time2=stop, event=event)~logvl+sex, data=primary)



###Create exposure score object

escore.fit.primary <- escore(model=fit, data=primary,

vars=list(id="ptid", event="event", time="start", time2="stop", visit="visitmonth"), newdata=FALSE, seed=100, nbClusters=6)



###Create new categories

escore.fit.primary <- cluster.cat(escore.fit.primary,

labels=list(A="Low", B="Low", C="Low", D="Low", E="Low", F="High"))



######Create a summary data frame indicating if each participant

###ever reported unprotected sex or was infected

ever.sex <- tapply(primary$sex, primary$ptid, max)

infected <- tapply(primary$event, primary$ptid, max)

summary.data <- data.frame(ptid=names(ever.sex), ever.sex=ever.sex,

                           infected=infected)



###Merge exposure clusters with summary.data

summary.data <- merge.escore(x=escore1, data=summary.data,

                             name="escore1")







##---- Should be DIRECTLY executable !! ----

##-- ==>  Define data, use random,

##--	or do  help(data=index)  for the standard data sets.



## The function is currently defined as

function(x, y=cluster.df, name="final"){

    dat <- subset(x@cluster.df, select=-c(ever.event))

    names(dat)[2:ncol(dat)] <- paste(name,".",names(dat)[2:ncol(dat)],sep="")

    dat <- merge(dat, y)

    return(dat)

  }

}

% Add one or more standard keywords, see file 'KEYWORDS' in the

% R documentation directory.

\keyword{ ~kwd1 }

\keyword{ ~kwd2 }% __ONLY ONE__ keyword per line











escore/man/paper.models.Rd


\name{paper.models}

\alias{paper.models}

\docType{data} \title{CoxPHs

model from HIV-1 exposure paper manuscript that were created using

longitudinal data. Model 1 is the best-fitting model from the manuscript

and includes parameter estimates for 1) unprotected sex, 2) plasma HIV-1

RNA levels of the HIV-1 infected partner, 3) GUD of the HIV+ partner, 4)

baseline HSV serostatus of the HIV- partner, 5) age, 6) gender, and 7)

male circumcision of the HIV- partner.  Model 2 includes a subset of

these variables (unprotected sex, viral load, age, gender, and male

circumcision).  Both models were created using the Design library.  }



\usage{data(paper.models)}





\format{



  This data object contains the following CoxPH regression models:



  \describe{

    \item{\code{paper.model1}}{The best-fitting final model from the

      manuscript based on backwards variable selection with AIC values.}

    \item{\code{paper.model2}}{A secondary reduced model from the

      manuscript.}

    }



  These models were developed using data that is not publically

  available.  However, the original dataframe used the following

  variables:

  \describe{

    \item{\code{ptid}}{a numeric vector representing participant ID numbers}

    \item{\code{event}}{a numeric vector indicating if an event (HIV-1

      infection) occured during each interval}

    \item{\code{start}}{a numeric vector indicating the first day of the

    interval}

    \item{\code{stop}}{a numeric vector indicating the last day of the interval}

    \item{\code{logvl}}{a numeric vector for the viral load of the HIV+ partner}

    \item{\code{sex}}{a numeric binary vector indicating unprotected sex

      at each interval.  0=no, 1=yes}

    \item{\code{index.gud}}{a numeric binary vector indicating if HIV+

      partner had GUD at each visit. 0=no, 1=yes}

    \item{\code{hsv}}{a numeric binary vector indicating if HIV-

      participant was HSV-2 seropositive at enrollment.  In the

      longitudinal dataframe, the same value is repeated for each

      participant.}

    \item{\code{gender}}{a numeric binary vector for the gender of the

      uninfect participant.  0=male, 1=female.}

    \item{\code{gender.circum}}{a numeric binary vector indicating male

      circumcision status of the HIV- participant.  0=uncircumcised male

      OR female, 1=circumcised male.}

    \item{\code{pregnant}}{a numeric binary vector indicating if female

      HESN participants were pregnant at each study visit.  0=male

      participant or not pregnant, 1=pregnant female.}

    \item{\code{age10}}{Numeric vector indicating age of the HESN

      participant.  For this variable, age is divided by 10.}

    \item{\code{visitmonth}}{a numeric vector indicating the visit month}

  }

}





\examples{



###View models

paper.model1



paper.model2



}













escore/man/plot.cluster.Rd


\name{plot.cluster}

\alias{plot.cluster}

%- Also NEED an '\alias' for EACH other topic documented here.

\title{Plot exposure score clusters.

}

\description{Plots exposure score clusters from escore object with

  individual trajectories and cluster means.

}

\usage{

plot.cluster(x, xlab = "Visit", ylab = "Exposure score", col.group =

FALSE, new.col=c("green", "blue", "red", "black"))

}

%- maybe also 'usage' for other objects documented here.

\arguments{

  \item{x}{escore object with clusterizations}

  \item{xlab}{Label for x-axis of plot.  This should represent the time variable.}

  \item{ylab}{Lable for y-axis.  This is the exposure scores.}

  \item{col.group}{Default=FALSE.  If TRUE, individual trajectories and

    mean exposure scores of original clusters will be colored based on

    new exposure categories created with cluster.cat function.}

    \item{new.col}{Vector of colors for plotting individual trajectories

      and cluster means by categories.}

    \item{legend}{Default=TRUE for showing percent of partcipants in

      each cluster in figure legend.}

}

\details{

}

\value{

}

\references{

}

\author{Romel D. Mackelprang}



\note{

}



%% ~Make other sections like Warning with \section{Warning }{....} ~



\seealso{escore, cluster.cat, kml

}

\examples{

data(primary)



###Create model fit based on primary data

fit<-cph(Surv(time=start, time2=stop, event=event)~logvl+sex, data=primary)



###Create exposure score object

escore.fit.primary <- escore(model=fit, data=primary,

vars=list(id="ptid", event="event", time="start", time2="stop", visit="visitmonth"), newdata=FALSE, seed=100, nbClusters=6)



###Create smaller categories.

escore.fit.primary <- cluster.cat(escore.fit.primary,

labels=list(A="Low", B="Low", C="Low", D="Low", E="Low", F="High"))



###Plot clusters

plot.cluster(escore.fit.primary, xlab="Visit", ylab="Exposure score")



###Plot clusters with colors according to collapsed categories.

plot.cluster(escore.fit.primary, xlab="Visit", ylab="Exposure score",

col.group = TRUE, new.col=c("green", "blue"))



}

% Add one or more standard keywords, see file 'KEYWORDS' in the

% R documentation directory.

\keyword{ ~kwd1 }

\keyword{ ~kwd2 }% __ONLY ONE__ keyword per line











escore/man/plot.escore.density.Rd


\name{plot.escore.density}

\alias{plot.escore.density}

%- Also NEED an '\alias' for EACH other topic documented here.

\title{Plot exposure score density.

%%  ~~function to do ... ~~

}

\description{Plots exposure score density functions for different groups

  of participants.  Allows specification of event variable for plotting

  and specification of axis labels.}



\usage{

plot.escore.density(x, use.cat=TRUE, by.event=TRUE, event.label="Seroconverter",

             xlim=c(-4.5, 4.5), ylim=c(0,1), lwd=2,

             xlab="Mean HIV-1 exposure risk score across all study visits",

             bw=FALSE, legend.x=-4.5, legend.y=1,

             labels=NULL)

}



%- maybe also 'usage' for other objects documented here.

\arguments{

  \item{x}{Escore S4 object.}

  \item{use.cat}{TRUE/FALSE indicating if re-categorized exposure score

    clusters should be used for plotting.}

  \item{by.event}{TRUE/FALSE indicating if participants with event

    should be plotting as a separate group.}

  \item{event.label}{If by.event=TRUE, indicates new label for

    participants with event.}

  \item{xlim}{X-axis limits for plotting.}

  \item{ylim}{Y-axis limits for plotting.}

  \item{lwd}{Line width for density plots.}

  \item{xlab}{Label for X-axis.}

  \item{bw}{Bandwidth for density curves.}

  \item{legend.x}{Location of legend on x-axis.}

  \item{legend.y}{Location of legend on y-axis.}

  \item{labels}{New labels for legend.  Default=NULL and original

    variable levels are printed in legend.}

}

\details{

}

\value{

}

\references{

%% ~put references to the literature/web site here ~

}

\author{Romel D. Mackelprang}

\note{

}



%% ~Make other sections like Warning with \section{Warning }{....} ~



\seealso{escore, density}

\examples{

data(primary)



###Create model fit based on primary data

fit<-cph(Surv(time=start, time2=stop, event=event)~logvl+sex, data=primary)



###Create exposure score object

escore.fit.primary <- escore(model=fit, data=primary,

vars=list(id="ptid", event="event", time="start", time2="stop", visit="visitmonth"), newdata=FALSE, seed=100, nbClusters=6)



###Create smaller categories.

escore.fit.primary <- cluster.cat(escore.fit.primary,

labels=list(A="Low", B="Low", C="Low", D="Low", E="Low", F="High"))



###Plot densities

plot.escore.density(escore.fit.primary, use.cat=TRUE, by.event=TRUE, event.label="Seroconverter",

             xlim=c(-4.5, 4.5), ylim=c(0,1), lwd=2,

             xlab="Mean HIV-1 exposure risk score across all study visits",

             bw=FALSE, legend.x=-4.5, legend.y=1,

             labels=c("Highest exposure", "Lower exposure", "Seroconverter"))





}

% Add one or more standard keywords, see file 'KEYWORDS' in the

% R documentation directory.

\keyword{ ~kwd1 }

\keyword{ ~kwd2 }% __ONLY ONE__ keyword per line











escore/man/plot.hazard.Rd


\name{plot.hazard}

\alias{plot.hazard}

%- Also NEED an '\alias' for EACH other topic documented here.

\title{Plot hazard curves for exposure score object.

}

\description{

}

\usage{

plot.hazard(x, use.cat=TRUE, ref="High",

                        lwd=4, legend.y=0.0003, legend.x=500, xlim=c(0,720))

}

%- maybe also 'usage' for other objects documented here.

\arguments{

  \item{x}{Escore object}

  \item{use.cat}{TRUE/FALSE variable indicating if collapsed exposure

    score categories should be used for plot.}

  \item{ref}{Reference group for plotting hazard curves.  This should be

    group with the highest risk of infection.}

  \item{lwd}{Line width for plot.}

  \item{legend.y}{Y coordinate for legend.}

  \item{legend.x}{X coordinate for legend.}

  \item{xlim}{Limits for X axis.}

}

\details{

}

\value{

}

\references{

}

\author{Romel Mackelprang}



\note{

}



%% ~Make other sections like Warning with \section{Warning }{....} ~



\seealso{muhaz, escore

}

\examples{

data(primary)



###Create model fit based on primary data

fit<-cph(Surv(time=start, time2=stop, event=event)~logvl+sex, data=primary)



###Create exposure score object

escore.fit.primary <- escore(model=fit, data=primary,

vars=list(id="ptid", event="event", time="start", time2="stop", visit="visitmonth"), newdata=FALSE, seed=100, nbClusters=6)



###Create smaller categories.

escore.fit.primary <- cluster.cat(escore.fit.primary,

labels=list(A="Low", B="Low", C="Low", D="Low", E="Low", F="High"))



###Plot hazard curves

plot.hazard(escore.fit.primary, use.cat=TRUE, ref="High")



}

% Add one or more standard keywords, see file 'KEYWORDS' in the

% R documentation directory.

\keyword{ ~kwd1 }

\keyword{ ~kwd2 }% __ONLY ONE__ keyword per line











escore/man/plot.roc.Rd


\name{plot.roc}

\alias{plot.roc}

%- Also NEED an '\alias' for EACH other topic documented here.

\title{Plot ROC curve for exposure score object.

}

\description{Plots ROC curve for individual mean longitudinal exposure

  scores for escore object.}

\usage{

plot.roc(x, col = "black", lty = 1, xlim = c(0, 1), lwd = 1, new.plot = TRUE, print.auc = TRUE)

}

%- maybe also 'usage' for other objects documented here.

\arguments{

  \item{x}{Escore object}

  \item{col}{Color for ROC curve.}

  \item{lty}{Line type.}

  \item{xlim}{X axis limits.}

  \item{lwd}{Line width.}

  \item{new.plot}{TRUE/FALSE indicating if ROC curve should be plotted

    on new canvas.}

  \item{print.auc}{TRUE/FALSE indicating if AUC should be printed in in

    lower corner.}

}

\details{

}

\value{

}

\references{

}

\author{Romel D. Mackelprang

}

\note{

}



\seealso{ROCR, escore

}

\examples{



data(primary)



###Create model fit based on primary data

fit<-cph(Surv(time=start, time2=stop, event=event)~logvl+sex, data=primary)



###Create exposure score object

escore.fit.primary <- escore(model=fit, data=primary,

vars=list(id="ptid", event="event", time="start", time2="stop", visit="visitmonth"), newdata=FALSE, seed=100, nbClusters=6)



###Exposure scores for secondary data using model from primary data.

data(secondary)

escore.fit.secondary <- escore(model=fit, data=secondary,

vars=list(id="ptid", event="event", time="start", time2="stop", visit="visitmonth"), newdata=TRUE, seed=100, nbClusters=6)





###Plot ROC curve from primary model

plot.roc(escore.fit.primary, col="black", lty=1, print.auc=FALSE)



###Plot ROC curve from secondary model on same curve

plot.roc(escore.fit.secondary, col="red", lty=1, print.auc=FALSE, new.plot=FALSE)





}

% Add one or more standard keywords, see file 'KEYWORDS' in the

% R documentation directory.

\keyword{ ~kwd1 }

\keyword{ ~kwd2 }% __ONLY ONE__ keyword per line











escore/man/plot.sim.cc.Rd


\name{plot.sim.cc}

\alias{plot.sim.cc}

%- Also NEED an '\alias' for EACH other topic documented here.

\title{Density curves comparing exposure scores or host factor values

  among cases and controls.

}

\description{Creates a density plot for either exposure scores or the

  continuous host factor by case/control status and with individual

  lines for each simulation.  It is possibile to plot density curves for

  a single or multiple control groups.}



\usage{ plot.sim.cc(x, type = c("random", "high", "matched"), type.label

= "", bw = "nrd0", main = "", score = "marker", xlim = c(-5, 5), ylim =

c(0, 1), print.p=c(4,9), print.diff=c(4,.7), cols = c("red", "green",

"blue", "black"), lwd = 1, line = 3, ylab = "") }

%- maybe also 'usage' for other objects documented here.

\arguments{

  \item{x}{EscoreSim S4 object that has been updated using the sim.cc() function.}

  \item{type}{Vector indicating which control group(s) should be

    included in plot.  User can specify "random", "high", or "matched"

    for randomly selected controls, controls with the highest exposure

    scores, and exposure matched controls, respectively.}

  \item{type.label}{Vector of unique labels for legend.  Default is ""

    and results in variable names being used in legend.}

  \item{bw}{Bandwidth for density plot}

  \item{main}{Main figure title.}

  \item{score}{Indicates if densitities should be plotted for the host

    factor or exposure scores.  score="marker" plots densities for the

    host factor.  score="escore" plots exposure score densities.}

  \item{xlim}{Limits for x-axis.  Default=NULL and results in x-axis

    limits being selected as the min and max score values for cases and

    controls from any simulated dataset.}

  \item{ylim}{Limits for y-axis}

  \item{print.p}{Vector indicating x and y values for printing the mean

    p-value for t-test from all simulations.  print.p=NULL suppresses

    printing of p-value.}

  \item{print.diff}{See print.p but prints mean difference between cases

    and controls.}

  \item{cols}{Colors for plotting.}

  \item{ylab}{Y axis label.}

}



\author{Romel D. Mackelprang}



\seealso{escore, sim.infection, sim.marker, sim.cc, density}



\examples{

###Simulate infections

sim <- sim.infection(mu=0, sigma=1.2, intercept=-4.96, beta=1.41,

                     n=3400, n.sim=100)



###Simulate marker values

sim <- sim.marker(x=sim, intercept=5, beta.escore=1,beta.inf=-2,

true.err.val=1)



###Select controls

sim <- sim.cc(x=sim)



###Plot exposure score densities for random controls

plot.sim.cc(sim, type="random", type.label="Randomly selected controls",

main="Exposure score densities among cases \n and randomly selected

controls", score="escore", lty=1)



###Plot host factor densities for random controls

plot.sim.cc(sim, type="random", type.label="Randomly selected controls",

main="Host factor densities among cases \n and randomly selected controls",

score="marker", lty=1)



###Simultaneously plot host factors densities for random and matched

   controls.

plot.sim.cc(sim, type=c("random", "matched"),

type.label=c("Randomly selected controls", "Matched controls"),

main="Host factor densities among cases, randomly\n selected controls, and matched controls",

score="marker", lty=1, print.p=NULL, print.diff=NULL)



}













escore/man/plot.sim.infection.Rd


\name{plot.sim.infection}

\alias{plot.sim.infection}

%- Also NEED an '\alias' for EACH other topic documented here.

\title{Plot exposure score density curves by simulated HIV infection status.}

\description{Plots exposure score densities for datasets created by

  using the sim.infection() function.}

\usage{

plot.sim.infection(x, bw = "nrd0",  xlim=c(-5,5), ylim=c(0,1),

col=c("green", "blue"), xlab="Exposure scores",

main="Exposure scores for all obs. by infection",

legend=list(x=-5, y=1, legend=c("Uninfected", "Infected")),...)

}

%- maybe also 'usage' for other objects documented here.

\arguments{

  \item{x}{Escore sim object created using sim.infection().}

  \item{bw}{Bandwidth for density plots.}

  \item{xlim}{Vector of x-axis limits.}

  \item{ylim}{Vector of y-axis limits.}

  \item{col}{Vector of colors for plotting infected/uninfected}

  \item{xlab}{Label for x-axis}

  \item{main}{Main label for plot}

  \item{legend}{A list with arguments used in the legend function}

}

\details{Plots density curve for n simulations specified in

  sim.infection() function.}



\author{Romel D. Mackelprang}



\seealso{sim.infection, escore, density}

\examples{



###Create simulation datasets

sim <- sim.infection(mu=0, sigma=1.2, intercept=-4.96, beta=1.41,

                     n=3400, n.sim=100)



###Plot exposure density curves by infection

plot.sim.infection(x=sim)



}













escore/man/plot.sim.marker.Rd


\name{plot.sim.marker}

\alias{plot.sim.marker}

\title{Scatter plot of simulated host factor values against exposure scores, by

  infection status.}

\description{Creates a scatter plot of simulated host factor values against

  exposure scores with stratification by infection status.ion does.}

\usage{

plot.sim.marker(x, main = "", ylab = "", xlim = c(-4, 4), ylim = c(0,

10.5), xlab = "Exposure score", points.cex1 = 1, points.cex2 = 1, line =

2, col=c("grey", "red"), legend=list(x=-4,y=0, legend=c("Control",

"Case"), ...)

}



\arguments{

  \item{x}{EscoreSim data object passed through sim.marker() function.

}

  \item{main}{Main title}

  \item{ylab}{Y-axis label}

  \item{xlim}{X-axis limits}

  \item{ylim}{Y-axis limits}

  \item{xlab}{X-axis label}

  \item{points.cex1}{Size of scatter plot points for uninfected group.}

  \item{points.cex2}{Size of scatter plot points for infected group.}

  \item{line}{Margin line number for xlab and ylab.}

  \item{col}{Vector of colors for plotting}

  \item{legend}{list containing arguments for legend function}

}

\note{Plot is created using data from only the 1st simulated dataset.}

\author{Romel D. Mackelprang}

\seealso{escore, sim.infection, sim.marker, plot, par}

\examples{

###Simulate infections

sim <- sim.infection(mu=0, sigma=1.2, intercept=-4.96, beta=1.41,

                     n=3400, n.sim=100)



###Simulate marker values

sim <- sim.marker(x=sim, intercept=5, beta.escore=1,beta.inf=-2, true.err.val=1)



###Host factor scatter plot

plot.sim.marker(sim, ylab="Host factor", xlim=c(-4,4), ylim=c(0,10.5),

                    points.cex1=0.4, points.cex2=1,

                    main="Host factor associated with HIV-1 exposure\n and HIV-1 acquisition",

                    line=2, col=c("grey", "red"),

                    legend=list(x=-4, y=7, legend=c("All HESN", "Cases (HIV+)")))



}











escore/man/primary.Rd


\name{primary}

\alias{primary}

\docType{data}

\title{Primary example dataframe for escore package.}

\description{These data can be used as the main working example for

  generating HIV-1 exposure scores.  Covariate, HIV infection, and  survival analysis

  variables for a hypothetical cohort were

  generated using statistics observed in the Partners in Prevention HSV/HIV

  cohort.  Data are in longitudinal format with multiple visits per participant.}

\usage{data(primary)}

\format{

  A data frame for 3000 individuals with 13581 observations on the following 7 variables.

  \describe{

    \item{\code{ptid}}{a numeric vector representing participant ID numbers}

    \item{\code{event}}{a numeric vector indicating if an event (HIV-1

      infection) occured during each interval}

    \item{\code{start}}{a numeric vector indicating the first day of the

    interval}

    \item{\code{stop}}{a numeric vector indicating the last day of the interval}

    \item{\code{logvl}}{a numeric vector for the viral load of the HIV+ partner}

    \item{\code{sex}}{a numeric binary vector indicating unprotected sex

      at each interval.  0=no, 1=yes}

    \item{\code{index.gud}}{a numeric binary vector indicating if HIV+

      partner had GUD at each visit. 0=no, 1=yes}

    \item{\code{hsv}}{a numeric binary vector indicating if HIV-

      participant was HSV-2 seropositive at enrollment.  In the

      longitudinal dataframe, the same value is repeated for each

      participant.}

    \item{\code{gender}}{a numeric binary vector for the gender of the

      uninfect participant.  0=male, 1=female.}

    \item{\code{gender.circum}}{a numeric binary vector indicating male

      circumcision status of the HIV- participant.  0=uncircumcised male

      OR female, 1=circumcised male.}

    \item{\code{pregnant}}{a numeric binary vector indicating if female

      HESN participants were pregnant at each study visit.  0=male

      participant or not pregnant, 1=pregnant female.}

    \item{\code{age10}}{Numeric vector indicating age of the HESN

      participant.  For this variable, age is divided by 10.}

    \item{\code{visitmonth}}{a numeric vector indicating the visit month}

  }

}

\details{

}

\source{Hypothetical data were generated based on coefficients and infection rates in the

  Partners in Prevention HSV/HIV cohort

}

\references{

}

\examples{

data(primary)

}

\keyword{datasets}











escore/man/secondary.Rd


\name{secondary}

\alias{secondary}

\docType{data}

\title{Sample dataframe for demonstrating application of the escore

  package on a secondary cohort.}

\description{These data can be used as an example for applying the

  escore package to a second dataset. See ?primary for full description

  of data.

}

\seealso{primary}

\examples{

data(secondary)

}

\keyword{datasets}











escore/man/sim.cc.Rd


\name{sim.cc}

\alias{sim.cc}

\title{Selected cases and controls for simulated datasets.}

\description{Selects cases and controls on a 1:1 ratio from the simulated datasets.

  Controls are selected under three different scenarios.  First,

  controls are randomly selected from all uninfected participants.

  Second, controls with the highest exposure score values are selected.

  Third, controls are matched to cases based on exposure score values.

  Matching is performed using the matchit function from the MatchIt

  package which implements a wide range of sophisticated matching

  methods (http://gking.harvard.edu/matchit).  Lastly, marker and escore

  values are compared between cases and controls under each scenario and

  differences and t.test p-values are returned.}

\usage{sim.cc(x)}

\arguments{

  \item{x}{EscoreSim data object from sim.infection() and sim.marker

    functions.}

  \item{...}{Arguments passed to the matchit() function.

  }

}

\details{Additional arguments can be specified for use in the MatchIt function.}

\value{Appends new data to x (an S4 data object of class EscoreSim).

  Specifically, the following slots are added.

  \item{x@cases}{List with matrices for cases selected from each

    simulation.  Contains exposure scores and host marker values.}

  \item{x@random}{List of matrices for randomly selected controls.}

  \item{x@high}{List of matrices for controls with the highest exposure

    scores.}

  \item{x@matched}{List of matrices for matched controls.}

  \item{x@t.marker}{Matrix of p-values for comparing marker values among

    cases and controls in each simulation.  Columns are for each control

    selection scenario.}

  \item{x@diff.marker}{Matrix of mean marker value differences among

    cases and controls for each simulation.}

  \item{x@t.escore}{Matrix of p-values for comparing exposure scores among

    cases and controls in each simulation.  Columns are for each control

    selection scenario.}

  \item{x@diff.marker}{Matrix of mean exposure score differences among

    cases and controls for each simulation.}

}

\author{Romel D. Mackelprang}



\seealso{escore, sim.infection, sim.marker, matchit}

\examples{



###Simulate infections

sim <- sim.infection(mu=0, sigma=1.2, intercept=-4.96, beta=1.41,

                     n=3400, n.sim=100)



###Simulate marker values

sim <- sim.marker(x=sim, intercept=5, beta.escore=1,beta.inf=-2,

true.err.val=1)



###Select controls

sim <- sim.cc(x=sim)



}













escore/man/sim.infection.Rd


\name{sim.infection}

\alias{sim.infection}

%- Also NEED an '\alias' for EACH other topic documented here.

\title{Simulate HIV-1 exposure scores and HIV-1 infections.}

\description{Allows generation of multiple datasets by specifying exposure

  score distributions, association between exposure scores and HIV-1

  infection, and the baseline risk of HIV when exposure score=0.

}

\usage{

sim.infection(mu = mu, sigma = sigma, n = n, n.sim, intercept = -4.6961, beta = 1.4058)

}



\arguments{

  \item{mu}{Mean exposure score}

  \item{sigma}{Standard deviation of

    exposure scores.}

  \item{n}{Number of participants to include in each

    simulation.}

  \item{n.sim}{Number of simulations}



  \item{intercept}{Intercept for logistic regression with exposure score

as predictor and HIV infection as outcome.  This represents the baseline

risk of acquiring HIV in study participants with exposure score =0.}



\item{beta}{Logistic regression coefficient for association between

  exposure score and HIV infection} }

\details{Assumes that exposure

scores are normally distributed with (Mu, sigma) in a sample of size n.

After simulating exposure score distributions, incident infections are

simulated using the intercept and beta coefficients from a logistic

regression relating mean longitudinal exposure scores and case-control

status.}

\value{An S4 data object of class EscoreSim containing

parameters used to simulate samples and matrices indication individiual

exposures and which participants acquired HIV.}

\author{Romel D. Mackelprang}

\seealso{escore, rbinom, rnorm}



\examples{



sim <- sim.infection(mu=0, sigma=1.2, intercept=-4.96, beta=1.41,

                     n=3400, n.sim=100)



}













escore/man/sim.marker.Rd


\name{sim.marker}

\alias{sim.marker}

\title{Simulate continuous host factor.}

\description{Simulates levels of a hypothetical continuous host factor

  based on simulated exposure scores and infection status.  User

  specifies beta coefficients for an OLS regression relating these

  covariates to the host factor.

}

\usage{

sim.marker(x, intercept, beta.escore, beta.inf, true.err.val)

}

%- maybe also 'usage' for other objects documented here.

\arguments{

  \item{x}{EscoreSim object created by sim.infection()}

  \item{intercept}{Intercept of OLS model.  This is the expected host

    factor value when exposure score=0 and person is uninfected.}

  \item{beta.escore}{OLS coefficient for relationship between exposure

    score and host factor.}

  \item{beta.inf}{OLS coefficient for relationship between infection and

    host factor.}

  \item{true.err.val}{Expected standard deviation of individual error

    terms.}

}



\value{Adds slots to EscoreSim S4 object created in sim.infection()

  function.

  \item{x@marker}{A matrix storing simulated host factor levels with one

  row per individual and one column per simulation.}

}

\author{Romel D. Mackelprang}



\seealso{escore, sim.infection}



\examples{



###Simulate infections

sim <- sim.infection(mu=0, sigma=1.2, intercept=-4.96, beta=1.41,

                     n=3400, n.sim=100)



###Simulate marker values

sim <- sim.marker(x=sim, intercept=5, beta.escore=1,beta.inf=-2, true.err.val=1)



}













escore/plot.escoresim.R


plot.escoresim <- function(x, type=c("infection", "marker", "cc"),...){

    if(type=="infection"){plot.sim.infection(x=x, ...)}

    if(type=="marker"){plot.sim.marker(x=x, ...)}

    if(type=="cc"){plot.sim.cc(x=x, ...)}

}















escore/R/AaCreateClass.R


setOldClass("cph")

setClass("escore",

         representation(model="cph",

                        long.df="data.frame",

                        auc="numeric",

                        roc.perf="performance",

                        cluster.df="data.frame",

                        cld="ClusterizLongData",

                        collapsed.clusters="matrix"))







setClass("EScoreSim",

         representation(para="list",

                        escores="matrix",

                        infections="matrix",

                        marker="matrix",

                        cases="list",

                        random="list",

                        high="list",

                        matched="list",

                        t.marker="matrix",

                        diff.marker="matrix",

                        t.escore="matrix",

                        diff.escore="matrix"

                        ))











escore/R/AaMethodPrintEscore.R


setMethod("show",

          "escore",

          function(object){

              cat("***Longitudinal exposure scores***\n")

              cat(paste("*Number of participants=", length(unique(object@long.df[,1])),

                        "\n", sep=""))

              cat(paste("*Total number of visits=", nrow(object@long.df), "\n", sep=""))

              cat(paste("*Average number of visits per participant=",

                        mean(tapply(object@long.df[,5], object@long.df[,1], function(x) length(unique(x)))),

                        "\n", sep=""))

              cat(paste("*Total number of events=", nrow(object@long.df[object@long.df[,2]==1,]),

                        "\n", sep=""))

              cat(paste("*Average exposure score at all study visits=",

                        round(mean(object@long.df$lp), digits=2),

                        "\n", sep=""))

              cat(paste("*AUC for ROC curve=", object@auc, "\n\n", sep=""))

          }

      )











escore/R/cluster.cat.R


cluster.cat <-

function(x, labels=list(A="A", B="B", C="C", D="D", E="E", F="F")){

    dat <- x@cluster.df



    ###Create new variables with new categories

    dat$cluster.cat <- NULL

    for(i in names(labels)){

        dat$cluster.cat[dat$cluster==i] <- labels[[i]]

    }





    ###Show table

    print(table(dat$cluster, dat$cluster.cat))



    ###Insert new dataframe into escore S4 object

    x@cluster.df <- dat



    return(x)

}













escore/R/create.cluster.R


create.cluster <-

function(data=x@long.df, vars=c(id="ptid", visit="visitmonth",

time="start", time2="stop", event="event"), seed=seed, nbClusters=nbClusters){



    ###Format data for create cld S4 object

    temp <- subset(data, select=c(vars$id, vars$visit, "lp"))

    temp <- na.omit(temp)

    temp <- reshape(temp, timevar=vars$visit, idvar=vars$id, direction="wide")

    names(temp) <- c(vars$id, paste("t", 1:(ncol(temp)-1), sep=""))



    ###Create cld object

    cld <- as.cld(temp)

    set.seed(seed)

    kml(cld, nbClusters=nbClusters)

    return(cld)

}













escore/R/escore.R


escore <-

    function(model,

             data=data,

             vars=list(id="ptid", event="event", time="start", time2="stop",

             visit="visitmonth"),

             newdata=FALSE,

             seed=seed,

             nbClusters=6, ...){



###Create S4 object

    x <- new("escore",

             long.df=subset(data, select=c(vars$id, vars$event, vars$time,

                                  vars$time2, vars$visit)),

             cluster.df=data.frame(unique(data[,vars$id])),

             model=model)

    names(x@cluster.df) <- vars$id



###Linear predictors for long data

    x@long.df$lp <- get.lp(model=model, data=data, newdata=newdata, ...)

###Mean lp for each ptid

    mean.lp <- tapply(x@long.df$lp, x@long.df[,vars$id], mean, na.rm=T)

    mean.lp <- data.frame(id=names(mean.lp), mean.lp=as.vector(unlist(mean.lp)))

    names(mean.lp)[1] <- vars$id

    x@cluster.df <- merge(x@cluster.df, mean.lp, by=vars$id)

###Add event to cluster.df dataframe

    ever.event <- tapply(x@long.df[,vars$event], x@long.df[,vars$id], max, na.rm=T)

    ever.event <- data.frame(id=names(ever.event), ever.event=as.vector(unlist(ever.event)))

    names(ever.event)[1] <- vars$id

    x@cluster.df <- merge(x@cluster.df, ever.event, by=vars$id)

###Add survival event.time to cluster.df dataframe

    event.time <- tapply(x@long.df[,vars$time2], x@long.df[,vars$id], max, na.rm=T)

    event.time <- data.frame(id=names(event.time), event.time=as.vector(unlist(event.time)))

    names(event.time)[1] <- vars$id

    x@cluster.df <- merge(x@cluster.df, event.time, by=vars$id)



###Find AUC for model

    x@auc <- get.auc(as.numeric(x@cluster.df$mean.lp),

                     as.character(x@cluster.df$ever.event))

###Create object for making ROC plots

    x@roc.perf <- get.roc(as.numeric(x@cluster.df$mean.lp),

                          as.character(x@cluster.df$ever.event))



###Create clusterization object

    x@cld <- create.cluster(data=x@long.df, vars=vars, nbClusters=nbClusters, seed=seed)



###Find cluster for each PTID

    cluster <- get.clusters(cld=x@cld, nbClusters=nbClusters)

    x@cluster.df <- merge(x@cluster.df, cluster, by.x=vars$id, by.y="id")



    return(x)



}













escore/R/get.auc.R


get.auc <-

function(predictions, labels){

  if(length(predictions)!=length(labels)){

    stop("Length of predictions and labels are different")

  }

  pred <- prediction(predictions, labels)

  auc <- performance(pred, "auc")

  auc <- unlist(auc@y.values[1])

  return(auc)

}













escore/R/get.clusters.R


get.clusters <-

function(cld=cld, nbClusters=nbClusters){

  ###Find clusters

  cluster.df <- data.frame(id=cld@id, cluster=cld@clusters[[nbClusters]][[1]]@clusters)

  return(cluster.df)

}













escore/R/get.lp.R


get.lp <-

function(model, data, newdata=FALSE, ...){

  if(!("cph" %in% class(model))){

    stop("model class is not cph")}

  if(newdata==FALSE){lp <- predict(model, type="lp", ...)}

  if(newdata==TRUE){lp <- predict(model, type="lp", newdata=data, ...)}

  return(lp)

}













escore/R/get.roc.R


get.roc <-

function(predictions, labels){

  if(length(predictions)!=length(labels)){

    stop("Length of predictions and labels are different")

  }

  pred <- prediction(predictions, labels)

  perf <- performance(pred, "tpr", "fpr")

  return(perf)

}













escore/R/merge.escore.R


merge.escore <-

function(x=escore1, data, name="escore1", ...){



    ##Select subset of cluster.df data from escore object.  If

    ##cluster.cat has been created, take cluster and cluster.cat.

    ##Otherwise, just take cluster.

    if(is.null(x@cluster.df$cluster.cat)){

        cluster.dat <- subset(x@cluster.df,

                              select=c(ptid, mean.lp, cluster))

    }else{

      cluster.dat <- subset(x@cluster.df,

                            select=c(ptid, mean.lp, cluster, cluster.cat))

  }



    ##Rename mean.lp variable

    names(cluster.dat)[2] <- "mean.escore"



    ##Change names of cluster variables based on input

    if(!is.null(name)){

        names(cluster.dat)[2:ncol(cluster.dat)] <-

            paste(name,".",names(cluster.dat)[2:ncol(cluster.dat)],sep="")

    }







    ##Stop function if variable name already exists in data

    if(names(cluster.dat)[3]%in%names(data)) stop("Variable name already exists in data.")



    dat <- merge(cluster.dat, data, ...)

    return(dat)

}













escore/R/plot.cluster.R


plot.cluster <-

function(x, xlab="Visit", ylab="Exposure score",

                         col.group=FALSE, new.col=c("green", "blue"),

         legend=TRUE){



    dat <- x@cluster.df



    n.clusters <- length(na.omit(unique(dat$cluster)))

    col=1:n.clusters

    col.mean=1:n.clusters



    if(col.group==TRUE){

        col=rep(new.col[1], n.clusters)



        t <- table(dat$cluster, dat$cluster.cat)



        for(i in 1:n.clusters){

            for(k in 1:ncol(t)){

                if(t[i,k]!=0){col[i] <- new.col[k]

                          }

            }

        }



        col.mean <- col

    }

    plot(x@cld, xlab=xlab, ylab=ylab, col=col, col.mean=col.mean, legend=legend)



}













escore/R/plot.escore.density.R


plot.escore.density <-

    function(x, use.cat=TRUE, by.event=TRUE,

             event.label="Seroconverter",

             xlim=c(-4.5, 4.5), ylim=c(0,1), lwd=2,

             xlab="Mean HIV-1 exposure risk score across all study visits",

             bw=FALSE, legend.x=-4.5, legend.y=1,

             labels=NULL){



    dat <- x@cluster.df



    ##Create group variable indicating group variable

    if(use.cat==TRUE){group <- dat$cluster.cat}else{

            group <- dat$cluster}

    group <- as.factor(group)



    ##Separate out seroconverters into own group

    if(by.event==TRUE){

        levels(group) <- c(levels(group), event.label)

        group[dat$ever.event==1] <- event.label

    }



    ##Plot

    for(i in 1:length(levels(group))){

        temp <- subset(dat, group==levels(group)[i])

        if(bw==FALSE){

            dens <- density(temp$mean.lp, na.rm=TRUE)

        }else{

            dens <- density(temp$mean.lp, na.rm=TRUE, bw=bw)

        }

        ##Create plot using first group

        if(i==1){

            plot(dens, xlim=xlim, ylim=ylim, col=i, lwd=lwd,

                 xlab=xlab, main="")

        }else{

            lines(dens, col=i, lwd=lwd)

        }

    }



    if(is.null(labels)){

        ##Legend

        legend(x=legend.x, y=legend.y, levels(group),

               col=1:length(levels(group)), lwd=lwd, cex=0.9)

    }else{

        legend(x=legend.x, y=legend.y, labels,

               col=1:length(levels(group)), lwd=lwd, cex=0.9)

    }



}













escore/R/plot.hazard.R


plot.hazard <-

function(x, use.cat=TRUE, ref="High",

                        lwd=4, legend.y=0.0003, legend.x=500, xlim=c(0,720)){

    dat <- x@cluster.df



    if(use.cat==TRUE){group.var <- "cluster.cat"}else{

        group.var <- "cluster"}



    dat[,group.var] <- as.factor(dat[,group.var])

    dat[,group.var] <- relevel(dat[,group.var], ref=ref)

    levs <- levels(dat[,group.var])



    for(i in 1:length(levs)){

        group.dat <- subset(dat, dat[,group.var]==levs[i])

        haz <- muhaz(time=group.dat$event.time, delta=group.dat$ever.event)

        if(i==1){

            plot(haz, col=i, lwd=lwd, xlim=xlim)

        }else{

            lines(haz, col=i, lwd=lwd)

        }

    }



    legend(y=legend.y, x=legend.x, levs, col=1:length(levs), lwd=lwd)



}













escore/R/plot.roc.R


plot.roc <-

function(x, col="black", lty=1, xlim=c(0,1),

                     lwd=1, new.plot=TRUE, print.auc=TRUE){

    t <- x@roc.perf

    if(new.plot==FALSE){par(new=T)}

    plot(t, col=col, lty=lty, xlim=xlim, lwd=lwd)

    if(print.auc==TRUE){

        text(paste("AUC=", round(x@auc, digits=2), sep=""),

             x=.9, y=.05)

    }

}













escore/R/plot.sim.cc.R


plot.sim.cc <-

function(x,

         type=c("random", "high", "matched"),

         type.label="",

         bw="nrd0",

         main="",

         score="marker",

         xlim=NULL, ylim=c(0,1),

         print.p=c(xlim[1],.85),

         print.diff=c(xlim[1], .8),

         cols=c("red", "green", "blue","black"),

         ylab="", ...){



    ##Number of simulations

    n.sim <- x@para$n.sim



    ##Matrix with mean p-value and differences from all simulations for each

    ##control selection strategy.

    mat <- matrix(nrow=3, ncol=2)

    dimnames(mat)[[1]] <- c("random", "high", "matched")

    dimnames(mat)[[2]] <- c("mean.p", "diffs")



    ##Fill in mat with p-values or differences for escore or marker values

    ##based on score argument.

    if(score=="escore"){

        for(k in type){

            mean.p <- mean(x@t.escore[,k])

            diffs <- round(mean(x@diff.escore[,k]), digits=2)

            mat[k,] <- c(mean.p, diffs)

        }

        xlab="Exposure score"

    }

    if(score=="marker"){

        for(k in type){

            mean.p <- mean(x@t.marker[,k])

            diffs <- round(mean(x@diff.marker[,k]), digits=2)

            mat[k,] <- c(mean.p, diffs)

        }

        xlab="Host factor"

    }



    ##Round p.values and change to <0.001 if really low

    temp.p <- round(mat[,"mean.p"], digits=2)

    temp.p[mat[,"mean.p"]<0.001] <- "<0.001"

    mat[,"mean.p"] <- temp.p

    mat <- na.omit(mat)





    ##If user does not specify xlim values, set them to be min and max of escore and marker

    if(is.null(xlim)){

        xmin <- min(c(unlist(lapply(x@cases, function(x) min(x[,score], na.rm=T))),

                      unlist(lapply(x@random, function(x) min(x[,score], na.rm=T))),

                      unlist(lapply(x@high, function(x) min(x[,score], na.rm=T))),

                      unlist(lapply(x@matched, function(x) min(x[,score], na.rm=T)))))

        xmax <- max(c(unlist(lapply(x@cases, function(x) max(x[,score], na.rm=T))),

                      unlist(lapply(x@random, function(x) max(x[,score], na.rm=T))),

                      unlist(lapply(x@high, function(x) max(x[,score], na.rm=T))),

                      unlist(lapply(x@matched, function(x) max(x[,score], na.rm=T)))))

        xlim <- c(round(xmin, digits=0), round(xmax, digits=0))

    }



    ##Loop through each simulation and plot density curves for escore or marker

    for(i in 1:n.sim){

        x.cases <- x@cases[[i]][,score]

        dens <- density(x.cases, bw=bw)

        if(i==1){

            plot(dens, xlim=xlim,

                 ylim=ylim, col=cols[1],

                 xlab="", ylab="",

                 main=main)

            title(xlab=xlab, ylab=ylab, ...)

        }else{

            par(new=T)

            lines(dens, col=cols[1], ...)

        }

        for(k in 1:length(type)){

            if(type[k]=="random"){x.controls <- x@random[[i]][,score]}

            if(type[k]=="high"){x.controls <- x@high[[i]][,score]}

            if(type[k]=="matched"){x.controls <- x@matched[[i]][,score]}

            dens <- density(x.controls, bw=bw)

            par(new=T)

            lines(dens, col=cols[1+k], ...)

        }

        if(type.label!=""){

            dimnames(mat)[[1]] <- type.label

        }

    }



    ##Print mean p-values and differences on plot

    if(!is.null(print.p)){

       text(x=print.p[1], y=print.p[2], pos=4,

            labels=paste("Mean p-value: ", mat[,"mean.p"], sep=""))

   }

    if(!is.null(print.diff)){

        text(x=print.diff[1], y=print.diff[2], pos=4,

             labels=paste("Mean difference: ", mat[,"diffs"], sep=""))

    }



    ##Create legend

    legend(x=xlim[1], y=1, c("Cases", dimnames(mat)[[1]]),

           xjust=0,col=cols[1:(1+length(type))],

           ...)

}













escore/R/plot.sim.infection.R


plot.sim.infection <-

function(x, bw="nrd0", xlim=c(-5,5), ylim=c(0,1),

         col=c("green", "blue"), xlab="Exposure scores",

         main="Exposure scores for all obs. by infection",

         legend=list(x=-5, y=1, legend=c("Uninfected", "Infected")),...){



    n <- x@para$n

    n.sim <- x@para$n.sim



    for(i in 1:n.sim){

        y <- x@escores[,i]

        ##Exposure score density of all participants

        dens <- density(y[x@infections[,i]==0], bw=bw, ...)

        if(i==1){

            plot(dens, xlim=xlim, ylim=ylim, col=col[1],

                 xlab="", main="", ...)

        }else{

            par(new=T)

            plot(dens, xlim=xlim, ylim=ylim, col=col[1],

                 main="Exposure scores for all obs. by infection.",

                 xlab="Exposure scores")

        }

        ##Exposure score density of infected participants

        dens <- density(y[x@infections[,i]==1], bw=bw)

        par(new=T)

        plot(dens, xlim=xlim, ylim=ylim, col=col[2],

             xlab="", main="")



    }



    legend(x=legend$x, legend$y, legend$legend,

           col=col, lty=1)



}













escore/R/plot.sim.marker.R


plot.sim.marker <-

function(x, main="", ylab="", xlim=c(-4,4), ylim=c(0,10.5),

         xlab="Exposure score",

         points.cex1=1, points.cex2=1,

         line=2,

         col=c("grey", "red"),

         legend=list(x=-4,y=0, legend=c("Control", "Case")), ...){



    ###Create temporary data frame with marker, infection, and escore values

    ###from first simulation.

    temp <- data.frame(marker=x@marker[,1], infection=x@infections[,1],

                       x.escore=x@escores[,1])

    ###Set pch values

    pch <- temp$infection+1

    pch[pch==2] <- 17

    ###Create a colors variable for each participant and coded according to infection status.

    colors <- temp$infection

    colors[temp$infection==0] <- col[1]

    colors[temp$infection==1] <- col[2]

    ###Set cex values of points

    points.cex <- rep(1, length(temp$infection))

    points.cex[temp$infection==0] <- points.cex1

    points.cex[temp$infection==1] <- points.cex2

    ###Create scatter plot

    plot(x=temp$x.escore, y=temp$marker,

         col=colors, pch=pch, cex=points.cex,

         main=main,

         xlab="", ylab="",

         xlim=xlim, ylim=ylim, ...)

    ###Add title

    title(xlab=xlab, ylab=ylab, line=line)

    ###Add linear regression lines

    fit <- lm(marker~x.escore, data=subset(temp, infection==0))

    abline(fit, col=col[1], lwd=3, lty=1)

    fit <- lm(marker~x.escore, data=subset(temp, infection==1))

    abline(fit, col=col[2], lwd=3, lty=2)

    ###Legend

    legend(x=legend$x, y=legend$y,

           legend$legend,

           col=col,

           lty=c(1,2),

           pch=c(1,17),

           yjust=0)

}













escore/R/sim.cc.R


sim.cc <-

function(x,...){



    ###Specify paramters based on slot in EscoreSim object

    n.sim <- x@para$n.sim

    n <- x@para$n



    ###Create matrices and vectors for storing values

    t.marker <- matrix(nrow=n.sim, ncol=3)

    dimnames(t.marker)[[2]] <- c("random", "high", "matched")

    t.escore <- matrix(nrow=n.sim, ncol=3)

    dimnames(t.escore)[[2]] <- c("random", "high", "matched")

    diff.marker <- matrix(nrow=n.sim, ncol=3)

    dimnames(diff.marker)[[2]] <- c("random", "high", "matched")

    diff.escore <- matrix(nrow=n.sim, ncol=3)

    dimnames(diff.escore)[[2]] <- c("random", "high", "matched")

    cases.values <- vector("list", length=n.sim)

    random.controls.values <- vector("list", length=n.sim)

    high.controls.values <- vector("list", length=n.sim)

    match.controls.values <- vector("list", length=n.sim)



    ###Loop through each simulated dataset and select HESN controls using different criteria

    for(i in 1:n.sim){

        ##Specify number of cases

        n.cases <- table(x@infections[,i])[2]

        ##Create matrix with escore and marker for each case

        cases <- matrix(nrow=n.cases, ncol=2)

        dimnames(cases)[[2]] <- c("escore", "marker")

        cases[,1] <- as.numeric(x@escores[x@infections[,i]==1,i])

        cases[,2] <- x@marker[x@infections[,i]==1,i]



###Random controls

        ##Create matrix with all HESN participants

        controls <- matrix(nrow=n, ncol=2)

        controls[,1] <- seq(1,n,1)

        controls <- controls[x@infections[,i]==0,]

        ##Randomly select HESN participants as controls.  Selects same of controls as

        ##there are cases.

        controls[,2] <- rnorm(nrow(controls), 0, 1)#Create random number for each row

        controls <- controls[order(controls[,2]),]#Sort by random number

        controls <- controls[1:n.cases,]#Select same number of controls as there are cases.

        control.id <- controls[,1]#Vector of control id numbers

        ##Create matrix with escores and marker values for randomly selected controls

        controls <- matrix(nrow=n.cases, ncol=2)

        dimnames(controls)[[2]] <- c("escore", "marker")

        controls[,1] <- as.numeric(x@escores[control.id,i])

        controls[,2] <- x@marker[control.id,i]

        random.controls <- controls#Rename matrix



###Select controls with the highest exposure scores

        ##Matrix with all HESN participants

        controls <- matrix(nrow=n, ncol=2)

        controls[,1] <- seq(1,n,1)

        controls[,2] <- x@escores[,i]

        controls <- controls[x@infections[,i]==0,]

        ##Select same number of controls as there are cases.  Controls with highest

        ##escores are selected first.

        controls <- controls[order(controls[,2], decreasing=TRUE),]#Sort by escore

        controls <- controls[1:n.cases,]#Select same number of controls as there are cases.

        control.id <- controls[,1]#Vector of control ids

        ##Create matrix with high exposure controls escore and marker values

        controls <- matrix(nrow=n.cases, ncol=2)

        dimnames(controls)[[2]] <- c("escore", "marker")

        controls[,1] <- as.numeric(x@escores[control.id,i])

        controls[,2] <- x@marker[control.id,i]

        high.controls <- controls#Rename matrix



###Select randomly matched controls

        ##Create temporary dataframe with escores, infection, and marker values

        temp <- data.frame(escore=x@escores[,i], infection=x@infections[,i],

                           marker=x@marker[,i])

        ##Use matchit function to match cases to controls

        match <- matchit(infection~escore, data=temp, ...)

        ##Create matrix escore and marker values for matched controls

        controls <- matrix(nrow=n.cases, ncol=2)

        dimnames(controls)[[2]] <- c("escore", "marker")

        controls[,1] <- x@escores[as.numeric(as.vector(match$match.matrix)),i]

        controls[,2] <- x@marker[as.numeric(as.vector(match$match.matrix)),i]

        matched.controls <- controls#Rename matrix





###For comparison of cases controls under each control selection scenario, create

###vectors of t.test p-values and difference in mean marker and exposure scores

###for each simulation.



        ##Marker scores

        t.marker[i,"random"] <- t.test(x=cases[,"marker"],y=random.controls[,"marker"])$p.value

        t.marker[i,"high"] <- t.test(x=cases[,"marker"],y=high.controls[,"marker"])$p.value

        t.marker[i,"matched"] <- t.test(x=cases[,"marker"],y=matched.controls[,"marker"])$p.value

        diff.marker[i, "random"] <- mean(cases[,"marker"])-mean(random.controls[,"marker"])

        diff.marker[i, "high"] <- mean(cases[,"marker"])-mean(high.controls[,"marker"])

        diff.marker[i, "matched"] <- mean(cases[,"marker"])-mean(matched.controls[,"marker"])



        ##Escores

        t.escore[i,"random"] <- t.test(x=cases[,"escore"], y=random.controls[,"escore"])$p.value

        t.escore[i,"high"] <- t.test(x=cases[,"escore"], y=high.controls[,"escore"])$p.value

        t.escore[i,"matched"] <- t.test(x=cases[,"escore"], y=matched.controls[,"escore"])$p.value

        diff.escore[i, "random"] <- mean(cases[,"escore"])-mean(random.controls[,"escore"])

        diff.escore[i, "high"] <- mean(cases[,"escore"])-mean(high.controls[,"escore"])

        diff.escore[i, "matched"] <- mean(cases[,"escore"])-mean(matched.controls[,"escore"])



###Create list of dataframes for cases and controls for each simulation

        cases.values[[i]] <- cases

        random.controls.values[[i]] <- random.controls

        high.controls.values[[i]] <- high.controls

        match.controls.values[[i]] <- matched.controls

    }



###Fill in EscoreSim slots



    x@cases <- cases.values

    x@random <- random.controls.values

    x@high <- high.controls.values

    x@matched <- match.controls.values

    x@t.marker <- t.marker

    x@diff.marker <- diff.marker

    x@t.escore <- t.escore

    x@diff.escore <- diff.escore

    return(x)

  }













escore/R/sim.infection.R


sim.infection <-

function(mu=mu, #Average risk score

                          sigma=sigma, #sd of risk score

                          n=n, #Sample size

                          n.sim, #number of simulations

                          intercept=-4.6961, #Intercept from primary model

                          beta=1.4058 #log(OR) from primary model

                          ){



    x <- new("EScoreSim")

    x@para$escore.mean <- mu

    x@para$escore.sigma <- sigma

    x@para$n <- n

    x@para$n.sim <- n.sim

    x@para$inf.intercept <- intercept

    x@para$inf.beta <- beta



    ##Matrix of risk scores normall distributed around escore.mean and escore.sigma

    risk.mat <- matrix(rnorm((n*n.sim), mu, sigma),

                       nrow=n,ncol=n.sim)



    ##Matrix of linear predictors for infection

    lp.mat <- (intercept + (risk.mat*beta))



    ##Matrix of probabilities for infection

    prob.mat <- exp(lp.mat)/(1+exp(lp.mat))



    ##Simulate people with disease

    runis <- runif(n, 0, 1)

    infection.mat <- ifelse(runis<prob.mat,1,0)





    x@escores <- risk.mat

    x@infections <- infection.mat

    return(x)

}













escore/R/sim.marker.R


sim.marker <-

function(x, intercept, beta.escore, beta.inf,

                       true.err.val){



    ##X values for determine marker score

    x.escore <- x@escores #Make minimum value 0 instead of a negative number

    x.inf <- x@infections



    ##Find estimates of each individual's continuous marker score

    n <- x@para$n

    n.sim <- x@para$n.sim

    marker <- matrix(nrow=n, ncol=n.sim)

    for(i in 1:n.sim){

        marker[,i] <- intercept + beta.escore*x.escore[,i] +

            beta.inf*x.inf[,i] + rnorm(n, mean=0, true.err.val)

    }



    x@marker <- marker

    return(x)



}












http://www.r-project.org/
http://cran.r-project.org/
http://depts.washington.edu/uwicrc/

2.3 Example dataframes

For this vignette, we have generated two example dataframes for using the Escore package. These dataframes have
similar covariate distributions and incidence of infection as the Partners in Prevention HSV/HIV data. However, while
the distribution of censoring times for the Cox PH model for the example data was similar to the Partners in Prevention
HSV/HIV data, the distribution of infection times was different. Therefore, the examples shown here do not replicate
the decreasing hazard curves observed in the actual cohort (Section 3.4.2).

The example dataframes have the same variable names and formats as the data used to create the Cox PH models
and exposure scores in the manuscript, and include longitudinal data in which participants have 1-8 observations (1 per
quarterly study visit) with time-varying covariates. The variable 'start’ represents the time of the previous study visit
and 'stop’ represents the time of the current visit or the estimated date of infection if an event occurred.

The dataframes can be loaded and explored as follows:

> ###Load data included with Escore package
> data(primary)
> data(secondary)
> ###View help file for primary data that includes wvariable definitions
> 7primary
> ###Show data for ptids 4 and 5, exzcept for the pregnant and gender.circum
> ###variables which take up too much space
> subset(primary, ptid%in%c(4,5), select=—c(pregnant, gender.circum))

ptid event start stop sex logvl index.gud hsv agel0 gender visitmonth
25 4 0 1 86 0 4.586081 0 1 2.868957 0 3
26 4 1 87 195 1 4.221537 0 1 2.868957 0 6
83 5 0 1 94 1 3.931206 0 1 3.159264 0 8
34 5 0 95 184 0 3.969620 0 1 3.159264 0 6
35 5 0 185 266 0 4.728799 0 1 3.159264 0 9
36 5 0 267 375 1 3.431338 0 1 3.159264 0 12
37 5 0 376 458 0 4.066267 0 1 3.159264 0 15
38 5 0 459 552 0 4.953510 0 1 3.159264 0 18
39 5 0 553 652 0 4.099625 0 1 3.159264 0 21
>

Thus, ptid # 4 was uninfected at 86 days but became infected on the 195th day. Ptid #b5, on the other hand, was
never infected and was censored upon exiting the study at 652 days.

3 Estimating exposure scores in a new cohort using models presented in the
manuscript

The Escore package can be used to calculate exposure scores for a new dataset using regression coefficients from Cox
PH models presented in the manuscript. Specifically, Escore includes two models from the manuscript. Model 1 is the
Cox PH model that best fit the data when using backwards variable selection based on AIC values. Model 2 is a reduced
version of Model 1 that does not include STI data. The variables used in each model are shown in Table 1.

3.1 Load and examine Cox PH model objects

Model 1 and model 2 are loaded as follows:

> ###Load data object storing models

> data(paper.models)

> ###Ezamine coefficients for model 1

> paper.modell #coefficients for model 2 wviewed with command 'paper.model2'

Cox Proportional Hazards Model



cph(formula = Surv(time = start, time2 = stop, event = event) ~
sex + logvl + index.gud + hsv + pregnant + gender.circum +

agel0 + gender, data clong)
Obs Events Model L.R. d.f. P Score Score P
19144 84 128.54 8 0 133.31 0
R2
0.099
coef se(coef) z P
sex 1.440 0.232 6.21 5.15e-10
logvl 0.987 0.137 7.20 5.92e-—-13
index .gud 0.497 0.280 1.77 7.61e—02
hsv 0.773 0.298 2.59 9.50e—03
pregnant 0.710 0.376 1.89 5.89e—02
gender.circum —0.485 0.302 —1.61 1.08e—01
agel0 —0.386 0.140 —2.75 5.99e-03
gender —0.393 0.287 —1.37 1.71e—01
>

Escore documentation describes the variables and parameterization of these models and can be accessed by running

> ###View documentation for Cox PH models from manuscript
> ?paper.modell
>

Table 1: Variables included in longitudinal Cox PH regression models from the Partners in Prevention HSV /HIV cohort.

Variable name Description Values Model 1 Model 2
sex Dichotomous variable indicating unprotected sex 0=No, 1=Yes X X
at each visit
logvl Plasma HIV-1 RNA levels of the HIV-infected Continuous X X
partner (logip)
index.gud Dichotomous variable indicating if HIV-infected 0=No, 1=Yes X
partner had GUD at each visit
hsv Dichotomous variable indicating if HESN partic- 0=No, 1=Yes X
ipant was HSV-2 seropositive at baseline
pregnant Dichotomous variable indicating if female HESN  0=No OR male, X
participants were pregnant at each study visit 1=VYes
gender Dichotomous variable indicating gender of O=male, 1=fe- X X
HESN participants male
gender.circum Dichotomous variable indicating male circumci- 0=Uncircumcised X X
sion status of HESN participants OR female,
1=Circumcised
male
agel0 Age of HESN participants divided by 10 Continuous X X
start Survival analysis variable for start time of inter- Integer X X
val (days)
stop Survival analysis variable for stop time of interval Integer X X
(days)
event Survival analysis variable indicating if event 0=No, 1=VYes X X

(HIV-infection) occurred during interval.




3.2 Use escore() function to estimate HIV-1 exposure scores for new data

The escore() function is the main 'workhorse’ of the Escore package and is used to determine HIV-1 exposure scores,
trajectories, and clusters. Specifically, this function

1. Calculates exposure scores based on longitudinal covariates and coefficients from a Cox PH model created using
the cph() function from the Design library. Exposure scores are determined by finding linear predictors that are
normalized to the sample average (relative linear predictors). An exposure score of O represents the average
exposure score in the sample. Relative exposure scores were used because the Cox PH model is a relative risk
model and is not an absolute risk model.

2. Generates longitudinal exposure clusters using k-means cluster analysis for longitudinal data (see the kml() pack-
age).

3. Calculates the mean exposure score across all study visits for each participant.

4. Determines discriminatory power of the mean longitudinal exposure scores in separating participants with and
without infection by estimating the area under receiver operator characteristic curves (AUC).

We can calculate exposure scores in the primary dataset using model 1 from the manuscript by running

###Create escore object

escorel < escore(model=paper.modell , data=primary,
vars=list (id="ptid"”, visit="visitmonth”, event="event”,
time="start”, time2="stop”), newdata=TRUE, seed=100,
nbClusters=6)

V+++ VYV

> ###Summary of escore object
> escorel

xx% Longitudinal exposure scoressx

*Number of participants=3027

* Total number of visits=13508

x*Average number of visits per participant=4.46250412950116
* Total number of events=96

*Average exposure score at all study visits=0.1

*AUC for ROC curve=0.763327362674867

>

As output, the escore() function saves an S4 object (named escorel here) that includes slots for the cph model,
longitudinal exposure scores, clusterization objects, and cluster dataframe.

Longitudinal exposure score clusters can be further evaluated by plotting individual exposure score trajectories and
cluster means at each visit.

> plot.cluster (x=escorel , xlab="Visit”, ylab="Exposure score”)
>
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This plot demonstrates that using 6 clusters results in one cluster that systematically experienced decreasing exposure
scores over follow-up and a “highest” risk cluster that consisted of approximately 9% of the cohort.

3.3 Re-categorize participants by exposure cluster using the cluster.cat function

Identifying a small subset of participants with the highest longitudinal exposure scores requires more granularity (a
greater number of clusters) than is needed for participants with lower exposure scores. Furthermore, alphanumeric
labels for clusters are not intuitive for communicating results. Therefore, it is desirable to re-categorize some clusters
into more easily interpretable categories. This can be done using the cluster.cat() function by running

> ###Create new cluster categories

> escorel < cluster.cat(escorel, labels=list (A="Lower”, B="Lower”, C="Lower",
+ D="Decreasing"”, E="Lower”, F="Highest"))
Decreasing Highest Lower
A 0 0 704
B 0 0 683
C 0 0 563
D 327 0 0
E 0 0 276
F 0 251 0
>
>

where labels is a list of new categories. The cluster.cat() function creates a new variable in escorel that re-categorizes
participants according to the labels option and original clusters are maintained.




The previous plot of clusters/trajectories can now be updated with new color schemes based on the re-categorization
by using the col.group argument in the plot.cluster function.

> ###Plot clusters with colors based on new categories

> plot.cluster (x=escorel , xlab="Visit"”, ylab="Exposure score”, col.group=TRUE,
+ new.col=c("green”, "blue”, "lightgrey”), legend=FALSE)
>
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3.4 Additional exposure score plots

In addition to plotting exposure score trajectories and cluster means, the escore function also provides functions for
plotting exposure score densities, smoothed hazard curves, and ROC curves.

3.4.1 Exposure score density plots

First, we plot the exposure score densities by exposure categories, with an additional category for participants who
became infected with HIV-1. Note that the density plots are for a participants mean exposure score across all study
visits. Density plots are created using the plot.escore.density() function by running

> ###Plot exposure score densities
> plot.escore.density (escorel , use.cat=TRUE, by.event=TRUE, event.label="Seroconverter”)

>
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This plot mirrors the plot from the manuscript and demonstrates that the highest longitudinal cluster did in fact
have the highest mean exposure scores when compared to HESN participants with low or decreasing exposure scores,
as well as seroconverters.

3.4.2 Smoothed hazard plots by exposure category

Second, we can plot smoothed hazard functions for HIV-1 infection by exposure score clusters. The hazard functions
represent the instantaneous probability of infection at any time during follow-up. The Escore plot.hazard() function
uses the the muhaz package and is run as follows

> ###Plot smoothed hazard curves

> plot.hazard (escorel , use.cat=TRUE, ref="Highest",

+ legend.y=0.0025, legend.x=0)

>
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Note: In the actual Partners in Prevention HSV/HIV data, the hazard of infection among the highest risk cluster
decreased over follow-up. When creating the example dataframes we did not simulate the non-normal distribution of
survival times among this group. Therefore, we do not observe the same empirical hazard function in this example.

3.4.3 ROC curves

Finally, we can plot an ROC curve using the Escore plot.roc() function.

> ###Plot ROC curwe
> plot.roc(escorel, col="black”, print.auc=TRUE)
>
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The print.auc argument allows the user to toggle on/off printing AUC values on the plot. The hazard of infection
is greatest among participants in the highest exposure category. However, the hazard rate does not decrease over the
course of follow-up as observed in the actual data from our cohort. This is because we did not make assumptions about
hazard curves when generating the hypothetical data.

3.5 Exporting exposure clusters

For generating summaries of exposure scores and identifying the highest risk HESN participants for further study, it
is useful to export exposure clusters and mean exposure scores to an external dataframe containing other summary
variables. The merge.escore() function extracts 1. mean exposure scores, 2. original exposure clusters, and 3. re-
categorized exposure clusters for each participant from the escore data object and merges those data with a second
dataframe.

###First, create a summary data frame indicating <f each participant

###ever reported unprotected sex or was infected

ever.sex < tapply(primary$sex, primary$ptid, max)

infected < tapply(primary$event, primary$ptid, max)

summary.data < data.frame(ptid=names(ever.sex), ever.sex—ever.sex ,
infected=infected)

###Merge exposure clusters with summary.data

summary.data < merge.escore(x=escorel , data=summary.data,

name="escorel ")
###Look at new wvariable mnames of summary.data
names(summary.data)

VV+VV+VVVVYV

[1] "ptid” "escorel .mean.escore” "escorel.cluster’
4] "escorel.cluster.cat” "ever.sex” "infected"”
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Now that summary.data includes exposure cluster assigments, we are able to evaluate summary statistics by cluster.

###First, change the wvalues of ever.sex and infected from numeric dichotomous wvariables
###to factors with interpretable labels.

summary.data$ever.sex < factor(summary.data$ever.sex, labels=c(”"No”, "Yes"))
summary.data$infected < factor(summary.data$infected, labels=c("No", "Yes"))

###Create table showing characteristics of original exposure clusters
summary(escorel.cluster~infectedtever.sex , data=summary.data,
method="reverse")

+VVVVYVYV

Descriptive Statistics by escorel.cluster
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|
ever.sex : Yes|[3027| 32% (225)] 22% (153)| 44% (249)| 42% (136)| 10% ( 27)| 69% (172)

> ###Create table showing characteristics of re-categorized exzposure clusters
> summary(escorel.cluster.cat~infected+ever.sex , data=summary.data,
+ method="reverse ")

Descriptive Statistics by escorel.cluster.cat

[N | Decreasing |Highest | Lower
| | (N=327) |(N=251) | (N=2226)
|

ever.sex : Yes|3027|42% ( 136) [69% ( 172)[29% ( 654)

J Il J |
T T T T

\ \
| |
|infected : Yes|3027| 1% ( 4) |11% ( 28)] 2% ( 52)]|
| |

>
>

3.6 Evaluating different numbers of exposure clusters

The number of clusters participants should be grouped into is a somewhat arbitrary decision that should be based on
the researchers needs and exploration of data for trends. For example, we have specified that participants should be
grouped into 6 original clusters because doing identifies a small group of participants who have the highest exposure
scores but is large enough for further study, and because it identifies a a group with decreasing exposure scores over
time. At this time, the escore() function can only group participants into a single number of clusters. However, the kml
package can be used directly to explore differing numbers of clusters. For instance,

###Extract ClusterizeLongData object from escore object

cld < escorel@cld

###Create 4-5 clusters

kml(cld, nbClusters=4:5)

###Plot with 4 clusters (not shown in vignette)
plot(cld, y=4)

VVVVVYVVYV
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4 Estimating exposure scores using new Cox PH model

The Escore package allows exposure scores to be calculated based on any Cox PH model, not just the models included
in the manuscript. Therefore, other researchers are able to develop their own regression models for HIV-1 acquisition
risk and use these models to calculate exposure scores and create exposure clusters.

4.1 Create new Cox PH model

For instance, using the hypothetical dataset we can create a new model:

> ###Create model

> new.model < cph(Surv(time=start, time2=stop, event=event)~logvltsex, data=primary)
> ###View coefficients

> new.model

Cox Proportional Hazards Model

cph(formula = Surv(time = start, time2 = stop, event = event) ~
logvl + sex, data = primary)

Obs Events Model L.R. d.f. P Score Score P
13508 96 114.71 2 0 133.88 0
R2
0.085
coef se(coef) z p
logvl 0.815 0.103 7.94 2.11e—15
sex 1.531 0.205 7.48 7.27e—14

4.2 Create new exposure scores

We can now use new.model to estimate exposure scores for participants in the primary dataframe (same data used to
make model) by setting the newdata argument of the escore() function to FALSE.

> ###Create escore object using new.model

> escore.new < escore(model=new.model, data=primary,

+ vars=list (id="ptid”, visit="visitmonth”, event="event”,
i time="start"”, time2="stop"”), newdata=FALSE, seed=100,
+ nbClusters=6)

>

> ###Summary
> escore.new

*%% Longitudinal exposure scores s

*Number of participants=3027

* Total number of visits=13508

*Average number of visits per participant=4.46250412950116
* Total number of events=96

*Average exposure score at all study visits=0

*AUC for ROC curve=0.752057744796995

>
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4.3 Apply new Cox PH model to secondary dataset and compare discriminatory power of exposure
scores in both datasets

If a new Cox PH model is generated for estimating exposure scores, it is desirable to validate this model on a secondary
cohort. One way to do this using the Escore package is to compare the ability of individual mean exposure scores to
discriminate between participants with and without infection based on ROC curves.

To do this, we must first estimate exposure scores for a secondary dataset using a Cox PH model that was created
with data from the primary dataset.

> ###Load secondary data

> data(secondary)

> ###Create exzposure scores for secondary data

> escore.new2 < escore(model=new.model, data=secondary,

HE vars=list (id="ptid"”, visit="visitmonth”, event="event”,
s time="start”, time2="stop”), newdata=TRUE, seed=100,
+ nbClusters=6)

>

>

> ###Summary

> escore.new?2

xx% Longitudinal exposure scores%x

*Number of participants=968

* Total number of visits=4222

x*Average number of visits per participant=4.36157024793388
* Total number of events=33

*Average exposure score at all study visits=-—0.02

*AUC for ROC curve=0.671366067087996

>
Next, ROC curves can be plotted for both sets of exposures scores:
> ###Curve for primary data
> plot.roc(escore.new, col="blue”, new.plot=TRUE, print.auc=FALSE)
> ###Curve for secondary data
> plot.roc(escore.new2, col="green”, new.plot=FALSE, print.auc=FALSE)
> ###Add legend with AUC walues
> legend (x=.57, y=.2,
+ legend=c(paste(”"Primary (AUCG", round(escore.new@auc, digits=2),")", sep=""),
+ paste(”"Secondary (AUCG", round(escore.new2®@auc, digits=2),")", sep="")),
+ col=c("blue”, "green"), lty=1)
>
>
>
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5 Simulations

The Escore package also contains functions to simulate potential biases arising from not accounting for HIV-1 exposure
in a case-control analysis to determine if a continuous variable (host factor) is associated with resistance to infection.

5.1 Generate exposure score distributions and infection in hypothetical cohorts

The sim.infection() function allows creation of n.sim hypothetical datasets with n participants, where n.sim indicates
the number of simulations. First, exposure scores are created based on a normal distribution by specifying the mean
and standard deviation (sd). For the manuscript, the mean and sd for simulations was derived from the exposure scores
observed in the Partners in Prevention HSV/HIV study. Next, infections were simulated by determining probabilities
of infection that were based on exposure scores and coefficients from a logistic regression relating exposure scores and
infection in the real data.

> ###Simulate exzposure score distributions and infections.

> sim <« sim.infection (mu=0, sigma=1.2, intercept=—4.96, beta=1.41,

+ n=3400, n.sim=100)

>

creates 100 datasets with 3400 people. Because these simulations were based on statistics from real data, the
number of infections should be similar to what was actually observed. We can check this by calling
> ###Find average number of infections across all cohorts.

n.infections <« apply(sim@infections, 2, function(x) table(x)[2])

>
> n.infections <« summary(n.infections)
> n.infections
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Min. 1st Qu. Median Mean 3rd Qu. Max .
53.00 66.00 71.00 71.08 76.00 87.00

Next, we can check that higher exposure scores are associated with infection status by plotting exposure score
densities:

> ###Create plot
> plot.sim.infection (x=sim, main="Simulated exposure score densities by infection status”)
>

Exposure scores for all obs. by infection.

1.0

Uninfected
—— Infected

0.8

Density

0.4

0.2

0.0

Exposure scores

This plot demonstrates that, on average, exposure scores were higher HIV+ than HIV- persons in the simulated
datasets.

5.2 Simulate distribution of a continuous host factor

For this exercise, we are interested in evaluating the ability of a case-control study to identify true differences in a
continuous host factor (marker) between cases and controls. Therefore, we simulated values of a marker using an OLS
regression model that relates exposure scores and infection to the marker:

marker; = a + ﬁescorexescorei + Binfectionwinfectioni + € (1)

The sim.marker() function takes «, Bescore, and Binfection as arguments. For each individual ¢, sim.marker() estimates
€; by assuming that random errors have a normal distribution with ;1 = 0 and standard deviation (sigma) specified by
the user.
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Scenario 2 in the manuscript assumes that 1) a 1-unit increase in exposure score is associated with a 1-unit increase

in a continuous hypothetical host factor (Sescore = 1), and 2) the average level of the host factor is 2-units lower among
those acquiring HIV than among HESNs of the same exposure level (Bmfem-on = 2). We also assumed that the average
host factor level among HESNs with exposure score=0 was 5 (o = 5) and that the standard deviation of the random
errors was 1 (o = 1). Host factor values can be simulated using these assumptions by running

=
>
>

VV++++VYV

###Simulate values of a continuous host factor
sim < sim.marker(x=sim, intercept=5, beta.escore=1,beta.inf=—2, true.err.val=1)

and the associations between exposure scores, infection, and the values of the host factor are plotted by

###Plot simulated host factor walues with exposure scores and infection
plot.sim.marker(sim, ylab="Host factor”, xlim=c(—4,4), ylim=c(0,10.5),
points.cex1=0.4, points.cex2=1

main="Host factor associated with HIV—1 exposure\n and HIV-1 acquisition”,

line=2, col=c("grey”, "red”),
legend=list (x=—4, y=8.5, legend=c("All HESN", "Cases (HIV+)")))

Host factor associated with HIV-1 exposure
and HIV-1 acquisition
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5.3 Selection of HESN controls

In the manuscript we evaluated effects of using different strategies for selecting HESN controls on observed associations
between the hypothetical host factor and infection. First, we considered the effect of randomly selecting a single control
from all HESN for every case and, subsequently, evaluated effects of selecting controls using 1:1 matching based on
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exposure score. The sim.cc() function selects controls for each simulated dataset using both of these strategies 2.
Additionally, this function selects a third set of controls by selecting HESNs with the highest exposure scores.
After exposure scores, infection, and values of the hypothetical host factor have been simulated using the sim.infection()

and sim.marker() functions, we can select controls by running

> ###Select controls for each simulated dataset

> sim < sim.cc(x=sim, method="nearest")
>

5.3.1 Host factor values among randomly selected controls

Finally, we create density plots for values of the hypothetical host factor among cases and randomly selected controls:

> ###Plot for randomly selected controls

> plot.sim.cc(sim, type="random”, type.label="Randomly selected controls”,

+ main="Host factor densities among cases \n and randomly selected controls”,
+ score="marker”, Ity=1, print.p=c(0,0.7), print.diff=c(0,0.6))

>

Host factor densities among cases
and randomly selected controls

o
S
—— Cases
© —— Randomly selected controls
g
Mean p-value: 0.54
S - Mean difference: -0.1

Host factor

This plot demonstrates that randomly selecting controls results in cases and controls having very have very similar
host factor values, suggesting that there is not an association between the host factor and infection. We know that this
a false-negative association because the call in Section 5.2 specified that the average host factor value was two units
higher among cases than HESNs.

In order to understand why we observed a false-negative association, we can look at the distribution of exposure
scores between cases and randomly selected controls.

2sim.cc() selects matched controls using the matchit() function which allows various algorithms for optimal matching. For this example,
we matched controls using nearest neighbor matching
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> plot.sim.cc(sim, type="random”, type.label="Randomly selected controls”,

—+ main="Exposure score densities among cases \n and randomly selected controls”,
+ score="escore”, lty=1, print.p=c(—3.9, .7), print.diff=c(-3.9, .6))
>
>

Exposure score densities among cases
and randomly selected controls

o
S
—— Cases
© —— Randomly selected controls
g
Mean p-value: <0.001
S - Mean difference: 1.91

Exposure score

This shows that cases had higher exposure scores than randomly selected controls, and in combination with knowledge
that exposure scores are associated with the host factor and infection, explains the false-positive result.

5.3.2 Host factor values among cases and exposure matched controls

Next, we evaluated association between the hypothetical host factor and case/control status when 1:1 matching on
exposure scores was used to select controls.

Plotting the exposure score densities demonstrates that, as expected, this results in cases and controls without any
systematic differences in exposure.
> plot.sim.cc(sim, type="matched”, type.label="Matched controls”,
main="Exposure score densities among cases \n and matched controls”,

score="escore”, Ity=1, cols=c("red”, "blue”), print.p=c(—-3.9, .7),
print.diff=c(—3.9, .6))
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Exposure score densities among cases
and matched controls
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Exposure score

Comparing hypothetical host factor values between cases and matched controls, on the other hand, reveals that
the average difference is approximately -2, which is what we specified as the association between the host factor and

infection status.

> ###Plot for matchedcontrols

> plot.sim.cc(sim, type="matched”,
main="Host factor
score="marker"” ,

Vot +
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type.label="Matched controls”,

densities among cases \n and matched controls”,
Ity=1, cols=c("red"”,
print.p=c(—.5, .7), print.diff=c(—.5,

"blue”),
6))



Host factor densities among cases
and matched controls
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Mean p—value: <0.001
g - Mean difference; —1.97
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