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ABSTRACT OF THE DISSERTATION

Modeling Complex Data in HIV-1: Kernel-based
Machine Learning Approaches to Understanding
Antiretroviral Drug Regimens and Neutralizing

Antibody Activity

A dissertation submitted in partial satisfaction of the requirements for the
degree of Doctor of Philosophy

in

Biomedical Sciences

by

Lorne William Walker

Professor Douglas D. Richman, Chair

The advent of modern antiretroviral (ARV) therapy has changed the face of

the HIV/AIDS epidemic, yet many challenges still remain. Previously suppressed

viral replication may rebound, while the search for an effective HIV-1 vaccine has

produced meager results. Recent efforts and modern technologies have provided

an unprecedented volume of clinical and molecular data, along with innovative

mathematical tools for analysis. Here we apply a class of machine learning tech-

niques called kernel methods to several domains in HIV-1 research. Kernel meth-

ods require the designation of a kernel function, which quantifies the similarity

between data points in some informative fashion.

The first kernel function explored here is the subset-tree (SST) kernel. Orig-

inally developed in the natural language field for comparison of sentences for-

matted as trees, the SST kernel quantifies tree-similarity based on the number of

shared sub-features. We apply this tool to ARV drug regimens. Modern ARV ther-

apy is administered as combinations of three or more drugs, which are grouped

xi



in certain patterns. SST-kernel based analysis combines knowledge of drug class,

protein target and regimen composition, in addition to particular drugs employed.

This SST kernel analysis was then used to inform survival models for predicting

ARV regimen failure and overall disease progression. Incorporation of the SST

kernel results improved prediction of ARV failure. Although more mixed, initial

results indicate this may prove a fruitful approach for disease progression models

as well.

Identification and characterization of HIV-1 neutralizing antibodies has

long been of interest in the search for an HIV-1 vaccine. Here we develop a novel

kernel method for comparison of HIV-1 envelope (Env) sequences, and apply this

tool to prediction of antibody neutralization. This “structural neighborhood” ker-

nel takes into account the primary Env sequence, as well as available knowledge

of the 3-dimensional structure of Env. This method defines small 3-dimensional

neighborhoods, and searches for those best able to predict antibody neutraliza-

tion. Aside from incorporation of potentially important structural information

in predictions, this method is robust uncertainties in protein alignment. This

method was applied to six neutralizing antibodies, and produced classification

accuracies at or near 80% in most cases.

xii



Chapter 1: Introduction

Modern technologies provide scientists, physicians and the public a hereto-

fore impossible volume and richness of data. In 2007, the worldwide digital data

storage capacity was estimated at 276 exabytes (2.76x1014 MB). In 1986, the same

figure amounted to 0.0208 exabytes, a change of 10,000-fold in hardly more than

two decades [1]. 1986 also marked the conclusion of the first clinical trial of zi-

dovudine (AZT) for treatment of HIV/AIDS [2]. In the intervening 25 years, phar-

macological antiretroviral (ARV) therapy has also advanced impressively, render-

ing HIV a chronic infection with life expectancy approaching that of non-infected

individuals [3]. Despite this progress, neither a cure nor a vaccine has been de-

veloped, and numerous challenges persist in both efforts [4, 5]. The advances of

the last few decades provide HIV-1 related data of unprecedented size and scope.

Modern mathematical approaches may provide new insight on the clinical and

molecular mechanisms of this disease.

Complex and large-scale clinical and molecular HIV-1 datasets represent

both a boon and a challenge to researchers. Analysis of complex and large-scale

data is increasingly important as data grows both in number of data points and

number of measurements per data point. Large HIV-1 clinical cohorts, such as

the CFAR Network of Integrated Clinical Sites (CNICS) provide the opportunity

to study the factors driving the HIV pandemic in a real-world setting. CNICS is

an electronic medical record-based clinical cohort drawn from eight academic

Center for AIDS Research (CFAR) sites around the United States [6, 7]. This co-

1
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hort includes more than 20,000 HIV-1 infected individuals, and collects many

types of data, including demographics, clinical diagnoses, ARV medication use

and laboratory test results. Cohorts of this size provide unique and immensely

valuable data to researchers, but also present serious analytic challenges. Com-

plex data, such as longitudinal samples of laboratory values and changes in ARV

therapy over time are challenging to adequately model, and are likely intimately

related to outcomes of interest. Advanced molecular assays also provide impor-

tant, yet challenging opportunities to better understand HIV-1 disease. Genome-

wide association studies, DNA sequencing (including massively-parallel “deep

sequencing”), microarray technology, and in vitro methods for testing viral viru-

lence, drug resistance, chemokine co-receptor tropism and antibody neutraliza-

tion provide unprecedented large-scale and high-complexity data [8, 9, 10, 11].

Modern machine learning techniques provide a valuable toolset for ap-

proaching complex biological data. Machine learning technologies are utilized in

fields including bioinformatics, econometrics, risk management, and many oth-

ers [12]. These techniques aim to leverage large data sets, and learn relationships

from the data with minimal prior assumptions. A particular class of machine

learning techniques, called kernel methods, are particularly flexible to complex

relationships in data. In the work presented here we focus on the application of

kernel methods to two important problems in HIV-1 research: the clinical im-

plications of patterns in ARV drug use, and the understanding and prediction of

antibody neutralization.

1.1 Antiretroviral Regimens and HIV

The disease now known as HIV/AIDS was first described in 1981, when

clinicians noted unexplained clusters of Pneumocystis carinii pneumonia and

Kaposi’s Sarcoma in homosexual communities in the United States [13]. This
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syndrome, marked by profound immune dysfunction and subsequent oppor-

tunistic infections, was termed acquired immune deficiency syndrome (AIDS)

in 1982 [14]. The following year, two research groups in the United States and

France reported identification of a novel human retrovirus, now known as HIV-

1 [15, 16]. Thirty years after the initial clinical descriptions in 1981, HIV-1 is a

worldwide pandemic, responsible for nearly 30 million deaths in that span and

an estimated 33.3 million individuals living with HIV infection in 2010 [17].

Fortunately, effective antiretroviral medications have transformed a once

uniformly fatal infection into an often manageable chronic condition. With proper

therapy, it is estimated that an early-stage HIV infection newly-diagnosed at the

age of 55 may only subtract 1.4 years from the average life expectancy. This figure

drops to 0.4 years if diagnosed at the age of 25 [3]. Zidovudine (AZT) was the first

anti-HIV medication, granted FDA approval in 1987. AZT was the first in a line

of nucleoside or nucleotide reverse trancriptase inhibitors (NRTIs). This class of

drugs is comprised of analogs of nucleotides or nucleosides which disrupt the ac-

tivity of viral reverse transcriptase (RT) when incorporated into the growing DNA

strand [18]. While NRTIs still form the backbone of modern ARV therapy, treat-

ment with one or two NRTI drugs ultimately proved insufficient. In the presence

of these early single- or dual-drug treatments, the HIV-1 virus inevitably evolved

drug-resistance mutations, ultimately rendering therapy ineffective [19, 18].

In late 1995 and 1996, two new classes of ARV drugs became available

— the non-nucleoside/nucleotide reverse transcriptase inhibitors (NNRTIs) and

protease inhibitors (PIs) [20, 21, 22]. Unlike the NRTI drugs, the NNRTIs bind

outside the enzymatic pocket of RT, and inhibit the protein through allosteric ef-

fects [23]. When given alone, the HIV-1 virus rapidly evolves resistance to these

agents as well [24]. However, when drugs from multiple classes are combined,

durable viral suppression can be achieved in many patients [18]. In modern com-

bination antiretroviral therapy (cART), typically two or more NRTIs are used in
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Table 1.1: Summary of antiretroviral drug classes. NRTI: nucleotide/nucleoside reverse transcriptase in-
hibitor, NNRTI: non-nucleotide/nucleoside reverse transcriptase inhibitor, PI: protease inhibitor.

Drug Class Drug Target First FDA Approval First-line Therapy?
NRTI Reverse transcriptase Zidovudine (AZT), 1987 Yes
PI Protease Saquinavir, 1995 Yes
NNRTI Reverse transcriptase Nevirapine, 1996 Yes
Fusion Inhibitor Envelope (gp41) Enfuvirtide, 2003 No
Entry Inhibitor Envelope (CCR5) Maraviroc, 2007 No
Integrase Inhibitor Integrase Raltegravir, 2007 No

combination with PIs or an NNRTI. While these drugs are individually suscepti-

ble to evolution of viral resistance, the probability of the virus generating multiple

simultaneous resistance adaptations is very low [19].

cART remains the standard of care for HIV-1 infection in the developed

world. Recent innovations have continued to improve the convenience and ef-

fectiveness of therapy, and provide additional therapeutic options when first-line

therapies fail. Ritonavir, a PI with low anti-viral potency, was found to increase

the bioavaliability of other PIs, and is now frequently used as a “boosting” agent

in PI-containing regimens [25]. Multi-drug formulations have reduced pill bur-

den and made adherence to ARV therapy easier. In 2003, the FDA approved

enfuvirtide, the first HIV-1 fusion inhibitor, which prevents fusion of the viral

membrane with target cells by binding the gp41 subunit of the viral envelope

protein. Two additional ARV drugs with novel mechanisms became available in

2007: maraviroc, which blocks cell entry through inhibition of CCR5 binding, and

raltegravir, which inhibits the viral integrase protein. While NRTI/NNRTI and

NRTI/PI combination therapies remain the primary choices for initial therapy,

these new drug classes provide important options for salvage therapy when first-

line regimens fail (Table 1.1).

While ARV therapy has improved profoundly since the approval of AZT

in 1987, challenges remain. Many factors can contribute to sub-optimal viral

suppression, including non-adherence to regimen, drug-drug interactions and

variations in drug metabolism [26]. Incomplete suppression of virus increases



5

the risk of emergent drug resistance, and extensive patterns of resistance can de-

velop. Virologic failure of a drug regimen, defined as on-therapy rebound viral

replication, marks a poor prognosis, and increases the risk of subsequent failed

treatments [27]. Optimization of ARV therapy is a difficult task. With 25 ARV

drugs on the market, there are nearly 15,000 possible 3- and 4-drug combina-

tions to choose from. While not all of these combinations are clinically relevant,

individual assessment of all potentially useful drug regimens remains impracti-

cal. Furthermore, individuals may exhibit complex patterns in ARV use, includ-

ing gaps in treatment and multiple changes in ARV regimen. The large number

of choices and high complexity of these data make analysis of the implications of

patterns in ARV use difficult.

1.2 Neutralizing Antibodies and HIV

Development of a vaccine that provides protection against infection with

the HIV-1 virus has long been a goal of researchers. To date, success in vaccine

trials has been modest. Early efforts focused on eliciting neutralizing antibody

against soluble derivatives of envelope (Env), the HIV-1 surface protein. Two

soluble-Env vaccine candidates, both variants of the AIDSVAX vaccine design,

began phase III clinical trials in 1998-1999 in the United States, the Netherlands

and Thailand. In these trials, a total of seven injections of locale-appropriate

recombinant gp120 Env-subunit protein were administered with an aluminum

adjuvant. Approximately 7,900 volunteers were enrolled in these two trials, and

no evidence of protection against infection, or reduction in viral levels was found

[28, 29]. In 2004, Merck and the NIH sponsored the 3,000-subject STEP trial of an

Adenovirus-based vaccine designed to induce cell-mediated immunity. This trial

was also unsuccessful, and was halted early when HIV-infection risk was found

to be higher in the vaccine group than in the placebo group for some patient
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subsets [30]. The only vaccine trial to date to report any positive effect tested a

combination Canarypox vector/soluable Env gp120 vaccine on 16,402 volunteers

in Thailand [31]. In this study, neither the intention-to-treat, nor the per-protocol

analyses yielded statistically significant protection. However, if 7 subjects (5 vac-

cinated, 2 placebo) found to be HIV-infected at baseline were removed from the

intention-to-treat analysis, the vaccine showed a modest 31.2% effectiveness (P

= 0.04).

Molecular and in vitro studies have provided several clues as to why an ef-

fective HIV-1 vaccine has been so difficult to develop. In its mature form, Env

is cleaved into the gp41 and gp120 subunits, which bind non-covalently as a

trimer of heterodimers, and are present on the virus surface. gp120 is a highly-

variable, heavily-glycosylated glycoprotein which is responsible for binding CD4

and chemokine co-receptors on target T-cells. The gp41 subunits act as the trans-

membrane anchor for the protein, and mediate cell-virus fusion at the time of

cellular infection [32]. The extensive glycosylation of gp120 is thought to act as

a “shield” against antibody neutralization [33, 34]. The high-diversity of Env —

up to 35% amino acid sequence divergence between hosts — and the presence of

five structurally flexible variable loops (named V1-V5) in gp120 also complicate

the development of a single antibody that will neutralize a broad diversity of HIV-

1 (Figure 1.1) [35, 36, 37]. Testing antibody neutralization in vitro has also pro-

vided insight into unsuccessful vaccination efforts. Within 8-12 weeks of HIV-1

infection, neutralizing antibody active against autologous virus can often be de-

tected [38]. However, the virus rapidly evolves to escape neutralization by these

antibodies [39, 40]. Broadly neutralizing antibodies (NAb), capable of neutraliz-

ing virus from other individuals, generally do not arise for years, if at all [41].

Despite the barriers to development of a broad antibody response to HIV-

1, a small number of broadly-neutralizing NAb have been discovered. The first of

these to be identified, IgGb12 (b12), targets the CD4 binding site in Env [42]. A
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Figure 1.1: Schematic of HIV-1 Envelope structure — SP: signal peptide, V1-V5, variable loops of gp120,
TM: transmembrane region. Potential N-linked glycosylation sites in gp120 highlighted by blue circles.

number of additional broadly neutralizing antibodies have been discovered, and

target various features of the Env protein. These include antibodies targeting the

gp41 stem, the V3 loop of gp120 and clusters of gp120-bound sugars [43, 44, 45].

The failure of the cell-mediated STEP vaccine trial has recently reignited interest

in antibody neutralization, and high-throughput screens have begun to yield a

new generation of broadly-effective NAb [46, 47, 48].

The broadly-effective NAbs identified to date vary greatly in the breadth

and potency of their neutralization abilities. For instance, b12 potently neutral-

izes the majority of subtype B and C viruses, but was only active against 33% of

a subtype-A panel. The gp41 binding antibody 2F5 potently neutralizes subtype

A and B, but not C virus, while another gp41-binding antibody, 4E10 neutralizes

nearly all viruses regardless of subtype, but with only a modest potency [49]. The

elements of viral diversity that drive these differences in NAb sensitivity remain

incompletely understood. The binding epitopes for many of these antibodies

have been determined, yet site-directed mutagenesis experiments have identi-

fied artificial mutations distant from the canonical epitopes that modulate anti-

body sensitivity [50, 51]. The effect of point mutations on neutralization pheno-

type in Env appears to be very sensitive to genetic context. Mutations that con-

fer neutralization resistance or sensitivity in one genetic backbone may result in

the opposite phenotype or non-viable virus in another [52]. This suggests that

molecular techniques that rely on viral strains with non-natural mutants — for

example, alanine scanning, where each amino acid site is sequentially mutated

to alanine — may provide results that do not generalize well to natural variants.

Elucidation of the naturally-occurring Env variations that drive antibody
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neutralization presents a challenging problem. Some efforts have been made

to computationally map naturally-occurring mutations in Env that are associ-

ated with in vitro neutralization phenotype. Two studies have looked for amino

acid variations that influence neutralization by polyclonal sera from subtype C

infected individuals in India [53, 54]. These studies identified a number of po-

tentially influential amino acids sites, including several in a specific amphipathic

α-helix. Interestingly, although amino acid variation in this helical structure was

tightly associated with neutralization phenotype, swapping this domain between

gp120 backgrounds failed to transfer phenotype between variants. This rein-

forces the notion that mutations influencing neutralization may be context-spe-

cific. To our knowledge, one study has attempted to computationally map mu-

tations in Env sequence to in vitro neutralization phenotypes for a monoclonal

antibody. Gnanakaran et. al., identified a number of variations associated with

neutralization with b12 [55]. In this study as well, many variations distant from

the canonical binding epitope appear to play a role in b12 neutralization pheno-

type.

Computational prediction of antibody neutralization of HIV-1 presents a

challenging analytic task. The high degree of sequence diversity of Env makes

multiple sequence alignment impractical in many cases. For this reason, par-

ticularly diverse regions may be masked for analytic convenience. Furthermore,

any mistakes or ambiguities in alignment of the remaining sequence may mask

important information, or produce spurious signals. Analysis of primary amino

acid sequence also neglects an important piece of information — the 3-dimen-

sional structure of the target protein. Antibody-antigen binding is an interaction

between two 3D objects, and the features determining NAb sensitivity may be

3D in nature [56]. For example, two recently identified NAbs, PG9 and PG16, ap-

pear to only bind the fully-assembled Env trimer, highlighting the importance of

structure in understanding neutralization. Analytic tools that allow researchers



9

to contend with this complex situation may be necessary to fully understand an-

tibody neutralization of HIV-1, and advance the quest to develop an effective

HIV-1 vaccine.

1.3 Kernel Methods

Here we have outlined two problems in HIV-1 research where data exists,

but inherent complexities complicate analysis. ARV medications are powerful

antiviral tools, but the huge number of possible drug combinations and com-

plexity of patterns in use complicate the picture. Antibodies that target the viral

Env protein have been identified, but natural determinants that drive neutraliza-

tion are difficult to characterize, particularly in light of the high genetic variability

of Env and 3-dimensional complexity of the protein. Kernel methods present a

flexible, practical, and potentially powerful toolset for analysis of such complex,

high-dimensional data.

Kernel methods refer to a set of machine learning methods that have at

their root the definition of a kernel matrix (or Gram matrix), a symmetric, posi-

tive semi-definite matrix that defines the inner product between data vectors in

some reproducing kernel Hilbert space (reviewed in [57], first defined in [58]).

Intuitively, the kernel matrix can be thought of as a matrix of similarity values

that relate the data points in a sample. For any two data vectors xi, xj , this ker-

nel score can be defined as by a function, κ(xi, xj) Hence, for n data points, the

kernel matrix K is simply the nxn matrix with the (i, j)-th entry Ki,j = κ(xi, xj).

In the simplest case (the linear kernel), this function is simply the inner (or dot)

product between data vectors, or κ(xi, xj) = 〈xi, xj〉. To provide more flexibility,

we can introduce a function φ(x), imposing some (possibly non-linear) transfor-

mation on x, and let κ(xi, xj) = 〈φ(xi), φ(xj)〉. Given an appropriate choice for φ,

learning problems, such as the classification of X’s and O’s in Figure 1.2A may be
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Figure 1.2: Outline of kernel data transformations. Schematic of the relationship between input space (A)
feature space (B) and the kernel matrix (C).

transformed from difficult non-linear problems in the original input space into

more tractable linear tasks in the so-called “feature space” (Figure 1.2B)

The great power and utility of kernel methods stems from two additional

relationships. First, Mercer’s Theorem, originally proven in the context of inte-

gral equations, establishes the symmetric relationship between a positive semi-

definite kernel function κ(xi, xj) = f(xi, xj) and the existence of 〈φ(xi), φ(xj)〉 as

a valid inner-product space [57, 59]. The practical implication of this relation-

ship is that one can design a kernel function without specifying or characterizing

the corresponding transformation φ. This allows us to circumvent the top path

from A to C in Figure 1.2, opting instead for the bottom path, and leaving the

definition of φ implicit. This is sometimes referred to as the “kernel trick.” The

only theoretical requirement is that the kernel function satisfy Mercer’s condi-

tion, or equivalently that the resulting kernel matrix is symmetric and positive

semi-definite. Second, the representer theorem states that many convex opti-

mization problems, which are generally stated in a so-called “primal” form, can

be transformed into a “dual” representation, where the solution can be expressed
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as a weighted sum of the input data. These dual-form optimization problems can

often be solved directly from the kernel matrix. This opens up a wide array of op-

timization algorithms to use with kernels, such as the support-vector machine

(SVM), a powerful algorithm for classification and regression problems.

This combination of flexibility and power has driven the recent rise in pop-

ularity of kernel methods. A number of general-purpose kernel functions for

continuous numerical input have been well described, and include the linear,

polynomial and Gaussian kernels [57]. There has been a rapid proliferation of

specialized kernels that handle specific types of data, including kernels for text

and image classification, graph and tree kernels, and the Fisher kernel for gen-

erative probabilistic models among many others [60, 61, 62, 63]. In addition

to SVM methods for regression and classification, kernel-based methods have

been developed for many applications, including clustering, ranking, principal

components analysis, multi-dimensional scaling and outlier detection [57]. An

additional advantage of kernel methods is that the complexity of these analytic

methods (SVMs, clutering, etc.) only increase in complexity as the size of the

kernel matrix (ie. the size of the dataset). The data transformation functions κ

or φ (depending on the approach) can be made as complex as desired, without

effecting the computational complexity of the final analysis step.

In spite of their increasing popularity, there are several drawbacks to ker-

nel methods. The calculation of a kernel matrix requires a transformation of the

input data that generates an abstraction of the original input that may be difficult

to interpret. For instance, maximum-variance data projections can be generated

by kernel principal components analysis. These components will be guaranteed

to capture as much of the transformed data variance as possible, and may be

very effective representations of the information of interest. At the same time,

for most kernels,6 the data transformation can not be practically reversed — ie,

what those principal components mean with respect to the input data may not
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be clear. Similarly, support-vector methods for regression and classification will

produce solutions in the form of linear combinations of the rows (or equivalently

columns) of the kernel matrix. If the objective is to produce classification rules

that are easily interpretable, or can be applied manually, other tools, such as lo-

gistic regression or decision trees, may be more appropriate. Finally, as with all

statistical modeling approaches, high flexibility comes at the risk of overfitting

data. Care must be taken to avoid this pitfall through techniques such as regular-

ization and cross-validation.

1.4 Dissertation Outline

The goal of the ensuing chapters of this work is to determine if non-linear

kernel approaches can improve parameterization of complex, high-dimensional

data relevant to HIV-1. For ARV drug regimens, this may allow better predic-

tion of the clinical consequences of patterns in ARV use. When applied to the

3-dimensional protein targets of antibody neutralization, these tools may pro-

vide an efficient computational approach to characterizing novel antibodies and

predicting the neutralization of untested viral strains. In Chapter 2 we define the

subset-tree (SST) kernel, describe how it can be applied to ARV drug regimens,

and determine if this approach can improve simple models for average regimen

performance metrics. In Chapter 3 we extend this SST-kernel approach to mod-

els estimating the hazard of ARV regimen failure, as applied to the CNICS cohort

data set. In Chapter 4 we develop models for overall disease progression, and

determine if the SST-kernel can improve predictions of the risk of HIV-1 infec-

tion progressing to AIDS or death. In Chapter 5, we describe the a novel kernel

function for 3-dimensional protein structures, and apply it to the prediction of

antibody neutralization sensitivity. Finally, in Chapter 6 we summarize the re-

sults presented here, and discuss possible extensions of this work.



Chapter 2: Representation and comparison

of structured treatment data for statistical

analyses: an application to HIV-1

antiretroviral regimens

2.1 Introduction

Beginning with the approval of AZT as the first anti-HIV medication in

1987, the arsenal of available antiretroviral (ARV) agents has expanded to 25 by

2010, with several more in the approval pipeline [18]. Modern ARV therapy typ-

ically includes 3 or 4 antiviral drugs applied in combination. While relatively

few of the 14,950 such combinations are commonly prescribed, the number of

utilized combinations is sufficiently large to complicate analysis. Paradigms of

regimen construction also evolve over time as newer, more effective and tol-

erable agents are developed and toxic and difficult regimens fall out of favor.

Early single- and dual-drug therapies proved ultimately insufficient due to the

rapid generation of drug resistance mutations in the target protein and were re-

placed by combinations of three or more drugs in the mid-1990s. Combination

therapy proved effective as the simultaneous evolution of multiple drug resis-

tance mutations is much less likely than evolution of resistance to one or two

agents [22, 20, 64, 19]. Regimens are carefully selected in the hope of achiev-

13
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ing complete viral suppression and staving off development of drug resistance.

Despite this remarkable progress, regimen failure and on-therapy viral rebound

continue to occur, and are markers of poor overall prognosis [27].

Modern ARV therapy typically combines drugs of different mechanisms

or against different targets. These regimens typically include a “backbone” of

two nucleotide or nucleoside analogues (NRTIs), which inhibit the viral reverse

transcriptase (RT). Additionally, regimens often include either a non-NRTI RT

inhibitor (NNRTI) or an inhibitor of viral protease (PI) whose bioavailability is

boosted with ritonavir. Recently-approved agents target viral envelope glycopro-

tein and integrase, but are generally reserved for individuals ineligible for stan-

dard regimens due to viral resistance or drug intolerability [18]. We can view the

composition of these regimens as a hierarchy of information, spanning general

features such as the proteins targeted by a regimen and detailed features such as

the individual drugs included.

The representation of these regimens in analytic models remains relatively

simplistic, despite our rich knowledge about ARV drugs. While this may not be a

challenge in randomized controlled trials comparing a small number of alterna-

tive therapies, representation of ARV data in observational cohort studies is prob-

lematic. Analysis of cohort data requires modeling response to particular regi-

mens, but also controlling for confounding by regimen selection when studying

other outcomes, such as co-infections or development of cardiovascular disease.

Our goal is to better parameterize ARV use for HIV outcomes research. In existing

analyses, drug regimens are typically lumped together into general regimen types

(e.g. NRTI + boosted PI), considered on the basis of the individual drugs included,

or sorted into other general categories based on expert opinion [27, 65, 66, 67].

In each of these approaches, much of our knowledge concerning the regimen

in question is discarded for the sake of analytic tractability. Unfortunately, de-

pending on the question being asked, it may be unclear a priori what regimen
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features are most influential. Perhaps particular drugs are important in predict-

ing an outcome of interest, or alternatively the individual drug identities are not

as important as the regimen type. Of course, combinations or subsets of these

features may be influential and analytic tools that are flexible to all possibilities

would be ideal.

We propose an approach that captures the information-rich nature of ARV

regimens by representing them as trees, and apply this technique to observa-

tional data from the Center for AIDS Research (CFAR) Network of Integrated Clin-

ical Systems (CNICS) cohort [6]. This cohort is comprised of data from point-

of-care medical records from clinical sites in the United States, and reflects the

complexity of ARV use in observational clinical data. The main tool of our ap-

proach — the subset-tree (SST) kernel — was originally developed in the context

of natural language processing, where it can be used to represent sentences in a

way that considers both the grammatical sentence structure (as laid out in a tree),

and the individual words that comprise the sentence [61, 68]. In a similar sense,

we wish to represent ARV regimens in a way that synthesizes what is known about

regimen structure and the drugs included into a single mathematical represen-

tation. The SST-kernel achieves this by calculating similarity scores between reg-

imens that capture features from all levels of this hierarchy of regimen informa-

tion. Once this kernel calculation has been made, many kernel-based algorithms

exist to perform common tasks, such as categorization, regression and ranking

(several are described in [57]). This provides an approach to parameterizing ARV

regimens for analysis that is both information-rich and practical.
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2.2 Results

Data Summary

25,508 records of ARV treatment initiation or change were retrieved from

the CNICS data repository and passed our data quality filters (see Methods). Since

our analyses depended on measures of clinical outcome averaged over regimen

instances, we limited the dataset to those regimens observed five or more times

with associated HIV-1 plasma RNA viral load (VL) measurements. The remaining

19,129 records encompassed 9,184 unique individuals and represented 393 dis-

tinct drug combinations (see Table 2.1). The median regimen initiation date was

27 October 2003, and regimens had a median duration of 396 days. The cohort

was largely male (78%) and white (51%), and members had a median age of 39

years at enrollment. Subjects were spread across six member sites of

CNICS, with the most common site being the University of California at San Diego

(26%) and the least common the Fenway Community Health Center (10%).

For each unique ARV regimen selected for analysis, summary statistics of

regimen performance were calculated. Median duration, percent of subjects who

achieved viral suppression (defined as VL <200 copies/mL at any point more

than seven days post-initiation), or experienced virologic failure (on-therapy VL

≥ 200 copies/mL at any point more than 24 weeks post-initiation) were com-

puted. Overall, 73% of regimen instances achieved viral suppression, 29% experi-

enced virologic failure, 18% experienced both and 16% neither. Regimens which

achieved neither suppression nor failure were generally unsuccessful regimens

terminated or changed before the 24-week minimum to qualify as “failed.” When

separated into distinct drug regimens, the median duration of treatment on a

particular regimen (measured as a median of median durations for each distinct

regimen) was 331 days (IQR [224-442]), the median percent of subjects achiev-

ing viral suppression for a particular regimen was 67% (IQR [50%-80%]), and the
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median of those experiencing virologic failure for a particular regimen was 30%

(IQR [20%-42%]) (Table 2.1).

Kernel Data Transformations

We applied four different kernel functions, which represent inner products

in different feature spaces, to the 393 unique ARV regimens observed in the fil-

tered dataset. The SST-kernel function applies a non-linear transformation to the

data, while each of the other three kernels calculates the linear inner product of

some summary variable. The SST-kernel accounts for the structured regimen fea-

tures included in the rooted tree graph (Figure 2.1A-C). The SST kernel function

includes an adjustable kernel-parameter (λ) which modifies the relative influ-

ence of subset trees near the root or the tips of the regimen trees depicted in Fig-

ure 2.1. An optimum value for λ = 0.55 was estimated from the data to maximize

the statistical performance of a linear model incorporating kernel-transformed

data, and is used throughout the manuscript. The linear kernel functions score

regimen similarity by calculating the inner product between vectors of summary

variables. The “linear drug”, “linear class” and “linear regimen type” kernels con-

sider only a list of indicators of individual drugs, a count of included drugs in each

class, or a categorization by broad regimen class respectively. Because no non-

linear data transformation is being made, the linear kernel-transformed data can

be seen as equivalent to the input data, albeit in a different format. For instance,

the linear regimen type kernel is equivalent to parameterizing regimen as a cat-

egorical variable with each of the regimen types as a possible value. Differences

between the kernels functions are summarized in Table 2.2.

Unlike the linear kernels, the SST-kernel is capable of incorporating reg-

imen features from all levels of this hierarchy into a single framework. For in-

stance, regimens A and B in Figure 2.1 share no drugs — and would therefore

bear no similarity according to the linear drug kernel — yet the subset trees out-
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Table 2.1: Summary of cohort data. NRTI: nucleot(s)ide reverse transcriptase inhibitor, NNRTI: non-
nucleotide reverse transcriptase inhibitor, PI: protease inhibitor, IQR: interquartile range.

Category N

All Records 38,953
Filtered Records 25,508
Records with qualifying regimens 19,129
Unique Individuals 9,184
Unique Regimens 393

Regimen Records (N=19,129) N (%) Median (IQR)
Start Date 9/27/2003 (9/2/2000-5/7/2006)
Regimen Duration (days) 396 (168-846)
Viral Suppression 13,936 (73)
Virologic Failure 5,193 (29)

Unique Individuals (N = 9,184) N (%) Median (IQR)
Age (data missing for 856) 39 (33-45)
Gender:

Male 7,145 (78)
Female 1,183 (13)

No Record 856 (9)
Site:

UCSD 2,429 (26)
UW 1,894 (21)

UAB 1863 (20)
CWRU 1193 (13)
UCSF 928 (10)

Fenway 877 (10)
Ethnicity/Race:

White Non-Hispanic 4,638 (51)
Black 2,168 (24)

Hispanic 1,085 (12)
Other 437 (5)

No Record 856 (9)

Unique Regimens (N = 393) N (%) Median (IQR)
Median Duration 331 (224-442)

Median Percent Suppressed 67 (50-80)
Median Percent Failed 30 (20-42)

Regimen Type:
NRTI + NNRTI 53 (13)

NRTI + boosted-PI 125 (32)
NRTI + PI (unboosted) 56 (14)

NRTI only 18 (5)
Other 141 (36)

Table 2.2: Comparison of drug regimen representations. Subset-tree (SST) kernel utilizes tree representa-
tions outlined in Figure 2.1. The three linear kernels are equivalent to existing regimen representations.

Kernel Name Linear? Information Representation of
FTC/TDF/ATV/RTV

Max Data Di-
mension

Subset-tree No Drugs, classes, combina-
tions

See Figure 2.1C 393

Drug Yes Drug Identities FTC, TDF, ATV, RTV 25
Drug class Yes Drug Classes 2 NRTI, 2 PI 7
Regimen Type Yes Typical Drug Combina-

tions
Boosted PI-containing
regimen

5
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Figure 2.1: Outline of SST kernel calculation. A-C Regimen-trees for three common ARV regimens:
A:FTC/TDF/EFV, B:3TC/AZT/NVP C:FTC/TDF/ATV/RTV Examples of subset trees shared between trees in
A and B are outlined in green and red. An example of subset trees shared between trees in A and C are out-
lined in blue. D: SST-kernel scores calculated for the regimen trees in A-C. Higher scores indicate a greater
degree of similarity between regimens and/or larger regimen size. FTC: emtricitabine , TDF: tenofovir, 3TC:
lamivudine, AZT: zidovudine, EFV: efavirenz, NVP: nevirapine, ATV: atazanavir , RTV: ritonavir
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lined in red and green are shared between these regimens, and would contribute

to their SST kernel similarity score. The red-highlighted and green-highlighted

subset trees correspond to the regimen features “contains two NRTI drugs” and

“contains both NRTI and NNRTI” respectively. Additional subset trees shared be-

tween trees A and B would identify further shared features. In a similar sense,

the SST kernel approach accounts for similarities between regimens of differ-

ent types that nonetheless share some drugs. For instance, regimens A and C

in Figure 2.1 are different types of regimen: regimen A is an NNRTI-containing

regimen, while regimen C is a boosted-PI regimen. These regimens share noth-

ing in common according to the linear regimen type kernel, yet they share the

same NRTI backbone, and consequently share all subset trees contained in blue-

highlighted sub-tree as scored by the SST-kernel.

The manner in which the SST-kernel function scores the similarity be-

tween the three regimens represented in Figure 2.1A-C can be seen in Figure 2.1D.

The regimen FTC/TDF/EFV (A) is more similar to regimen 3TC/AZT/NVP (B) (i.e.

has a higher kernel function score) than when either NNRTI-containing regimen

is compared to FTC/DTF/ATV/RTV (C). This matches our expectation that regi-

mens A and B belong to the same type of regimen (NRTI+NNRTI), while regimen

C is a boosted protease-containing regimen. However, all of these regimens share

at least one feature — in this case, the inclusion of two NRTI drugs — hence, none

of the values in Figure 2.1D are zero, as would sometimes be the case for the lin-

ear kernels. In this manner, the SST kernel description of ARV regimen is more

informative than summary variables that focus solely on drug composition or

regimen type.

Kernel Principal Components Analysis (KPCA)

KPCA was applied to the four different kernel-transformed datasets de-

scribed above. The SST-kernel KPCA yielded 337 significant principal compo-
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nents (of a maximum of 393 — the number of distinct regimens) the first 90 of

which captured 95% of the data variability. The drug linear kernel produced 25

principal components (of a maximum of 25 — the number of drugs), the first 16

of which captured 95% of the data variability. The linear class kernel produced 7

principal components (of 7 possible), the first 4 of which captured 95% of the data

variability. The linear regimen type kernel produced 4 principal components (of

4 possible), of which all 4 were required to capture more than 95% of the data

variability.

The 393 unique ARV regimens distributed according to the first two prin-

cipal components of the SST kernel matrix, which accounted for 22% of the data

variability, are plotted in Figure 2.2A. Visual segregation of these points into clus-

ters is apparent and confirmed by kernel K-means clustering. Kernel K-means

clustering considers distance in all 393 dimensions (instead of just the two rep-

resented in the plot), taking advantage of the full rank of the data, but produc-

ing clusters that may appear counter-intuitive in two dimensions. In contrast,

an analogous plot for the linear drug kernel reveals no obvious clustering pat-

terns (Figure 2.2B). The clusters identified by the SST-kernel KPCA analysis cor-

respond to well-known types of ARV drug regimens. They include regimens con-

taining an NRTI backbone and an NNRTI (cluster 1), non-boosted PI (cluster 3)

and ritonavir-boosted PI (clusters 2 and 4). 95% of patient-years fall into these

4 clusters, which reflect known real-life ARV regimen classes (Figure 2.2C). Ker-

nel K-means clustering was applied to the linear drug kernel seen in Figure 2.2B,

examining the full rank of the data, and failed to separate regimens into these

general regimen types (data not shown). This pattern of regimen clustering ap-

parent in the SST-kernel transformed data not is reproduced by the linear drug

kernel, and cannot be discerned from the drug identities alone.
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Figure 2.2: Kernel principal components analysis and clustering. A: plot of first two SST-kernel principal
components. Kernel k-means clusters denoted by color-coding. B: A plot of first two linear-drug kernel
principal components. Color-coding from 2A is preserved. C: Distribution of unique regimens and total
patient-years among the clusters.
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Linear Models for Regimen Performance

We assessed the ability of the four different kernel-transformed datasets

described above to account for variation in regimen performance in multivari-

ate linear and support vector regression (SVR) models. Clinical performance of

regimens was summarized by three basic measures: median regimen duration,

proportion of regimen instances achieving viral suppression, and proportion of

regimen instances experiencing virologic failure (see Data Summary for defini-

tions). The ability of the SST kernel and the three linear kernels to model dif-

ferences in clinical outcome was assessed in two ways. First, KPCA was used to

extract principal components, which then became covariates in a standard lin-

ear model. Akaike’s Information Criterion (AIC) was used to assess the model fit

for the KPCA-based models. Principal components were sequentially added to

a base model containing no covariates. At each step, the next principal compo-

nent that would provide the best (lowest) AIC value was added. The AIC values

and optimum number of principal components are plotted in Figure 2.3A for all

12 models. In the models for regimen duration and regimen failure, SST-kernel

based variables consistently provided a better fit to the data (lower AIC scores).

For instance, in the model of virologic suppression, the linear drug kernel pro-

vided better AIC values for the first 15 variables added, although the SST kernel

model was able to reach lower AIC values with more variables. As more than one

record per individual is included in this full dataset, non-independence of sam-

ples represents a potential source of bias. When analysis was restricted to only

the last regimen per individual, similar patterns were observed (Figure 2.4A).

Second, an SVR model was fitted directly using the kernel matrices. The

predictive power of SVR models was assessed by mean squared error (MSE) in

a 10-fold cross validation (Figure 2.3B). For the regimen duration and viral sup-

pression models the SST kernel model provided lower MSE, while the linear drug
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Figure 2.3: Linear model fit, all data. A: Akaike’s information criterion of principal-
components driven models for regimen duration, virus suppression and regimen failure
for all records in data set. Arrows indicate the number of covariates in the best fit (mini-
mum AIC) model. B: Residual mean-squared error for support-vector regression driven
models for regimen duration, viral suppression and regimen failure.
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Figure 2.4: Linear model fit, last regimen only. A: Akaike’s information criterion of
principal-components driven models for regimen duration, virus suppression and regi-
men failure for individual last records only. Arrows indicate the number of covariates in
the best fit (minimum AIC) model. B: Residual mean-squared error for support-vector
regression driven models for regimen duration, viral suppression and regimen failure.

kernel provided lower MSE for the regimen failure model. Again, when analysis

was restricted to the last regimen per individual, the results were largely consis-

tent (Figure 2.4B), with the exception of the virus suppression model, for which

the Linear Drugs SVR had a lower MSE than the SST-kernel model. All other MSE

values were consistent between the full and last regimen only datasets. Bias due

to multiple measurements per individual does not appear to be the driving force

behind the trends observed here.

2.3 Discussion

The SST-kernel is a powerful tool for comparing regimens, and kernel-

based analytic tools provide a framework for incorporating this SST-kernel repre-

sentation into models of observational cohort data. The SST-kernel based KPCA
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(Figure 2.2A) highlights the flexibility and information-richness of this approach.

The first two SST-kernel principal components, but not the matching linear drug

kernel components (Figure 2.2B), exhibit grouping of the regimens into clusters

that recapitulate known types of drug combinations. The clusters labeled 1-4

represent drug regimen types in contemporary or recent use. These four regimen

clusters account for 95% of the patient-years in the dataset, while only contain-

ing 75% of the unique regimens (Figure 2.2C). Notably, the SST kernel and KPCA

approach, without being informed of the principles of combination ARV therapy,

nor the unique use of ritonavir as a boosting agent amongst protease inhibitors,

correctly detected the difference between boosted and unboosted PI-containing

regimens, and separated regimens into the main types used in clinical practice.

Here the SST kernel provides the “best of both worlds” — correctly suggesting

that regimens can be sorted into clusters which share common features, but rec-

ognizing that not all regimens within a type are equivalent.

If the SST kernel captures relevant data features missed by simpler encod-

ings, we expect the SST kernel to better account for variation in clinical outcome.

To evaluate this hypothesis, we trained two different types of linear models to

predict three different measures of clinical outcome — duration of regimen use,

virus suppression and virologic failure. These models were informed by either by

the SST kernel, or one of three linear kernels. In the first type of model, kernel

principal components were extracted, and fitted to clinical outcome data with

linear models, using AIC to assess model fit. Second, kernel support-vector re-

gression (KSVR) models were inferred directly from the kernel-transformed data.

KSVR model fit was and assessed by cross-validation. The KSVR models estimate

a linear predictor in the transformed feature space, and are make no assumption

on which projection of the data might be most informative. These two mod-

els highlight the flexibility of the kernel approach. The KPCA approach gener-

ates continuous covariates that can be incorporated into existing modeling ap-
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proaches, while the KSVR approach minimizes modeling assumptions.

In four of the six cases (Figure 2.3), the SST kernel was the best-performing

model. Clearly, factors other than regimen composition, such as age, CD4+ lym-

phocyte count, etc., will influence clinical outcome. However, these factors are

not relevant to the comparison of ARV regimen parameterization, and their omis-

sion explains the relatively large amount of residual MSE left unexplained in Fig-

ure 2.3B. The “linear drug” kernel provided the best performance amongst the

linear kernels, and is akin to considering an independent binary variable for each

individual ARV drug available. Of particular interest is the relatively poor perfor-

mance of the “linear regimen type” approach. This approach amounts to sort-

ing regimens into broad bins based on generally-known types of regimens (used

here: NRTI+NNRTI, NRTI+boosted PI, NRTI+unboosted PI, NRTI only and Other),

and was the worst performer amongst the compared approaches. Stratifying reg-

imens by type is common in the HIV modeling literature [27]. Our results suggest

that lumping regimens together into broad a priori categories is a poor repre-

sentation of the heterogeneity in ARV options. This implies that not all regimens

within a class are “created equal;” if there were little residual intra-category varia-

tion, we would expect the linear regimen type kernel to perform well. Therefore,

we expect models predicting response to ARV regimens would be improved by

employing the SST-kernel. Similarly, the ability to control for ARV regimen in

studies of other independent variables would also be improved by the SST-ker-

nel. The SST kernel supplies a method for representing regimens in models that

is substantially more informative than existing approaches.

The SST kernel is not limited to ARV regimen data, and has broad applica-

bility in incorporating structured data, as illustrated by existing uses in the nat-

ural language processing field [69]. In fact, the SST kernel has been employed

in a strategy to automatically extract protein-protein interaction data from pub-

lished literature [70]. The SST-kernel could also be used for analysis of data from
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high-throughput gene expression technologies, such as microarrays and “deep”

sequencing of mRNA which provide large volumes of hierarchical data amenable

to application of kernel methods. For instance, the SST-kernel could be used to

combine gene expression data with Gene Ontology (GO) annotations for gene

function [71]. This would present an information-rich upgrade over existing gene

“fingerprint” approaches used, for instance, for characterization of pathogenic

microbes, diagnosis of heart failure, and cancer diagnosis [72, 73, 74]. In one ap-

proach, gene products in an SST-kernel fingerprint could be organized into a tree

first by the cellular compartment, then by biological process, molecular function

(all provided by GO annotations), and finally by individual gene identity. This

would provide a measure of similarity between fingerprints that not only cap-

tures shared genes, but features of similar construction as described by the GO

annotations. Just as we have adapted a tool from the language processing litera-

ture to analysis of ARV regimen, the approach described here can be applied to a

diverse range of structured data problems to construct a useful, information-rich

description of complex data.

The HIV dataset in this study spans six clinical sites around the United

States and provides a realistic depiction of more than a decade of HIV clinical

care. We expect the lessons learned here to be applicable to any observational

study where regimen initiation and selection is non-random and changes with

evolving standards of care and available ARV agents. Our linear model results

suggest that existing approaches of condensing these complex, multi-level data

into broad treatment types or a list of individual drugs for analysis can be im-

proved upon. While previous cohort studies have contributed greatly to our un-

derstanding of HIV from an observational perspective, the ad hoc representa-

tions of ARV regimen may miss or obscure relevant features in the data. In this

study we propose a powerful approach to encode the richness of this informa-

tion into a computationally convenient and statistically powerful set of features
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defined using a subset tree (SST) kernel.

While the SST kernel-based methods provide an information-rich approa-

ch for characterizing ARV regimen, it increases computational cost, and may be

more difficult to interpret than traditional approaches. Non-linear kernel trans-

formations obscure the relationship between input variables and principal com-

ponents or support vectors. In the models presented here, the features of the

SST kernel have the strongest associations with clinical features of interest in 4

of 6 models, but the relative contributions of individual regimen features can-

not be easily determined. In contrast, the linear kernels (which correspond to

generally-used ARV regimen descriptions) did not associate as well with clinical

outcome, although the relative contributions of specific regimen features to the

models could be extracted. For the SST-kernel to be of utility in other data sets,

this additional computational challenge and difficulty in interpretation must be

justified by its superior predictive power. The AIC-based and cross-validation

tests used here to test our linear models provide two approaches to making this

assessment.

The SST-kernel approach described here provides a mathematically pow-

erful, yet practical approach to describing complex data. Researchers possess a

great deal of knowledge about ARV regimens, but have been forced resort to ad

hoc summaries for analytic convenience. Using kernel methods has allowed us to

capture much of the available information about ARV regimen in a streamlined

framework. Techniques like KPCA and KSVR allow us to predict clinical outcome

without making a priori assumptions about what features of drug regimen may

be important. A similar approach may prove fruitful for any data amenable to

this sort of hierarchical structure. Other complex data types specific to the HIV

field, such as HIV drug resistance genotype and phenotype tests, could be sim-

ilarly categorized and described in a manner more informative than a list alone

could offer. Here we describe an SST-kernel approach to describing ARV drug
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combinations that is more informative, and a better correlate of outcome than

existing approaches.

2.4 Methods Summary

Data Preparation

Antiretroviral (ARV) drug use and HIV-1 plasma RNA viral load (VL) records

were retrieved from the CFAR Network of Integrated Clinical Systems (CNICS)

data repository, described previously [6]. We retrieved 38,953 records of ARV

regimen use from the CNICS data repository collected between 1996 and 2009.

Records were carefully filtered for quality assurance. Some drug regimens tem-

porarily omitted a single drug, only to have it subsequently reinstated, and were

deemed more likely bookkeeping errors than actual drug omissions. Such regi-

mens were treated as if therapy was uninterrupted, removing 491 records. Other

short interruptions between identical regimens (≤ 7 days) were disregarded, and

treated as if therapy were uninterrupted (671 records removed). 3,003 treatments

of 7 or fewer days in duration were disregarded. 5,062 remaining regimens were

marked as suspicious and also discarded. “Suspicious” regimens met one or

more of the following criteria: single- or dual-drug therapy after 1997, more than

one NNRTI, more than 4 NRTI, more than 2 non-ritonavir PI, reported expo-

sure more than 1 year prior to licensure, simultaneous use of stavudine and zi-

dovudine and simultaneous use of emtricitabine and lamivudine. These cases

included regimens inappropriate to their labeled date (single- or dual- drug regi-

mens prescribed after the broad availability of combination ART, drugs prescribed

before availability), formulations not typically used, but easily constructed by

inadvertent combination of legitimate regimens (excessive use of drugs from a

single class in one regimen), and regimens containing drugs too similar to be

productive together in the same regimen (stavudine/zidovudine and emtricita-
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bine/lamivudine). Finally, 4,218 records collected retrospectively by subject rec-

ollection were removed. After these filters, 25,508 records remained.

For each unique drug combination associated with five or more viral load

(VL) records, three correlates of regimen performance were calculated: median

duration of regimen use, percent of regimen instances that achieved virus sup-

pression, and percent of regimen instances that exhibited virologic failure. Virus

suppression was defined as at least one VL measurement < 200 copies/mL as-

sessed more than 7 days after starting therapy. Virologic failure was defined as

at least one on-therapy VL measurement ≥ 200 copies/mL assessed more than

24 weeks after starting therapy. The final dataset included 19,129 records, rep-

resenting 393 distinct regimens prescribed to 9,184 unique individuals, allowing

more than one record per individual to be included in the dataset.

Kernel Design

Various kernels were used to calculate sets of pairwise scalar products (or

similarity scores) between qualifying regimens. Features of drug regimen compo-

sition were encoded using four different kernels for comparison: the subset-tree

(SST) kernel and three linear kernels. To calculate the SST kernel, regimens were

first represented as trees, incorporating information from each level of the target

protein/drug class/drug composition hierarchy. (Figure 2.1, Table 2.2). Each in-

dividual regimen tree begins at the root node labeled “ARV.” Subsequent branch-

ing points in the tree represent particular aspects of the regimen, specifically:

protein target, drug class and individual drug name, yielding a tree of depth four

(i.e. four levels of edges between nodes) for each treatment, with each leaf cor-

responding uniquely to an individual drug. The SST kernel function evaluates a

similarity score for two trees by counting shared subset trees weighted by a decay

factor (λ). The minimum score is zero (for example for an NRTI monotherapy

vs PI monotherapy), and the maximum score is the weighted total of all subset
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trees, and will occur only when applying the kernel function to two identical reg-

imens. The kernel score for regimen pair (X,Y) will always be less than the kernel

score for regimen X with itself (and also regimen Y with itself), i.e. no regimen

will be scored as more similar to another than to itself. Note that regimens with

more drugs/branches correspond to a greater maximum score than those with

few drugs/branches. An efficient algorithm for computing the SST kernel func-

tion has been described elsewhere [68], and is summarized briefly here. The ker-

nel score, κ(Xa, Xb), between two regimen trees Xa and Xb is defined as:

κ(Xa, Xb) =
∑

ni∈Xa

∑
nj∈Xb

∆(ni, nj). (2.1)

Here, the kernel function (2.1) is the sum of a function ∆ over all pairs of nodes

in the two trees, where ni ∈ Xa denotes the set of all nodes in treeXa. The contri-

bution of each particular node pair is given by:

∆(ni, nj) =

{
0 if c(ni) 6= c(nj) or c(ni) = c(nj) = ∅
λ
∏nc(n1)

k=1 (1 + ∆(cki , c
k
i )) otherwise

(2.2)

where c(ni) are the children of node ni, nc(ni) is the number of children node ni

possesses, and cki is the kth child of node ni. This function has the value zero if the

nodes have different sets of children, or if one is a “leaf” nodes without children

(ie. c(ni) = ∅). The value λ is a decay factor that prevents contributions from

nodes high in the tree from overwhelming the kernel score. This algorithm was

implemented here using a custom Python script with λ = 0.55. An optimum value

for λ was determined by grid search from the data. Principal-components based

linear models were fit as described below for various values of λ, and the value

giving the lowest total mean-squared error was used subsequently.

Linear kernels were also used as comparisons for representing drug regi-

men. The linear kernel is simply calculated by taking the inner product between

the input data vectors. Here we used three different sets of input data in linear

kernels for comparison with the SST approach. The “linear drug” kernel repre-



33

sents regimens as a vector of binary values that each indicate the presence or ab-

sence of an individual drug and is equivalent to characterizing regimens as a drug

list. The “linear class” kernel represents regimens as a vector of drug counts for

each drug class (NRTI, NNRTI, PI, etc.) and describes regimen composition, but

does not distinguish between different drugs within a class. The “linear regimen”

type kernel classifies regimens into types specified a priori. Here the regimen

types are 1) NRTI + NNRTI, 2) NRTI + ritonavir-boosted PI, 3) NRTI + unboosted

PI, 4) NRTI only, and 5) Other. These kernel types are summarized in Table 2.2.

Kernel Principal Components

Kernel principal components analysis (KPCA) was applied to each kernel

matrix in R using kernlab [75, 76]. Briefly, KPCA calculates the eigenvalues and

normalized eigenvector of the variance-covariance matrix in feature space. Data

points in feature space can be projected on any single principal component to

yield a KPCA coordinate. The magnitude of each eigenvalue is proportional to

the amount of data variance explained by the matching projection. Eigenvalues

below a certain threshold are generally disregarded as negligible (here 0.0001).

KPCA can be carried out without the knowledge of actual feature values, but only

by pairwise scalar products in the feature space, i.e. the kernel matrix.

Linear Models for Regimen Performance

Two modeling approaches were employed — linear models fit with ker-

nel principal components (KPC), and support-vector regression models (SVR)

inferred directly from the kernel matrices. The KPC models were fit in R using

the lm function. Variables were selected using a stepwise forward procedure.

Beginning with an empty model, variables that give the lowest model AIC were

added one at a time. AIC was calculated as 2k − 2 ln(L) where k is the number of

variables, and L is the model partial likelihood.
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SVR models were fit using epsilon-support vector regression using R and

the kernlab package. The regularization parameters C and ε were fit empirically

from the data for each model to minimize residual error in 10-fold cross-valida-

tion sets. Model fit was assessed by mean-squared error in 10-fold cross valida-

tion.

As individual subjects were allowed to contribute multiple records to the

dataset, we constructed a parallel dataset consisting of only the last regimen for

each individual. The linear models were re-fit on this data to determine if non-

independence of records contributed a substantial bias to the full dataset analy-

sis.

Chapter 2, in full is currently being prepared for submission for publi-

cation of the material. Lorne W. Walker, Sergei L. Kosakovsky Pond, Jeannette

L. Aldous, Art F. Y. Poon, Shelly Sun, Sonia Jain, Simon D. W. Frost, Richard H.

Haubrich. The dissertation author was the primary author of this work.



Chapter 3: Subset-tree Kernel-based Models

for Regimen Failure

3.1 Introduction

Modern ARV therapy provides a broad set of therapeutic choices, encom-

passing multiple drug classes which target distinct steps in the viral life cycle (re-

viewed in chapters 1 and 2). In the face of regimen failure, in which viral repli-

cation rebounds despite ongoing treatment, the clinician’s challenge is to select

a new drug regimen with a maximum probability of providing lasting suppres-

sion of viral replication. This presents a complex puzzle, as viral adaptation to

previously failed therapies limits the range of therapeutic choices, and regimen

failure is a maker of poorer prognosis [77, 27]. Furthermore, viral adaptations

which provide cross-resistance within a drug class may further narrow the field

of available drugs [78]. The very large number of potential drug combination op-

tions make it impossible to test every potential drug regimen independently. The

subset-tree (SST) kernel developed in the previous chapter provides a ready ap-

proach for describing the relationships between these options, and may provide

insight helpful in optimizing further therapy.

Much effort has been made in the development of tools for aiding in selec-

tion of drug regimen. In vitro systems allow the direct measurement of drug sus-

ceptibility phenotype, and several approaches exist for predicting this phenotype

35
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from the viral genotype [79, 80, 81]. Both genotypic and phenotypic tests have

been shown to have predictive value for the initial response to subsequent regi-

mens [82, 83]. More complex mathematical models, employing machine learn-

ing tools have been developed to improve these predictions, and include the use

of artificial neural networks, random forests and kernel methods, among oth-

ers [84, 85, 86, 87]. Some of these approaches have been implemented as clinic-

ian-oriented tools, and may prove to have real clinical utility [88, 89].

Most of the predictive models developed to date focus on viral genotype

predictions of response — defined as a treatment-induced drop in plasma viral

RNA concentration (viral load or VL) to some set threshold — based on viral geno-

type. This is of obvious clinical utility, as it measures the initial success or failure

of a new therapy. However, the ultimate goal of treatment is to induce a durable

suppression of viral replication and prevent or delay disease progression. In this

sense, our interest lies not only in predicting which drug combinations will halt

the virus, but also which are most likely to provide lasting suppression.

Furthermore, while the viral genotype is clearly a powerful clue to eluci-

dating viral susceptibility, it may only be available in certain economic or clinical

situations. While less resource-intensive than phenotypic testing, viral genotyp-

ing is beyond the reach of clinicians in resource-limited settings [90]. The geno-

type test may also miss rare drug-resistant variants, particularly if not timed cor-

rectly. Treatment experienced patients may harbor low-abundance drug-resis-

tance variants that correlate with previous ARV use, but are not typically detected

by a genotype test [91]. Furthermore, even in settings where a drug-resistant virus

is the dominant variant, “wild-type” (generally non-resistant) virus re-emerges

when treatment is stopped [92]. Therefore, if a genotype test is not performed

prior to cessation of a failed therapy, results may not be representative of the un-

derlying resistance phenotype. While genotype remains a powerful clinical tool,

the information provided may be incomplete, or unavailable due to economic or
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Table 3.1: Dataset description, failure models TCE: Treatment change event, (N)NRTI: (Non) Nucleot(s)ide
reverse transcriptase inhibitor, PI: Protease inhibitor. UCSD: Univ. of California San Diego, UW: Univ. of
Washington, UAB: Univ of Alabama Birmingham, CWRU: Case Western Reserve University, UCSF: Univ. of
California: San Francisco. MSM: Men who have sex with men, IDU: Injection drug users.

Sample Size N Demographic/Risk Factor Percent
Total TCE 23,324 Male Gender 79
Failure Events 3,036 (13%) White, Non-Hispanic 47
Unique Individuals 11,537 Black 40
Unique Drug Regimens 1,645 Hispanic 10

Other Race/Ethnicity 4
Regimen Types (N = 10,367) N (Percent) MSM 57
NRTI + NNRTI 7,919 (34) IDU 20
NRTI + PI (Boosted) 8,470 (36)
NRTI + PI (Unboosted) 2,817 (12) Demographic/Risk Factor Median [IQR]
NRTI Only 691 (3) Age 42 [36-48]
Other 3427 (15) Year of TCE 2004 [2002-2007]

Follow-Up Duration (days) 388 [182-826]
Study Site Percent
JHU 31 Previous Exposure Percent
UW 16 Previous Virus Suppression 57
UCSD 16 Previous Regimen Failure 21
UAB 9
UNC 8
CWRU 7
UCSF 7
Fenway 6

clinical constraints.

In light of this, we aim to develop a mathematical approach to estimation

of virologic failure risk informed by current drug regimen, past drug regimen,

and other clinical or demographic covariates. In conjunction with existing work

predicting initial viral response to treatment, understanding risk of virologic fail-

ure may help to better optimize ARV therapy, particularly in highly treatment ex-

perienced patients. A recent publication by Robbins, et. al. proposes a model

for predicting 1-year virologic failure based on seven clinical variables: subopti-

mal adherence, CD4+ lymphocyte count, drug and/or alcohol abuse, high ART-

experience, missing one or more appointment, prior virologic failure and viral

suppression less than 12 months [93]. This provides a good starting example for

this work, however several of the variables (adherence, clinic attendance, drug

and alcohol abuse) may not be available in large cohort datasets, so we aim to

tailor our approach to the data available in the CNICS cohort study. In Chapter 2
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Figure 3.1: Data preparation flowchart — 23,324 treatment change event records were filtered from an
original set of 99,669 drug regimen records. cART: combination antiretroviral therapy

we developed the notion that the SST-kernel is a more information-rich method

for capturing the complexities of ARV regimen design. We also wish to determine

if this tool improves our ability to mathematically describe current and previous

ARV use, and therefore better predict failure. Ideally, a thorough characterization

of current and previous ARV exposure may complement the information gained

from genotypic testing, or suffice when it is unavailable.

3.2 Results

Data Description

A total of 23,324 treatment change events (TCEs) — defined as initializa-

tion of or change in ARV therapy — were selected for failure analysis from the
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Table 3.2: Regimen failure model descriptions — Alternative formulations for predictive models of reg-
imen failure. FTC/TDF/EFV: examples of how the durg combination emtricitabine/tenofovir/efavirenz is
parameterized in each case.

Current Regimen
Strategy

Regimen Description FTC/TDF/EFV

SST-KPCA Top 10 SST-kernel Principal components See Chapter 2, Figure 3.1A
Drug Counts Count drugs per class 1 NNRTI, 2 NRTI
Combined SST-KPCA and Drug Counts combined
Other Covariates (All
Models)

Age, gender, race/ethnicity, MSM risk group, IDU risk group, previous
regimen failure, study site

CNICS cohort data repository. Regimens were selected from the years 1996-2010,

passed quality control checks, met a general description of modern combination

ARV therapy (cART), and succeeded in viral suppression (VL ≤ 200 copies/mL

more than 7 days post TCE) (See Methods, Figure 3.1). These records were drawn

from 11,537 unique individuals, and included 1,645 distinct antiretroviral drug

combinations. Of these, 3,036 (13%) experienced virologic failure, defined as a

VL >200 more than 24 weeks post-TCE, confirmed by a second failing VL or sub-

sequent TCE within 120 days. The non-failing records were censored when non-

failing therapy was discontinued or changed, the patient was lost to follow-up, or

at the end of follow-up for this analysis (December 2010). This population was

distributed amongst eight study sites in the CNICS cohort. Forty-seven precent

of subjects were white, most (79%) were male, and the most common risk factor

was men having sex with men (MSM, 57%) (Table 3.1).

Of the 1,645 distinct ARV drug combinations, the most commonly observed

regimen types were NNRTI+NRTI (defined as ≥ 2 NRTI and ≥ 1 NNRTI) and

bioavailability-boosted NRTI+PI (defined as ≥ 2 NRTI and ≥ 1 non-ritonavir PI

plus ritonavir), while unboosted NRTI+PI (≥ 2 NRTI and ≥ 1 non-ritonavir PI

or ritonavir alone) and NRTI only (≥ 3 NRTI) were less common. Other regi-

mens comprised of non-standard formulations, or containing recently-approved

agents (raltegravir, enfuvirtide, maraviroc) accounted for 15% of TCE records (Ta-

ble 3.1). There were a small number of very common regimens in this dataset,

and a large number of very rare regimens (Figure 3.2). The most common regi-
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Figure 3.2: Regimen frequency distribution. A: Frequency of the 904 regimens in the filtered dataset. Inset:
magnified view of the 20 most common regimens, which account for 61% of records.

men, emtricitabine/tenofovir/efavirenz, often prescribed as the single-pill com-

bination Atripla, accounted for 16% of all TCE records, while the top 5 regimens

account for almost 40% of all TCEs, and the top 20, 61% of all TCEs (Figure 3.2

inset).

Regimen Failure Model — Kernel Representation of Current Regimen

Relative risk of experiencing post-suppression virologic failure was esti-

mated for the TCEs in the dataset using the consensus of 10-fold cross-validation

fit Cox proportional hazards models (see Methods). All models included demo-

graphic, risk factor and clinical covariates, including age, gender, race/ethnicity,

risk group (MSM or IDU), previous regimen failure and study site. The subset-

tree kernel principal components anlaysis (SSTK-PCA) model parameterizes the

current drug regimen in use as the first 10 principal components (PC) of the SST

kernel (Chapter 2). The “Drug Counts” model simply describes current regimen
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Figure 3.3: Representative Kaplan-Meier curve for TCEs predicted at above or below average risk for viro-
logic failure. Predictions from Combined model.

as a count of the drugs in each included drug class (ie. the number of NNRTI, PI,

etc.), and the “Combined” model combines both approaches (Table 3.2). As not

all covariates may be good predictors of failure, parsimonious models were se-

lected by searching for sub-models minimizing the Akaike information criterion

(AIC), a model selection tool maximizing model likelihood while penalizing for

excessive parameterization. The final models are summarized in Table 3.3. Di-

viding the data into high- and low-risk groups based on model predictions pro-

vides statistically significant differences in failure hazard rate (Figure 3.3).

The AIC model selection algorithm selected 6 of 10 SST PCs for the final

SSTK-PCA model, while counts of NNRTI, NRTI, PI and fusion inhibitor (FI) drugs

were retained in the Drug Counts model. When the model selection algorithm

had both kernel and drug-count options to choose among, it retained 6 of 10

SST principal-components (overlapping some but not all of the components se-

lected in the SSTK-PCA model), and counts of NNRTI, NRTI, PI, FI, and integrase

inhibitors (II). As of 2010, the II and FI classes each only contained one drug (ral-
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tegravir and maraviroc, respectively).

In the Drug Count and Combined models, NNRTI count significantly de-

creased hazard rate, while NRTI count increased the risk of failure (Table 3.3).

This may reflect the sub-optimality of NRTI-only therapy which can be rescued

by combination with an NNRTI. On the other hand, PIs are frequently used in

combination with NRTIs, but also appear to increase risk of failure. The mixture

of boosted and un-boosted PI-containing regimens in this dataset may partially

account for this.

The SST principal components included in the SSTK-PCA and Combined

model do not have a convenient interpretation, but represent the diversity of reg-

imens in the dataset. It is interesting to note that when combined with the drug

count data, a different set of components was selected, and covariate effects dif-

fered between the two models. This suggests that the two regimen representa-

tions, SSTK-PCA and Drug Counts, have contain overlapping, but non-identical

information. If the kernel-based and drug count variables were entirely indepen-

dent, they would not interact in this manner. These differences indicate that the

PCs selected for the Combined model may be only significant when controlling

for NRTI, NNRTI, II and FI counts but perhaps not otherwise. This can be most

easily illustrated in the case of PC1. In the SSTK-PC model, increased PC1 indi-

cates lower risk of failure, but in the Combined model PC1 increases failure risk.

PC1 appears to act as a trade-off variable between NNRTI and PI-containing reg-

imens. Positive values of PC1 indicate NNRTI use, while negative values of PC1

indicate PI use (P <2.2x10−6 for correlation between PC1 and NNRTI count or PI

count by Pearson’s product moment correlation)(Figure 3.4A). Therefore, while

controlling for NNRTI count, low PC1 likely acts as an indicator of PI use, and

in this case is protective rather than hazardous. We expect other, possibly more

subtle relationships to exist between the principal components and other vari-

ables. Ideally, this nuanced — albeit difficult to interpret — parameterization
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Table 3.3: Hazard rate ratios for failure model parameters — 95% Confidence intervals presented in brack-
ets, covariates with P<0.05 in bold. NS: Not Selected, Hyphen denotes covariate not available in this model,
Ref: reference value for categorical variables. II: Integrase inhibitors, FI: Fusion inhibitors, EI: Entry in-
hibitors

Covariate SST-KPCA Drug Counts Combined
Gender NS NS NS

Age 0.99 [0.98-0.99] 0.98 [0.98-0.99] 0.99 [0.98-0.99]
Race/Ethnicity = Black Ref Ref Ref

= Hispanic 0.79 [0.69-0.91] 0.78 [0.68-0.89] 0.79 [0.69-0.91]
= White 0.74 [0.68-0.80] 0.75 [0.69-0.81] 0.73 [0.67-0.80]
= Other 0.63 [0.51-0.78] 0.62 [0.50-0.76] 0.64 [0.52-0.79]

Study Site = CWRU Ref Ref Ref
= Fenway 0.72 [0.60-0.87] 0.70 [0.58-0.85] 0.73 [0.60-0.89]

= Hopkins 0.89 [0.77-1.02] 0.91 [0.79-1.05] 0.87 [0.76-1.00]
= UAB 0.99 [0.86-1.14] 1.04 [0.91-1.20] 1.00 [0.87-1.16]

= UCSD 0.91 [0.79-1.05] 0.83 [0.72-0.96] 0.91 [0.79-1.05]
= UCSF 1.00 [0.84-1.19] 0.91 [0.76-1.08] 1.01 [0.85-1.20]
= UNC 0.67 [0.57-0.79] 0.64 [0.55-0.75] 0.68 [0.58-0.79]

= UW 0.838 [0.73-0.96] 0.841 [0.73-0.97] 0.821 [0.72-0.94]
MSM NS NS NS
IDU 1.18 [1.07-1.30] 1.21 [1.10-1.33] 1.20 [1.09-1.32]

Previous Failure 1.64 [1.47-1.82] 1.60 [1.43-1.77] 1.59 [1.43-1.78]
Previous Suppression 0.64 [0.59-0.70] 0.62 [0.56-0.68] 0.64 [0.59-0.71]

SST PC1 0.84 [0.80-0.88] — 1.47 [1.14-1.88]
SST PC2 0.92 [0.86-0.97] — 0.70 [0.63-0.79]
SST PC3 NS — NS
SST PC4 0.92 [0.86-0.97] — NS
SST PC5 1.08 [1.04-1.12] — NS
SST PC6 NS — NS
SST PC7 0.87 [0.84-0.90] — 0.87 [0.84-0.91]
SST PC8 1.27 [1.21-1.33] — 1.08 [1.00-1.16]
SST PC9 NS — 0.82 [0.77-0.88]

SST PC10 NS — 0.95 [0.92-0.99]
# NNRTI — 0.66 [0.59-0.74] 0.49 [0.29-0.83]
# NRTI — 1.13 [1.06-1.22] 1.25 [1.16-1.34]

# PI — 1.08 [1.02-1.15] 1.17 [1.10-1.25]
# II — NS 3.12 [2.00-4.89]
# FI — 1.93 [1.47-2.53] 5.30 [3.34-8.39]
# EI — NS NS
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of drug regimen will improve modeling of the relationship between ARV therapy

and clinical response.

Several methods were used to assess the regimen-failure models devel-

oped here. AIC, which was also used to select covariates, can be used to com-

pare different models of the same data, as is done here. The Combined model

gave lowest AIC value (indicating the best fit of the options), with the SSTK-PCA

62 points higher, and the Drug Count model 162 points higher yet. AIC differ-

ences above 10 points are considered to confer “almost none” support for the

less desirable model [94]. During model selection, the data was divided into 10

equal cross-validation sets, providing “test set” hazard ratio estimates for each

datapoint. These model estimates were used to inform a receiver operating char-

acteristic (ROC) curve for each model predicting regimen failure by 1 year (Figure

3.4B). Model performance can be assessed by estimating the area under the ROC

curve (AUC), where higher area indicates better model predictions. Consistent

with the AIC data, the Combined model gave the best results, followed by the

SST-KPC model (Figure 3.4C). Finally, we calculated partial correlations between

the final model and the recorded virologic failures, which estimate the propor-

tion of the total residual sum of squares (RSS) accounted for by the models [95].

The RSS explained by the full models, as well as by the current-regimen covari-

ates alone was calculated. As with the other model diagnostics, the Combination

model explained the largest amount of data variation, with the SSTK-PCA model

out-performing the Drug Counts model.

Regimen Failure Model — Kernel Representation of Previous Regimen

We also expected that prior exposure to antiretroviral drugs would effect

the probability of experiencing subsequent failure. Several methods for repre-

senting past ARV exposure in models for virologic failure were evaluated. Three

kernel-based methods were assessed, called “Recent Kernel,” “Mean Kernel” and
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Figure 3.4: Regimen failure model diagnostics — A. Correlation plots between Principal component 1
(PC1), and the number of PIs and NNRTIs in a regimen. Individual variable density estimates are shown
by blue lines on the diagonal, jitter has been added to the adjoining density plot to separate identical data
points. Red lines in the lower half of the chart are loess trendlines for the relationships between variables.
B. Delta AIC: difference between model AIC and minimum AIC. C. ROC curve, inset figure area under AUC
curve. D. Partial correlation between linear predictor for full model, or the current regimen data only.
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Figure 3.5: Approaches to description of previous ARV regimens. I. Most Recent Kernel Score: kernel
(similarity) score between current regimen (X) and most recent regimen(C). II. Mean Kernel Score: aver-
age of similarity between current and all previous regimens. III. Maximum Kernel Score: maximum of all
pairwise similarity scores between current and previous regimens.

“Maximum Kernel.” These measures of similarity between current and previous

regimens are defined as the kernel score between the most recent regimen and

the current one, or the mean or maximum of kernel scores between all previous

regimens and the current regimen, respectively (Figure 3.5, Table 3.4). For com-

parison, counts of previously-used drugs per drug class (NRTI, NNRTI, PI, etc.)

were used, as well as combinations between the drug counts and kernel scores.

cross-validation AIC-based model selection was used to fit models and construct

consensus final models (see Methods).

The final models for the Recent, Mean and Maximum kernel approaches

all gave hazard rate ratios between 1.2-1.4, demonstrating an elevated risk of viro-

logic failure when current regimen is similar to past regimen. Non kernel-models

also showed that extensive previous ARV-exposure increased the risk of subse-

quent virologic failure. In each model where drug count variables were also avail-

able to the model-selection algorithm, the kernel scores longer had statistically

significant associations with virologic failure at the α <0.05 level. Final models

were assessed by AIC and ROC-AUC. All three kernel-only models had higher AIC
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Table 3.4: Regimen failure models formulations, previous ARV regimen — alternative model formulations
for accounting for past antiretroviral regimen use. Examples based on hypothetical sequence of regimens
{A,B,C,X}. κ(x,y) denotes the kernel (similarity) score between dataponts x and y. See Figure 3.5.

Previous Regimens
Strategy

Description of Previous Regi-
men(s)

Example: Current X, past A, B, C

1. Most Recent Kernel
Score

Kernel score, most recent regi-
men

κ(X,C)

2. Mean Kernel Score Mean of kernel scores, all regi-
mens

1/3 * (κ(X,A), κ(X,B), κ(X,C))

3. Maximum Kernel
Score

Maximum kernel score, all regi-
mens

max((κ(X,A), κ(X,B), κ(X,C))

4. Drug Class Counts Count of previous NRTI, NNRTI,
PI, etc.

5NRTI, 2PI , 1NNRTI

5. Combine Counts, Re-
cent Kernel

Combine drug counts, most recent kernel (rows 1, 4)

6. Combine Counts Mean
Kernel

Combine drug counts, mean kernel (rows 2, 4)

7. Combine Counts, Max
Kernel

Combine drug counts, max kernel (rows 3, 4)

8. Combined All Combine all previous regimen variables (rows 1-4)

than the non-kernel models. The tree kernel-only models had similar AIC values

to each other. However, when compared by ROC-AUC all models evaluated had

very similar predictive value (Figure 3.6).

3.3 Discussion

The models presented here support the notion that the SST-kernel pro-

vides a practical, information-rich approach to improving modeling of regimen

failure. All of the model diagnostics performed concur that the SST-kernel encod-

ing provided improved model fit and predictions over a conventional representa-

tion of current ARV regimen. This model was further improved upon by allowing

the model selection algorithm to choose among both conventional and kernel-

based variables. Similarly, we evaluated the use of kernel-based similarity scores

between current and previous regimen as predictors of failure. The results for

these past-regimen kernel models were more equivocal, with non-kernel models

scoring better by AIC, but having very similar predictive performance on cross-

validation data (Figure 3.6).
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Figure 3.6: Regimen failure model diagnostics, different accountings for past regimen. A. Difference be-
tween model AIC and minimum among considered models. B. ROC curve for considered models. C. Area
under ROC curves for considered models. 1: Most Recent Kernel Score, 2: Mean Kernel Score, 3: Maximum
Kernel Score, 4: Drug Class Counts, 5-7: Combine Drug Class Counts and Recent, Mean and Maximum
Kernel Score respectively, 8: All Combined

These models also provide a general portrait of the features associated

with regimen failure. There were variations among the various study sites, with

cohort participants from different cities having different failure rates. Potential

differences in cohort characteristics across the sites, including duration of infec-

tion and socioeconomic status may account for some of these differences. Other

patient sub-populations had elevated risk for failure, including African Ameri-

cans and injected drug users. Inclusion of newer ARV drugs (integrase, fusion and

entry inhibitors) in current regimen was associated with higher failure rates. For

this study period, these agents were largely used as salvage therapies for highly-

ARV experienced patients. The high failure rate observed with these new agents

may be due to their used as fall-back options in particularly high-risk individu-

als. Previous outcomes on therapy were particularly powerful predictors of fu-

ture outcome. Suppression of the virus by a previous cART regimen afforded a

36% lower failure rate, while previous virologic failure was associated with a 59%

higher failure rate. These effects may stem from unmeasured individual-level dif-

ferences, such as general health quality, variations in viral virulence or immune

parameters (such as MHC type) and degree of reliability in taking medication as

prescribed (Table 3.4).
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Table 3.5: Hazard Rate Ratios for covariates of previous regimen history. Model parameters with P <0.05
for significant effect on hazard rate printed in bold. Hyphen denotes covariates not available in this model.
NS: not selected. 95% confidence intervals in brackets.

Covariate
Recent
Kernel

Mean
Kernel

Maximum
Kernel

Drug
Class
Counts

Count +
Recent

Count +
Mean

Count +
Max

Combined
All

1.26 — — — 0.95 — — NS
Recent
Score

[1.11-
1.42]

[0.82-
1.09]

— 1.26 — — — 1.03 — 1.03
Mean
Score

[1.09-
1.46]

[0.88-
1.20]

[0.88-
1.20]

— — 1.36 — — — 0.96 NS
Max
Score

[1.20-
1.54]

[0.83-
1.12]

— — — 1.10 1.11 1.10 1.11 1.10

# NRTI
[1.07-
1.14]

[1.07-
1.14]

[1.07-
1.14]

[1.07-
1.15]

[1.07-
1.14]

— — — NS NS NS NS NS
# NNRTI

— — — 1.06 1.06 1.06 1.06 1.06

# PI
[1.02-
1.10]

[1.02-
1.10]

[1.02-
1.10]

[1.02-
1.10]

[1.02-
1.10]

— — — NS NS NS NS NS
# II

— — — 2.61 2.61 2.61 2.60 2.61

# EI
[1.07-
6.40]

[1.07-
6.40]

1.07-
6.41]

[1.06-
6.39]

[1.07-
6.41]

— — — 1.44 1.44 1.45 1.44 1.45

# FI
[1.06-
1.96]

[1.06-
1.95]

[1.07-
1.96]

[1.06-
1.95]

[1.07-
1.96]

There are also disadvantages to the SST-kernel methods outlined here. Com-

putation of the kernel scores, and extraction of principal components from the

kernel matrix can be be computationally expensive. The models outlined in this

chapter could be run on a contemporary desktop computer (4GB RAM, Quad-

core 2.0GHz processor), although data preparation, kernel computations and

model estimations required more than an hour to complete. Interpretation of

kernel models can also be challenging. The SST-kernel function transforms the

input data in a manner that is designed to capture information about drug reg-

imen on several levels (individual medications, types of regimens, drug classes,

etc.), but also obscures the details of these data. Continuous covariates suitable

for use in these proportional hazards models can be extracted by principal com-

ponents analysis, but these components can not be expected a priori to have a

known interpretation. We can see that, for instance, the first principal compo-
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nent describing the current regimen correlates with the choice of a PI or NNRTI

to accompany the NRTI backbone in cART (Figure 3.4A). This interpretation of

the “meaning” of PC1 was not know ahead of time, and we do not expect it to

hold for all possible inputs.

We also evaluated the use of kernel-based similarity for estimating the in-

fluence of past regimen use on the risk of subsequent regimen failure. The three

measures investigated are all based on the hypothesis that regimens highly sim-

ilar to past drug combinations will be more likely to fail than those markedly

different from previous exposure. The three kernel approaches differ in their

assumptions of which past regimens are most important: the “Recent kernel”

approach considers the immediately preceding regimen as most important, the

“Mean kernel” weights each previous regimen equally, and the “Maximum ker-

nel” only considers the previous regimen most closely matching current ARV

therapy (Figure 3.5). The models containing only these kernel measures gave

similar results, with hazard rate ratios 1.2-1.4 (all P<0.05)(Table 3.5). It should be

noted that in the case of an individual’s second regimen all three of these mea-

sures will be identical — ie. the last value, mean and maximum of an array of

length one are equivalent. This may provide partial explanation for the similar

results seen here. Interestingly, when previous ARV drug use is simultaneously

controlled for via counts of previous drugs, these kernel scores lose their associ-

ation with failure. This suggests that the Recent/Mean/Maximum kernel scores

recapitulate much of the information represented by the previous drug counts.

While the AIC scores were inferior for these kernel-based metrics, the cross-val-

idation ROC curves were essentially identical (Figure 3.6). The kernel strategies

may be appealing, as they provide a parsimonious description of previous ARV

exposure, summarizing the increased risk due to prior ARV exposure in a single

number, rather than the four variables selected or the non-kernel models.

ARV therapy options continue to expand. The II, EI and FI classes of drugs
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extend the list of viral functions targeted by therapy, and new drugs continue to

be added to the commonly-used drug classes [18]. In this dataset, we observed

1,645 unique drug combinations, of which 821 were only prescribed once, and

1,433 were prescribed 10 times or fewer. As more drugs and drug classes are

added to the ARV toolkit, these options will continue to expand. The large num-

ber of and sparse data regarding these rare drug regimens excludes the possibil-

ity of separately estimating failure risk for each potentially useful combination.

While this problem has been recognized elsewhere [96], the SST-kernel provides

a ready approach by quantifying the similarity between ARV regimens, allowing

those with similar compositions (and therefore similar kernel principal compo-

nents) to influence their neighbors. The SST-kernel function recognizes similar-

ity between regimens with similar compositions without completely disregard-

ing intra-regimen type differences (see Figure 2.2A). The incorporation of novel

drugs or drug types into this approach is straightforward, as they can simply be

added to regimen trees according to the targeted protein and drug type.

Regimen failure continues to be a serious clinical problem. On-therapy

rebound of viral replication allows the evolution of drug-resistant virus, and ul-

timately narrows the range of therapy available to ARV-experienced individuals.

In the setting of an expanding range of ARV options the number of potential drug

combinations grows super-exponentially — individual evaluation of every possi-

ble cART drug regimen becomes impossible. The use of the SST-kernel to repre-

sent these complex objects provides a practical approach that captures much of

the relevant information, and improves our ability to predict virologic failure.
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3.4 Methods Summary

Data preparation

ARV regimen, CD4+ cell count, HIV-1 VL and demographic data were re-

trieved from the CNICS data repository. A total of 23,324 TCEs were ultimately

selected from an original pool of 99,669 ARV regimen records. These records were

matched by study site and patient ID to VL, CD4 and demographic data. Records

were rejected or condensed for several reasons. Selected records had start dates

between 1996 and 2010, and passed several quality control filters. Specifically,

regimens which temporarily dropped, then re-gained a single drug, or were in-

terrupted by short intervals (≤ 7 days) were treated as uninterrupted therapy, as

they were deemed more likely inaccuracies in drug start/stop dates than legiti-

mate gaps. Regimens 7 days or fewer in duration, regimens containing more than

one NNRTI, more than 4 NRTIs or more than 2 non-ritonavir PIs, regimens with

simultaneous use of zidovudine and stavudine, or emtricitabine and lamivudine

or regimens containing a drug more than 1 year prior to licensure were also ex-

cluded from analysis. These criteria identified regimens inappropriate to their

stated date (pre-licensure dates), formulations typically avoided, but easily con-

structed by inadvertent concatenation of legitimate regimens (too many drugs

in the same class), and drugs too similar to be constructively grouped in the

same regimen (zidovudine/stavudine, emtricitabine/lamivudine). As we are in-

vestigating the failure of effective modern ARV therapy, regimens were selected

that met the description of cART (also referred to as highly active antiretroviral

therapy, or HAART), defined as “three or more antiretroviral medications, one

of which has to be a PI, an NNRTI, one of the NRTIs abacavir or tenofovir, an

integrase inhibitor (e.g., raltegravir), or an entry inhibitor (e.g., Maraviroc or en-

fuvirtide) .” [97] In an effort to distinguish virologic failure from ineffective regi-

mens, we discarded regimens that did not achieve viral suppression, defined as
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VL 200 copies/mL, 7 or more days post-treatment initiation. Finally, records that

contained complete covariate data, including age, gender, study site and one or

more CD4+ cell counts in the 120 days prior to treatment initiation were selected

(outlined in Figure 3.1).

Kernel Calculations

Individual regimens were represented as tree structures beginning at a

root node labeled “ARV,” and branching down to final nodes representing indi-

vidual drugs. Similarities between these trees was calculated as a weighted sum

of shared subset trees as described previously (see Chapter 2). This produced a

1,645 x 1,645 kernel matrix of pairwise similarities between regimens. The kern-

lab package in R was used to calculate the kernel principal components of this

matrix. The first ten principal components were selected as potential covariates

in regimen failure models. The SST-kernel was also used to represent the simi-

larity between a particular regimen and that individual’s past ARV exposure. The

three kernel-based representations of past ARV exposure were function of the ar-

ray of kernel scores between the current regimen and each past regimen. Investi-

gated options included the most recent kernel score, maximum kernel score and

the mean of all kernel scores (Figure 3.5). In each of these three cases, regimens

given to individuals with no previous ARV exposure were assigned scores of zero.

Kernel scores were also used to quantify the similarity between current

and previous regimens. A similar kernel matrix was calculated, in this case in-

cluding the filtered regimens described above plus regimens not meeting the po-

tent cART definition or necessarily achieving viral suppression. The latter two

classes of regimens were not modeled for regimen failure, but prior exposure to

these regimens may effect the future likelihood of failure. This created a 3,117

x 3,117 matrix, which contained pairwise kernel (similarity) scores between ARV

regimens. For each TCE, we defined a list of previous ARV regimens, and deter-
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mined the kernel score between the current and most recent regimen, the mean

or maximum of all kernel scores between current and previous regimen, as ap-

propriate (Figure 3.5)

Proportional Hazards Model

Filtered regimen records were analyzed using Cox proportional hazards

models, with virologic failure as the event of interest, and failure-free treatment

change, loss to follow-up and end of study period (December 2010) as right-

censoring events. Virologic failure was defined as a VL >200 copies/mL con-

formed by a second VL >200 copies/mL or treatment-change event within 120

days. Variables included in the models were selected by first fitting a model with

all available variables, then eliminating variables until a minimum in AIC (see

“Model Diagnostics” below) was reached. cross-validation data was generated

by random partition of data into 10 groups, performing an independent variable

selection and model fit with each group, and making model predictions on the

holdout set. Final modelss were fit on the full dataset using variables included

in the majority of the cross-validation models. Models were fit using the sur-

vival package in the R statistical computing language [98]. In models specifi-

cally assessing the performance of the “Recent kernel”, “Maximum kernel” and

“Mean kernel” measures of previous regimen, we specified that these variables

should be retained by the model selection algorithm. The final model selection

algorithm was permitted to eliminate any variables for the final “Combined All”

model.

Model Diagnostics

Several methods were used to test model fit and predictive accuracy. Kaplan-

Meier curves were generated from the cross-validation predictions divided into

high- and low-risk groups by the mean of the model linear predictors, signifi-
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cance was tested using a class-rank test. Receiver-operating characteristic (ROC)

curves were generated from the cross-validation predictions by defining a time

cutoff of 1 year, and calculating the sensitivity (or true positive rate) and 1-speci-

ficity (or false positive rate) for classifying failure or non-failure among the sam-

ples not yet censored at 1 year using varying cutoffs for the proportional hazards

model linear predictor. Area under this curve was calculated using Simpson’s

rule. The Akaike information criterion (AIC) was used both for model evalua-

tion and variable selection, and is defined as AIC = 2k − 2ln(L) where k is the

number of parameters in the model, and L is the model partial likelihood. Partial

correlation was calculated to assess the proportion of the residual sum of squares

explained by a model using the method of O’Quigley et. al[95].



Chapter 4: Subset-tree Kernel-based Models

for HIV Disease Progression

4.1 Introduction

Barring the discovery of a cure for HIV-1 infection, the ultimate goal of

ARV therapy is to reduce HIV-associated morbidity and mortality by suppression

of viral replication. In the era of modern cART, progression of HIV-associated

disease to the late-stage clinical syndrome AIDS and ultimately to death may oc-

cur after a complex pattern of ARV therapy has occurred. In chapter 2 we high-

lighted the complexity of these ARV regimens, and suggested that the SST-kernel

can improve the mathematical characterization of that complexity. In chapter

3 we examined the use of the SST-kernel to improve prediction of virologic fail-

ures of ARV therapy. As the sequence of ARV therapy prior to progression to AIDS

or death is also complex, and the accurate prediction of disease progression is of

obvious clinical utility, we now examine whether the SST-kernel can also improve

our ability to model this process.

Previously developed prognostic models have improved our understand-

ing of HIV disease progression. These studies have provided many invaluable

clues to the optimization of ARV therapy. However, as we find in our models

for regimen failure, the influence of ARV expousure has remained relatively sim-

ple. Prognostic models based on cohort-data in the early 2000s demonstrated the

56
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powerful effect that the introduction of high-potency cART had on survival rates

among HIV-infected individuals [99, 100, 101]. These studies generally modeled

ARV use as being either highly-active combination therapy or not (HAART yes

or no) [101, 99] or split cART into broad categories, for instance discriminating

between PI-containing cART and other formulations [100]. Marginal structural

models provide one tool for handling for time-varying treatment, and have been

used to support the hypothesis that earlier administration of cART is preferable

to deferred treatment [102, 103].

The puzzle of managing ARV therapy becomes more complicated in the

highly antiretroviral-exposed patient. Life expectancy among HIV-1 infected in-

dividuals has improved in the age of less toxic and more convenient fixed-dose

drug combinations [104, 105]. Nevertheless, evolution of drug resistance, likely

secondary to viral replication in the context of virologic failure, remains a chal-

lenge [65, 27]. Cross-resistance between drugs in a class may narrow therapeu-

tic options for the ARV-experienced patient, forcing the use of more expensive,

more toxic or more difficult regimens [78, 77]. Even in the absence of a identified

drug resistance mutation, undetected, low-abundance resistant variants may ex-

ist, and may reduce the probability of success on future therapy [91]. While stead-

ily improving tools exist for guiding treatment in these individuals [88], better

characterization of the contribution of accumulated drug exposure to risk of dis-

ease progression can shed additional light on this complex problem

To better characterize the influence of regimen sequences on disease pro-

gression, we have modified the SST-kernel approach outlined in previous chap-

ters. As with our previous methods, the object is to define a kernel function that

scores the similarity between data objects in a manner that captures the varia-

tion of interest. Here we continue to use a tree-structure to represent sequences

of ARV regimens, and have taken the simple step of linking several regimen trees,

as described in Chapter 2, by a set of numbered nodes to a common root (Fig-
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ure 4.1). The SST-kernel function can then be applied to this tree as described

previously. As with the single-regimen trees, sharing subset-trees contributes to

the overall kernel score, and correspond to certain shared features. Exposure

to the same drug combinations, types of regimens, drug classes and individual

ARV drugs is scored in the same manner as in the single-tree situation. Addition-

ally, regimen sequences containing the same number of distinct regimens, or the

same regimen in the same point in the sequence will also contribute to kernel

score. For instance, Figure 4.1 considers a hypothetical individual who has used

three distinct ARV regimens, with a gap following the first regimen. The drug se-

quence outlined in Figure 4.1A would be represented by the tree drawn in Figure

4.1B. The subset-tree outlined in red recognizes the number of distinct regimen

changes in the sequence, and the sub-tree outlined in blue corresponds to the

feature “emtricitabine/tenofovir/efavirenz was the third regimen administered.”

We will test whether this approach to describing a sequence of ARV regimens im-

proves prediction of disease progression.

4.2 Results

Data Description

ARV drug records, along with clinical and demographic covariates were re-

trieved from the CNICS data repository and filtered for quality control, resulting

in a study group of 11,908 HIV-1 positive individuals (see Methods). The CNICS

patient population includes individuals who initiated care at one of eight aca-

demic clinical centers from the United States after 1 January, 2005 [6]. Disease

progression events were identified when development of an AIDS-defining ill-

ness (ADI), according to the 1993 CDC definition [106], or death from any cause

occurred. Individuals who had no disease progression, or their first disease pro-

gression event after initiation of ARV therapy were selected, and constituted the
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Figure 4.1: Outline of subset-tree kernel description of regimen history. A: Timeline of regimen use for
a hypothetical patient. Drug combinations labeled by number. B: Regimen tree for same hypothetical pa-
tient. Two subset-trees are outlined in red and blue. ART: Antiretroviral therapy, ARV: Antiretroviral regimen,
NFV: nelfinavir, 3TC: lamivudine, AZT: zidovudine, FTC: emtricitabine, TDF: tenofovir, EFV: efavirenz, ATV:
atazanavir, RTV: ritonavir.
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Table 4.1: Disease progression dataset description — ADI: AIDS Defining Illness, ARV: Antiretroviral JHU:
Johns Hopkins Univ., UCSD: Univ. of California, San Diego, UW: Univ. of Washington, UAB: Univ. of Al-
abama, Birmingham, UCSF: Univ. of California, San Diego, UNC: Univ. of North Carolina, CWRU: Case
Western Reserve Univ., Fenway: Fenway Health. MSM: Men having sex with men, IDU: Injection drug use.
IQR: Intra-quartile range.

Sample Size N Demographics/Risk Factor Percent
Individuals 11,908 Male Gender 80

Progress to ADI or Death 3,179 (27%) White, Non-Hispanic 47
Distinct ARV histories 16,719 Black 39

Hispanic 10
Study Site Percent Other Race/Ethnicity 4

JHU 23 MSM 58
UCSD 18 IDU 21

UW 15 Mean [IQR]
UAB 12 Age at Cohort Entry 37 [31-43]

UCSF 9 Year Entered Cohort 2000 [1997-2004]
UNC 8 Duration of Follow-Up (years) 6 [3-10]

CWRU 8
Fenway 7

11,908-person population for this study. Among this group, 3,179 experienced

a disease progression event, over 63,896 person-years of follow-up, giving a raw

disease progression risk of 5.0% per person-year (Table 4.1).

Disease Progression Models

Time-dependent Cox Proportional Hazards models were used to deter-

mine the factors associated with disease progression in ARV-therapy exposed in-

dividuals in the CNICS cohort. Subjects were included in the model from the

time of first ARV regimen, VL or CD4+ cell count record, until the time of first

disease progression event, or were censored when losfit to follow-up, or at the

end of the study period for this analysis (December 2010). An updated set of

covariates was calculated every subsequent year. Three alternative approaches

to describing past ARV-exposure were examined, SST-kernel principal compo-

nents calculated from regimen-sequence trees (Figure 4.1B), binary variables in-

dicating prior exposure to each ARV class (NNRTI, NRTI, PI, II, EI, FI), or a com-

bination of both. This dataset included 16,719 distinct ARV exposure histories

amongst the 11,908 (note that since regimen history is re-calculated each year,
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an individual may contribute multiple unique regimen histories (Table 4.1). In-

dicator variables providing a “yes” or “no” to prior drug-class exposure provided

better model performance than raw counts of drugs in each class previously pre-

scribed (data not shown).

Final model covariates are shown in Table 4.2. As with the regimen failure

models presented previously, there was site-to-site variation in disease progres-

sion risk, possibly due to differences in patient population. Disease progression

risk increased with age, and was consistently greater in white patients than those

of other racial or ethnic backgrounds. As expected, higher recent and lagged

CD4+ values were associated with lower risk. Surprisingly, while 9-month lagged

VL was associated with higher progression rates, a higher VL value at the most re-

cent tests was mildly protective. In all models, current regimen was represented

by SST-kernel principal components (current PC), as described in Chapter 3. In

the three models presented here, 4-6 current PCs were included in the final mod-

els, and these varied slightly from model to model. The data projections selected

in kernel principal components analysis are dependent on the input data, so the

PCs extracted here do not have a one -to-one correspondence with those identi-

fied in Chapter 3, as the data has been prepared differently.

The principal difference between the three models presented here is the

representation of regimen history. In the regimen-sequence kernel model, 7 of

the 10 past-regimen principal components (past PCs) were selected by the model-

selection algorithm, of which 5 had statistically-significant associations with dis-

ease progression. In the drug indicators model, all variables were retained by

model selection, and previous exposure to NNRTI, NRTI, PI, II and FI drugs were

significantly associated with progression. Of these, prior exposure to NRTI drugs

was associated with higher progression risk, while exposure to NNRTI, PI, FI and

II drug classes appeared protective. This may be an expression of the sub-opti-

mality of NRTI-only therapy, particularly historic mono- and dual-therapy. Addi-
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Figure 4.2: Disease Progression Model Diagnostics: A. Delta AIC: difference between model AIC and min-
imum (best) AIC, B: ROC curves, C: Area under each ROC curve.

tional exposure to other drug classes (as occurs in combination therapy) lessens

this risk. In the combination model, all of the drug exposure variables were se-

lected for inclusion in the Combined model, as were 5 of the 10 past PCs. Models

were evaluated using the partial likelihood-based AIC measure, and cross-valida-

tion based receiver-operating characteristic (ROC) curves. The Combined model

provided the best (lowest) AIC, with the model based on drug-indicator vari-

ables alone out-performing the regimen-sequences SSTK-model (Figure 4.2A).

Although the non-kernel model out-performs the regimen-history SST-kernel

method by this metric, the lower AIC for the Combined model suggests that the

kernel representation may provide additional information not represented by the

drug indicators method. There appears to be little difference between the three

methods as measured by ROC curves, either by curve shape, or overall area under

the curve (AUC) (Figure 4.2B-C).

4.3 Discussion

Here we have presented a kernel-based strategy for describing longitudi-

nal ARV regimen use in a model for HIV disease progression. Use of ARV over

time is a very complex phenomenon, with an extremely large feature space of

possible regimen sequences. Kernel approaches are well-suited for such high

dimensional problems, as the complexity of the model scales with the number
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of unique examples (and therefore the dimension of the kernel matrix) rather

than the dimension of the feature space. In this case, the kernel-based model

for disease progression performed on a par with simpler non-kernel methods, as

assessed by ROC-AUC, albeit not as well when measured by AIC.

The kernel function described here accounts for exposed drugs, drug class-

es, regimen types, number and sequence of prescribed regimens. At present, this

method does not account for regimen duration, or differentiate between regi-

mens that suffered virologic failure or were changed for other reasons. Nor does

it allow any flexibility in the regimen sequence. For instance, if two individuals

had received the same regimen, but offset by one position in their sequences —

e.g., subject A was given Regimen X as a first regimen, and subject B received the

same regimen as their second ARV regimen, there is no additional contribution

to the kernel score for being close in order. Accounting for these details may be

possible as future improvements to this approach.

There were some differences in both the current and past PCs selected for

the SST-kernel model and the combination model. This is likely due to inter-

dependence between these variables — the drug-exposure and past PC variables

are overlapping but non-identical representations of the underlying regimen his-

tory data, and will both likely be correlated with current ARV use. For instance,

dropping past PC1 and PC2 from the Combined model could be explained by

overlapping information between these variables and the drug-class exposure

variables.

The Linked SST kernel representation of a sequence of ARV regimens pre-

sented here does not greatly improve our ability to estimate risk of disease pro-

gression in HIV-1. The Combination model selected 5 of 10 past-regimen prin-

cipal components, of which four had statistically significant effects on disease

progression risk. The Combination model also had an AIC score modestly better

than the Drug Indicators model (Figure 4.2A). Taken together, this indicates that
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the Linked SST approach encodes some useful information not available in the

simpler model. On the other hand, the Linked-SST model AIC was substantially

worse than the Drug Indicators model, and all three models preformed very sim-

ilarly when assessed by cross-validation ROC AUC (Figure 4.2). Computation of

the kernel scores for large trees, as depicted in Figure 4.1B, as well as the kernel

principal components analysis a kernel matrix of this size are very computation-

ally expensive. Therefore, it is unlikely that the Linked-SST model is likely to be

useful as described here. Despite this result, all three models make good predic-

tions of disease progression risk, with ROC AUC >0.8. This estimate implies that

two randomly selected samples, one destined to experience disease progression

in the subsequent year, and the other experiencing no event, this model will as-

sign higher risk to the progressing individual 80% of the time. The Linked-SST

kernel presented here focuses on particular aspects of regimen — particularly

regimen sequence and composition. It is possible that these regimen history fea-

tures are simply not good correlates of disease progression, or that other variables

in the model (such as age, year of cohort entry and duration of follow-up) are

sufficiently confounded with regimen history as to render the linked-SST kernel

variables redundant. Covariates not examined here that focus on other aspects

of ARV history, such as duration of individual therapies and virologic failure of

previous therapy could prove more useful.

4.4 Methods Summary

Data Preparation

A total of 99,699 ARV regimen records from 18,532 individuals were re-

trieved from the CNICS data repository and filtered for quality control as de-

scribed previously (see Chapter 3). Briefly, regimen data was first filtered for

temporary gaps in a single drug, and short interruptions in therapy that were
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more likely bookkeeping errors than legitimate changes in therapy. ARV use was

regarded as uninterrupted in these cases. Regimens were also filtered for appro-

priate calendar year (1996-2010), sufficient regimen duration (>7 days), therapy

appropriate to recorded date (no individual drug use >1 year prior to licensure)

and reasonable regimen construction (≤ 4 NRTI, ≤ 1 NNRTI, ≤ 2 non-ritonavir

PI, no simultaneous use of zidovudine/stavudine or emtricitabine/lamivudine).

Additionally, single- or dual-drug regimens after 1997 were excluded as inappro-

priate therapy for stated date (this filter was redundant with the potent cART re-

quirement imposed in Chapter 3). Records were matched with CD4+ cell count,

viral RNA (VL), demographic, diagnosis and mortality data by patient id number

and study site. Disease progression events were defined as death or development

of an AIDS defining illness (ADI), as defined by the 1993 CDC definition [106].

Subjects who experienced a disease progression event prior to first ARV use were

excluded from this analysis. For the remaining 11,908 individuals, time-zero was

defined as the date of first ARV therapy, VL or CD4+ cell count on record.

Kernel Calculations

Current ARV regimen was parameterized using the first 10 principal com-

ponents from the SST-kernel matrix, as described extensively in Chapters 2 and 3.

Past regimen was entered in to the model in a similar fashion. At each follow-up

time, past regimens were built into a regimen-sequence tree formed from linking

each individual regimen tree to a common node via a layer of numbered nodes

(Figure 4.1B). If a gap of greater than seven days occurred between regimens, this

was included as an empty regimen tree. A kernel matrix of all observed regimen

sequences was calculated for this set of trees using the SST-kernel described in

Chapter 2, with λ = 0.55. The first 10 principal components of this kernel matrix

were included as descriptors of regimen history in models for disease progres-

sion.
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Proportional Hazards Model

A time-dependent Cox Proportional Hazards model was used to estimate

the effects of covariates on risk of disease progression. The regression dataset

contained a record at time-zero for each individual, one follow-up record for each

year after time-zero until a disease progression event, or the individual is cen-

sored due to loss to follow-up or end of study period (December 2010). This gave

63,896 person-years of follow-up. Baseline covariates included age at time-zero,

study site, gender, risk group (MSM or IDU), race/ethnicity, and year of entry to

cohort. Time-dependent covariates included years since time-zero, the most re-

cent CD4+ cell count and VL measurement, lagged CD4+ and VL (defined as the

most recent measurements as of 3, 6, and 9 months prior to follow-up date) ARV

therapy in use at time of follow-up, and past ARV regimen use. As described in

Chapter 3, a cross-validation approach was used, covariates were selected by iter-

ative elimination of covariates until a minimum AIC value was reached, and final

models were constructed from covariates included in a majority of cross-valida-

tion models. Model fit was assessed by cross-validation ROC curves and AIC, as

described in Chapter 3. Briefly, the AIC is a measure of model fit that prefers

high-partial likelihood models while penalizing for the number of parameters in

an attempt to avoid over-fitting. The area under the ROC is based here on 10-fold

cross validation predictions, and estimates the probability of correctly ordering a

random positive and random negative sample.



Chapter 5: Three-Dimensional Spatial

Kernel Models for Characterization of

Antibody Neutralization

5.1 Introduction

Neutralizing antibodies (NAb) capable of inhibiting a wide array of HIV-1

strains are central to the search for an effective HIV-1 vaccine. Anti-HIV-1 an-

tibodies generally target the viral surface protein (Env), a highly-variable glyco-

protein that mediates viral entry into the host cell. Env is composed of a non-

covalently bound trimer of heterodimers. Each dimer consists of two cleavage

products of the gp160 precursor: gp120, which is responsible for CD4 and co-

receptor binding, and the gp41 transmembrane protein, responsible for cell fu-

sion [32]. The high level of population diversity, dense glycosylation and struc-

tural flexibility of Env are barriers to development of a broadly-effective vac-

cine [36, 37]. Env amino acid sequences can differ by 20% between individuals

within a single subtype of HIV-1, and as much as 35% between subtypes [35].

Infected individuals generally mount an antibody response that neutralizes au-

tologous virus from early in their own infection, but viral evolution allows rapid

escape from this pressure [39, 40]. Broadly-neutralizing antibodies, capable of

neutralization of heterologous virus are generally produced later in infection, if

at all [41]. The broad diversity of Env and rapid escape have prompted a search

68
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for antibodies that neutralize a broad diversity of HIV-1 strains, with a focus on

those targeting conserved sites in the Env protein.

The first such antibody identified, IgG1b12 (b12) was discovered in 1991

and targets the CD4 binding site in Env [42]. Several other NAbs have since been

identified and characterized, variously binding the third variable (V3) loop of

gp120 (447-52D), the gp41 stem (2F5), and gp120-bound glycans (2G12) [43, 44,

45]. More recently, focus on individuals infected with non-subtype B virus and

high-throughput screens for desirable antibodies have re-ignited the interest in

discovery of NAbs [46, 47, 48]. Despite this array of anti-HIV-1 antibodies capa-

ble of virus neutralization, progress in vaccine development has been modest.

Early efforts to develop an antibody-based vaccine elicited antibody response to

laboratory-adapted strains but not to primary isolates of circulating virus [107].

Subsequent attempts to develop a cytotoxic T-lymphocyte based vaccine were

ultimately unsuccessful in phase III clinical trials [30]. The recent RV144 vac-

cine trial conducted in Thailand reported a 31.2% efficacy (P=0.04) in a modified

intention-to-treat analysis [31]. In this trial, induction of HIV-1 binding antibody

was reported, but data on neutralization of autologous or heterologous virus was

not available. This remains the only study to date to show protective results in an

HIV-1 vaccine.

Recombinant DNA techniques have contributed a great deal to our under-

standing of NAb neutralization and its complex relationship with the Env pro-

tein. Site-directed mutagenesis and domain swapping or deletion have helped

identify antibody binding sites and other determinants of neutralization. Bind-

ing sites have been identified for some NAb, however there is also strong evi-

dence that Env variations outside these epitopes strongly influence neutraliza-

tion. Deletion of the V1/V2 domains of Env was shown early on to increase the

susceptibility to some antibodies that bind outside the deleted region [108]. Fur-

ther research has suggested that the V1/V2 loops in particular may contribute
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to a “glycan shield,” capable of protecting other regions of Env from neutral-

ization [33, 34]. Alanine scans, in which each site in the Env protein is sepa-

rately mutated to alanine, have also identified neutralization determinants out-

side canonical epitopes [50, 51]. One limitation of these approaches is that they

ultimately assess artificially mutated virus variants that may never be observed

in the wild. Furthermore, the surrounding genetic context is likely to influence

the implications of particular variations. Mutations may confer a particular neu-

tralization phenotype in one HIV-1 backbone, but yield the opposite result or

produce non-viable virus in another[52]. Clearly, there is a complex, context-

dependent relationship between variation in Env and unacceptability to NAb.

While informative, the results of SDM or alanine scan approaches may only be

relevant to the genetic context investigated, and may not faithfully recapitulate

variations that drive neutralization phenotype in the wild.

Recent advances in high-throughput searches for NAbs [47] motivate a

similarly efficient process for their evaluation and characterization. Computa-

tional methods possess advantages in speed and cost over laboratory techniques,

and development of effective computational approaches would facilitate the sea-

rch useful NAbs. Some progress has been made in the development of such

computational methods. Genetic signatures that influence neutralization of viral

strains by the NAb b12 or polyclonal sera have been identified [53, 54, 55]. How-

ever, several features of the Env protein complicate this effort. The high degree

of sequence diversity in the Env gene makes multiple sequence alignment diffi-

cult. For this reason, regions of particularly high diversity may be excluded from

analysis, potentially missing determinants of neutralization. Furthermore, am-

biguities in sequence alignment may mis-align residues, producing erroneous

signals, or masking relevant ones. Approaches based on examination of primary

amino acid sequence also neglect the potentially important 3-dimensional struc-

ture of the Env protein. Antibody neutralization occurs due to the interaction
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between two 3-dimensional objects, and determinants of binding such as epi-

tope masking, steric hindrance and conformational change, as well as the bind-

ing epitope itself, are 3-dimensional in nature [56]. An analytic approach that

examines naturally-occuring virus and accounts for 3-dimensional structure and

uncertainty in high-diversity regions may better characterize real-world antibody

behavior.

Kernel-based approaches may provide a an approach for analysis of an

object as complicated as the highly-variable, 3-dimensional Env protein. Ker-

nel methods provide tools such as regression and classification via the compu-

tation of the “kernel matrix:” a symmetric, positive semi-definite matrix of pair-

wise similarity scores between data points. This provides a practical approach to

parameterization of complex data — if we define a function for scoring the simi-

larity between 3-dimensional Env proteins, we can side-step the difficult task of

adapting these data for traditional parametric models. Here we describe a kernel

approach for prediction of NAb neutralization from structural neighborhoods in

the 3-dimensional Env protein. This approach takes advantage of existing knowl-

edge of the Env structure, includes highly-variable regions in analysis, and is ro-

bust to alignment uncertainty.

5.2 Methods

Antibody Neutralization Assay

Primary HIV-1 Env amino acid sequences were obtained, along with mat-

ched antibody neutralization data for six different NAbs: IgG1b12 (b12), 447-52D,

2G12, 2F5, PG9 and PG16. The antibody concentration capable of neutralizing

50% of HIV-1 virus infection activity (IC50) was determined for each sequence

using an in vitro assay. The acquisition of this data has been described elsewhere

[49, 46]. Briefly, Env-pseudotyped virus was produced by co-transfection of the
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Env of interest with an Env-deficient HIV-1 backbone. A single round of replica-

tion was then performed in target cells, and the antibody concentration reducing

virus production by 50% (IC50) was determined. Depending on the experiment,

the maximum antibody concentration tested was 25 or 50 g/mL.

Structural Neighborhood Kernel Calculation

Kernel matrices of pairwise similarity scores were calculated for the amino

acid sequences in a four-step algorithm (Figure 5.1). Each kernel matrix is spe-

cific to a particular point in the 3-dimensional protein structure, and depends

on the structural neighborhood around that point. First, each Env amino acid

sequence in the sample was mapped to a partial Env 3-dimensional structure.

To perform this mapping, each amino acid sequence was aligned to the refer-

ence sequence HXB2 [109]. Partial structures for the HXB2 gp41 (PDB accession:

1AIK [110]) and gp120 (PDB accession 3DNN) [111] subunits were then used to

estimate the spatial location of each residue in the sample sequence. Insertions

and deletions were handled by linear interpolation of the effected residues to

space them evenly between flanking sequences. For regions not included in the

solved 3-dimensional structure, each residue was assumed to be 3.8 Å from it’s

immediate neighbors — the average α−α carbon distance in the reported struc-

ture. Second, for each residue in the reference sequence, a structural neighbor-

hood was determined, composed of the amino acid residues within a set radius

of the site in question.

In the third step of the kernel algorithm, we calculated pairwise similar-

ity scores between the structural neighborhoods defined in step 2. The kernel

function(5.1) depends on the overlap between amino acids in the two neigh-

borhoods and the 3-dimensional (euclidean) distance between these matching

residues. Essentially, we sum over all amino acid pairs that are identical or from

the same amino acid class (with a penalty of 0.5), then penalize those pairs by
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Figure 5.1: Outline of structural neighborhood kernel calculation. 1. Sample sequences are mapped
to 3-dimensional structure of HXB2 Env. 2. A neighborhood of amino acids is highlighted in red. Note
residues in neighborhood need not be contiguous in primary sequence. 3. Similarity score is calculated. For
illustration only exact residue matches are highlighted by arrows. Relatively distant matching “G” residues
will contribute less than nearby matching “E” and “K” residues. 4. Matrix is normalized, similarities between
each sequence and itself is 1.

a negative exponential (Gaussian) function of the euclidean distance between

them. Hence, identical residues in the same location will make a maximum con-

tribution to the overall similarity function, residues merely from the same class,

or at a larger distance contribute less. Amino acid classes were defined as: posi-

tively charged (Arg, His, Lys), negatively charged (Asp, Glu), polar uncharged (Ser,

Thr, Asn, Gln), and hydrophobic (Ala, Ile, Leu, Met, Phe, Trp, Tyr, Val). Three

amino acids were not assigned to a class and only contributed to the similarity

score when matched exactly (Cys, Gly, Pro). Finally, in the fourth step, the kernel

matrix was normalized according to equation (5.2).

κ(ni, nj) =
∑

ak∈ni

∑
al∈ni

δ(ak, al)e

−‖ak − al‖2

2σ2

Where: ni is a structural neighborhood, and ak ∈ ni are the amino acids in ni,

and ‖ak − al‖is the euclidean distance between residues k and l.
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δ(ak, al) =

 1 if ak and alidentical
0.5 if ak and alfrom same amino acid class
0 otherwise

(5.1)

κ̄(ni, nj) =
κ(ni, nj)√

κ(ni, ni)κ(nj , nj)
(5.2)

This leads to a matrix where the similarity of any sequence with itself is 1,

and the similarity between two non-identical sequences is ≤ 1. This algorithm

has two adjustable tuning parameters: the neighborhood radius, r, and the vari-

ance of the Gaussian distance penalty function, σ2. These parameters were deter-

mined independently for each NAb model as described below. Calculations were

performed using a custom program in the Python programming language. This

algorithm was applied to each amino acid site in the reference strain, HXB2. This

yielded 856 kernel matrices, each corresponding to a structural neighborhood

centered on a residue in the HIV-1 Env protein reference sequence.

Model Selection

A model for prediction of neutralization sensitivity was constructed for

each of the six NAbs evaluated. In each case, a nu-regularized kernel support

vector machine (kSVM) was used to predict sensitivity (IC50 ≤ 25 µg/mL) or re-

sistance (IC50 > 25 µg/mL) to neutralization using the libsvm software pack-

age.[Chang, 2001] The optimum regularization parameter, , and kernel tuning

parameters (r and σ2) were estimated from the data using a grid search. For each

of the six NAbs we selected the combination of tuning and regularization param-

eters that gave the best 10-fold cross-validation accuracy for a kSVM based on

a single structural neighborhood (for each NAb, all 856 available neighborhoods

were evaluated as candidates in this step). After tuning, a final model was as-

sembled for each of the NAbs consisting of a combination of several structural

neighborhoods from the Env protein. Neighborhoods were added to the model

by a greedy search, in which each iteration added the structural neighborhood

that maximized the 10-fold cross-validation accuracy in combination with the
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previously-selected elements. Each final model consisted of a kSVM trained to

predict neutralization sensitivity from the sum of the selected kernel matrices.

For comparison, the proportion of Env sequences with an exact match to the

published linear epitope was calculated, when available (b12, 447-52D, 2F5).

Model Evaluation

Final models were evaluated by a independent run of 10-fold cross-vali-

dated kSVMs. This provided a new random partitioning of the data into cross-

validation sets independent of the sets used to build the models. Accuracy, sen-

sitivity and specificity of classification were calculated for these models. Model

performance was further evaluated by calculating the area under the receiver op-

erator characteristic (ROC) curve, comparing change in the true positive and false

positive rates as the cutoff for the kSVM decision boundary varied, again in the

context of an independent 10-fold cross-validation.

5.3 Results

HIV-1 Env amino acid sequences with matching neutralization IC50 val-

ues were obtained for six NAbs targeting various regions of the Env protein: b12,

2F5, 447-52D, 2G12, PG9 and PG16. The number of sequences for each NAb var-

ied from 88 for 447-52D to 217 for 2G12. The balance between sensitive and re-

sistant viral strains varied from 18.2% sensitive for 447-52D to 71.1% sensitive for

PG9. The distribution of sequences by HIV-1 subtype also varied across the NAbs,

with subtype B as the most common for most antibodies (Table 5.1).

Structural information was available 65% of the gp120 sequence, and 42%

of gp41. Regions not included in the known 3-dimensional structure included

the highly-variable V1/V2 loops, a portion of the V4 domain, and the intracellular

and transmembrane domains of gp41 (Figure 5.2). In regions lacking structural

data, each amino acid was assumed to be 3.8Åfrom its immediate neighbors (the
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Table 5.1: Summary of neutralizing antibody data. Sample size, proportion of sequences sensitive to
neutralization and breakdown by subtype for each of the six NAbs studied. All subtypes representing more
than 10% of any sample shown. Other: all other subtypes and sequences of unknown subtype. AE: CRF AE

% by Subtype
Antibody N % Sensitive A B C D G AE Other

b12 127 40.2 8.7 38.6 13.4 7.9 0.0 12.6 18.8
2F5 126 60.0 8.7 38.9 13.5 7.9 1.0 12.0 18.0

2G12 217 25.3 9.2 23.0 20.9 6.6 1.0 13.8 25.5
447-52D 88 18.2 9.1 30.7 12.5 11.4 1.1 11.4 23.8

PG9 142 71.1 9.9 11.3 10.6 12.0 12.7 6.3 37.2
PG16 142 66.2 9.9 11.3 10.6 12.0 12.7 6.3 37.2

average α − α carbon distance in the known structure). For a neighborhood ra-

dius of 7Å, structural neighborhoods contained a mean of 5 amino acids. With

a distance penalty variance of σ2 = 5Å2 the mean normalized pairwise similar-

ity (ie. the value of the kernel function) was 0.065 (Figure 5.2). Average neigh-

borhood size was expectedly higher in regions of structural information than in

those without, as protein folding may bring amino acids into closer proximity.

Mean pairwise similarity varied across regions with and without structural data,

but exhibited high similarity just proximal to the gp120/gp41 junction, and par-

ticularly low similarity in the V1/V2 and V4 variable loops.

The variable parameters in the algorithm — the neighborhood radius r, the

width of the Gaussian penalty function σ2, and the SVM regularization paramater

ν, were determined by an empirical grid search for each antibody. The selected

values maximized the cross-validation accuracy of a single-neighborhood SVM

in each case. Selected values for r ranged between 6-12 Angstroms (Å), 2-8 Å2 for

σ2, and 0.05 to 0.3 for ν (Table 5.2). The final selected model contained between

three (for PG16) and seven (for 2F5) structural neighborhoods. The neighbor-

hoods for 2F5 and 2G12 overlapped known antibody-binding regions — the 2F5

epitope (neighborhoods 666 and 667) [44] and a potential N-linked glycosylation

site necessary for 2G12 binding (neighborhood 364) [45] (Table 5.2).

In independent cross-validation runs, the classification accuracy ranged

from 78% for b12 to 94% for 2F5. Sensitivity and specificity were generally greater
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Figure 5.2: Average number of amino acids and average pairwise similarity across sequences in gp120.
Regions of gp120 labeled above plot, regions with associated 3-dimensional structure denoted by blue bars
above regional annotation. SP: signal peptide, V1-5 Variable regions 1-5, TM: trans-membrane region.
Curves smoothed by a Daniell smoothing kernel with bandwidth 5.

Table 5.2: Antibody neutralization model summary. Acc: accuracy, Spec: specificity, Sens: sensitivity,
Model: predictions from kernel model, Exact: predictions from exact matching of published epitope r: struc-
tural neighborhood radius, σ2: Gaussian penalty function width, ν: SVM regularization parameter. Bold en-
tries denote neighborhoods that overlap known determinants of neutralization by NAb or polyclonal sera.
Selected neighborhoods are listed in order of their addition to the model. a No known linear epitope. b

Overlaps “canonical” epitope or antibody binding determinant.
Antibody Model

Acc
Exact
Acc

Model
Spec

Exact
Spec

Model
Sens

Exact
Sens

r
(Å)

σ2

(Å)
ν Selected Neigh-

borhoods
b12 0.78 0.65 0.71 0.22 0.83 0.95 12 4 0.10 133, 533, 610, 9
2F5 0.94 0.72 0.99 0.53 0.86 1.00 8 7 0.05 666b, 393, 642,

802, 667b, 109,
427

2G12 0.81 NAa 0.58 NA 0.89 NA 7 5 0.15 382, 376b, 336b,
666, 364b, 652

447-52D 0.90 0.81 0.75 0.88 0.93 0.79 6 8 0.30 622, 171, 617, 430
PG9 0.82 NAa 0.90 NA 0.61 NA 7 5 0.15 268, 18, 381, 269
PG16 0.79 NAa 0.84 NA 0.69 NA 10 2 0.20 655, 627, 38
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than 70% for each model, with the exceptions of specificity for 2G12 and sensi-

tivity for PG9 and PG16 (Table 5.2). Addition of new structural neighborhoods

to models generally increased accuracy and decreased the number of false posi-

tives and false negatives in a 10-fold cross-validation analysis independent of the

model selection cross-validation sets (Figure 3). By comparison, for the three an-

tibodies listed with a published linear epitope, — B12, 2F5 and 447-52D — the

accuracy of simply searching the primary amino sequences for the exact epitope

sequence was 65%, 72% and 80% respectively. In the cases of b12 and 2F5, look-

ing for exact epitope match had a high sensitivity, but rather low specificity for

detecting neutralization resistant virus.

For each of the models, ROC curves were generated by allowing the kernel

predictor cutoff to vary, and examining the change in the 10-fold cross-validation

true positive rate (equivalent to sensitivity) and false positive rate (equivalent to

1-specificity). The estimated area under the ROC curves increased as more sites

were included in the models, further indicating that the additions to the model

improved predictive capability (Figure 5.3).

5.4 Discussion

Predictive models for NAb neutralization provide multiple insights into

the dynamic between the HIV-1 virus and the human adaptive immune system.

Here we develop an approach for predicting antibody neutralization that incor-

porates 3-dimensional structure, is robust to sequence alignment uncertainty,

and ultimately classifies sequences as susceptible or resistant with high accu-

racy. The high accuracy, low false positive and false negative rates, and high areas

under ROC curves in a cross-validation setting indicate a strong ability to predict

neutralization phenotype. The antibodies examined here include those with sim-

ple linear epitopes (2F5, 447-52D), conformational epitopes (b12) as well as those
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[Neutralization prediction evaluation]Neutralization prediction evaluation. For each of the 6 anti-

bodies examined (b12, 2F5, 2G12, 447-52D, PG9, PG16), model performance was evaluated in independent

cross-validation analyses. a: classification accuracy and number of false positives or false negatives as

more structural neighborhoods are added to the model. A sample resistant to neutralization is considered

“positive.” b. receiver operating characteristic (ROC) curves as more structural neighborhoods are added

to the model. Solid blue line is the final model, dotted blue lines are sub-models, the darker the line, the

more neighborhoods included. Inset graphs show the area under the ROC curve (AUC) as neighborhoods

are added.
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that bind Env-associated glycans (2G12) or complex “quaternary epitopes” (PG9,

PG16) [44, 43, 42, 45, 46]. The 3-dimensional structural neighborhoods selected

to build predictive models of antibody neutralization reflect this complexity and

diversity.

Several of the structural neighborhoods selected here overlap known bind-

ing epitopes, or have been described elsewhere as neutralization determinants,

while others are previously undescribed. The neighborhoods around amino acid

666 and 667 overlap the known 2F5 epitope in the membrane-proximal exter-

nal region (MPER) of gp41, [44] and are selected here amongst regions predicting

2F5 neutralization. Several of the neighborhoods selected for the 2G12 model

also overlap known determinants of 2G12 neutralization. The neighborhood at

site 364 overlaps the potential N-linked glycosylation site at position 392, as well

as a point mutation at position 470, both described as influential in 2G12 neu-

tralization [45]. Additionally, the neighborhoods centered at sites 336 and 376

both overlap point mutations known to be important for neutralization by 2G12

at residues 334 and 256 respectively [45]. In contrast, the models for b12 and 447-

52D neutralization performed well despite containing no neighborhoods that

overlap the described epitiopes. This highlights the complex nature of neutraliza-

tion patterns in Env. Unlike recombinant techniques, such as alanine scanning,

our approach assess only patient-derived viable virus variants. It is possible that

artificial mutations which abrogate antibody function, but are not found in the

wild, differ from the variations that drive real-world diversity in neutralization

phenotype.

This distinction between the previously described “cannonical” binding

epitopes and the predictors of neutralization determined here is highlighted by

the differences between our kernel-based predictions and a simple epitope-based

approach. As a simple comparison, we searched for an exact match to the pre-

viously described epitopes for b12, 2F5 and 447-52D in the appropriate place in



81

the Env amino acid sequence. For b12 and 2F5, the simple “exact match” ap-

proach achieved very high sensitivity for detecting neutralization resistant virus

(95% and 100% respectively), albeit with a low specificity (22% and 53%)(Table

5.2). This indicates that for both of these antibodies, most of the sequences in

the sample did not exactly match the canonical epitope regardless of neutraliza-

tion phenotype. Hence, nearly all resistant viruses had non-canonical sequences

in the binding epitope (resulting in high sensitivity), but many sensitive viruses

departed from the epitope sequence as well (providing low specificity). This is

unsurprising for b12, which has a long epitope (RPVVSTQLLLNGSLAEEEVV at

sites 252-271), of which many of the amino acids may not be necessary for bind-

ing. In fact, only 15 of the 127 sequences in the b12 sample possessed an exact

match, of which 4 were neutralization resistant according to the in-vitro assay. A

similar pattern was observed for 2F5, despite its shorter and simpler epitope (EL-

DKWA at sites 662-667). The canonical epitope for 447-52D is shorter yet (GPXR

at sites 312-314), and 29 of 88 samples provided an exact match. Only 16 sam-

ples were sensitive to 447-52D, of which 14 matched the defined epitope exactly.

This leaves 15 neutralization resistant samples also matching the known epitope,

indicating that neutralization may be blocked by variation elsewhere in Env. De-

spite the moderate specificity (88%), and specificity (79%) achieved for the exact

epitope matches in 447-52D (Table 5.2), the high number of “false negatives” for

neutralization resistance result in a negative predictive value of only 48%. These

examples clearly demonstrate that exact possession of previously described epi-

tope sequences is neither necessary nor sufficient to provide neutralization sen-

sitivity in all cases.

The kernel-based predictors developed here compare favorably to the “ex-

act match” approach. In each of the three cases, the overall accuracy of the kernel

predictors is 9-21% higher. For b12 and 2F5, the exact match approach provided

a poor balance between specificity and sensitivity, this was much improved for
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the kernel-based predictors (Table 2). Of these three antibodies, only the kernel

model for 2F5 selected neighborhoods that overlap the known epitope. Predic-

tive models for antibodies without a linear peptide epitope — 2G12, PG9 and

PG16 — provided similarly high accuracy, specificity and sensitivity, with accu-

racy near or above 80%, and only the specificity of predicting 2G12 resistance

falling below 60% (Table 5.2). In all cases, the neighborhoods selected included

regions not thought to directly bind the relevant NAb. There are several possible

reasons that non-binding features predict neutralization sensitivity well for these

antibodies. It is possible that these neighborhoods effect NAb action through

steric or conformational effects, they may be compensatory mutations that re-

store viral fitness impacted by adaptations more directly associated with resis-

tance elsewhere in the protein, or they may be associated with neutralization

phenotypes in a non-mechanistic manner, for instance due to a founder effect

in the viral ancestry.

These models were built iteratively by adding individual neighborhoods

one at a time, therefore model performance across this process can be assessed.

For each of the models, area under the cross-validation receiver operating char-

acteristic (ROC) curve increased as more sites were added to the model (Figure

reffig:nabroc). These curves, along with accuracy and false positive and false neg-

ative rates were calculated based on an independent round of 10-fold cross-val-

idation. As cross-validation was also used to select neighborhoods and tune the

models, re-randomizing the cross-validation sets was important to ensure that

the performance observed was not dependent on any idiosyncrasies of the orig-

inal cross-validation sets. Two of the antibodies, 2G12 and 447-52D, were partic-

ularly unbalanced between sensitive and resistant groups. In these cases, a high

prediction accuracy could be achieved by simply predicting all viruses will be re-

sistant. It is important to note that despite this fact, low false negative rates were

achieved for both of these models (Figure 5.3), indicating that these models did
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Figure 5.3: Two examples of neighborhoods that improve neutralization prediction. A. 20 randomly-
chosen correctly-classified samples from the first neighborhood (666) in the 2F5 model, 10 sensitive and 10
resistant. Residues outlined in blue are consistent with an exact match to the published epitope (ELDKWA),
those in red are inconsistent with an exact match. B. Previously false positive samples either resolved or not
resolved by the addition of the third neighborhood (610) in the b12 model. C. Average pairwise similarities
for the resolved, pooled and unresolved samples from the third site in the b12 model.

not fall prey to this particular pitfall.

A closer examination of two of the neighborhoods selected provides addi-

tional insight into the types of patterns recognized by this approach. The first site

added to the 2F5 model (centered at site 666) alone provided an accuracy of 69%.

This neighborhood overlaps the known epitope for 2F5, and largely categorizes

virus on the basis of match to the 2F5 epitope (Figure 5.3A). In this sense, when

a selected neighborhood overlaps the known epitope, it may partially recapitu-

late the behavior of the ”exact match” approach. In contrast, the third neigh-

borhood incorporated into the b12 model matches no known determinant of

antibody neutralization, yet its inclusion increases classification accuracy from

69% to 74%, increases the area under the ROC curve from 0.71 to 0.76, and de-

creases the number of false positives (ie. samples scored as resistant while actu-

ally sensitive) from 18 to 13. Note, 10 false positives were resolved at this step,

while 5 new false positives were created, for a net decrease of 5. Stratifying the

samples previously scored incorrectly as resistant into those resolved by the new

neighborhood, and those not resolved reveals no obvious pattern (Figure 5.3B).

However, when the average kernel (similarity) score for the resolved and unre-
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solved groups is calculated, both are greater than the average kernel score for

both groups pooled together. (Figure 5.3C) This indicates that the samples re-

solved by the additional information share some set of characteristics in com-

mon, as do those unresolved, although the nature of these characteristics is not

apparent upon inspection. Furthermore, in both of these examples the mapping

of sample sequences onto 3-dimensional structure causes the amino acids not to

align on a rigid grid, as they would in multiple sequence alignment, due to han-

dling of indels. It should be noted that any amino acid matches, even those not

precisely aligned vertically will still contribute to the overall similarity score. This

flexibility allows this approach to detect determinants of neutralization, even in

the face of considerable alignment uncertainty.

Locations of selected structural neighborhoods on the 3-dimensional struc-

ture of Env (where structural data is available) or on the primary Env amino acid

sequence (where structure is not solved) reveal regions of the protein which in-

fluence neutralization (Figure 5.4). Neighborhoods that predict neutralization by

2F5 (393), 2G12 (336, 364, 376, 382) and PG9 (268, 269, 381) cluster on the rel-

atively exposed outer domain of gp120 (Figure 5.4). These neighborhoods are

largely centered in the C2, C3 and V4 regions of gp120, and also overlap the α2

helix (336) and CD4 binding site (364). Several residues included in these neigh-

borhoods have been described as influential in two studies of neutralization of

subtype C virus with polyclonal sera from Rong et al, and Kulkarni et al [53, 54].

These include residue 270, overlapped by PG9 neighborhood 269, residue 393,

overlapped by 2F5 neighborhood 393 and 2G12 neighborhood 364, and residues

335-337 overlapped by 2G12 neighborhood 336. Two other neighborhoods in-

cluded in the 2F5 model, centered at residues 109 and 427 are far apart in the pri-

mary sequence, but actually sit very close to each other in the 1 helix and bridging

sheet, respectively. To our knowledge, these residues have not been previously

described as relevant to NAb neutralization, however, the 1 helix lies just distal to
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the cluster of gp41-interacting residues in the gp120 inner domain, providing a

possible link between this amino acid cluster and the 2F5 epitope in gp41.

Models for neutralization by b12, 2F5, 2G12, 447-52D and PG16 all in-

cluded neighborhoods in the extracellular region of the gp41 peptide. The epi-

tope for 2F5 is located in gp41, and PG16 is thought to only bind the properly

assembled Env protein (but not soluble gp120) [46], providing explanations for

the importance of gp41 in the function of these antibodies. The mechanism for

gp41 modulation of neutralization by b12, 2G12 and 447-52D remains less clear.

It is possible that changes in the conformation of gp120 could require compen-

satory changes in gp41 or vice-versa via non-covalent interactions. Several of

the gp41 neighborhoods implicated in neutralization by NAb in our models con-

tain sites also found to be important in neutralizing by polyclonal sera by Kulka-

rni et al [54]. These include residue 644, overlapping 2F5 neighborhood 642,

residue 651 overlapping PG16 neighborhood 655 and 2G12 neighborhood 642

and residue 667, overlapping 2G12 neighborhood 666 (as well as 2F5 neighbor-

hood 666, although this is already explained by overlap with the 2F5 epitope).

The model for 2F5 also includes one neighborhood from the gp41 intracellular

domain centered at residue 802. This neighborhood also contains a residue iden-

tified in the Kulkarni et al as influential study at site 803.

While many of the structural regions of Env identified in this study as im-

portant for NAb neutralization have known functions or overlap with previous

results, some results and notable omissions were surprising, and warrant future

investigation. Our model for b12 neutralization did not overlap any residues in or

around the known epitope or CD4 binding site, and also had no sites in common

with alanine scans for determinants of b12 neutralization or other neutralization

panel-based studies of b12[50, 55]. Despite this, our model for b12 neutralization

provides an independent-run cross-validation accuracy of 78% with specificity

and sensitivity of 70% and 82%, respectively. This performance is on a par with
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Figure 5.4: Locations of predictive structural neighborhoods in HIV-1 envelope. 3D ribbon diagrams of
gp120 are annotated by color. Red ribbons represent the inner domain, blue ribbons the outer domain,
yellow ribbons the bridging sheet, and green ribbons the CD4 binding site. Colored spheres represent the
structural neighborhoods selected for the final models. Spheres are centered at the alpha-carbon for the
residue indicated by the numeric labels, and have radii as determined by model tuning (Table 2). Selected
neighborhoods outside of the solved 3D structure are indicated on the non-structural regions schematic of
the envelope polypeptide.
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model performance reported elsewhere.[Gnanakaran, 2010] Two models, for an-

tibodies PG9 and b12, contain sites in the Env signal peptide, which is cleaved

from the expressed protein. The possible significance of these sites is unclear.

Co-evolution with regions expressed on the viral surface provide one possible

explanation for their apparent significance. Finally, only one neighborhood in

the V2 variable loop (centered at residue 171 in the 447-52D) was identified in

this analysis. The V2 loop has been extensively described as important for devel-

opment NAb resistance, but is not strongly associated with neutralization in this

study [33, 34].

This technique is naturally limited by the information provided by the ana-

lyzed sequences. A site or neighborhood in Env may be vital to antibody binding,

but if it does not vary in the model training data, it will not be included in the

selected model. In this sense, the neighborhoods selected here do not represent

an exhaustive list of regions in Env important for important in NAb neutraliza-

tion, but rather an estimate of the regions driving variations in neutralization in

this sample. The approach described here makes several assumptions that may

be relaxed by future improvements in the algorithm. We assume here that single

values for the model tuning parameters (r and σ2) are suitable for a neutraliza-

tion model. The ”greedy” neighborhood selection algorithm may identify a local

optimum, and is not guaranteed to locate a globally ideal solution. Site-to-site

variation in tuning parameters, or a more thorough model selection approach

could be implemented, but would incur higher computational costs.

The structural-neighborhood kernel approach outlined here can be ap-

plied to many problems where 3-dimensional structure or protein alignment un-

certainty is likely to be important. Tertiary protein structure may influence a va-

riety of protein features and functions, including protein-protein interaction, lig-

and binding and drug resistance. In any case where the outcome of interest can

be described as a binary variable (in this case neutralization sensitivity or resis-
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tance), this approach can be applied directly. In situations where a continuous

outcome variable is desired, the same kernel function could be used in conjunc-

tion with support vector regression.

The structural neighborhood kernel approach outlined here compares pro-

teins on the basis of their similarities in discrete 3-dimensional regions. This

method is designed on the expectation that outcome depends on a combina-

tion of protein motifs, which may or may not be only apparent in their real-world

3-dimensional arrangement. This harnesses structural information, when avail-

able, to provide a more realistic portrait of protein function than can be achieved

by looking only at primary amino acid sequence. An added advantage of this ap-

proach is the alignment flexibility it provides. Amino acids offset slightly in space

will still contribute to the kernel score, enabling analysis of highly-variable re-

gions with low alignment confidence — regions that are often removed prior to

analysis.[Rong, 2007], [Gnanakaran, 2010] The application of this method to in

vitro NAb neutralization data created models that predict neutralization sensi-

tivity and resistance with high accuracy, and in most cases high sensitivity and

specificity. Interestingly, for several of the antibodies examined, determinants

of neutralization clustered in the gp41 stem and on the outer domain of gp120.

These sites largely overlap with previously described determinants of neutraliza-

tion with polyclonal sera [53, 54]. This raises the possibility that antibodies with

wildly varying binding locations may be escaped from by common pathways in

these domains. This possibility warrants further study. As continued progress is

made in the discovery of novel NAbs, [47, 48, 112] we hope that this approach

will provide an efficient and informative tool for the characterization of neutral-

ization.

Chapter 5, in part is currently being prepared for submission for publica-

tion of the material. Lorne W. Walker, N. Lance Hepler, Dennis Burton, Douglas

Richman, Sergei L. Kosakovsky Pond. The dissertation author was the primary
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author of this work.



Chapter 6: Conclusions

In this work we have examined the use of kernel-based Machine Learn-

ing methods for modeling two systems in HIV biology. First, we described the

Subset-Tree kernel, and used it to describe ARV regimens. The SST-kernel inte-

grates multiple layers of drug regimen information, including the proteins tar-

geted, drug mechanisms (i.e. ARV drug class) involved, and individual drugs in-

cluded. Second, we defined a novel kernel function for analysis of 3-dimensional

protein structure. This tool allowed us to develop models to predict antibody

neutralization and identify likely real-world determinants of neutralization phe-

notype. These approaches sharpen our understanding of two of the key meth-

ods by which the HIV-1 virus may be impeded. Pharmacological control of viral

replication has been the most successful anti-HIV intervention to date, while an-

tibody neutralization is one of the immune system’s main weapons against HIV-1

infection, and is one basis for hope for an effective vaccine.

In Chapter 2 we introduced the Subset-tree kernel, and described how it is

calculated. In the SST-kernel application to drug regimen, a particular drug com-

bination is first expressed as a tree. The various layers of nodes in these trees de-

scribe many of the relevant features of drug regimens, including individual drugs,

drug classes, the number of included drugs per class, and drug protein targets. By

integrating this information into a single framework, we can then use this tool to

model the implications of the use of various drug combinations, without making

a priori assumptions about the most relevant features to a particular problem.

90
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We then applied this tool to a set of linear and support vector machine models

describing the differences between various drug regimens in terms of average

treatment duration, rate of success in suppressing viral replication, and rate of

eventual virologic failure. In these cases, the SST-kernel provided better model

fit, and smaller residual error than non-SST kernel alternatives.

In the third chapter, we developed a set of models estimating the risk of

virologic failure of ARV regimens. By including a model that was free to include

both kernel (principal components) and non-kernel covariates, we observed an

interesting and important interaction between these variables. The first kernel

principal component was strongly associated with the tradeoff between NNRTI

and PI drugs, essentially acting as a switch between the two. This variable, there-

fore, is an expression of one of the most common clinical choices — whether to

include an NNRTI or PI with an NRTI backbone. When included with other non-

kernel covariates (in this case, the number of NNRTIs included in a regimen), the

coefficient for PC1 changed drastically, as NNRTI use was already controlled for

in another variable. Ultimately, we saw that kernel-covariate containing models

provided modestly better performance than non-kerneo models. Also in Chap-

ter 3 we examined the use of the kernel (i.e. similarity) score between the cur-

rent and past regimens as an additional predictor of virologic failure. While these

kernel-based previous-ARV covariates did not out-perform non-kernel options,

they were able to provide similarly powerful predictions, while only describing

past regimen use with a single variable.

In Chapter 4 we extended the SST-kernel approach to look at a series of

regimens used over time, instead of a single combination. While we hoped that

this technique would improve models of risk for progression to AIDS or death,

results for this model were mixed. Whether this is because the “Linked SST-ker-

nel” derrived variables are simply not good predictors of outcome, or if this is due

to the sort of variable-interaction we saw in Chapter 3 remains unclear. Despite
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this, our prognostic model for disease progression provided strong predictions,

with a better than 0.80 ROC AUC for predicting 1-year progression risk. Many

of the regimen history features that may be of interest to disease progression,

including regimen duration, and prior on-therapy failure were not included in

this kernel function, and may provide an opportunity for improvements.

Chapter 5 focused on the application of a novel kernel function to pre-

dicting antibody neutralization. Here, the kernel function incorporates what is

known of the 3-dimensional Env structure, and defines “structural neighborhoods”

that are taken to be the functional units of protein-protein interaction. Any amino

acid match within this neighborhood contributes to the kernel score, allowing a

degree of flexibility in light of the very high diversity of Env, and resulting se-

quence alignment uncertainty. This approach was applied to six monoclonal

neutralizing antibodies. For many of these antibodies, models with high accu-

racy, specificity and sensitivity were derived. Interestingly, many of the most

important determinants of neutralization in these real-world samples were out-

side of, and often quite distant from the described epitopes. Here we provide

a novel approach to the computational determination of influential structural

neighborhoods based only on amino acid sequence and observed neutralization

titer. Interestingly, many of the neighborhoods described have been described

elsewhere in the context of polyclonal sera neutralization, however there are also

several notable exceptions. Sites in the V1/V2 loop, and known epitopes for b12

and 447-52D were not identified as important by this analysis. Whether this im-

plies that intra-epitope variation is simply not the mechanism by which HIV-1

escapes from these antibodies, or if further refinement of this technique would

detect eiptiope-associated signals remains an interesting question.

The vast majority of this work was done using command-line packages,

such as libsvm and svm-light-TK or custom-programmed solutions in R and Pyth-

on [113, 114, 98, 115]. While these tools can be powerful, this degree of compu-
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tational and programming inconvenience may not be acceptable to many scien-

tists and clinicians. Graphical-interface software for data mining and machine

learning is available. Although they afford less flexibility than programming lan-

guages like Python and R, they provide these powerful tools to a much broader

audience. Commercial packages, such as SAS, Statistica and SPSS are well-estab-

lished powerful statistical platforms [116, 117, 118]. More recently, free and open

source machine learning suites, such as Weka, Orange and Shogun have become

avalible [119, 120, 121]. While open source software occasionally lacks the sta-

bility of commercial products, the active (and often academic) developer bases

make for appealing research tools.

Here we have shown several examples of how kernel-based machine learn-

ing can be applied to HIV-1 research. These methods have allowed us to im-

prove the prediction of several HIV-1 outcomes, including virologic failure of

ARV regimens, and antibody neutralization titer. The structural neighborhoods

selected for antibody neutralization prediction in Chapter 5 also shed light on

what Env features may be associated with antibody escape in vivo. In an era

of rapidly increasing computational capacity, machine learning techniques are

increasingly employed in fields as far-ranging as credit scores and movie recom-

mendations [122, 123]. As the size and complexity of biological and HIV-1 data

sources continues to increase, these tools may help bring new light to problems

of great importance to human health and well-being.
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Angélique B. van ’t Wout, Erick Hammersmark, Victoria S. Carter, David
Upchurch, James I. Mullins, and Michael G. Katze. Large-scale monitoring
of host cell gene expression during HIV-1 infection using cDNA microar-
rays. Virology, 266(1):8–16, 2000.

[10] Chunlin Wang, Yumi Mitsuya, Baback Gharizadeh, Mostafa Ronaghi, and
Robert W. Shafer. Characterization of mutation spectra with ultra-deep
pyrosequencing: application to HIV-1 drug resistance. Genome Res.,
17(8):1195–1201, 2007.

[11] Jacques Fellay, Kevin V. Shianna, Dongliang Ge, Sara Colombo, Bruno Led-
ergerber, Mike Weale, Kunlin Zhang, Curtis Gumbs, Antonella Castagna,
Andrea Cossarizza, Alessandro Cozzi-Lepri, Andrea De Luca, Philippa East-
erbrook, Patrick Francioli, Simon Mallal, Javier Martinez-Picado, José M.
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