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Development and spread of resistance of human immunode� ciency virus type 1 to antiretroviral therapies is a serious medical and public
health concern. A wide variety of mutations have been identi� ed that either singly or in combination reduce the susceptibility of the virus
to available therapies. This paper describes methods for understanding the genetic pathways that lead to high-level drug resistance under
selective drug pressure, as well as for estimating the rates at which viral populations progress along these pathways. These methods can be
used to determine whether the presence of certain mutations among drug-sensitive viruses predispose a patient under a particular treatment
to develop patterns of mutations that confer high-level drug resistance. Our approach assumes that viral genotypes can be characterized as
belonging to discrete states, de� ned by patterns of viral mutations, and considers two approaches to modeling the rates of transition between
these states. The � rst approach treats the state at a given time point as known, whereas the second treats this as a latent variable. We apply
our methods to genetic sequences of viruses cloned from the plasma of 170 patients who participated in three phase II clinical studies of
efavirenz combination therapy (DMP 266-003, -004, -005). Multiple viral clones are available from each plasma sample at each time of
measurement, allowing for consideration of the effect of minority species on the evolution of the viral populations infecting patients; the
availability of such information motivates the second analytic approach. The sequences can be found in the Stanford HIV RT and Protease
Sequence Database.
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1. INTRODUCTION

Over time patients receiving antiretroviral therapies (ART’s)
to suppress infection with human immunode� ciency virus
type 1 (HIV-1) may stop responding favorably to treatment.
One reason for treatment failure is development of antiviral
resistance, which occurs either as a result of development of
mutations in the viral genome under selective drug pressure
or as a result of naturally occurring polymorphisms. Knowl-
edge about the speci� c genotypic and phenotypic character-
istics of the viral populations that infect patients can help in
selecting antiviral regimens as well as in the development of
new treatments. In particular, understanding how viral popu-
lations “evolve” under selective drug pressure (or its absence)
can be helpful in predicting how a patient is likely to respond
to a given therapy. The term evolve appears in quotation marks
because the detection of new genetic variants may re� ect ac-
tual viral evolution or just an improved ability to detect these
variants after the sensitive ones are suppressed. The goal of this
paper is to investigate the genetic pathways that characterize
the transition from sensitive to resistant virus and the rates of
progression along these pathways.

Our investigation starts by de� ning genetic states that are
characterized by patterns of viral mutations and then consid-
ers two approaches to modeling the rates of transition between
these states. The � rst approach treats the state at a given time
point as known, whereas the later treats this state as an unob-
servable latent variable. The latter approach is motivated by the
availability of data from multiple viral clones derived from sin-
gle plasma samples. Because there may be considerable vari-
ability in genetic sequences among the different clones, it is
useful to have a method that accommodates this variability in
modeling state transitions. Note that the uncertainty regarding
state is not simply a measurement problem. If the risk over time
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of developingnew mutationsdoes not depend on the prevalence
of a particular mutation, then neither should the state depend
on its prevalence. In other words, if it is the minority species
that dominates the evolutionary potential of a viral population,
then it should properly determine the state. On the other hand,
mutations that have no effect on viral evolution toward more
(or less) resistant states should not affect the state, even if they
occur in the majority species. Our goal is to classify patients
according to risk of developing resistance mutations so that ap-
propriate treatment decisions can be made, just as recipients
of blood products are classi� ed to ensure they receive the ap-
propriate blood type. As demonstrated in this paper, we best
accomplish this goal by basing our classi� cation on data from
multiple clonal sequences measured over time.

Our method is illustrated using data collected from 170 pa-
tients who participated in three different phase II clinical stud-
ies of efavirenz combination therapy (DMP 266-003, -004,
-005). Viral clones were obtained from these patients during
the course of the studies and sequences were obtained for each
of these clones. These sequences can be found in the Stan-
ford HIV RT and Protease Sequence Database, which is avail-
able to the public (Shafer 2001). A sample of sequences from
each patient’s viral population is observed at each time point;
however, these clonal sequences cannot be linked by an iden-
ti� er. So for example, for a given patient we may observe
10 clonal sequences at week 0 and 12 sequences at week 4.
We do not know, however, which, if any, of the sequences ob-
served at week 4 were derived from the sequences observed
at week 0. Several recent papers considered how to use geno-
typic characteristics at a single time point to make predictions
about phenotypic response(s) (Foulkes and De Gruttola 2002;
Segal, Cummings, and Hubbard 2001). The methods devel-
oped in this paper permit estimation of the probability of the
virus evolving along different pathways when multiple clonal
sequences are available across several time points.

To illustrate our approach in a simple example, consider
a setting in which, over time, patients acquire one of two
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possible sets of mutations, C2 D fL10I; A71V;L90Mg or
C3 D fD30N; N88Dg. Here each number represents an amino
acid site in the protease region of the viral genome. The letter
preceding the number is the most prevalent amino acid (AA) at
the corresponding site (commonly referred to as the wild-type
or consensus AA) and the letter following each number indi-
cates the observed AA. A mutation is de� ned by the observed
AA differing from the consensus AA. Patients in our simple
example all start in a “wild-type state” with no mutations, C1;
C2 and C3 can be thought of as states to which patients belong
if their viral populations exhibit the corresponding mutations
at the time of failure. Here failure is de� ned as the presence
of viral rebound, indicating loss of activity of treatment. Based
on previous � ndings, patients in C2 are expected to show high
levels of resistance to a drug from the protease inhibitor (PI)
class, indinavir (IDV), whereas patients in C3 are likely to be
partially sensitive to IDV yet highly resistant to another PI,
nel� navir (NFV) (Foulkes and De Gruttola 2002). This paper
considers whether it is possible to transition from C2 to C3 as
well as from C1 to these states, and provides a method for esti-
mating the rates of transition from each state to the others (some
transitions may not be possible). In reality, patients are gener-
ally not all in a wild-type state at baseline even if they are naive
to treatment, and many more patterns of resistance mutations
are possible, so that additional states may be de� ned. The goal
remains to investigate rates of transition among different states.

In addition to describing methods for estimating transition
rates, we present an approach to testing hypotheses regard-
ing these rates. As an example, we test whether all transition
rates from one state to another are equal. Identifying departures
from this particular null hypothesis is important for two rea-
sons. First, knowledgethat certain transitionsare more common
than others may impact treatment choices; for example, this in-
formation may be used to avoid exposing a patient to a treat-
ment that is associated with rapid transition from the patient’s
initial state to a highly resistant state. Second, knowledge of
differences in the rates at which viral populations move along
genetic pathways to resistance may provide insight into bio-
logical mechanisms of disease progression and drug action. As
described in subsequent sections, our analyses suggest that mu-
tations at site 82 occur at a signi� cantly faster rate among viral
populations with mutations at sites 10, 71, and 77 compared to
those with a mutation only at site 63. The fact that mutations
at site 82 are strongly associated with resistance to one class of
drugs (protease inhibitors) makes it important for both patient
management and drug development to identify early predictors
of developmentof this mutation.

The data described in this paper can be thought of as arising
from a hidden Markov model (HMM) as described in Durbin,
Eddy, Krogh, and Mitchison (1997). In HMM’s, the true state
sequence or path is unobserved,but assumed to follow a simple
Markov chain. One approach to estimate transition probabili-
ties between states makes use of a version of the expectation–
maximization (EM) algorithm. The usefulness of this approach
in the context of biological sequence analysis, in particular the
analysis of a single observation of a very long path, was de-
scribed by Durbin et al. (1997). In our setting, the hidden tra-
jectory for a patient is the concatenationof sequences obtained
by selecting one of the observed sequences from each observed

time point. The observed states are all of the clonal sequences
across all time points. As described above, we do not observe
the links between clonal sequences over time, that is, we do
not know the paths connecting clonal sequences between time
points. In our case, the paths are relatively short, with a me-
dian number of states for an individual equal to 5. The hidden
Markov approach allows us to “draw strength” from the infor-
mation available on clonal sequences from the entire population
to estimate model parameters in settings where the individual
paths may not be precisely known.

In addition to the challenges described previously, we must
address the interval censoring of the exact times of occurrence
of mutations. Viruses can be sequenced only in patients with
suf� ciently high viral burden, but such sequencing is expensive
and therefore infrequent. We assume that viruses that remain
below the level of detection do not change states. We also as-
sume that mutations occur when they are detected and that the
length of follow-up is independent of the processes we con-
sider. As discussed in Section 4, the shortness of the intervals
between measurement justi� es ignoring the interval censoring.

Our example considers the protease region of the viral
genome, because all patients were protease naive when the
studies were initiated and because many different mutations
(or naturally occurring polymorphisms) appear to be related
to resistance. Although the data were generated during clini-
cal studies of EFV, we chose to consider the protease region,
because EFV resistance is dominated by a single mutation. In
the investigationof antiviral resistance, the protease and reverse
transcriptase regionsare of particular interest because they code
for enzymes targeted by most currently available therapies. The
protease region consists of 99 amino acid sites and the observed
residues at these sites vary both between and within individu-
als. To generate the data for our example, sequencingwas done
over several time points and, at each time point, multiple clones
were sequenced. Genotyping can occur only when the virus is
above 50 copies=mm and is generally done at the time that the
virus is observed to rebound. A sample of the data is given in
Table 1.

Section 2 presents an approach to clustering similar clonal
sequences to reduce dimensionality, and then describes the
Markov model and methods for estimation for both situations
where state membership is treated as known and situations
where state membership is treated as a latent variable. Section 3
illustrates the approacheswith one data example, and Section 4
presents a discussion and future research directions.

2. METHODS

The proposed approach begins by grouping sequences with
similar patterns of mutations. The use of standard clustering
techniques to reduce the dimensionality of large arrays of cor-
related data was described in several publications; see, for ex-
ample, Eisen, Spellman, Brown, and Botstein (1998). In the
example presented in Section 3, each clonal sequence is � rst
transformed to a binary sequence of indicators for the pres-
ence of a mutation at the corresponding location. Hierarchical
clustering based on a Manhattan distance and average linkage
is used to arrive at initial cluster centers. K-means clustering
based on a Euclidean distance is then employed to arrive at
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Table 1. Sample Data

ID Week Clone Protease sequence (sites 1–99) Cluster

1 0 1 P Q I T L W Q R P L V T I K ¢ ¢ ¢ L T Q L G C T L N F 4
2 P Q I T L W Q R P L V T I K ¢ ¢ ¢ L T Q L G C T L N F 4
3 P Q I T L W Q R P L V T I K ¢ ¢ ¢ L T Q L G C T L N F 4
4 P Q I T L W Q R P L V T I K ¢ ¢ ¢ L T Q L G C T L N F 4
5 P Q I T L W Q R P L V T I K ¢ ¢ ¢ S T Q L G C T L N F 4
6 P Q I T L W Q R P L V T I K ¢ ¢ ¢ L T Q L G C T L N F 4
7 P Q I T L W Q R P L V T I K ¢ ¢ ¢ L T Q L G C T L N F 4
8 P Q I T L W Q R P L V T I K ¢ ¢ ¢ L T Q L G C T L N F 4

2 0 1 P Q I T L W Q R P L V T I K ¢ ¢ ¢ L T Q L G C T L N F 1
2 P Q V T L W Q R P L V T I K ¢ ¢ ¢ L T Q L G C T L N F 1
3 P Q I T L W Q R P L V T I K ¢ ¢ ¢ L T Q L G C T L N F 1
4 P Q I T L W Q R P L V T I K ¢ ¢ ¢ L T Q L G C T L N F 1
5 P Q I T L W Q R P L V T I K ¢ ¢ ¢ L T Q L G C T L N F 1
6 P Q I T L W Q R P L V T I K ¢ ¢ ¢ L T Q L G C T L N F 1

31 1 P Q I T L W Q R P L V T I K ¢ ¢ ¢ L T Q L G C T L N F 1
2 P Q I T L W Q R P L A T I K ¢ ¢ ¢ L T Q L G C T L N F 1
3 P Q I T L W Q R P L V T I K ¢ ¢ ¢ L T Q L G C T L N F 1
4 P Q I T L W Q R P L V T I K ¢ ¢ ¢ L T Q L G C T L N F 1
5 P Q I T L W Q R P L V T I K ¢ ¢ ¢ L T Q L G C T L N F 1
6 P Q I T L W Q R P L V T I K ¢ ¢ ¢ L T Q L G C T L N F 1
7 P Q I T L W Q R P L V T I K ¢ ¢ ¢ L T Q L G C T L N F 1

72 1 P Q I T L W Q R P L V T I R ¢ ¢ ¢ L T Q L G C T L N F 1
2 P Q I T L W Q R P L V T I K ¢ ¢ ¢ L T Q L G C T L N F 1
3 P Q I T L W Q R P L V T I K ¢ ¢ ¢ L T Q L G C T L N F 1
4 P Q I S L W Q R P L V T I R ¢ ¢ ¢ L T Q L G C T L N F 1
5 P Q I T L W Q R P L V T I R ¢ ¢ ¢ L T Q L G C T L N F 1
6 P Q I T L W Q R P L V T I R ¢ ¢ ¢ L T Q L G C T L N F 1
7 P Q I T L W Q R P L V T I R ¢ ¢ ¢ L T Q L G C T L N F 1
8 P Q I T L W Q R P L V T I R ¢ ¢ ¢ L T Q L G C T L N F 1

3 0 1 P Q I T L W Q R P L V T V K ¢ ¢ ¢ L T Q L G C T L N F 4
2 P Q I T L W Q R P L V A V K ¢ ¢ ¢ L T Q L G C T L N F 4
3 P Q I T L W Q R P L V T V K ¢ ¢ ¢ L T Q L G C T L N F 2

13 1 P Q I T L W Q R P L V T V K ¢ ¢ ¢ L T Q L G C T L N F 4
2 P Q I T L W Q R P L V A V K ¢ ¢ ¢ L T Q L G C T L N F 4

24 1 P Q I T L W Q R P L V T V K ¢ ¢ ¢ L T Q L G C T L N F 4

cluster assignments for each clonal sequence. Hartigan’s cri-
teria with a cutoff of 50 is used to determine the appropriate
number of clusters (Hartigan 1975). Table 1 reports cluster as-
signments for a sample of data. Clustering can result in multiple
cluster assignments for each patient/time combination. An ex-
ample is provided in Table 1 by patient 3, who, at week 0, has
two clones that belong to cluster 4 and one clone that belongs to
cluster 2. Other methods for grouping sequences also could be
considered. For example, a cluster could comprise sequences
that have a speci� c pattern of known resistance mutations or
known resistance mutations could be up-weighted in the dis-
tance calculations.We consider an alternative approach to clus-
tering that incorporates knowledge of resistance mutations and
we discuss the sensitivity of our results to the choice of clusters
in Section 4. By pooling all clonal sequences to create clusters,
we may be unduly weighting patients who have more clones
or more visits. For this reason, we also consider grouping pa-
tients based on the numbers of accessory mutations and mu-
tations known to be associated with intermediate or high level
resistance (Shafer 2001). This later approach does not require
use of a clustering algorithm. These alternative approaches and
the results of applying them to our data setting are discussed in
more detail in Section 4.

Using information about how clonal sequences cluster, pa-
tients can be assigned to states at each observed time. Let

S1; S2; : : : ; SNs represent these states. The following sections
describe methods for estimating transition rates between these
states and testing hypotheses related to these rates. In Sec-
tion 2.1, states are assumed to be known at all time points,
whereas in Section 2.2, states are treated as latent variables.
In both estimation approaches, all transitions are assumed to
be observed. For example, suppose a patient is in S1 at t1 and
S2 at t2. For the purpose of estimating the transition rates, it is
assumed that this patient did not change states during the in-
terval .t1; t2/ and transitioned to S2 at time t2. We discuss the
reasonablenessof this assumption as well as alternatives to it in
Section 4.

2.1 Estimation and Testing Assuming a Markov Process
and Known States

Suppose Ns states are observed and the state to which a pa-
tient belongs at a given time point is known. In the example
provided in Section 3.1, this situation is taken to be the cluster
in which the majority of a patient’s clones belongs. Returning
to the data described in Table 1, patient 1 is assigned to S4 , pa-
tient 2 is assigned to S1 at all three observed time points, and
patient 3 is assigned to S4 at all observed time points. Using
the notation of Albert (1962), let P.t/ be a matrix of transition
probabilities so that the .i; j / element of P.t/ is the probability
of transitioning from Si to Sj in time t . Assume the probability
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of transitioning from Si at time t to Sj at time s depends only
on js ¡ t j, that is, the process has stationary transition probabil-
ities. Under this assumption, P.t/ can be written

P.t/ D exp.tQ/ D
1X

nD0

tnQn

n!
; (1)

where Q is an Ns £ Ns matrix referred to as the in� nitesimal
generator.Assessment of the assumptionof stationary transition
probabilities is discussed in Section 3.1.

Let q.i; j/ be the .i; j/ element of Q, let K equal the number
of patients, let Zk.t/ be the state at time t for patient k, let T be
the total amount of follow-up time over all patients, let N.i; j /

equal the number of transitions from Si to Sj , and let AT .i/

equal the total time Si is occupied over all K patients. Albert
(1962) showed that the q.i; j /’s can be estimated consistently
by

bq.i; j / D
N.i; j/

AT .i/
: (2)

We now consider tests for the hypothesis that all transitions
from one state to another occur at the same rate; that is, tests
for departures from H0 :q.i; j / D q.i 0; j 0/, i 6D j and i 0 6D j 0.
Using the large sample properties of bq.i; j / described in Albert
(1962), it is straightforward to show that for i 6D j , statistics for
testing that each transition rate is equal to an overall rate q0 are
given by

Tij D
bq.i; j / ¡ q0p
q0=EAT .i/

iid» N.0;1/; (3)

where

EAT .i/ D
KX

kD1

Z tk

0
Pr[Z.t/ D Si ]dt: (4)

Under this null, EAT .i/ is the ith diagonal element, of the
matrix given by

EAT D
KX

kD1

Z tk

0

(
pI

1X

nD0

tnQn

n!

C .Ns ¡ 1/¡1

Á

I ¡
1X

nD0

tnQn

n!

!

.I ¡ pI/

)

dt

D
KX

kD1

©
pIQ¡1¡

exp.tkQ/ ¡ I
¢

C 1
Ns ¡ 1

.I ¡ pI/

£
¡
tkI ¡ Q¡1 exp.tkQ/ C Q¡1

¢ª
;

(5)

where pI is a diagonal matrix with the ith diagonal element
equal to the probability of starting in Si and tk is the length of
time patient k is observed.

When assessing the signi� cance of each Tij , adjustments
need to be made for the number of tests Ns .Ns ¡ 1/ under con-
sideration. A Bonferroni adjustment provides valid results, but
is conservative; a less conservative alternative is provided by
adjustment based on the false discovery rate (FDR) (Benjamini
and Hochberg 1995). Both corrections are considered in the ex-
ample provided in Section 3.

2.2 Treating State Membership as Unobservable

This section considers methods for estimating the transition
rates when state membership is treated as unknown. The idea
behind the approach is that each possible pattern of state assign-
ments (over time) for an individualhas a probability associated
with it. The estimation procedure, a version of the EM algo-
rithm (Dempster, Laird, and Rubin 1977), iterates between two
steps: (1) probabilities are calculated from current estimates of
the transition rates and (2) estimated probabilities are used to
update estimates of the transition rates.

The expectation of the complete data log-likelihood condi-
tional on the observed cluster memberships u and the current
estimate of Q, bQ.m/, is given by

E
¡
logLj OQ.m/;u

¢
D

KX

kD1

X

l2Vk

Op.m/
kl

»
Const:

C
X

i;j 6Di

Nkl.i; j / log[q.i; j /] ¡
X

i;j 6Di

Akl.i/q.i; j /

¼
; (6)

where Vk is the set of all possible sequences of state member-
ship for person k, Nkl.i; j/ is the number of transitions from
Si to Sj observed in the lth sequence of states for person k, and
Akl.i/ is the correspondinglengthof time in Si . The probability
associated with the lth pattern for person k given at least one of
the patterns in Vk is observed is estimated by Op.m/

kl , a function

of the current estimate OQ.m/. More formally,

bp .m/
kl D Pr

¡
Vk D vklj OQ.m/;u

¢
: (7)

Letting QN.m/.i; j/ D
P

k

P
l2Vk

bp .m/
kl Nkl.i; j/ and QA.m/.i/ D

P
k

P
l2Vk

bp .m/
kl Akl.i/, it is straightforward to show that the

conditional expectation given in (6) reaches an extrema at
bq .mC1/

ij given by

bq .mC1/
ij D

QN .m/.i; j /

QA.m/.i/
: (8)

If the matrix of second derivativesof the expected log-likelihood
conditional on the observed data is negative de� nite, then the
estimate at the � nal iteration of the EM is at least a local maxi-
mum (Dempster et al. 1977).

We reconsider the problemof testing departures from the null
hypothesis that all transition rates from one state to another are
the same. This test requires estimation of the variance of the
parameter estimates. Using the formula of Louis (1982), the di-
agonal elements of the information matrix, to be evaluated at
the maximum likelihood estimator, are given by

X

k;l2Vk

pkl

³
Nkl.i; j /

q2.i; j /

´

¡
X

k;l2Vk

pkl.1 ¡ pkl/

³
Nkl.i; j/

q.i; j/
¡ Akl.i/

´2

C
X

l 6Dl0

pklpkl0

³
Nkl.i; j /

q.i; j/
¡ Akl.i/

´

£

³
Nkl0 .i; j /

q.i; j /
¡ Akl0.i/

´
: (9)



Foulkes and De Gruttola: Characterizing the Progression of Viral Mutations Over Time 863

In some data settings, the likelihoodmay have multiple max-
ima. For example, suppose the data consist of a single patient
whose clones are sequenced at two time points, one unit apart.
Further suppose that at the � rst time point, this patient’s clones
all belong to cluster 1, whereas at the second time point, the
clones are divided between clusters 1 and 2. The likelihood is
maximized at the boundaries, that is, when the probability of
transitioning from 1 to 2 equals 1 or 0. The multiple solutions
indicate that the two estimates are equally good at explaining
the data. We suspect that this situation will be relatively rare
provided that the number of states is small compared to the
number of observations and time points; we return to the issue
of multiple maxima in the discussion.

3. EXAMPLE

The data used in this section were obtained during there
clinical studies of efavirenz (EFV) and are available in the
Stanford HIV RT and Protease Sequence Database. In all three
studies patients were naive to nonnucleoside reverse transcrip-
tase inhibitors and protease inhibitors. Patients were random-
ized to receive EFV or placebo in addition to indinavir or
zidovudine and lamivudine or double nucleoside reverse tran-
scriptase inhibitors. A complete description of these studies

and more characteristics of the data can be found in Bacheler
et al. (2000; 2001). The protease sequences of viral clones
from 170 patients are used to arrive at clusters. Sequences are
available at two or more time points for 120 of these patients
and are used in subsequent analyses. These patients were fol-
lowed between 10 and 109 weeks, with a median length of
follow-up of 54 weeks. The 25th and 75th percentiles of follow-
up time are 24 and 70 weeks. Sequenceswere obtained between
2 and 11 time points with a median of 5 time points. At a given
time point, between 1 and 21 clones are observed for a single in-
dividual.The median number of clones for a single patient/time
combination is 6. Of the 581 unique patient/time combinations,
82% consist of clones that are all members of the same cluster;
in 16%, clones are split between two clusters, in 1:7%, clones
are split between three clusters, and in one case, clones are split
between four clusters.

As discussed in Section 2, K-means clustering is used to
cluster the sequences of multiple viral clones. A total of seven
clusters of clonal sequences are observed. Two of these consist
only of sequences from a single patient and are disregarded in
subsequent analyses. The proportions of clones with mutations
at each of 21 sites associated with PI resistance are illustrated in
Figure 1. Clusters are ordered according to the average number

Figure 1. Proportion of Clones With Mutations at Corresponding Sites by Cluster. Sites illustrated include accessory mutations (left), mutations
associated with low-level and intermediate resistance (middle), and mutations that confer high-level resistance to at least one PI (right) according
to the Stanford PI Resistance Notes, April 2002.
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of known resistance mutations observed. Since prior research
indicates that a mutation at site 63 alone does not confer resis-
tance (Foulkes and De Gruttola 2002), the cluster with a high
prevalence of this mutation alone (cluster 1 in Fig. 1) is treated
as the most nearly wild-typecluster. The three-dimensionalpro-
tease structure reveals that the sites with high rates of mutation
in cluster 5 (10, 93, 46, 54, and 82) tend to be in close prox-
imity to the binding site. The sites that characterize cluster 4
(77 and 93) are just to the left of the � rst set of de� ning sites.
Finally, site 63, which characterizes the most sensitive cluster,
is even farther to the left.

These clusters capture information on general trends in the
sequence data. For example, based on Figure 1, it is clear that
many clones exhibit mutations only at sites 63 or 77 and no
other sites associated with PI resistance. On the other hand,
clones with a mutation at site 82 tend to have an array of mu-
tations at other sites. Of the eight clones that are wild type at
site 82 in cluster 5, all are mutant at site 46 and wild type
at site 54. Seventy percent of the clones in this cluster that are
mutant at site 82 are also mutant at sites 46 and/or 54. Clus-
ters 1 and 2 differ in the prevalence of mutations at a few sites
not indicated in this � gure. Most notably, 62:2% of the clones
in cluster 2 exhibit a mutation at site 13, whereas only 4:7% of
the clones in cluster 1 are mutant at this site. Higher prevalences
of mutations in cluster 2 versus cluster 1 are also observed at
sites 37 (49:2% vs. 10:9%) and 72 (37:2% vs. 7:7%). On the
other hand, only 4:1% of the clones in cluster 2 are mutant at
site 64 versus 38:5% in cluster 1. At baseline, the percentagesof
patients with the majority of their clones in clusters 1–5 are 38,
17, 24, 21, and 0%, respectively.

3.1 Assuming State Membership Is Known

In this section, a patient’s state membership is de� ned as
the cluster that is most prevalent among the observed clones
at a given time point. In 14 cases, two clusters are observed in
equal proportionsand the patient is assigned the cluster with the
fewest average number of mutations. The number of observed
transitions is given by

NT D

0

BBB@

142 2 5 1 2
0 62 1 4 3
7 1 86 3 2
0 2 0 81 10
0 0 0 1 33

1

CCCA ; (10)

where the .i; j/ element of NT is the number of transitions from
Si to Sj .

In general, patients tend to remain in the same state from
one observed time point to the next over the observation period.
The numbers of observed transitions from S3 to S1 (n D 7) and
S4 to S5 (n D 10) are greater than the number of transitions
between any other two states. The estimated transition rates for
these changes are :0069 (S3 to S1) and :0080 (S4 to S5.) The
estimated probabilitiesof transitioning in 16 weeks is given by

p.16/ D

0

BBB@

:923 :015 :036 :009 :017
:001 :879 :014 :058 :049
:096 :015 :817 :041 :032
:000 :022 :000 :860 :117
:000 :000 :000 :026 :973

1

CCCA : (11)

The estimated probabilities of remaining in the same state over
a 16 week period are all greater than 80%. The probability of
staying in S5 , the most mutant state (97:3%), is 5–10% greater
than the probabilitiesof staying in any one of the other states.

Patients who change states tend to go from more wild-type
to more mutant states, with the highest transition probability
being 11:7% for the transition from S4 to S5 . In other words,
patients tend not to revert to more wild-type states. This sug-
gests that patients with viral mutations predominantly at sites
63 and 93 who change states are more likely to move to a rel-
atively sensitive state than to a resistant state characterized by
many mutations. The relatively high prevalence of transitions
from S4 to S5 suggests that patients who develop mutations at
93 and 77 are at high risk of developing mutations at sites 10,
82, and 46 or 54. The latter set of mutations is associated with
high levels of multidrug resistance. Thus patients in S4 are at
highest risk for development of high-level resistance to all pro-
tease drugs.

The one exception to this pattern is the transition from S3

to S1, which has an estimated probability of 9:6%. We return
to a discussion of this transition in the next section; the rela-
tively high estimated probability found here may be an artifact
of assigning a state based on the dominant clone rather than
considering the role of minority species. Test statistics for test-
ing equality of all transition rates from one state to another are
given by

bT D

0

BBB@

— ¡ :80 :58 ¡1:26 ¡:80
¡1:47 — ¡ :69 1:66 :88

3:97 ¡ :74 — :83 :05
¡1:52 ¡ :25 ¡1:52 — 4:84
¡1:21 ¡1:21 ¡1:21 ¡ :06 —

1

CCCA : (12)

and illustrated in Figure 2(a). Using both the Bonferroni and the
FDR adjustment, the transitions from S3 to S1 and S4 to S5 are
signi� cantly different from the overall transition rate.

In general, a likelihood ratio test can be used to assess the
appropriateness of the Markov model assumption as described
by Kalb� eisch and Lawless (1985). However, in our data set-
ting, the relatively large number of time points at which clones
are sequenced and the irregularity of these times across patients
results in small cell counts, which means that we cannot rely
on asymptotic results. In addition, the power to detect depar-
tures from the Markov assumption is likely to be low because
of the number of degrees of freedom for the test in this setting.
To evaluate the reasonableness of the Markov assumption, we
consider the ad hoc alternative of modeling the relationship be-
tween an indicator for any change in state from the � rst to sec-
ond observed time points and an indicator for a change from the
second to third time points. We also considered the relationship
between a change in state from the third to fourth time points
and from the fourth to � fth time points. Using logistic regres-
sion, in both cases we found no dependence between the two
indicators, providing evidence against a major departure from
the assumption of stationary transition probabilities.

3.2 Treating State Membership as Unobservable

This section treats state membership as an unobserved vari-
able. The approach described in Section 3.1 is used to arrive at
starting values for bQ. Convergence is met after � ve iterations,
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(a) (b)

Figure 2. P-Values That Correspond to Tests of Departures From Equal Transition Rates: (a) Treating State as Known; (b) Treating State as
Unobservable (± P-value; £ FDR cutoff).

using the criterion that the maximum of the absolute difference
between parameter estimates was less than 10¡5. We also used
two other sets of starting values. The � rst set was based on es-
timated transition rate when all transitions from one state to
another are assumed to occur at the same rate; this assumption
led to an estimate of :0019. A second set of starting values,
using only patients with known pathways, is discussed at the
end of this section. Convergence is reached at the same point
for all sets of starting values. Several elements of Q converged
to values that were near 0 (< 10¡6), which is the boundary of
the parameter space. These elements include the .2;3/ element
of Q and all lower diagonal elements except the .4;5/ element.
Constraining these elements to be identically 0 and continuing
the same iterative procedure until convergence led to a small
increase in the likelihood compared to that evaluated at the es-
timates of Q that are close but not equal to 0. Therefore, the re-
sults based on constraining elements of Q to be 0 are reported.
None of the parameter estimates changed by more than 10¡6,
so the differences between estimates would be lost in round-
ing. The information matrix is negative de� nite at this point,
indicating that it is a maximum. In this example, it is possible
to reduce the number of parameters by eliminating those that
characterize transitions that were never observed in the data-
base, and therefore must be estimated to be 0. Eliminating such
parameters is not necessary, however; the � nal estimates are the
same whether or not they are included.

The estimated rate of transitioning from S4 to S5 is again
approximately :007. However, now the estimated transition rate
from S3 to S1 is 0. The weighted number of transitions at the
� nal iteration is given by

QN D

0

BBB@

145:40 1:07 3:13 1:08 1:05
:00 63:80 :00 2:02 1:04
:00 :00 94:54 1:05 2:06
:00 :00 :00 88:46 8:48
:00 :00 :00 1:02 33:80

1

CCCA : (13)

In almost all cases, the expected number of changes in state is
smaller than what is observed [Eq. (10)]. The greatest differ-
ence is observed for the transition from S3 to S1. The prob-
abilities associated with patterns that involve this transition

approach 0; hence the weighted number of transitions is 0.
This suggests that what appeared to be reversions to more
fully sensitive states may have been artifacts of ignoring mi-
nority species. The estimated probabilities of transitioning in
16 weeks is given by

pu.16/ D

0

BBB@

:950 :008 :024 :009 :009
:000 :950 :000 :031 :018
:000 :000 :953 :015 :031
:000 :000 :000 :902 :098
:000 :000 :000 :031 :969

1

CCCA : (14)

The test statistics that correspond to tests of departures from
the null of equal transition rates are given by

bTEM D

0

BBB@

— ¡2:52 ¡:36 ¡2:40 ¡2:62
— — — :13 ¡:76
— — — ¡:89 :05
— — — — 2:01
— — — :08 —

1

CCCA (15)

and are illustrated in Figure 2(b). Note that test statistics for
transitions for which the rate is estimated to be 0 are not de-
� ned, because the corresponding information is unde� ned. Al-
though there is a trend that implies that the rate of transition
from S4 to S5 is greater than the overall rate, it is not signi� cant
at the :05 level after adjusting for multiple testing. The num-
bers in bold in (15) represent tests that reached the .05 level of
signi� cance using the FDR adjustment. In all three cases, the
transitions are less likely than expected under the null hypothe-
sis. The test for transition from S1 to S5 is also signi� cant using
a Bonferroni correction.

In general, the algorithm places the most probability mass
on sequences of state membership that involve staying in the
same state over time. The posterior probabilities associated
with each possible sequence of states can lend insight into
which patterns of mutations are of most importance in deter-
mining state membership. Consider, for example, one patient
whose clones are measured at � ve time points. The possible se-
quences of states and corresponding posterior probabilities are
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t1 t2 t3 t4 t5 Posterior Probability

(1) 1 2 4 4 4 .0009

(2) 1 4 4 4 4 .0407

(3) 2 2 4 4 4 .8019

(4) 2 4 4 4 4 .1565

In this example, the patient’s clonal sequences are divided
between clusters 1 and 2 at the � rst time point, and between
2 and 4 at the second point; all sequences are in cluster 4 at
the remaining three time points. The sequence of state member-
ships labeled (2), (3), and (4) all involveone changeof state. For
this patient, the posterior probabilities associated with starting
in S2 are greater than the those associated with starting in S1.
A change from S2 to S4 from time t2 to t3 is given more weight
than the same change at time t1 to t2. By providing informa-
tion about the in� uence of each sequence of state assignments,
the posterior probabilities can help identify whether, for exam-
ple, patients are generally assigned to the more mutant state. In
the example just described, more weight was given to the more
mutant (S2) of the two states (S1 and S2) at the � rst time point,
but more weight was given to the more wild-type state (S2) of
the two states (S2 and S4) at the second time point. In the data
example used in this paper, the only trend observed across all
patients is that sequences that involve a single state over time,
that is, with no transitions, have the greatest associated poste-
rior probability.

Consistency of our estimates is assured when the likelihood
has a unique maximum, but, as discussed in Section 2.2, this
may not always be the case. One approach to investigation
of the likelihood surface is simply to perform grid searches.
Another ad hoc approach is to consider very different sets of
starting values, as previously, and check that the algorithm
converges to the same estimates. We note that if the starting
values are consistent estimates, the � nal estimates will be as
well, because in EM iterations, the likelihood is nondecreasing
(Dempster et al. 1977). Therefore, it may be valuable to include
among the sets of starting values those that might be consistent
under certain assumptions. For example, in our setting some
sequences are observed with variability (across multiple clones,
for example), but others are not. Seventy-� ve patients have state
sequences for which the order of transition is observed without
variability, although for 10 of them, there was variability in the
possible times of transition.As mentionedpreviously,data from
these patients were also used to arrive at initial estimates of Q.
If inference based on the patients whose order of transitions are
known with certainty provide consistent (although inef� cient)
estimates of Q, then the � nal estimates are also consistent.

4. DISCUSSION

This paper proposes an approach to characterizing the path-
ways taken by the HIV-1 genome from the wild-type genotype
to various resistant genotypes. As mentioned in the Introduc-
tion, these pathways may correspond to actual viral evolution,
that is, development of new mutations under selective drug
pressure, or simply detection of a preexisting resistant quasi-
species that were not detectable until after the dominant drug-
sensitive species were suppressed. Although these mechanisms
are not distinguishablefrom the available data, the methods we
develop apply equally well for both. Furthermore, the results

are clinicallyuseful in either setting, because they permit inves-
tigation of genetic and other factors that predispose a patient to
development of resistant strains as well as provide estimates of
the rates of developmentof these strains. For example, although
patients in state 4 may not have a highly resistant phenotype,
such patients would be poor candidates for protease inhibitor
therapy because they are at high risk of becoming highly resis-
tant to these drugs. Even worse from the patient perspective is
if they did so, they would be at high risk of developing resis-
tance to the other therapies in their regimens, because effective
treatment of HIV infection generally requires active drugs from
at least two drug classes.

Were covariates such as baseline viral load available in the
dataset we consider, our methods could be modi� ed to permit
analysis of the effect of such covariates. Such analyses would
also be helpful for selecting appropriate treatment regimens.
Consider, for example, the case in which we are interested
in determining whether viral load above or below 400 copies
in� uences the transition rates between states. If we assume
a multiplicative effect, we have qij .Z D 1/ D ®[qij .Z D 0/],
where Z is an indicator for viral load greater than 400 copies.
The likelihood can now be described by replacing qij by
qij [Iz C .1 ¡ Iz/®], where Ik is equal to Z for patient k. Esti-
mation of qij and ® can be arrived at by setting the score equa-
tions equal to 0 and using a Gauss–Seidel iterative procedure
(Thisted 1998).

We note that even in population sequencing where mixtures
of amino acids may be observed at speci� c sites, our approach
may prove to be useful. Suppose there were mixtures of two
amino acids at two sites in a given sequence; we could infer the
existence of four possible sequences (without mixtures) from
this sequence. Of course, not all of these four sequences are
necessarily present in the patient’s plasma or even biologically
possible, but this concern does not prevent the application of
our approach.Because our methodsdown-weightpathways that
are not supported by the totality of the data, they may perform
better than methods that either ignore mixtures or treat them in
an ad hoc way.

The estimationproceduredescribed in Section 2 assumes that
all transitions occur at the time the new state is observed. This
allows us to treat the time in Si , given by AT .i/, as observed
data. We consider that this assumption provides reasonable ap-
proximations to reality because the intervals were fairly short,
in the sense that rates of transition within intervals were fairly
low. Were the intervals longer, however, alternative approaches
might be required. One alternative is to assume a parametric
distribution for time in state and then allow the transition to
occur anywhere in the interval. The most straightforward dis-
tribution is exponential, which corresponds to the likelihood
described in Albert (1962). Assumptions other than constant
hazard require a different formulation for the likelihood. In our
example, we do not expect results to change much using this
approach because of the shortness of the intervals between ob-
served sequences. To investigate the potential impact of ignor-
ing interval censoring of the sequence data, we performed an
additional analysis using the midpoint between time intervals
as the time at which transitions occur. The same transitions
were identi� ed as being signi� cantly different from the others
as in Section 3.1. The estimated transition rate from S5 to S4
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decreased by 25%, while all other nonzero estimates increased,
with an average increase of 4%.

Although it is possible that additional,undetected, transitions
may have occurred between times of observations, we do not
think that the existence of such transitions would have a ma-
jor impact on our � ndings. The effect of such transitions within
intervals would tend to reduce the observed number of transi-
tions directly from the most nearly wild type to the most re-
sistant state. The reason for this is that such transitions would
likely be to intermediate states. One major � nding, that tran-
sitions that “jump” from sensitive to highly resistant states are
relatively rare, would only be strengthened by the presence of
additional unobserved transitions. One additional feature of the
data requires consideration.As mentioned in the Section 1, it is
not possible to sequence virus from patients whose viral burden
is below a certain threshold. Even when interval-censored ap-
proaches are used, it may be preferable to assume, as we do in
this paper, that viruses that remain below the level of detection
do not change state.

As mentioned in Section 2.2, the likelihood surface is not
constrained to be convex, so multiple maxima may arise. It is
easy to check that the convergence point of the algorithm is at
least a local maximum by checking that the information matrix
is negative de� nite at that point. In practice, different starting
values should be considered to ensure that they all lead to con-
vergence at the same point. The starting values considered in
the example all led to identical estimates.

The high dimension of viral genetics data led us to consider
dimension-reduction techniques. In our example, we used clus-
ter analysis to de� ne states between which patients transition
over time. Note that states could also be de� ned by speci� c pat-
terns of mutations, rather than by clusters. These patterns can
be de� ned based on preexisting knowledgeabout resistant vari-
ants. Approaches such as those described in Sevin et al. (2000)
may be useful for such purposes. To assess the sensitivity of
our � ndings to the initial clustering, we considered two alterna-
tive approaches to creating clusters. First, we based our clusters
on only the 21 sites known to be associated with PI resistance,
instead of using all 99 sites as in our primary analyses. This ap-
proach is equivalent to weighting known sites by a factor of 1
and all other sites by a factor of 0 in the distance calculations.
Second, we grouped patients according to the following rule
based on a classi� cation system for mutations described on the
Stanford website (Shafer 2001): (1) no mutations known to be
associated with PI resistance (with the exceptionof 63); (2) one
or more accessory mutations and no mutations associated with
intermediateor high-level resistance; (3) one or more mutations
associated with intermediate or high-level resistance. Although
these approaches to grouping patients are very different from
each other and from the methods described, the central � ndings
of our analyses were qualitatively similar across them. These
� ndings include low rates of reversion to wild type, a tendency
for transitions to occur only among adjacent states, and high
risk of transition from an intermediate to a fully resistant state.

Finally, we implemented two additional approaches that in-
corporate information on all possible state paths given observed
states: (1) equal weight for each possible state path for each in-

dividual; (2) state paths weighted by the product across time
points of the prevalences of each cluster. The rates of the tran-
sitions from one state to another have approximately the same
rank order for these approaches and the one treating cluster as
known.

Our approach for estimating and testing the rates of tran-
sition between states accommodates the detected presence of
quasi-species and, therefore, may provide a more realistic pic-
ture of progression to resistance. The usefulness of this fea-
ture is demonstrated by the example where the transition rate
from S3 to S1 appeared to be signi� cantly greater than the over-
all rate until the minority strains were considered. Estimation
of the frequency of viral genotypic reversion to more sensitive
states is highly relevant in AIDS clinical research, because such
reversion increases the treatment options for drug-experienced
patients. Our � ndings, however, imply that the appearance of
reversions based only on consideration of majority species may
be misleading; valid investigation of reversion must take into
account the existence of minority species.

[Received May 2003. Revised July 2003.]
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