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Use of human immunodeficiency virus (HIV) drug-resistance testing in therapeutic decision
making may be aided by understanding the relationship between results of genotypic and
drug-susceptibility phenotypic assays. We investigated this relationship by applying 3 different
statistical methods—cluster analysis, recursive partitioning, and linear discriminant analy-
sis—to results for 72 patients followed in the Adult AIDS Clinical Trials Group (ACTG)
protocol 333. ACTG 333 was a multicenter, randomized trial comparing 2 formulations of
saquinavir (SQV) to indinavir (IDV) in patients with extensive hard-gel SQV experience. Data
include protease amino acid sequences and 50% inhibitory concentrations for SQV and IDV
at baseline. The 3 methods give similar results showing the association of mutations at codons
10, 63, 71, and 90 with in vitro resistance to IDV and SQV. Recursive partitioning is especially
useful because it can identify interactions among mutations at different codons and accom-
modates many types of data as well as missing observations.

Human immunodeficiency virus type 1 (HIV-1) resistance
genotyping has recently been associated with improved viro-
logical response in patients switching antiretroviral therapy [1].
This success underscores a need to develop methods to relate
HIV viral genotype to measures of viral susceptibility to drugs
as new drugs are developed and new important mutations are
implicated. Such methods will improve the ability to use more-
complex genetic sequence information in making treatment de-
cisions or in stratifying clinical trials by viral genotype. Such
methods could also help clinicians determine whether virologi-
cal failure results from resistance or some other factor, select
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salvage therapies, and identify drug resistance in patients with
new HIV-1 infections. As expressed by Mayer [2, p. 2001], “A
major effort is needed to standardize and validate [genotypic
and phenotypic] assays, develop standardized reporting formats
easily understood by practicing clinicians, develop better cor-
relates between drug-resistance mutations and phenotypic sus-
ceptibility, and relate drug-resistance mutations or phenotypic
drug-resistance levels to subsequent virological responses to
combination drugs.” Accomplishing these goals requires a sys-
tem for classification of patients by viral genotype, in which a
patient’s classification predicts the success of available treat-
ment options. This report describes several methods and their
application to drug-resistance data from the Adult AIDS Clin-
ical Trials Group protocol 333 (ACTG 333), a randomized
clinical trial that compared 2 formulations of saquinavir (SQV)
and indinavir (IDV) among patients with >1 year of prior
exposure to SQV.

Analyses that relate viral genotype to drug-susceptibility phe-
notype provide several statistical challenges. First, there are a
large number of possible mutations, the phenotypic effects of
which must be considered. For example, the protease region of
the HIV genome has 99 codons (297 nucleotides); and the re-
verse transcriptase (RT) region has ∼560 codons (1680 nucleo-
tides). In addition, the occurrence and effect of mutations at
any given codon are influenced by the presence of mutations
at other codons; therefore, it is necessary to detect interactions
among mutations at various codons. Other considerations in
the analysis of genotypic data include methods for handling
mixtures of amino acids at a codon and for defining the distance
between 2 nucleotide or amino acid sequences.

One promising statistical approach to this problem is recur-
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Table 1. Baseline characteristics of 72 patients enrolled in AIDS Clinical Trials
Group protocol 333 for whom baseline genotype and phenotype assays were done.

Variable

Cluster

All patients
(n = 72)

1
(n = 33)

2
(n = 15)

3
(n = 24)

Sex (male/female) 28/5 15/0 21/3 64/8
Median age, years 42 38 41.5 41 (range, 28–65)
Race

White non-Hispanic 25 11 20 56
Black non-Hispanic 3 1 3 7
Hispanic, Latino 5 3 1 9

History of injection drug use
No 29 10 21 60
Yes 4 5 3 12

Median CD4 cell count/mL 262.5 164.5 210 230 (range, 3–639)
Median log10 (HIV RNA) 3.8 4.9 4.4 4.3 (range, 2.7–5.3)
Median length of prior SQV

use, weeks 92 92 110 99 (range, 53–196)
Median SQV IC50, mM .007 .029 .016 .009 (range, .005–.373)
Median IDV IC50, mM .030 .055 .042 .035 (range, .007–.230)

NOTE. HIV, human immunodeficiency virus; IDV, indinavir; SQV, saquinavir.

sive partitioning, also known as classification and regres-
sion–tree methodology [3, 4]. This methodology is designed to
search for important patterns and relationships and to uncover
hidden structure in highly complex and multidimensional data.
A number of features of recursive partitioning make it well
suited to genotypic data analysis. These features include its
ability to select important predictor variables from among a
large number of candidates and to identify interactions among
predictors. Also of importance is the ability of recursive par-
titioning to handle all types of data (binary, categorical, and
numerical) as well as missing data. Recursive partitioning is
more flexible than many other statistical analyses in that pre-
diction can depend on different subsets of the predictors for
different classes of individuals. In this article, we illustrate how
this statistical tool can provide useful insights into the rela-
tionship between HIV-1 drug-susceptibility phenotype and pro-
tease genotype for the data from ACTG 333. We also compare
the results of recursive partioning to the results from 2 other
better-known multivariate statistical techniques—cluster anal-
ysis and discriminant analysis.

The ultimate goal of such analyses is to improve the ability
of physicians to select optimal therapy based on a patient’s
viral genotype. Although tables that relate the presence of spe-
cific mutations to drug resistance currently exist [5], they have
arisen from investigations of mutations at specific codons rather
than a systematic approach to examining the effects of all pos-
sible mutations and of their combinations. Such investigation
must proceed in 2 steps: an exploratory step, in which all po-
tentially important mutations and combinations of mutations
are identified, and a confirmatory step, in which the ability of
these mutations to predict treatment failure is tested in a sta-
tistically rigorous way. An example of the latter is the analysis
conducted by the Resistance Collaborative Group (RCG), in
which the prognostic value of viral genotype was investigated

using results from 12 different studies of different combinations
of antiretroviral therapy [6]. For each patient in each study, the
number of drugs to which a patient was genotypically sensitive
was associated with virological response; genotypic sensitivity
was determined by the absence of specific mutations in the
patient’s HIV genetic sequence. Although this analysis dem-
onstrated that the table of mutations developed by the RCG
was useful for prediction, it did not prove that the table was
optimal. Furthermore, the complexity of tables of mutations
must grow as the number of drugs, and especially drug com-
binations, increases. The methodology we propose should aid
in the development of increasingly sophisticated tables as AIDS
therapeutic research evolves.

Methods

Clinical Trial

ACTG 333 was a multicenter, randomized phase II trial designed
to determine whether, after long-term (11 year) treatment with
hard-gel SQV (SQV hc), recipients had a decrease of plasma HIV
RNA following substitution of this therapy with IDV or soft-gel
SQV capsules (SQV sgc). Eligibility criteria included laboratory
documentation of HIV-1 infection, >1 year of exposure to SQV
hc at 1800 mg/d, and no prior therapy with any protease inhibitor
other than SQV. The data used in this analysis are the results of
population genetic sequence analysis (GenBank accession numbers
provided in Appendix) and phenotypic susceptibility assays of
plasma-associated HIV-1 to IDV and SQV done at baseline.

Methods for Determination of Genotype and Drug-
Susceptibility Phenotype

Viral RNA analysis. RNA was extracted from 100 mL of plasma
according to the method described by Boom et al. [7]. After viral
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Figure 1. Cluster profiles of amino acids at selected sites of known resistance mutations to saquinavir (SQV) and/or indinavir (IDV)

RNA isolation an equivalent of 10 mL of plasma was used to reverse
transcribe and amplify the protease gene (nucleotides 2252–2548). A
one-tube RT–polymerase chain reaction (PCR) procedure, essentially
as described by Nijhuis et al. [8] using 1 mM MgCl2 and 10 pmol
of primer 5′ prot-1 (5′-AGGCTAATTTTTTAGGGAAGATCT-
GGCCTTCC-3′ [nucleotides 2077–2108]) and primer 3′prot-1 (5’-
GCAAATACTGGAGTATTGTATGGATTTTCAGG-3′ [nucleo-
tides 2733–2702]) (Pharmacia Biotech, Roosendaal, The Nether-
lands), was done. Subsequent to this procedure, the amount of am-
plified product was further increased in a second (nested) amplifi-
cation reaction, containing 12 pmol of primer 5′prot-2 (5′-TCAG-
AGCAGACCAGAGCCAACAGCCCCA-3′ [nucleotides 2135–
2162]) and 11 pmol of primer 3 ′prot-2 (5′-AATGCTTTTATTTTT-
TCTTCTGTCAATGGC-3′ [nucleotides 2649–2620]).

The nested PCR products were sequenced using the Taq Dye
Deoxy Terminator cycle sequencing kit (Applied Biosystems Inter-
national, Foster City, CA) and oligonucleotides PR1 (5′-AGGAGC-
CGATAGACAAGG-3′ [nucleotides 2215–2232]) and PR2 (5′-CTT-
TTGGGCCATCCATTC-3′ [nucleotides 2609–2592]).

Phenotypic resistance analysis. Recombinant protease viruses

were generated by introduction of viral protease sequences derived
from plasma into a protease-deleted HIV-1 clone (HXB2 pro) [9]
via homologous recombination. The nested PCR products were
cotransfected with HXB2 pro (linearized with BstEII) into SupT1
cells. The transfected cell cultures were subsequently monitored for
the appearance of syncytia. When full-blown syncytia were ob-
served, cell-free virus was harvested. The infectious virus titer
(TCID50) was determined using end point dilutions in MT2 cells
[10]. SQV and IDV susceptibility of the recombinant protease vi-
ruses were determined in duplicate using an MTT assay [11]. The
reported IC50 values are the geometric means of the duplicate mea-
surements (in mM).

Statistical Methods

This section describes the use of recursive partioning [3, 4], clus-
ter analysis [12, 13], and discriminant analysis [14, 15] to investigate
the relationship between HIV-1 drug-susceptibility phenotype and
genotype. This investigation requires definition of a measure of
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Table 2. Using the tree with 5 splits for prediction of week 0 IC50 values for indinavir
(IDV) from week 0 genotype for 2 individuals who were missing week 0 phenotype.

Individual

Codon
Predicted
IDV IC5090 37 63 71 62

1 wt (split L) D (split R) wt (split R) — — .0473
2 M (split R) — — wt (split L) wt (split L) .0435

NOTE. Wt, wild type; split L, split to the left; D, aspartic acid; split R, split to the right; M,
methionine.

distance between any 2 amino acid sequences in the protease section
of the HIV-1 gene; these distances can then be used to create clusters
of subjects with similar genotypes. The association between these
clusters and measures of drug-susceptibility phenotype provides
information about the usefulness of the clusters. A recursive par-
titioning algorithm is used to determine which features of genotype
(individual mutations or membership in a cluster) are most related
to phenotype. These results are compared with another standard
method, linear discriminant analysis.

Cluster analysis. Clustering sequences with similar genotypes
permits investigation of the degree to which viruses with similar
genotypes have similar drug-susceptibility phenotypes. To compute
a distance between sequences, a set of indicator variables is created
for each codon, by use of methods similar to those described by
P. Cosman et al. (unpublished data). Each indicator variable is
assigned a value of 1 if the amino acid it represents is present at
the site alone or in a mixture; otherwise it is assigned a value of
0. Each sequence is represented by a vector of indicator variables;
the distance between 2 sequences is defined as a Euclidean distance
between the 2 corresponding vectors. The distance between 2 clus-
ters is defined as the average of the distances between all pairs of
members of the 2 clusters. Hierarchical clustering is used to choose
the optimal number of clusters, and k-means clustering is used
choose the final division of cases into this number of clusters [12,
13]. The optimal number is chosen as the number just greater than
that which causes the within-cluster sums of squares (squares of
the distances between each observation and the center of the clus-
ter) to start to increase rapidly. To compare the median IC50 values
among clusters, the Kruskal-Wallis test is used.

Recursive partitioning. Recursive partitioning [3, 4], an itera-
tive technique for constructing a decision tree, starts by identifi-
cation of the specific variable that best splits a population into 2
subpopulations, or nodes. It continues by identification of the var-
iables that best split each of the resulting nodes into 2 more nodes
until no more splits are reasonable. The best split of a nonterminal
“parent” node is the one that minimizes the variability of the ob-
servations in the 2 “child nodes.” The tree is then pruned back to
an optimal number of splits, and a predicted value is assigned to
the terminal node at the end of each branch of the resulting tree.
A new case can be assigned a predicted value by following it
through the decision tree to a terminal node. In addition to using
the indicator variables for the presence of mutations as covariates,
we can use cluster membership as well; this permits investigation
of the combined effect of mutations that tend to occur together.

Because the IC50 phenotypic data are skewed, all recursive par-
tioning analyses are done using log10 (IC50) values; for ease of
interpretation, all means are reported as the geometric mean of
IC50 values in the original scale. Measures of variability are reported

on the log10 scale, however, because there is no simple transfor-
mation of these quantities back to the original scale. The predicted
value for each terminal node of the tree is reported as the geometric
mean of the IC50 values for the cases assigned to that node.

For the measure of variability in our trees, we used the within-
node sum of squares, or deviance. The deviance is computed by
finding the difference between each observed value and the node
mean, squaring these differences, and then summing the squares
of the differences over all individuals assigned to the node. Cross-
validation and bootstrapping are used to determine the appropriate
number of terminal nodes and to determine the reproducibility of
the model.

Linear discriminant analysis. Linear discriminant analysis [14,
15] is also used to determine which genetic mutations best predict
sensitivity to drugs, as defined by IC50. We first define 2 groups,
sensitive and resistant, on the basis of an IC50 cutoff. Then we use
a linear discriminant function to predict IC50 category on the basis
of genetic sequence. The linear discriminant function is just a linear
combination of predictors (in our case the indicator variables for
the amino acids at the 99 protease codons). To obtain a cutoff for
definition of the groups, we calculated the median IC50 for patients
who had no substitutions known to be associated with resistance
for the drug of interest in available published literature. Patients
whose IC50 values were >5-fold greater than this median were
classified as resistant; those with a !5-fold increase were classified
as sensitive.

All analyses were done with S-Plus 3.4 for Unix. Hierarchical
and k-means clustering were done with the routines hclust and
kmeans, respectively. The S-Plus RPART routines of Therneau et
al. [16] were used for recursive partitioning. Linear discriminant
analyses were done with the lda routine in Venables and Ripley’s
MASS library [17].

Results

Baseline Characteristics and Clustering

Eighty-nine subjects were enrolled in clinical trial ACTG 333,
of whom 72 had baseline genotype and phenotype assay results.
The baseline characteristics of these 72 patients are shown in
the last column of table 1.

Using the methods described in the Statistical Methods sec-
tion, we grouped the baseline genetic sequences into clusters.
The most reasonable grouping was division into 3 clusters of
33, 15, and 24 individuals. Figure 1 compares the frequencies
of mutations known to be associated with SQV and/or IDV
resistance for the 3 clusters [18–25].
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Figure 2. Baseline phenotypic resistance to saquinavir and indinavir
by cluster.

Codons 10, 71, and 90, known to be associated with both
SQV and IDV resistance, discriminated well among the 3 clus-
ters. This was not surprising, in light of the extensive exposure
to SQV of these patients. At protease codons 20, 46, 48, 54,
82, and 84, the majority of patients in all 3 clusters were wild
type; all individuals with resistance mutations at codons 48, 54,
and 82 were in cluster 2.

Baseline characteristics of subjects in the 3 clusters are shown
in table 1, and the baseline phenotypic resistance to SQV and
IDV, as measured by IC50, is displayed in figure 2. Phenotypic
resistances both to IDV and to SQV were lowest for cluster 1,
the cluster with the highest proportions of patients with the
consensus wild-type amino acids at codons 10, 71, 90, and 93.
Phenotypic resistances both to IDV and to SQV were highest
for cluster 2, the cluster with the highest proportions of patients
with the L10I (80%), G48V (33.3%), A71T (66.7%), and L90M
(86.7%) resistance mutations. Phenotypic resistance to both
drugs was slightly lower for cluster 3, as were the proportions
of patients with L10I (37.5%), G48V (0%), A71T (16.7%), and
L90M (75%) resistance mutations; however, higher proportions
of patients in cluster 3 had A71V (70.8%) resistance mutation
as well as the L93I (95.8%) substitution. The median IC50 values
for the 3 clusters were significantly different for both IDV
( ) and SQV ( ). Furthermore, the median IC50P = .0029 P = .0001
for cluster 1 was significantly less than those for both clusters
2 and 3 for both protease inhibitors, but there was no significant
difference between clusters 2 and 3.

Recursive Partitioning to Investigate the Relationship
between Baseline Genotype and Phenotype

Variables considered as predictors of IC50 included the al-
phabetic codes for the amino acids at each of the 99 protease
codons and membership in the 3 clusters. In figures 3 and 4,
each codon is coded as a dash (—) if the consensus wild-type

amino acid was present, as a single uppercase letter for a sub-
stitution (e.g., L for leucine), and as a pair of lowercase letters
for a mixture (e.g., lm for a mixture of leucine and methionine).
Within each node the figure provides the geometric mean IC50

(mM) and the deviance of the log10 (IC50) for observations
assigned to the node as well as the number of observations in
the node.

IDV resistance. Cross-validation methods indicated that
the best tree had 5 splits; this tree (fig. 3) had an ∼20% reduction
in deviance compared with the root node. Trees with anywhere
from 1 to 6 splits, however, did almost as well. For the tree
with just 1 split at codon 90 (the first split in fig. 3), the 38
cases with the wild-type amino acid, leucine either alone or in
a mixture at codon 90, are in the left child node. The geometric
mean IC50 for IDV in this node was 0.0287. The 34 cases with
the known IDV resistance substitution M90L are in the right
child node; their geometric mean IC50 for IDV was 0.0655, a
2.28-fold increase over that of the left child node.

In the full tree, each split represents an ∼2-fold increase in
phenotypic resistance to IDV (i.e., for each split the ratio of
the geometric mean of the IC50’ values in the right “child” node
to that in the left “child” node is ∼2 [range 1.78–2.28]). The
cases with the lowest IC50 values are in the leftmost terminal
node of the tree, which has a geometric mean of 0.015. These
cases had the wild-type amino acid L at codon 90; at codon
37, they had an A ( ), E ( ), or Q ( ) substitutionn = 3 n = 2 n = 2
or a mixture of N (wild type) and S ( ). The cases with then = 1
highest IC50 values are in the rightmost terminal node; the geo-
metric mean of the IC50 values for this node is 0.102, a 6.7-fold
increase over the cases in the leftmost terminal node. These
cases were L90M, at codon 90, and A71V, either alone or a
mixture, at codon 71. The other two splits in this tree were
based on the amino acid at either codon 62 or codon 63.

Cross-validated trees were also grown on 25 bootstrap sam-
ples; of them, 23 trees had >1 split, and codon 90 was the first
split for 15 of the 23. The other factors of importance in these
trees were mutations at codons 10, 63, and 71 as well as cluster
membership.

Table 2 illustrates how a tree can be used to predict baseline
IC50 for IDV from a baseline genotype. The first case had the
wild-type amino acid leucine (L) at codon 90 and therefore goes
to the left at the first split. The next split is to the right because
of the presence of aspartic acid (D) at codon 37. The final split
is to the right, reflecting the presence of wild-type amino acid
leucine (L) at codon 63. This case falls in a terminal node with
predicted IC50 for IDV of 0.0473. Similarly, the path of the
second individual can be followed through the tree to a terminal
node with predicted IC50 for IDV of 0.0435.

SQV resistance. For analyses of SQV, cross-validation in-
dicated, on the basis of the amino acid present at protease
codon 10, that the best tree had just 1 split. Trees with 2–5
splits did almost as well, so we present the tree with all 5 splits
in figure 4. Of 51 cases in the left child node, 49 had the wild-
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Figure 3. Pruned tree with 5 splits for predicting IC50 for indinavir from baseline genotype. Rectangles indicate terminal nodes. Numbers in
each node are the geometric mean IC50 (mM) for the node, the deviance for the node on the log10 (IC50) scale, and the number of cases in the
node. Splits that would result in !5 cases in a node were not permitted. The left child node of the root node is labeled “L90: —,lm” indicating
that the variable on which the cases split was codon 90 for which the wild-type amino acid is L (leucine) and that cases which were wild-type
(—) or had a mixture of L and M (lm) went to the left. The right child node is labeled “L90:M” indicating that cases with the amino acid
methionine (M) at codon 90 went to the right.

type amino acid, leucine, at codon 10, and the other 2 had
mixtures of leucine and valine or isoleucine and valine. The 21
cases in the right child node had an L10I substitution ( ),n = 11
an L10V substitution ( ), or a mixture of leucine (L) andn = 1
isoleucine (I) ( ). Cases in the right node had a 2.86-foldn = 9
increase in IC50 over the cases in the left child node. The var-
iables on which the second through fifth splits occurred were
codon 90, codon 62, codon 37, and membership in cluster 1.
The pruned tree with 5 splits is displayed in figure 4. For this
tree, each split represented an average 2.35-fold increase (range,
1.89–2.86) in phenotypic resistance to SQV for the right child
node as compared with the left child node.

This tree provides an example of how recursive partitioning
can identify different subsets of the predictors for different in-
dividuals. In this example, codon 62 is useful in predicting
phenotypic resistance to SQV for individuals with the L10I
mutation but not for individuals who are wild type at codon
10. Because the amount of information is limited, the re-
producibility of splits after the first one requires further
investigation.

Linear Discriminant Analyses of Baseline Data

Linear discriminant function analyses was conducted sepa-
rately for SQV and IDV.

SQV resistance. To determine an IC50 cutoff for catego-
rization of patients as sensitive or resistant, we first identified
mutations associated with resistance, from sources other than
ACTG 333. According to Larder et al. [26], reduced sensitivity
to SQV is most often associated with the presence of either a
G48V or an L90M mutation in the protease gene. For the 28
ACTG 333 patients who had neither of these mutations at
baseline, the median IC50 for SQV was 0.007. Patients who had
IC50 values !0.035 (a 5-fold increase over 0.007) were catego-
rized as sensitive to SQV; the remainder were categorized as
resistant. The protease codons that best discriminated between
the 2 groups (contributed most to the linear discriminant func-
tion) were 10, 62, 63, 71, and 90. The cross-validated misclas-
sification rate (a measure of reliability of the results) was
24.7%—results that are comparable to those of the recursive
partitioning. Codons 10, 62, and 90 appeared in the regression
tree for predicting IC50 for SQV that is displayed in figure 4.
Cluster 1 also appeared in the regression tree, and codon 71
was one of the more influential codons in discriminating among
the clusters, along with codons 10 and 90 (see figure 1).

IDV resistance. The following mutations in the protease
gene have been associated with reduced susceptibility to indi-
navir [27]: L10I/R/V, K20M/R, L24I, V32I, M46I/L, I54V,
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Figure 4. Pruned tree with 5 splits for predicting IC50 for saquinavir from baseline genotype. Rectangles indicate terminal nodes. Numbers in
each node are the geometric mean IC50 (mM) for the node, the deviance for the node on the log10 (IC50) scale, and the number of cases in the
node. Splits that would result in fewer than 5 cases in a node were not permitted.

L63P, A71T/V, V82A/F/T, I84V, and L90M. For the 13 ACTG
333 patients who had none of these mutations, the median IC50

for indinavir was 0.024. Patients who had IC50 values !0.120
for IDV (a 5-fold increase over 0.024) were considered to be
sensitive to IDV, and the remainder were considered to be re-
sistant. The protease codons that best discriminated between
the two groups were 10, 36, 63, 71, 73, 90, and 93. The cross-
validated misclassification rate was 22.1%. Codons 63, 71, and
90 appeared in the regression tree for prediction of IC50 for
IDV that is displayed in figure 3. Codons 10, 71, 90, and 93
were among the more influential codons in discriminating
among clusters (see figure 1).

Discussion

This report investigates the use of standard statistical meth-
ods to relate HIV-1 genotype to drug-susceptibility phenotype.
The clustering of viruses by genotype is of interest in itself
because it permits determination of mutations that tend to oc-
cur together and investigation of the extent to which similarities
in genotype are associated with similarities in phenotype. Clus-
tering is also of interest because, by including cluster member-
ship in recursive partitioning, we can determine whether the
importance of a mutation is because of its direct effect or its
tendency to occur with others. We have applied these statistical
tools to relate genotype to phenotypic susceptibility of specific
antiretroviral drugs, using results from ACTG 333. Recursive

partitioning has also recently been used to study relationships
between genotypic resistance, baseline HIV RNA viral load,
and virological outcome [27].

The important but difficult task of relating the many possible
genotypic patterns to phenotypic drug resistance has been the
focus of many recent studies. Reports using other approaches,
such as logistic regression, have produced anecdotal data high-
lighting the impact of a few specific mutations [28] or general
rules regarding the total number of mutations and phenotypic
resistance [29]. Very large databases including thousands of
genotype-phenotype pairs have been compiled at great expense
and effort [30]. Use of techniques like those described in this
article should help in identification of patient characteristics,
including genotype, that consistently predict drug-susceptibility
phenotype.

In the present study, we were able to identify and relate the
key mutations to the degree to which they affect resistance and
also to find the relationships between the different mutations.
Studies in which the mutations deemed relevant are specified
before analysis [30] preclude discovery of important new, and
perhaps poorly understood, mutations or relationships among
mutations. For example, we found mutations often considered
to be of only minor importance, such as those at protease po-
sitions 10 or 71, to play important roles in predicting drug
resistance or phenotype in the ACTG 333 patients. This is
consistent with the clinical observation that substitutions at
positions 10, 71, and 90 were the most common in long-term
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recipients of SQV, suggesting they are the more relevant in vivo
substitutions [31]. The need for unbiased analysis is of major
importance in the field of HIV resistance, because the biological
implications of the individual mutations or groups of mutations
have not yet been well characterized [2]. These statistical tech-
niques also allow us to gain information by combining across
different data sets. This feature will also allow researchers to
gain valuable information from the multiple small studies in
different populations that are often done in HIV research and
not only from large multicenter trials.

The major advantage of recursive partitioning as an explora-
tory technique is the ability to identify potentially important
mutations (or clusters of mutations) from among the many
thousands that may occur in HIV-1 genome under pressure
from antiretroviral drugs. In addition, it is possible to identify
mutations whose importance is limited to a particular subgroup
of patients, defined by the presence of other mutations or any
other prognostic factor. By applying these techniques to the
many studies examining genotypic and phenotypic resistance
done to date and those currently under way, much insight into
the complex relationship between genotype and drug-suscep-
tibility phenotype may be gained.

These analyses confirm the associations of mutations at co-
dons 10, 63, 71, and 90 with in vitro resistance to IDV and/or
SQV. Mutations at codons 37 and 62, which appear in both
trees, have not been previously associated with resistance to
SQV or IDV. These results not only imply some well-known
similarities in the mutations associated with resistance to IDV
and to SQV, but also some degree of reproducibility of the
methods. Furthermore, the results of the bootstrap investiga-
tion of the prediction of IDV resistance from baseline genotype
also consistently showed the importance of the mutations men-
tioned above. Finally, the results of linear discriminant analyses
support those found from recursive partitioning. Although both
techniques may be useful, the latter allows the identification of
mutations whose importance depends on the presence or ab-
sence of other mutations; this feature will be of special impor-
tance for larger databases. For these reasons, recursive parti-
tioning should be considered in investigations relating genotype
to drug-susceptibility phenotype.
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Appendix

The GenBank accession numbers are as follows: 041338a
AF226078; 042298h AF226079; 042389e AF226080; 042393e
AF226081; 043066f AF226082; 043067d AF226083; 043068b
AF226084; 043075h AF226085; 050165h AF226086; 050690d

AF226087; 050922a AF226088; 061452e AF226089; 061453c
AF226090; 082261e AF226091; 082264k AF226092; 090939i
AF226093; 090940f AF226094; 090941d AF226095; 090943l
AF226096; 090949k AF226097; 090951c AF226098; 110054h
AF226099; 110206d AF226100; 110522e AF226101; 140267b
AF226102; 140681d AF226103; 140837d AF226104; 140857b
AF226105; 140860d AF226106; 140868k AF226107; 140869i
AF226108; 140967k AF226109; 141095g AF226110; 141096d
AF226111; 141123d AF226112; 141125l AF226113; 171040c
AF226114; 172016d AF226115; 172018l AF226116; 172019j
AF226117; 172021b AF226118; 211647k AF226119; 220641k
AF226120; 230035c AF226121; 230270e AF226122; 130333a
AF226123; 230484d AF226124; 230516d AF226125; 230679a
AF226126; 230815l AF226127; 230848b AF226128; 231025c
AF226129; 231206j AF226130; 231449h AF226131; 240766d
AF226132; 270788c AF226133; 271018l AF226134; 271469i
AF226135; 271917g AF226136; 271925k AF226137; 350214j
AF226138; 610049e AF226139; 610113g AF226140; 610137h
AF226141; 610369i AF226142; 630081b AF226143; 630112e
AF226144; 630326c AF226145; 630468e AF226146; 630469c
AF226147; 630474a AF226148; 630476k AF226149.
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