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Abstract This chapter describes a systematic and targeted approach for estimat-
ing the impact of each of a large number of baseline covariates on an
outcome that is measured repeatedly over time. These variable impor-
tance estimates can be adjusted for a user-specified set of confounders
and lend themselves in a straightforward way to obtaining confidence
intervals and p-values. Hence, they can in particular be used to identify
a subset of baseline covariates that are the most important explanatory
variables for the time-varying outcome of interest. We illustrate the
methodology in a data analysis aimed at finding mutations of the hu-
man immunodeficiency virus that predict how well a patient responds to
a drug regimen containing the two antiretroviral drugs lamivudine and
stavudine. The most significant mutation we identify, 184IV, has previ-
ously been characterized as conferring high-level resistance to lamivu-
dine. Our analysis furthermore points to a second mutation, 75AIMTS,
that has been linked to moderate resistance to both lamivudine and
stavudine.
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1. Introduction

Many applications in modern biology measure a large number of ge-
nomic or proteomic covariates and are interested in assessing the impact
of each of these covariates on a particular outcome of interest. In a study
which follows a cohort of HIV-positive patients over time, for example, a
researcher may genotype the virus infecting each patient to ascertain the
presence or absence of a large number of mutations, in the hope of identi-
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fying mutations that affect how a patient’s plasma HIV RNA level (viral
load) responds to a new drug regimen. Along with an estimate of the
impact of each mutation on the time course of viral load, the researcher
would generally like to have a measure of the statistical significance of
these estimates in order to identify those mutations that are most likely
to be genuinely related to the outcome. Such information could then
be used to inform the decision of which drugs should be included in the
regimen of a patient with a particular pattern of mutations.

To tackle this problem, we first need to define precisely what we mean
by “the impact of a mutation on the time course of viral load”. For
this purpose, let us denote the collection of candidate mutations by
A = (A1, . . . , Ap), with Aj = 1 if a specific amino acid substitution is
present at the given position and Aj = 0 otherwise. Let Y (t) denote
a patient’s viral load measured at time t. Suppose we also measure
a number of clinical covariates C = (C1, . . . , Cq) at baseline that tend
to be associated with the occurrence of particular mutations and that
independently affect a patient’s virologic response.

The simplest way of assessing the impact of a particular mutation Aj

on Y (t) would now be to compare the virologic response among patients
with Aj = 1 to that among patients with Aj = 0. If we find that pa-
tients in the first group respond much more poorly to a particular drug
regimen, a clinician might be inclined not to give this regimen to a new
patient entering his office who has this mutation. Patients in the first
group are, however, also quite likely to differ from those in the second
group in terms of the remaining mutations and the clinical covariates
C. The mutation Aj may, for example, be very common among pa-
tients who have previously failed several similar drug regimens, making
them far more likely to also fail the current one, but very rare among
other patients. If the clinician’s new patient comes from a population
that differs from our original study population in that the mutation is
not associated with having previously failed similar drug regimens, we
might be wrong to conclude that the regimen under consideration would
be a poor choice in this situation. Since the impact of Aj on Y (t) is
confounded by the clinical baseline covariates C, our results do not gen-
eralize to a new population in which Aj and C are related to each other
in a different way.

We might thus be interested in estimating the impact of Aj on Y (t)
that is not due to associations of Aj with any of the baseline covariates
C. Specifically, we might ask: What difference in virologic response
would we observe if we could somehow give every patient in our study
population the mutation Aj , holding their clinical covariates C fixed at
their current values, as opposed to the scenario in which we give none
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of the patients this mutation, holding again C fixed? Any observed
difference could then not be due to differences of the two populations
with regard to C and would thus be more likely to generalize to a new
population in which Aj and C may be related to each other differently.

To appreciate the difference between the estimates obtained in this
way and those described earlier, consider the ideal experiment that would
correspond to these earlier estimates. If we simply compare patients
with Aj = 1 to those with Aj = 0, we would be asking: What difference
in virologic response would we observe if we gave every patient in our
study population the mutation Aj, allowing their clinical covariates to
take on values that are typical for patients with Aj = 1, as opposed to
the scenario in which we give none of the patients this mutation, again
allowing C to take on typical values? If we now encounter a patient
from a new population, the typical values of C for patients with Aj = 1
that we observed in our original study population may not correspond
to typical values of C for such patients in this new population.

In the hypothetical experiment in which we control for C by holding
it fixed at its observed values, any other covariates that are not included
in C are implicitly allowed to take on values typical for the value of Aj

we are considering. In particular, some of the remaining mutations may
be strongly correlated with Aj so that they would be likely to change
their values if we assigned every patient Aj = 1 or Aj = 0. If these
other mutations are now themselves independently related to Y (t), our
estimates for the impact of Aj on Y (t) may not translate well to a new
population in which the mutations tend to occur in somewhat different
patterns. Only if we adjust for all confounders of the relationship be-
tween Aj and Y (t), i.e. all covariates that are associated with Aj and
that are functionally related to Y (t), can we be sure that our estimates
will be applicable to a new population of patients. If we do so, we are
in fact estimating the causal impact of Aj on Y (t), rather than a mere
association between Aj and Y (t).

We note, however, that estimates of the impact of Aj on Y (t) may
be interesting and meaningful even if we are not in the ideal situation
of being able to adjust for all relevant confounders. We can still identify
mutations that are strongly associated with Y (t) and that may thus al-
low us to predict a new patient’s virologic response to a particular drug
regimen, assuming that this patient comes from a population in which
the unmeasured confounders are associated with Aj in a manner that is
not too dissimilar from that observed in our study population. Depend-
ing on the nature of the unmeasured confounders, this assumption may
not be at all unreasonable.
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In this chapter, we describe an approach that allows us to estimate
such measures of variable importance for any set of baseline covariates
we may wish to adjust for. Mathematically speaking, these methods
allow us to estimate the parameter

Ψj(t) = E
[

E[Y (t) | Aj = 1,Wj ] − E[Y (t) | Aj = 0,Wj ]
]

(1.1)

for each j and each t, where Wj = (W 1
j , . . . ,W m

j ) is the desired set of ad-
justment variables. The estimates we obtain rely on a minimum number
of assumptions and in some cases are as precise as possible. Furthermore,
the approach provides an honest measure of the statistical significance
of each estimate. For a more rigorous treatment, the interested reader
is referred to the article by van der Laan, 2006b.

2. Basic Concepts

In this section, we describe how the variable importance parameter
Ψj(t) is estimated in practice. The central step consists of transforming
the recorded data for each observation into a quantity whose expectation
equals Ψj(t). Conceptually, these quantities can be thought of as giving
a measure of the impact of Aj on Y (t) as derived from a single obser-
vation. We can then estimate the entire function Ψj(t) relating variable
importance to time by fitting a statistical model for how the expectation
of the transformed quantities depends on time, i.e. by regressing them
on time.

We will describe three different transformations of the observed data
that are suitable for our purposes. These transformations themselves
involve parameters that are generally not known by the researcher and
hence must be estimated from the observed data. Since these param-
eters are not of interest in themselves, we refer to them as nuisance
parameters. The first of these nuisance parameters is the so-called treat-
ment mechanism. The variable Aj whose effect on Y (t) we would like to
estimate is often referred to as the treatment variable. The treatment
mechanism gj now gives the probability of observing a given treatment
Aj = a for a subject with a particular covariate profile Wj:

gj(a,Wj) ≡ P (Aj = a | Wj) (1.2)

The second nuisance parameter consists of a regression of Y (t) on Aj

and Wj:
Qj(a, t,Wj) ≡ E[Y (t) | Aj = a,Wj] (1.3)

To estimate gj and Qj we ideally do not want to rely on the assumption
of a particular functional form. For example, we would like to avoid an
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assumption such as that the expectation of Y (t) given Aj and Wj can
be written as

E[Y (t) | Aj ,Wj ] = βj0 +βj1Aj +βj2t+βj3W
1
j + . . .+βj(m+2)W

m
j (1.4)

for some coefficient vector βj = (βj0, . . . , βj(m+2)). On the basis of bi-
ological knowledge alone it is very difficult to arrive at an appropri-
ate functional form, and poorly specified functional forms can lead to
severely biased estimates of variable importance. Thus, the functional
form of the nuisance parameter models should be chosen based on the
information that is contained in the dataset, i.e. data-adaptively. One
popular approach to this model selection problem is the D/S/A algo-
rithm (Sinisi and van der Laan, 2004) that relies on deletion, substi-
tution, and addition moves to search through a large space of possible
functional forms. Another well-known model selection technique that
searches through a much smaller space of candidate functional forms
and thus requires somewhat less computing time has been introduced
by Kooperberg et al., 1997.

In modelling Q, we have to bear in mind that repeated viral load mea-
surements on the same patient will be correlated. The usual generalized
linear models were formulated for outcomes that are independent of each
other (McCullagh and Nelder, 1989). In the presence of correlated out-
comes, these models provide estimates that, while still reliable, are no
longer as precise as possible. Furthermore, the p-values they provide for
testing whether or not certain regression coefficients are equal to zero
cannot be trusted since they tend to be too small.

Generalized estimating equations address both of these issues and
have thus been a popular tool for modelling correlated outcomes (Liang
and Zeger, 1986; Zeger and Liang, 1986). Unlike generalized estimat-
ing equations, the D/S/A algorithm for data-adaptive model selection
does not explicitly take into account the correlation between outcomes
Y (t) measured on the same subject. Although the model fits obtained
by this algorithm are not as precise as possible, the estimates are still
reliable and useful for the purpose of model selection. Furthermore, the
regression of Y (t) on Aj and Wj is only a nuisance parameter, needed to
estimate the variable importance of Aj, but is not of primary interest in
itself. Thus, we are not interested in testing whether some coefficients in
the selected model might be equal to zero or not. The only adjustment
that is necessary when using the D/S/A algorithm in this situation is
to supply an ID variable that can be used to identify the independent
experimental units. This allows the algorithm to carry out an honest
cross-validation procedure by assigning measurements from the same
subject to the same validation sample. The approach by Kooperberg et
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al. can be used for modelling the treatment mechanism, but cannot be
extended in a straightforward way for model selection in the context of
correlated outcomes.

Given estimates gj,n and Qj,n of the nuisance parameters gj and Qj,
we can now generate three different types of transformations of the ob-
served data. Let Ti,k denote the time at which the kth measurement of
the outcome Y was obtained for subject i. For each outcome measure-
ment Yi,k(Ti,k) for subject i, we will obtain one transformed observation

D
j
i,k. The regression-based transformation only makes use of the nui-

sance parameter Qj and is given by

D
j
i,k(Ti,k) = Qj,n(1, Ti,k,Wj,i) − Qj,n(0, Ti,k,Wj,i) (1.5)

The inverse-probability-of-treatment-weighted (IPTW) transformation
only makes use of the nuisance parameter gj and is given by

D
j
i,k(Ti,k) =

{

I(Aj,i = 1)

gj,n(1,Wj,i)
−

I(Aj,i = 0)

gj,n(0,Wj,i)

}

Yi,k(Ti,k) (1.6)

where I(·) is the indicator function that equals one if the condition in
parentheses is true and zero otherwise. The double robust transforma-
tion, finally, makes use of both nuisance parameters and is given by

D
j
i,k(Ti,k) = Qj,n(1, Ti,k,Wj,i) − Qj,n(0, Ti,k,Wj,i) +

{

I(Aj,i = 1)

gj,n(1,Wj,i)

(

Yi,k(Ti,k) − Qj,n(1, Ti,k,Wj,i)
)

−

I(Aj,i = 0)

gj,n(0,Wj,i)

(

Yi,k(Ti,k) − Qj,n(0, Ti,k,Wj,i)
)

}

(1.7)

Since both the regression-based and IPTW transformation of the data
only rely on one of the two estimated nuisance parameters, variable im-
portance estimates based on these transformations will only be reliable
if the relevant nuisance parameter is estimated well. The double ro-
bust transformation, however, relies on both nuisance parameters and
has the remarkable property that it yields correct estimates of variable
importance if either one of these two nuisance parameters is estimated
well.

We now obtain three different estimates of the variable importance pa-
rameter Ψj(t) by regressing each of these transformed observations on
time t. As above, the use of data-adaptive model selection approaches
such as the D/S/A algorithm for fitting these regressions can help to min-
imize the reliance on assumptions about how variable importance varies
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as a function of time. The same approach can be used to obtain esti-
mates of the variable importance of a covariate Aj conditional on some
subset V of the adjustment covariates Wj . For example, a researcher
may be interested in the impact of a given mutation on the time course
of viral load conditional on the viral load at baseline. Mathematically
speaking, this corresponds to the parameter

Ψj(t, v) = E
[

E[Y (t) | Aj = 1,Wj ]−E[Y (t) | Aj = 0,Wj ]




V = v
]

(1.8)

Such parameters are straightforward to estimate once we have created
the transformed observations described above by simply regressing them
on both t and V rather than on t alone.

Plots of the estimated variable importance Ψj,n(t) as a function of
time can now be used to explore how the impact of Aj on Y (t) changes
over time. Such plots can furthermore be used as inputs for a clus-
tering algorithm to identify treatment variables Aj whose impact on
Y (t) develops according to a similar dynamic over time. Alternatively,
we may be interested in testing the hypotheses that the importance of
treatment variable Aj is zero at some set of time points t1, . . . , td, with
the goal of identifying treatment variables A∗

j and time points t∗ for
which we have strong evidence against such hypotheses. For this pur-
pose, we use the following bootstrap approach to first obtain separate p-
values pj,1, . . . , pj,d for the respective hypotheses that Ψj(t1), . . . ,Ψj(td)
equal zero. We draw a large number of samples of size n with replace-
ment from the pool of n subjects in our dataset to obtain bootstrap
datasets that contain all outcome measurements Y (t) for the selected
subjects. For each of these bootstrap samples we now repeat the entire
estimation process as outlined above to arrive at bootstrap estimates

Ψ#
j,n(t1), . . . ,Ψ

#
j,n(td) of the desired variable importance measures. If we

have used a computationally involved model selection technique like the
D/S/A algorithm to regress Aj on Wj , Y (t) on Aj and Wj, or D(t) on
t, we may avoid the model selection step as part of this bootstrap pro-
cess and simply refit the regressions according to the selected functional
form. This approach saves a significant amount of time and generally
leads to p-values that are only slightly optimistic.

We can now take the variance of these bootstrap estimates as an esti-
mate of the variance of Ψj,n(tk) under the null hypothesis that Ψj(tk) = 0
and form t-statistics by dividing Ψj,n(tk) by the square root of this esti-
mated variance. Under the null hypotheses, these test statistics will be
closely approximated by a standard normal distribution once we have a
reasonable sample size. The desired p-value can thus be obtained as the
probability that the absolute value of a standard normal variate exceeds
the absolute value of the observed test statistic. Each of these p-values
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gives an estimate of the proportion of times we would reject a true null
hypothesis if the experiment and corresponding hypothesis test were to
be performed over and over again. The p-values are formulated for in-
dividual hypothesis tests and thus do not take into account that we are
testing several hypotheses simultaneously.

A large number of methods exist for obtaining p-values that are inter-
pretable in this context of multiple testing. (Dudoit and van der Laan,
2006; Lehmann and Romano, 2005; Westfall and Young, 1993). Among
the most straightforward methods are those that simply transform the
raw p-values obtained from the individual hypothesis tests into a set of
adjusted p-values. The well-known Bonferroni adjustment, for example,
simply multiplies each p-value by the number of comparisons that are
made (Bland and Altman, 1995). The adjusted p-values obtained in this
manner estimate the proportion of times we would falsely reject at least
one true null hypothesis if we repeatedly carried out a test according to
which we reject all hypotheses with adjusted p-values smaller than some
cut-off. Another popular method by Benjamini and Hochberg instead
produces adjusted p-values that estimate the false discovery rate, i.e. the
expected proportion of true null hypotheses among all hypotheses that
are rejected (Benjamini and Hochberg, 1995).

3. Advantages and Disadvantages

Advantages

The methodology described in this chapter starts with a clear def-
inition of what is meant by the impact of a treatment variable Aj

on the outcome process Y (t). With this definition in hand, the
corresponding parameter can then be estimated separately and di-
rectly for each candidate treatment variable. In contrast to other
approaches, we do not have to derive these variable importance es-
timates from a regression of Y (t) on the complete set of treatment
variables A1, . . . , Ap and potential confounders that was fitted with
the goal of accurately predicting Y (t) rather than with the goal of
estimating the importance of a particular Aj .

The definition of variable importance described here is quite flexi-
ble since the user can decide which variables are to be included in
the adjustment covariates Wj. On one extreme, we can estimate
unadjusted variable importance by leaving Wj empty. This would
allow us to identify variables that are useful for predicting Y (t) in
our study population, but not necessarily in a new population of
subjects. On the other extreme, we may be able to adjust for all
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relevant confounders of the relationship between Aj and Y (t), in
which case we will obtain estimates of the causal effect of Aj on
Y (t). In addition, the treatment variables whose impact on Y (t)
we would like to estimate can be any extractions of the available
baseline covariates. In particular, they can consist of continuous
rather than binary variables as in the mutation example consid-
ered here. A slightly more complicated example of an interesting
extraction is given by cross-product terms like A1 × A2 or linear
combinations of baseline covariates. Furthermore, we may be in-
terested in the importance of a multivariate treatment variable
Aj = (Aj1, Aj2), which would allow us, for example, to study the
impact of the simultaneous presence of two mutations on virologic
response.

The targeted estimation of the impact of Aj on Y (t) allows us
in a straightforward manner to obtain measures of statistical sig-
nificance such as confidence intervals or p-values. Other methods
generally do not provide these and thus do not allow us to dis-
tinguish between variables whose importance is genuinely different
from zero and those whose importance is in fact zero but is esti-
mated to be non-zero due to sampling variation.

The methodology described here aims to be as robust as possible,
i.e. it aims to rely on as few assumptions as possible. In par-
ticular, it avoids the assumption of knowing the functional form
of the nuisance parameters g and Q a priori. Methods that rely
on this assumption can yield severely biased estimates of variable
importance if the functional form is guessed incorrectly. This is
particularly important in the context of modern genomics and pro-
teomics applications in which the number of variables that might
be included in these models is very large, making it virtually im-
possible to guess the correct model.

We have described three different transformations of the observed
data that each give a different estimate of variable importance.
This is valuable since these three transformations differ in how
they rely on the two nuisance parameters g and Q so that they can
be expected to succeed in different situations. In the setting of a
clinical trial, for example, the treatment mechanism g is generally
known or straightforward to estimate so that variable importance
estimates based on the IPTW transformation can be expected to
be very reliable.
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Under certain assumptions the variable importance estimates based
on the double robust transformation are as precise as possible,
meaning, for example, that it would be impossible to obtain more
narrow confidence intervals . Specifically, this is the case if both
nuisance parameters are estimated reliably and at a fast enough
rate (van der Laan, 2006b).

Disadvantages

Data-adaptive model selection techniques such as the D/S/A al-
gorithm that search through a large space of candidate functional
forms are computationally intensive and do not scale well with
a growing number of candidate variables to choose from. Hence,
it may be necessary to first reduce the number of these candidate
variables by, for example, eliminating those that are not associated
with Y (t) in univariate regression models. Such variables are un-
likely to confound the relationship between the treatment variables
and Y (t) and also would add little to the precision with which we
could estimate variable importance measures. Alternatively, we
may resort to a less exhaustive model selection algorithm such as
the one introduced by Kooperberg et al., at least for the estimation
of g where repeated-measures regression is not needed.

The computational burden of the D/S/A algorithms often makes
it difficult to carry out a completely honest bootstrap simulation
to estimate the variance of our point estimates. This would re-
quire that we repeat the data-adaptive model selection procedure
for each bootstrap sample. Due to time constraints, however, we
are often forced to treat the selected functional forms for g and Q

as given for the purposes of the bootstrap by simply refitting the
selected models for each bootstrap sample. This approach ignores
the extra variability of our estimates that is introduced by the
model selection procedure and thus tends to underestimate their
variance somewhat. The p-values obtained in this way are still use-
ful, however, for the purpose of ranking the treatment variables in
order of statistical significance. In practice, the variance estimates
obtained by ignoring the data-adaptive model selection process are
also often not too different from those obtained from a completely
honest bootstrap.

The methodology described here is relatively new and thus has not
yet been implemented in the form of a publicly available software
package. As described in more detail below, however, the individ-
ual steps that are required are fairly straightforward to carry out
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in a modern statistical computing environment like R (R Develop-
ment Core Team, 2005).

4. Caveats and Pitfalls

The IPTW transformation of the observed data relies crucially on an
estimate of the probability that a given subject would have received his
or her observed treatment. It weights each observation by the inverse
of this probability, thus downweighting observations that were likely to
have received their observed treatment and upweighting those that were
instead unlikely to have been observed with the treatment we recorded
for them. This essentially creates a new sample in which treatment as-
signment is independent of the baseline covariates, making it straightfor-
ward to estimate the impact of treatment Aj on the outcome, controlling
for Wj, by simply comparing the two groups with Aj = 0 and Aj = 1.
This approach breaks down if for certain values of Wj we never observe
one of the two treatment values Aj = 0 or Aj = 1. In that case we can-
not use weighting to create a new sample in which Aj is independent of
Wj since the new sample will still not contain any observations with that
value of Wj and the missing value of Aj . Variable importance estimates
based on the IPTW transformation thus also rely on the so-called Ex-
perimental Treatment Assignment (ETA) assumption which states that
there are no values of Wj for which treatment is assigned in a deter-
ministic fashion. In fact, IPTW-based estimates also perform poorly if
the ETA assumption is practically violated, i.e. if for some values of Wj ,
treatment is assigned in a nearly deterministic fashion (Neugebauer and
van der Laan, 2005).

We can examine the extent to which the ETA assumption is violated in
a number of ad hoc ways. We may, for example, look at the proportion of
observations for which the probability of having received their observed
treatment is very close to zero or one, say less than 0.05 or greater than
0.95. Such observations would hint at values of Wj for which there is very
little experimentation with respect to treatment assignment. To look
more closely at the relationship between Wj and these fitted probabilities
we may also plot the probabilities against the linear combination of Wj

that was chosen for the treatment model, or examine observed counts of
assigned treatments Aj within deciles of that linear combination.

Current research in this area is investigating variable importance mea-
sures that are based on slightly different ideal experiments than those
described above (van der Laan, 2006a). Instead of considering hypo-
thetical scenarios in which each member of the population is assigned
a particular treatment like Aj = 1, these efforts focus on so-called dy-
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namic treatment rules that assign Aj = 1 to those members for which
this assignment is sensible but Aj = 0 to the remaining ones. If for cer-
tain treatment histories, for example, it is impossible or very unlikely to
observe a particular mutation in the virus of a patient, such rules would
never assign such a patient to have this mutation. Treatment rules that
are realistic in this sense then no longer rely on the ETA assumption.

The double robust and regression-based transformations rely on an
estimate of the regression E[Y (t) | Aj ,Wj ]. As mentioned above, we
would like to avoid the assumption that the functional form for the de-
pendence of Y (t) on Aj and Wj is known a priori by using data-adaptive
model selection techniques. The models selected in this way, however,
often contain neither the treatment variable Aj nor any interaction terms
between Aj and time, especially in genomics or proteomics applications
with a large number of candidate explanatory variables to choose from.
Such models are unsatisfactory since they do not allow us to examine
the impact of Aj on Y (t) and the change of this impact over time. If we
use the regression-based transformation, such models will in fact directly
translate into an estimate of zero variable importance for Aj.

To explicitly acknowledge that we are interested in estimating the
effect of Aj on Y (t) over time, we might hence fit two separate data-
adaptive regression models, one among subjects with Aj = 0 and one
among subjects with Aj = 1. This is problematic, however, for the
following reason. Suppose the adjustment variables Wj contain an im-
portant confounder that is very strongly correlated with Aj and that
has an independent effect on Y (t). Then clearly this variable should be
included in a model predicting Y (t) from Aj and Wj to adequately con-
trol for confounding by Wj. Within groups defined by Aj , this variable
will show very little variation, however, and thus will contribute little
to the accurate prediction of Y (t). Model selection procedures are thus
unlikely to include this variable in the chosen regression model.

We therefore recommend the following two-step approach: First, fit a
data-adaptive regression model for the expectation of Y (t) given Wj

alone, excluding Aj from the set of candidate explanatory variables.
Then fit a second data-adaptive regression model that is forced to con-
tain all the terms of the first model along with the terms Aj and Aj × t.
The first step guarantees that no important confounders are omitted due
to strong correlations with Aj . The second step then allows the model
selection algorithm to add interaction terms between Aj, Aj × t, and the
baseline covariates selected for the first model.

In our description of the data structure we have assumed that all
subjects are followed up for the entire duration of the study. This as-
sumption is often not met, with subjects dropping out of the study for



Identifying important explanatory variables for time-varying outcomes 13

various reasons such as moving away or being switched to a new drug
regimen due to poor response to the current regimen. The methodol-
ogy we have described so far will still give reliable estimates of variable
importance if such loss to follow-up is not related to what a subject’s
future outcomes would have been in the two hypothetical scenarios in
which each subject is either given the treatment or not. This is, for ex-
ample, reasonable in the case of subjects moving away since the decision
to move away is probably not influenced by what the future outcomes
Y (t) might have been. If patients are switched to different drugs due to
poor response, however, we will systematically be missing patients that
would have had a poor outcome, had it been observed. In the presence
of such informative censoring, the estimation procedure described above
provides estimates of the importance of Aj among the non-representative
subgroup for whom the outcome was measured, which generally differs
from its importance in the entire study population.

This problem can be addressed by weighting each observation by the
inverse of the probability that the subject was not censored by the
time the measurement was made. Such inverse-probability-of-censoring
weights work analogously to those used as part of the IPTW transfor-
mation in that they artificially create a sample in which censoring is
independent of any confounders we would like to adjust for. In practice
the needed probabilities can be estimated by modelling the probability
of being censored at each time point t given Aj and Wj, using, for exam-
ple, a Cox proportional hazards model if we treat time as a continuous
variable or a pooled logistic regression model if outcome measurements
were made at pre-determined intervals for each subject.

An analogous approach can also be taken if the treatment variable
Aj or some of the outcome measurements Y (t) are missing for some of
the subjects. This could, for example, be the case if some patients never
had their genotype measured. As before, we need to address this type
of missingness if it is related to what a subject’s future outcomes would
have been in the two hypothetical scenarios in which each subject is
either given the treatment or not. In this case we would use a logistic
regression model to estimate the probability that the variable of interest
is recorded for a particular subject given what we have observed so far
on this person. The observations with available measurements are then
weighted by the inverse of these estimated probabilities.

5. Alternatives

Many applications in statistics and biology have been concerned with
estimating the impact of a number of treatment variables Aj on an
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outcome process Y (t). Several methods are commonly used for this pur-
pose. Researchers who wish to estimate unadjusted variable importance
frequently use generalized estimating equations to regress Y (t) on Aj

according to simple models such as

E[Y (t) | Aj] = β0 + β1Aj + β2t + β3Aj × t (1.9)

The null hypothesis of Aj having no impact on Y (t) is then equiva-
lent to the hypothesis that both β1 and β3 are equal to zero, which is
straightforward to evaluate using the standard error estimates provided
by generalized estimating equations. Conclusions drawn in this way,
however, rely on the assumption that the expectation of Y (t) given Aj

can in fact be written according to such a simple functional form. If this
is not the case, variable importance estimates may be severely biased.
This problem becomes even more pressing once we wish to adjust for a
number of baseline covariates Wj. If the number of such baseline covari-
ates is large and we include each of them as a simple main-effects term
in the model, we will be virtually guaranteed to have mis-specified the
functional form according to which the expectation of Y (t) depends on
Aj and Wj.

The bias incurred due to such model mis-specification has motivated
the use of data-adaptive model selection techniques like the D/S/A al-
gorithm or classification and regression trees (Breiman et al., 1984). In
general, researchers include all treatment variables of interest along with
the set of potential confounders in the pool of candidate explanatory
variables from which the model selection algorithm is then allowed to
select a subset of variables for inclusion in the final regression model. In
spite of considering a large number of quite complex candidate models,
such data-adaptive algorithms frequently end up selecting a model that
contains only a relatively small number of covariates. Such models are
disappointing for the purpose of estimating variable importance since
they do not give us an explicit estimate of the importance of those co-
variates that are not selected by the algorithm. We can only conclude
that these covariates have no impact on Y (t) at all.

This issue is commonly addressed through a resampling-based tech-
nique known as bootstrap-aggregating or bagging (Breiman, 1996) that
is based on re-fitting the data-adaptive regression models on a large
number of bootstrap samples drawn from the original data set and then
averaging out the coefficient estimates for each variable across all these
regression fits. Since different bootstrap samples typically result in the
selection of a different set of variables, this approach allows us to ob-
tain non-zero variable importance estimates for a much larger number
of variables.
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Neither variable importance estimates based on a single data-adaptive
regression fit nor those based on bagging lend themselves to an assess-
ment of their statistical significance. This major drawback can be as-
cribed to the fact that these methods are not designed for the specific
purpose of estimating the impact of a number of treatment variables
Aj on Y (t) but rather for the purpose of accurately predicting Y (t).
Measures of variable importance are only obtained in a secondary step,
as a derivative of the estimated regression fit. This is in stark contrast
to the methods described in this chapter that are targeted directly at
estimating the importance of each separate treatment variable Aj . It is
precisely this targeted nature of the variable importance estimates de-
scribed here that allows us to assess their statistical significance in such
a straightforward way. This observation underscores the need to sepa-
rate the statistical problem of accurately predicting the outcome Y (t)
from that of assessing the importance of each of the treatment vari-
ables Aj. In many instances we will be interested in the first problem,
in which case data-adaptive regression fits obtained, for example, by
classification and regression trees represent some of the most powerful
tools currently available. If we are interested in estimating variable im-
portance, however, the targeted methods described in this chapter offer
many advantages that make them the approach of choice.

6. Case Study: HIV drug resistance mutations

In this section we apply the methodology described above to the task
of identifying HIV mutations that modulate how well the virus can repli-
cate in the presence of a particular combination of antiretroviral drugs,
and thus how well a patient responds to that drug regimen. A consid-
erable number of such drugs are available for treating patients infected
with HIV, with the main mechanistic classes consisting of protease in-
hibitors (PIs), nucleotide and nucleoside reverse transcriptase inhibitors
(NRTIs), and nonnucleoside reverse transcriptase inhibitors (NNRTIs).
While a patient is being treated with a particular combination of these
drugs, the virus frequently acquires a number of mutations that re-
duce its susceptibility to that drug regimen, requiring the patient to
be switched to a new regimen that the virus remains sensitive to. When
faced with this situation, clinicians frequently genotype the virus to as-
certain the presence or absence of a large number of mutations that are
thought to contribute to the resistance to various drugs (Shafer, 2002).
This practice motivates us here to identify in a systematic way muta-
tions that have a strong impact on a patient’s virologic response to a
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new drug treatment and that could thus guide a clinician in designing a
salvage therapy regimen on the basis of genotypic test results.

The effect of viral mutations on virologic response to therapy can be
seriously confounded by a patient’s treatment history. Past treatment
regimens exert a strong selection pressure on viral evolution, thus af-
fecting the probability that a given mutation is observed. In addition,
treatment history can have an independent impact on virologic response
by resulting in archived, or latent, virus carrying unobserved mutations
that affect response to subsequent treatment regimens. As a result, an
unadjusted association observed between a given mutation and treat-
ment response may in fact be due to the presence of other mutations,
both observed and unobserved. Treatment strategies vary across popu-
lations and evolve over time, potentially resulting in distinct mutation
distributions. Thus, control of confounding due to treatment history is
needed to ensure that the estimated importance of a given mutation can
be more readily generalized to populations other than the original study
population.

In order to estimate the causal effect of a given mutation of interest,
we would ideally also adjust for the presence of additional mutations. As
with treatment history, this would help to ensure that the association
we observe between a given mutation and the outcome is indeed causal,
rather than due to the effect of other mutations that occur frequently
with the mutation of interest. Estimation of such a causal effect is
desirable not only from the point of view of mechanistic understanding,
but also because it is not dependent on population characteristics such
as past treatment patterns that would limit the extent to which it might
translate to other HIV-infected populations.

Mutations conferring resistance to drugs of a class different from that
targeted by the mutation of interest, thus affecting a distinct viral en-
zyme, can indeed be controlled for by simply including them in Wj.
However, mutations conferring resistance to the same drug class, thus
affecting the same viral enzyme, are often correlated to the extent that
it is not possible to distinguish which mutation is causally responsible
for a given effect. This is due to the fact that, while correlation between
mutations affecting distinct viral enzymes occurs primarily as a result of
past treatment patterns, correlation between mutations in the same en-
zyme often occurs as part of an evolutionary pathway towards resistance
to drugs targeting that enzyme. Hence, certain mutations are essentially
never observed in the absence of another mutation, making it next to
impossible to disentangle the individual impacts of these two mutations
on virologic response. The statistical consequence of this correlation or
collinearity between individual mutations lies in considerable instability
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of the variable importance estimates we might obtain if we included the
other mutations in the same viral enzyme in the group of adjustment
variables Wj . Attempting to do so would also cause a severe violation of
the ETA assumption since the presence of one mutation might virtually
guarantee the presence of the mutation whose importance we are trying
to estimate. These considerations suggest that we should not adjust our
variable importance estimates for the other mutations in the same viral
enzyme.

The dataset we use is derived from the Stanford HIV drug resistance
database, a patient sample drawn from 16 Kaiser Permanente Northern
California clinics for which longitudinal data on HIV reverse transcrip-
tase and protease sequences, antiretroviral treatment, and viral load
were recorded. From this database, we identified episodes during which
a patient who has failed a previous drug regimen is followed under a new
regimen in which at least one of the drugs has been changed. We require
that the patient has a baseline viral load measurement available that was
taken no more than 24 weeks before initiation of the new treatment. For
such records we obtained all viral load measurements that were taken
in the 24 weeks following the treatment change. After about 24 weeks,
clinicians may switch patients to yet another drug regimen if they do not
appear to be responding well to the current salvage therapy regimen. By
restricting ourselves to viral load measurements taken before this time
point, we avoid having to adjust for the bias introduced into our variable
importance estimates by this informative loss to follow-up.

We would like to identify mutations that modulate virologic response
to drug regimens that contain the two NRTI drugs lamivudine and stavu-
dine and thus limit ourselves to patients whose salvage therapy regimen
contains these drugs. To isolate mutations specific to these two drugs,
we exclude patients who are also taking other NRTI drugs. Since muta-
tions thought to confer resistance to NRTI drugs are unlikely to affect
susceptibility to PI or NNRTI drugs, we make no requirements as to
which drugs of these two classes might be included in the patient’s reg-
imen. However, we do control for these covariates in our analyses, as
the presence of an NRTI mutation can be associated with the potency
of the non-NRTI drugs in the regimen, which in turn can independently
affect virologic response. We exclude patients that have never taken
an NRTI drug before since they are virtually guaranteed not to have
any of the mutations thought to confer resistance to NRTI drugs. In-
cluding this group of patients in our analysis would thus cause a severe
violation of the ETA assumption. Based on these inclusion criteria,
our dataset contains 855 viral load measurements from 288 individual
treatment change episodes. These measurements were made on 278 in-
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dividual patients, with a small number of them contributing more than
one treatment change episode.

We are interested in assessing the impact on virologic response to
lamivudine and stavudine for any mutation in the HIV reverse tran-
scriptase gene that has previously been linked to resistance to NRTI
drugs. Mutations are coded as Aj = 1 if any of a number of amino acid
substitutions potentially related to drug resistance is detected at the
given position of the viral enzyme. The mutation 44AD, for example, is
considered to be present if either alanine or aspartic acid are found at
position 44 of the reverse transcriptase enzyme. For the sake of statis-
tical precision, we only consider mutations that occur at least 15 times
among the treatment change episodes we have identified, giving us a
total of 14 mutations, whose impact on virologic response we would like
to estimate.

We would like to define the outcome Y (t) as the change in log viral
load at time t as compared to the baseline measurement made before
the treatment change. In our dataset, viral loads below 101.7 are not
detectable so that viral loads below this threshold are simply recorded
as below the limit of detection. Since patients whose viral load becomes
undetectable during the course of treatment are considered to respond
as well as possible to the new drug regimen, we impute the change in
log viral load for such patients by the maximal change in log viral load
observed across the entire dataset, −4.2. We note that this outcome
would not be suitable if our goal was to estimate or predict the true
change in log viral load resulting from a mutation. However, here, our
goal is to estimate the clinical importance of each mutation considered.
The outcome definition used thus incorporates the two types of viral
response considered a clinical success: 1) a large decrease in viral load,
or 2) a final undetectable viral load.

The following variables are used to capture a patient’s treatment his-
tory: duration of antiretroviral therapy; number of past regimens; his-
tory of past PI, NRTI, and NNRTI drug use; number of PI, NRTI,
and NNRTI drugs failed in the past; and history of mono/dual therapy.
We characterize the current drug regimen through the total number of
drugs as well as the number of PI and NNRTI drugs included in that
regimen. Furthermore, we have available information about the dura-
tion between baseline viral load measurement, sequencing of the virus,
and initiation of the salvage therapy regimen. While we do not adjust
each of our variable importance estimates for the presence or absence of
the 13 other mutations thought to confer resistance to NRTI drugs, we
do adjust them for the presence or absence of a number of mutations
that have been linked to resistance to PI and NNRTI drugs. Lastly,
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we also include Stanford susceptibility scores to the drugs in these two
classes that are calculated on the basis of these mutations. This leaves
us with a total of 80 baseline covariates that we consider as potential
confounders of the relationship between mutations and change in viral
load. To reduce the computational burden on the D/S/A algorithm, we
reduce the number of baseline covariates to include in Wj by univariate
repeated-measures regression of Y (t) on each candidate confounder, only
keeping those covariates with adjusted p-values smaller than 0.05. After
this initial dimension reduction, the remaining 16 variables considered
include the following: the number of past regimens; the number of PI
drugs failed in the past; the total number of drugs as well as the number
of NNRTI drugs in the new regimen; susceptibility scores for the two
NNRTI drugs delavirdine and efavirenz as well as the two PI drugs am-
prenavir and lopinavir; and four mutations each related to resistance to
PI and NNRTI drugs.

We model the treatment mechanisms using the D/S/A algorithm,
allowing the algorithm to search through models of up to 10 terms, pos-
sibly including products comprised of two candidate confounders. The
variables most frequently selected for these treatment models include
the number of PI drugs failed in the past, the two mutations 90M and
10FIRV that are related to resistance to PI drugs, as well as suscepti-
bility scores for efavirenz and amprenavir. Judging by the percentage of
fitted probabilities smaller than 0.05 or greater than 0.95, the majority
of mutations appear to satisfy the ETA assumption, with most of these
percentages being no greater than 5%. The three notable exceptions to
this trend are given by the mutations 75AIMTS, 74IV, and 44AD for
which 73%, 48%, and 38%, respectively, of all fitted treatment proba-
bilities are smaller than 0.05 or greater than 0.95. The IPTW-based
variable importance estimates for these three mutations may thus be
unreliable.

To estimate the expectation of Y (t) given Wj and Aj , we first let the
D/S/A algorithm choose an appropriate functional form for predicting
Y (t) from Wj. The selected fit includes time t; the susceptibility score for
lopinavir; the number of PI drugs failed in the past; the total number of
drugs as well as the number of NNRTI drugs in the current regimen; and
the mutations 10FIRV, 84AV, and 90M. As described above, we would
now like to fit a second data-adaptive regression model that is forced to
contain all of these terms along with Aj and Aj×t. In this case, however,
we can in fact omit the term Aj based on the following consideration:
For 50% of all subjects, baseline viral load was measured within five
days, and for 80% of all subjects, it was measured within four weeks of
initiation of the new regimen, suggesting that Y (0), the change in log
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viral load between treatment change and the baseline measurements, is
close to zero for the majority of patients. This in turn implies that all
variable importance measures should be close to zero at t = 0, which
makes the term Aj unnecessary.

We described above how we can obtain estimates of the variable im-
portance of each Aj at a chosen set of time points t1, . . . , td. This will
result in the simultaneous test of p×d hypotheses of the form Ψj(tk) = 0,
where p is the number of treatment variables we are considering. In a
first analysis aimed at identifying important explanatory variables for
Y (t) rather than examining how their impact on Y (t) changes over time,
however, it is often useful to obtain a single summary measure for the
variable importance of each treatment variable. This reduces the num-
ber of simultaneous hypothesis tests that have to be performed and thus
increases the chance of obtaining statistically significant results. In the
present case, we can again make use of the assumption that variable
importance measures at time t = 0 should be close to zero by regressing
the transformed observations D

j
i,k on time according to the simple model

E[Dj(T )] = βjT (1.10)

that does not include an intercept term. This functional form is likely
to be too simplistic to fit the actual time course of variable importance
very well, but we view it more as a means to obtain an interesting
summary measure of this time course rather than as an accurate estimate
of the time course itself. In particular, we can expect to find a positive
coefficient βj for those mutations that all in all lead to an increase in
viral load and a corresponding negative coefficient for those mutations
that all in all lead to a decrease in viral load.

As described above, we obtain unadjusted p-values for the hypotheses
βj = 0 based on a bootstrap estimate of the variance of the estimated co-
efficient βj . These p-values are adjusted using the Benjamini-Hochberg
method for controlling the false discovery rate. Table 1.1 summarizes
the estimated variable importance of each mutation 24 weeks after treat-
ment change corresponding to the estimate obtained for βj , along with
adjusted p-values for the hypothesis that this variable importance is
equal to zero. We present estimates based on each of the three differ-
ent transformations of the data. The mutations are ranked in order of
statistical significance according to the estimates based on the double
robust transformation.

All three estimators identify the mutation 184IV as having the most
significant impact on virologic response to treatment with lamivudine
and stavudine. This mutation has in fact been shown to be responsible
for high-level resistance to lamivudine based on extensive laboratory and
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Table 1.1. Variable importance estimates based on the double robust (DR), inverse-
probability-of-treatment-weighted (IPTW), and regression-based transformation. Es-
timates give the impact of a mutation on the change in log viral load after 24 weeks.
Mutations marked with ∗ show a significant violation of the ETA assumption.

Mutation DR p-value IPTW p-value Regression p-value

184IV 0.8307 0.0025 0.7200 0.0364 0.6739 0.0004
75AIMTS∗ 0.5604 0.2611 0.5772 0.4638 0.6255 0.0917
41L 0.3362 0.4187 0.4821 0.1587 0.3017 0.1111
62V 0.6135 0.4187 0.9594 0.1587 0.5534 0.3367
118I 0.3050 0.4658 0.4605 0.2173 0.2631 0.3367
215FY 0.2421 0.5864 0.3877 0.2426 0.2151 0.3367
67EGN 0.1895 0.6566 0.2617 0.4638 0.2378 0.3367
69DN 0.1811 0.8015 0.3349 0.5810 0.1692 0.6081
74IV∗ 0.2295 0.8015 0.1466 0.6682 0.3208 0.4507
70RGE 0.0931 0.8783 0.1800 0.6221 0.1910 0.4932
210W 0.0800 0.8783 0.0929 0.6781 0.2114 0.3367
219ENQR −0.0732 0.8783 −0.2537 0.5810 −0.0066 0.9766
44AD∗ 0.0417 0.9351 0.4866 0.1587 0.1502 0.6416
215CDEIVS −0.0041 0.9920 0.2437 0.5810 0.1950 0.6967

clinical data (Boucher et al., 1993; Tisdale et al., 1993; Schurman et al.,
1995). Analyses linking HIV mutations directly to in vitro drug sus-
ceptibility have furthermore identified this mutation as by far the most
important mutation conferring resistance to lamivudine (Rhee et al.,
2006).

The second most important mutation identified by the double robust
and regression-based estimates is given by 75AIMTS. This mutation is
ranked much lower based on the IPTW transformation, which as men-
tioned above, however, can be expected to give unreliable estimates in
this case due to a violation of the ETA assumption. 75AIMTS has been
shown to confer moderate resistance to the second drug in the regimen
we consider, stavudine (Lacey and Larder, 1994). The analyses by Rhee
et al. furthermore suggest that this mutation may also be related to
drug resistance to lamivudine. The variable importance estimates for
the remaining mutations do not approach statistical significance.

Rhee et al. identify 184IV, 69ins, 65R, and 75T as the most important
mutations conferring resistance to lamivudine and 69ins, 151M, 77L,
65R, and 75MT as the most important mutations conferring resistance to
stavudine. With the exception of 184IV and 75MT, these mutations are
not part of our analysis since they are present in fewer than 15 treatment
change episodes. Our results that identify 184IV and 75AIMTS as the
only important drug resistance mutations for this combination of drugs
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are hence in excellent agreement with these analyses based on in vitro
susceptibility tests.

Once important explanatory variables for Y (t) have been identified,
it may be of interest to examine in more detail how their impact on Y (t)
changes over time. For this purpose, we can estimate the dependence
of variable importance on time using data-adaptive or smoothing meth-
ods that are better suited to give accurate estimates of this time course
than the simple model given in 1.10. Figure 1.1 shows estimates of
the time course for 184IV and 75AIMTS based on the LOESS smooth-
ing technique (Cleveland, 1979). These plots show that 184IV has a
sizeable impact on virologic response within a few weeks of treatment
initiation, with the effect stabilizing after about ten weeks. The impact
of 75AIMTS on virologic response develops somewhat more slowly over
time.
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Figure 1.1. LOESS estimates of variable importance over time for the mutations
184IV and 75AIMTS with 95% pointwise confidence intervals.

7. Lessons Learned

This data analysis illustrates the importance of choosing an appropri-
ate set of confounders Wj to adjust for when estimating the importance
of each treatment variable Aj . In order for estimates to be more likely
to translate to populations other than the one the sample was drawn
from, one will generally want to adjust for as many of the known con-
founders of the relationship between Aj and Y (t) as possible. If some
of these confounders are collinear with Aj , this will cause the variable
importance measures to become very hard to estimate from the data
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at hand, in which case we may be well-advised not to adjust for these
collinear confounders.

The analysis further demonstrates that it is often preferable to obtain
low-dimensional summary measures of variable importance time courses
for the initial purpose of identifying important explanatory variables for
Y (t). At this stage, efforts to estimate variable importance measures
at a chosen set of time points, for example, may unnecessarily increase
the number of simultaneous hypothesis tests we have to perform and
thus lower the chance of obtaining significant results. Once a subset
of important explanatory variables has been identified, we may then
investigate in more detail how their impact on Y (t) changes over time by
using data-adaptive or smoothing methods that make fewer assumptions
about the structure of this relationship.

The results obtained here also illustrate the importance of assessing
the validity of the ETA assumption if estimates of variable importance
are based on the IPTW transformation of the data. Seventy-three per-
cent of all fitted treatment probabilities for the mutation 75AIMTS, for
example, are either smaller than 0.05 or greater than 0.95, showing that
for a majority of values of Wj it is essentially pre-determined whether
a patient will have this mutation or not. In the absence of sufficient
variability in the assignment of treatment for all values of Wj, variable
importance estimates based on the IPTW transformation become very
unreliable. In this case, the IPTW estimates rank 75AIMTS as only
the seventh most important mutation conferring resistance to lamivu-
dine and stavudine, while estimates based on the double robust and
regression-based transformation identify it as the second most impor-
tant drug resistance mutation, a ranking more likely to be correct given
the current state of knowledge.

8. List of Tools and Resources

While the methodology described in this chapter has not yet been
implemented in the form of a publicly available software package, the
individual steps required as part of the analysis are fairly straightforward
to carry out in a modern statistical computing environment like R (R
Development Core Team, 2005). Within this environment, repeated-
measures regression models based on generalized estimating equations
can be fit using the gee() function found in the gee package. A function
call of the form

gee(Y~X,id=ID,corstr=’exchangeable’)

is used to regress outcome measurements Y, made on individual subjects
identified by the ID variable, on a covariate X, assuming an exchange-
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able correlation structure among the measured outcomes. The D/S/A
algorithm is implemented in the DSA package. The function call

DSA(X,Y,binind=1,IDlearn=ID,maxsize=10,maxorderint=2,

maxsumofpow=2)

can be used to data-adaptively regress the binary outcome measure-
ments Y, made on individual subjects identified by the ID variable, on a
collection of candidate explanatory variables contained in the matrix X.
The algorithm will search through models that contain up to 10 terms,
including second-order interactions. The sum of powers of the variables
contained in any one term cannot exceed two. The polspline pack-
age implements the approach by Kooperberg et al., 1997, and offers the
polyclass() and polymars() functions for data-adaptive regression of
categorical and continuous outcomes, respectively, on a collection of can-
didate explanatory variables. A simple function call of the form

polyclass(Y,X)

is used to regress a categorical outcome Y on a collection of candidate
explanatory variables contained in the matrix X. Note that these two
functions are not suitable for modelling correlated outcomes so that they
should only be used for fitting the treatment mechanism. The multtest
package offers tools for obtaining valid p-values and confidence inter-
vals in the context of simultaneous hypothesis tests. The Benjamini-
Hochberg method for control of the false discovery rate can be carried
out by a function call like

mt.rawp2adjp(rawp,proc=("BH"))

where the vector rawp contains the unadjusted p-values.
The packages gee, polspline, and multtest are available on the

R website http://www.r-project.org. The DSA package will soon be
posted on that website as well and can be accessed in the meantime at
http://www.stat.berkeley.edu/~laan/Software/.

9. Conclusions

Given a list of 14 mutations thought to confer resistance to various
NRTI drugs, the data analysis we describe here successfully identifies
the mutation 184IV as most useful for predicting virologic response to
lamivudine and stavudine. Extensive laboratory and clinical data have
previously established 184IV as the most important mutation conferring
resistance to lamivudine. The other mutation identified here, 75AIMTS,
has been linked to moderate resistance to both lamivudine and stavu-
dine. These results are also in excellent agreement with recent analyses
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of in vitro susceptibility tests and thus illustrate the potential for the
variable importance methodology described in this chapter to identify
important explanatory variables for a time-varying outcome like viral
load.
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