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CLINICAL MOTIVATION

R e Highly Active Anti-Retroviral Therapy (HAART) has
el improved length and quality of life of people infected with
HIV.

@ Interest lies in finding genotypic mutations associated with
reduced virlogic response.
o CART: Used for a single time point.

o Segal et al. (1992) extended the CART framework to
accommodate longitudinal outcomes, but this method
requires parametric models.
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e Motivated by May and DeGruttola (2007), compare
subject i's k" observation with subject j's

Ith observation:

D{(Yik, tix), (Yir, tjn)} =

-1

Time

if Yik < Yjrand tie < tj,
if Yik > Yy and t >
otherwise
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@ Summary of the comparisons between subjects i/ and j

Y Subject j

Subject i
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@ Summary of the comparisons between subjects i and j
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@ Goodness-of-split measure:
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@ Split the root node at the covariate X, based on:
G(r*, rootnode) = max_G(r, rootnode)
1<r<R
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@ Recursively split each resulting daughter node.
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e STOP:

e Node is homogenous w.r.t the outcome

e A minimum node size is reached

o The tree is saturated
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@ Denote this "full tree” Ty

@ Prune Ty to an appropriate size
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TREE CONSTRUCTION

@ An appropriately sized subtree can be found by adapting
the bootstrap method of Fan et al.

RECURSIVE

PARTITIONING e 1. Draw B bOOStI’aP Samples Lb b= 1’ 27 U B from the
METHOD complete data set L

@ 2. Construct an ordered sequence of pruned subtrees for
each of the B bootstrap samples

3. Compute the bootstrap estimator of G,(T) using:

G(b)(Tm) = Gr(L) - % {GLb(Lb) = Gu(Lpy (1)
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ACCOMMODATING MISSING DATA

@ When observations are MAR for subject i or j, the
E(D(i,)) # 0.
@ Replace D(i,j) with the alternative estimator:

ni nj

Zz:ﬂ’, tk 7TJ t/

MISSING k=1 I=1
DATA

o 7;(tx) = The probability of observing subject i's k"
outcome measurement at time t.

e D(i,j)¥" = The value of the score comparing subject i's
Kth observation with subject j's It observation.

e Estimate the 7;(tx) using:

o Logistic regression
o Recursive partitioning
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@ 1,000 simulated data sets
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o Outcome trajectories:
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Change in VL

@ Simulated outcome trajectories:

Change In VL
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SIMULATION RESULTS

SIMULATION

F

Set N Cor. Mis. Trajectory | Al F,W,eW F Incorrect  Other
1 1000 040 35% nonlinear | 0783 0121 0055 0.034 0.007
2 1000 075 35% nonlinear | 0264 0122 0138 0451 0025
3 1000 040 35% inear 1 0 0 0 0
4 1000 075 35% inear 0879 0085 0014 0.002 0.010
5 1000 040 15% nonlinear | 0725 0190 0031 0.049 0.005
6 1000 075 15% nonlinear | 0216 0199 0110 0456 0.019
71000 040 15% inear 1 0 0 0 0
8 1000 075 15% lingar 0910 0080 0.008 0.004 0

REsuLTS

Full = Complete data tree
W= IPW corrected tree (true weights)
eW = IPW corrected tree (estimated weights)



ApPPLICATION: ACTG 398 DATA

@ A randomized trial comparing single- versus dual-PlI
regimens in combination with other drugs among
treatment-experienced patients.

@ n = 440 subjects with viral load measurements obtained at
t =0,14,27,56 weeks:

o Interest lies in determining the baseline patterns of drug
A 3, 3 . . . . .
o resistance mutations associated with a reduced viral
response.


Victor DeGruttola
Line


ApPPLICATION: ACTG 398 DATA

@ A randomized trial comparing single- versus dual-PlI
regimens in combination with other drugs among
treatment-experienced patients.

@ n = 440 subjects with viral load measurements obtained at
t =0,14,27,56 weeks.

o Interest lies in determining the baseline patterns of drug
A 3, 3 . . . . .
o resistance mutations associated with a reduced viral
response.



ApPPLICATION: ACTG 398 DATA

@ A randomized trial comparing single- versus dual-PlI
regimens in combination with other drugs among
treatment-experienced patients.

@ n = 440 subjects with viral load measurements obtained at
t =0,14,27,56 weeks.

@ Interest lies in determining the baseline patterns of drug
A 3, 3 . . . . .
o resistance mutations associated with a reduced viral
response.



o IPW tree:
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@ Bootstrap selection of proper sized subtree:

totalsummary[, 4]
4404 6es04  Bes04  1e+05
L L L L

2e+04
f
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DiscussioN

o CART is used to identify resistance mutations associated
with virologic response at a single time point.

o Our recursive partitioning method accommodates a large
set of covariates and longitudinal responses.

Avoids parametric assumptions regarding the relationship
between the observed responses and covariates.

Accommodates MAR longitudinal measurements.
Extensions:

DISCUSSION e Allow variable times of measurement
e Accommodate time varying covariates
e Allow multivariate longitudinal outcomes



DiscussioN

o CART is used to identify resistance mutations associated
with virologic response at a single time point.

o Our recursive partitioning method accommodates a large
set of covariates and longitudinal responses.

Avoids parametric assumptions regarding the relationship
between the observed responses and covariates.

Accommodates MAR longitudinal measurements.
Extensions:

DISCUSSION e Allow variable times of measurement
e Accommodate time varying covariates
e Allow multivariate longitudinal outcomes



DiscussioN

o CART is used to identify resistance mutations associated
with virologic response at a single time point.

o Our recursive partitioning method accommodates a large
set of covariates and longitudinal responses.

@ Avoids parametric assumptions regarding the relationship
between the observed responses and covariates.

@ Accommodates MAR longitudinal measurements.

@ Extensions:

DISCUSSION e Allow variable times of measurement
e Accommodate time varying covariates
e Allow multivariate longitudinal outcomes



Di1SCcUSSION

o CART is used to identify resistance mutations associated
with virologic response at a single time point.

o Our recursive partitioning method accommodates a large
set of covariates and longitudinal responses.

Avoids parametric assumptions regarding the relationship
between the observed responses and covariates.

(]

Accommodates MAR longitudinal measurements.
Extensions:

DISCUSSION e Allow variable times of measurement
e Accommodate time varying covariates
e Allow multivariate longitudinal outcomes



DiscussioN

o CART is used to identify resistance mutations associated
with virologic response at a single time point.

o Our recursive partitioning method accommodates a large
set of covariates and longitudinal responses.

Avoids parametric assumptions regarding the relationship
between the observed responses and covariates.

Accommodates MAR longitudinal measurements.
Extensions:

DISCUSSION o Allow variable times of measurement
e Accommodate time varying covariates
o Allow multivariate longitudinal outcomes



e Xihong Lin
o Eric Tchetgen

o The ACTG 398 team

(O @ (=»

«=»

Q>



	Outline
	Clinical motivation
	Recursive partitioning method
	Accommodating Missing Data
	Simulation Results
	Application: ACTG Protocol 398
	Discussion
	Acknowledgements

