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Background and objectives 

• Growing literature on causal modelling

• Marginal structural models

• Optimal dynamic treatment regimes

� Hernán et al. 2006, Robins et al. 2008

Objectives:

� Apply MSMs to optimal dynamic treatment regimes with a 
time-to-event outcome

� Explore interactions with patient characteristics
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Motivating example: when should HIV-infected persons 
start treatment?

Key biomarker: CD4 cell count
• Typically declines after initial infection
• Low values predict poor outcome
• Used to decide when to start treatment

� Dynamic treatment regimes

CD4

Treatment

Outcome

Optimal CD4 at which to start treatment is unknown

-> Optimal dynamic treatment regimes

Early: potentially minimise long-term immunosuppressive damage of HIV

Late: minimise side effects and risk of developing drug resistance
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A naïve analysis

In the absence of a randomised trial, turn to observational data

500

x

x

Treatment 
start AIDS/death

Time lag: BIAS

Missed events: BIAS

“Baseline” CD4: determine optimum using survival modelling

Patient 1:

Patient 2:

Patient 3:

200

Reasons why patients chose to start treatment when they did?
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A potential randomised trial: protocol

HIV-infected persons

Treatment naïve

CD4≥500 cells/mm3

Randomise to start treatment when confirmed CD4 first <x cells/mm3

x in {200, 210, 220, …, 490, 500}

Patients should start treatment ≤1 month after the confirmed CD4

Follow up until AIDS/death

Visits every 3 months

CD4 at least every 12 months

Attempt to mimic this randomised trial
using causal methods with observational data

Hernán et al. 2008
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A causal approach
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• Optimal x is that which minimises the risk of AIDS/death

• Even in the absence of any other censoring, Tx only observed 
for the regime(s) a patient follows

• The causal parameters of interest γ can be estimated using 
inverse probability weighting

• Tx, time to AIDS/death under regime x

• Marginal structural model:

V0=baseline covariates
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Step 1. All patients follow all regimes

Example patient, observed data:

550 500 460 390 310 250

Start 
treatment

Simple scenario: 
“Randomisation”, x =

500

400

300

200

Consider all patients to be 
compliant with all regimes 
initially

Censor from a regime when 
first noncompliant

CD4 = 

3 monthly visits
x

AIDS/death

x

Censoring informative:
account for this using inverse probability weighting
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Step 2. Estimate inverse probability weights

• At a given time t, and given baseline and time-updated covariates, 
and treatment history:

� Weights: inverse probability of remaining uncensored to t

� P(remaining uncensored to t) = P(observed treatment to t)

• Model for treatment initiation with discrete time

� Estimate probability of observed treatment in each interval

� Multiply across intervals to obtain the probability of observed 
treatment to that time

• Key assumption: no unmeasured confounders for treatment initiation 
and outcome

• Stabilised weights: narrower CIs
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Step 3. Weighted discrete-time survival regression

• Parameters estimated using weighted maximum likelihood

� (Conservative) robust standard errors

• The parameters γ of this model can be interpreted as the causal 
parameters of the MSM

• As previously, optimal x is that which minimises the risk of 
AIDS/death

( ){ } ( ) ( ){ }xgtfV|x,V∆P γδβδγβ ′+′+′== 00 exp,,,1logit

• Pooled logistic regression

∆=I(AIDS/death uncensored)
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Example: CASCADE

• Collaboration of 22 cohorts of HIV-infected persons with well-
estimated dates of infection across 15 countries

• Match the trial protocol

� Include patients from first CD4 ≥500 cells/mm3

� Censor patients if no CD4 measurement for over 12 months
– Second set of weights

– Multiply by treatment weights to get overall weights

• N = 4803

� Median first CD4 = 660 cells/mm3 (IQR 567-826)

� 234 AIDS/death events
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Construction of inverse probability weights

• Sensitivity analyses: also considered HIV RNA
� Outcome results very similar, but wider confidence intervals due to 

smaller numbers of patients

Treatment model Censoring model

Period, 3 monthly Linear Two frac poly powers 
selected (-2, -0.5)

Baseline covariates Age, year of infection, route of transmission, cohort;
no transformations

Time-updated covariates

CD4* Two frac poly powers 
selected (3, 3*ln)

Linear

Decrease in lCD4 over last period Linear Linear

Treatment N/A Binary

Interactions lCD4*period

CD4 decrease*period

CD4 decrease*period

CD4 decrease*treatment

• Selection, transformation and interaction of covariates performed 
using a multivariable fractional polynomial procedure

* CD4 = ln(current confirmed CD4); if no recent CD4, then LOCF for up to one year
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Results: “randomisation” x = 200, 300, 400, 500

• Period as a categorical variable (quartiles)

• Period * x interaction

• Same baseline covariates as in treatment model
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• Cumulative survival, for a typical patient:

Results: “randomisation” x = 200, 300, 400, 500 (2)
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• No evidence of interaction between x and period

Results: “randomisation” x in {350, 360, …, 500}

Linear model,
with 95% CI

“Randomisation”, x
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Tailoring the regime to the patient

• Optimal regime x may vary by patient characteristics such as 
age or year of infection

� Interactions

� Replace function g(x) in the outcome model with, for 
example:

( )∑ +=
j

p
jj

jxVVxg 00 ),( ηγ

• CASCADE:

� No evidence of randomisation interaction with year of 
infection, route of transmission or cohort

� Interaction with age at infection (linear, p=0.02)
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Results: “randomisation” x by age group

• For illustration, age group defined roughly by quartiles

Age group,
years:

25-30

≥37

<25

31-36

“Randomisation”, x
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Summary

• Illustrated how MSMs can be used in the context of optimal 
dynamic treatment regimes with a time-to-event outcome

• Demonstrated how optimal regimes may depend on patient 
characteristics

� How these may be incorporated using MSMs

• Initiating treatment at CD4 ≥380 cells/mm3 may be beneficial

• Patient characteristics such as age may be important in these 
decisions

• These findings need to be confirmed in larger datasets
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Limitations and further work

• This is not a randomised trial

• Key assumptions
� For any causal model: no misspecification of the models, no 

unmeasured confounders
� In addition for MSM: positivity assumption

• Perform further sensitivity analyses to assess the impact of possible 
residual unmeasured confounders

• In principle more complicated regimes, eg
� If recent drop in CD4 >z cells/mm3, then initiate when CD4 first 

<x cells/mm3

� Otherwise initiate when CD4 first <y cells/mm3
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Thank you

• Supervisors: Andrew Copas, Sarah Walker, James Carpenter

• Sponsor: Medical Research Council

• The CASCADE collaboration
Steering Committee: Julia Del Amo (Chair), Laurence Meyer (Vice Chair), Heiner C. Bucher, Geneviève Chêne, Deenan Pillay, Maria 
Prins, Magda Rosinska, Caroline Sabin, Giota Touloumi.  Co-ordinating Centre: Kholoud Porter (Project Leader), Sara Lodi, Kate 
Coughlin, Sarah Walker, Abdel Babiker, Janet Darbyshire. Clinical Advisory Board: Heiner Bucher, Andrea de Luca, Martin Fisher, 
Roberto Muga.  Collaborators: Australia Sydney AIDS Prospective Study and Sydney Primary HIV Infection cohort (John Kaldor, 
Tony Kelleher, Tim Ramacciotti, Linda Gelgor, David Cooper, Don Smith); Canada South Alberta clinic (John Gill); Denmark
Copenhagen HIV Seroconverter Cohort (Louise Bruun Jørgensen, Claus Nielsen, Court Pedersen); Estonia Tartu Ülikool (Irja Lutsar); 
France Aquitaine cohort (Geneviève Chêne, Francois Dabis, Rodolphe Thiebaut, Bernard Masquelier), French Hospital Database 
(Dominique Costagliola, Marguerite Guiguet), Lyon Primary Infection cohort (Philippe Vanhems), French PRIMO cohort (Marie-Laure 
Chaix, Jade Ghosn), SEROCO cohort (Laurence Meyer, Faroudy Boufassa); Germany German cohort (Osamah Hamouda, Claudia 
Kucherer); Greece Greek Haemophilia cohort (Giota Touloumi, Nikos Pantazis, Angelos Hatzakis, Dimitrios Paraskevis, Anastasia 
Karafoulidou); Italy Italian Seroconversion Study (Giovanni Rezza, Maria Dorrucci, Claudia Balotta), ICONA cohort (Antonella d’Arminio 
Monforte, Alessandro Cozzi-Lepri, Andrea De Luca.) Netherlands Amsterdam Cohort Studies among homosexual men and drug users 
(Maria Prins, Jannie van der Helm, Anneke Krol, Hanneke Schuitemaker); Norway Oslo and Ulleval Hospital cohorts (Mette Sannes, 
Oddbjorn Brubakk, Anne Eskild, Johan N Bruun); Poland National Institute of Hygiene (Magdalena Rosinska, Joanna Gniewosz); 
Portugal Universidade Nova de Lisboa (Ricardo Camacho); Russia Pasteur Institute (Tatyana Smolskaya); Spain Badalona IDU 
hospital cohort (Roberto Muga, Jordi Tor), Barcelona IDU Cohort (Patricia Garcia de Olalla, Joan Cayla), Madrid cohort (Julia Del Amo, 
Jorge del Romero), Valencia IDU cohort (Santiago Pérez-Hoyos, Ildefonso Hernandez Aguado); Switzerland Swiss HIV Cohort Study 
(Heiner C. Bucher, Martin Rickenbach, Patrick Francioli); Ukraine Perinatal Prevention of AIDS Initiative (Ruslan Malyuta); United 
Kingdom Edinburgh Hospital cohort (Ray Brettle), Health Protection Agency (Valerie Delpech, Sam Lattimore, Gary Murphy, John 
Parry, Noel Gill), Royal Free haemophilia cohort (Caroline Sabin, Christine Lee), UK Register of HIV Seroconverters (Kholoud Porter, 
Anne Johnson, Andrew Phillips, Abdel Babiker, Janet Darbyshire, Valerie Delpech), University College London (Deenan Pillay), 
University of Oxford (Harold Jaffe).

CASCADE has been funded through grants BMH4-CT97-2550, QLK2-2000-01431, QLRT-2001-01708 and LSHP-CT-2006-018949 from 
the European Union.
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