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Today’s objectives

• Present concepts of the ITC using the MAIC methodology using SAS™ procedures 
– With or without anchor (common comparator). 

• Demonstrate an application of MAIC to an example in oncology 
– Comparing overall survival curves of a new therapy compared to standard therapy. 

• Introduce a generalized method to run such analyses 
– Using SAS v9.3 
– Performed in a straightforward manner, within existing procedures without using SAS/IML.
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Abbreviations
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Abbreviation Description
ITC Indirect Treatment Comparison
MAIC Matching Adjusted Indirect Comparison
HTA Health Technology Assessment 
IPD Individual Patient Data 
AD Aggregate Data
NICE National Institute for Health and Care Excellence
G-BA Gemeinsamer Bundesausschuss
SLR Systematic Literature Review



Background and Introduction

• In support of HTA submissions,
– Critical to compare a new treatment to the standard treatment. 
– In the absence of direct comparisons, ITC becomes increasingly important.  

• Several HTA agencies documented their interest in obtaining results from such analyses 
– In the absence of direct comparisons (NICE-UK1, G-BA-Germany2)

• Naïve ITC based on treatments arms from different trials is prone to bias 
– Because of cross-trial differences in study populations and characteristics.
– ITC (Bucher) without adjustment is still acceptable (e.g., for Germany,…)

• When the interest is in comparing two treatments, one with IPD and one with published AD à MAIC method 
represents an attractive option3
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1. Phillippo DM et al.  NICE DSU technical support document 18: methods for population-adjusted indirect comparisons in submissions to NICE. December 2016.
2. Dossier zur Nutzenbewertung gemäß § 35a SGB V. Modul 4. 16-03-2018.
3. Signorovitch JE et al. Matching-Adjusted Indirect Comparisons: a new tool for timely comparative effectiveness research. Value in Health 15(2012) 940-947. 



Direct vs. Indirect Treatment Comparisons

• Presence of head-to-head randomized trials
–à Direct comparison

• Absence of head-to-head randomized trials AND connected network  with a common comparator 
– à Anchored ITC should be considered
– Without adjustment à naïve comparison (e.g., Bucher)
– With adjustment à adjust for all effect modifiers

• Absence of connected network  (no common comparator) or only single-arm studies available  
– Unanchored ITC is the only option
– Adjustment for all effect modifiers and prognostic variables

• Unanchored ITCs require much stronger assumptions à Anchored ITCs are always preferred
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MAIC - Mixed Data
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Trt A

Trt C

AB trial: IPD AC trial: aggregate data

Comparison of interest: Trt B vs. Trt C

Trt B

• Ideal scenario: full individual patient data (IPD) à “Gold standard” – IPD meta-regression
• Common scenario: limited IPD à Several recent methods make use of mixed data



MAIC - Forms of Indirect Comparisons
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A

CB

Anchored

CB

Unanchored



Overview of MAIC – General Idea
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• AB and AC populations must have sufficient overlap
– Compare covariate distributions, inclusion/exclusion criteria

• Not the only approaches but presently the most popular

MAIC
Population reweighting
Weight IPD participants to balance covariate distribution with aggregate data trial
Estimate outcomes on A vs. B in the AC trial population (using weights)
Use the above to estimate the treatment effect B vs. C 
Check distribution of weights, effective sample size



Overview of MAIC

• Adjust for cross-trial differences in 
baseline characteristics
• Reduce sensitivity to effect measures
• Resolve differences in study outcome 

definitions
• Allow comparison of clinically relevant 

dosages
• Deal with incomplete evidence network
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CAN COMBINE IPD WITH 
PUBLISHED AD TO:



MAIC – General Methods Summary

• For the standard treatment (C): 
– Perform a literature search to identify the studies of interest.  
– Obtain/retrieve summary of  baseline characteristics and outcome of interest (e.g. in the published literature)

• Identify the outcome prognostic factors and/or effect modifiers.
– Perform a literature search for papers identifying prognostic factors and/or effect modifiers to adjust for 
• For an anchored ITC, should adjust for all effect modifiers (in imbalance or not) ), but no prognostic variables
• For an unanchored ITC, should adjust for all effect modifiers AND prognostic variables

– Consult with clinical experts 
– Document decision in protocol/SAP

• Apply the MAIC methodology*

– Estimate the weights for IPD to match the summary statistics (e.g., mean or median, proportion) for prognostic factors 
and/or effect modifiers in AD, using the methods of moments in logistic regression.  

– Perform the appropriate weighted analysis to estimate the treatment effect of B vs. C (e.g., diff in means, RR, OR, HR).

11
* Signorovitch JE et al. Matching-Adjusted Indirect Comparisons: a new tool for timely comparative effectiveness research. Value in Health 15(2012) 940-947. 



MAIC – Methods Summary Specific to Time to Event

• For the standard treatment (C): 
– Perform a literature search to identify the studies of interest.  
– Digitize the published Kaplan-Meier curves and generate pseudo-individual patient data.  
– Pool the pseudo-IPD datasets to form a comparison group.

• Identify the OS prognostic factors and effect modifiers for the specific oncology indication.
– Same as for any outcome (previous slide):
• Identification of prognostic factors and/or effect modifiers, consult with clinical experts, document decision in protocol/SAP

• Apply the MAIC methodology*

– Estimate the weights for IPD to match the summary statistics (e.g., mean or median, proportion) for prognostic factors and 
effect modifiers in AD, using the methods of moments in logistic regression.  

– Perform a weighted PH regression analysis and estimate the hazard ratio and its standard error (using sandwich estimate).
– Provide a weighted Kaplan-Meier estimate for the IPD treatment group (B)
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MAIC – Methods Overview

• Clinical trial selection
– Systematic literature review, identification of cross-trial differences, availability of IPD assessed (e.g. PICOS criteria)

• Identification of outcomes measures
– Consider definition of outcomes, assessments schedules, dosages, statistical methods
– IPD can be re-analyzed to match AD outcome definitions, else could conduct sensitivity analyses

• Matching the trial populations
– Exclude from ITC, any IPD patients who couldn’t have enrolled in published comparator trials
• E.g. if competitor has inclusion criterion CPS>10% and we have CPS>1%, we should exclude anyone with CPS<=10% 

from our IPD
– To adjust for differences in baseline characteristics, patients in trials with IPD have their baseline characteristics 

weighted such that they match with those reported for trials with AD
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MAIC – Methods Overview

• A form of propensity score weighting
– Patients in one treatment group (trial with IPD) weighted by inverse odds of being in that group versus the other 

treatment group (trial with AD)  

• Weights can be estimated using generalised methods of moments
– Can match medians, SDs, where available
– Cannot use likelihood methods unless IPD available for published study

• Compare outcomes using weighted statistical tests, incorporating weights derived as above
–Weighted t-tests, Kaplan-Meier tests, log rank tests, risk ratios/differences…

MAIC Concepts and Theory à See Back-up Slides
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MAIC – Implementation

• Code to run such analyses is publically available for the sampling approach, in SAS, and using the exact matching 
methodology, in R. The exact matching approach using SAS/IML is also referred in several publications.
• No specific procedure currently available but possible to use numerical functionalities within SAS and R

• SAS
– PROC NLP (SAS/OR)
– PROC SURVEYSELECT (limited functionality)
– PROC IML, NLPNRA sub-routine (no code publically available)
– Simulation techniques

• R
– Code from UK NICE example
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MAIC – Implementation in SAS

16

General Implementation Steps:
• Import relevant external data (baseline, pseudo-IPD)
• Import data from sponsor and keep relevant variables
• Calculate baseline characteristics for variables before 

matching
• Calculate mean value of covariates in standard group
• Calculate centered values for covariates in both 

groups
• Minimization process for matching à
• Calculation of individual weights à
• Calculate baseline characteristics for variables after 

matching
• Combine sponsor and external data (pseudo) and run 

analyses (KM, HR)



MAIC Example in Oncology – Unanchored ITC 

• Overall Survival for new treatment (A) vs. standard treatment (B)

• SLR originally conducted by vendor for Sponsor-customer dossier submission
– Included 6 standard treatment (B) studies
• Subsequently identified 2 studies relevant to MAIC analysis

– Vendor is digitizing these published KM curves
• Obtaining patient-level data, via an algorithm

• Work with Clinical & Sponsor-customer to identify:
– Differences in inclusion/exclusion criteria
– Potential effect modifiers & prognostic factors
• Aligning these with available information
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MAIC Example in Oncology – Unanchored ITC

• Run matching algorithm/procedure to derive weights for IPD sponsor trial patients
– à Baseline characteristics & demographics match those for published data

• Present baseline characteristics before and after matching
• Present KM curve for the unadjusted and adjusted new treatment (A) together with standard therapy (B)
• Report the HR (95% CI), preferably for both naive (before matching) and adjusted (after matching) comparisons 

• Analyse weighted sponsor IPD data vs. published data
– Obtain HR (95% CI)
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MAIC Example in Oncology – Unanchored ITC  Results
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• Large difference in percentages of subjects with baseline visceral metastases was observed before matching.  
• Likely a contributory factor to the ESS of A being considerably smaller (143.9) than the SS before matching (370)

Before Matching After Matching

Baseline Characteristics A
(N=370)

B
(N=175)

A
(N=143.95b)

B
(N=175)

Age (median) 73.0 71.6 71.6 71.6
Sex (male, %) 77.3 78.8 78.8 78.8
ECOG Score (%)

0 21.6 16.0 16.0 16.0
1 36.2 38.9 38.9 38.9
2+ 42.2 45.1 45.1 45.1

Visceral Metastases (%) 86.1 45.1 45.1 45.1
Liver Metastases (%) 20.8 17.2 17.2 17.2

b: Effective sample size computed as the square of the summed weights divided by the sum of the squared weights*

* Signorovitch JE et al. Matching-Adjusted Indirect Comparisons: a new tool for timely comparative effectiveness research. Value in Health 15(2012) 940-947. 



MAIC Example in Oncology – Unanchored - Results
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MAIC Conclusions:
• Both the naïve and adjusted 

comparison suggested a superiority 
of treatment A compared to 
standard therapy B. 
• MAIC adjustment improved the 

naïve comparison, mainly because 
patients had a less favorable OS 
prognosis in treatment A (IPD).
• MAIC can be performed in SAS, 

without using IML
A vs. B

Comparison Hazard Ratio [95%-CI] p-Value 
Naïve (before matching) 0.71 (0.57, 0.88)                                                                                                            0.001                                                                                                                        

Adjusted (after matching) 0.55 (0.40, 0.74)                                                                                                            <0.001                                                                                                                       



MAIC - Limitations

• Decision Population
– MAIC gives estimates in the competitor population
– Two sponsors will get different estimates from the same studies

• Treatment effect modifiers
– May not be known
– And/or information may not be in the published study

• Non-overlapping characteristics
• If comparing with older studies, study designs evolve, common comparators may no longer be so ‘common’
• Can’t use if endpoints or time-points differ – binary, continuous
– For time-to-event outcomes, need data from digitized KM curve

• Difficult to use existing models to check fit, calibration of propensity score models
• Little overlap between population => low effective sample size (ESS)
• Matching across more baseline characteristics may mean more extreme weights
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MAIC Concepts and Theory – Unanchored ITC

• Without control arms, each trial corresponds to a unique treatment, and a patient can be characterized by the 
random quadruple (X, T, Y, C), where 
– X is a vector of baseline characteristics (e.g. age, sex, baseline disease severity, etc.), 
– T indicates the treatment received (e.g., T = 0 for pembrolizumab and T = 1 for atezolizumab), 
– Y is the outcome of interest (time to death or time to censoring) 
– C indicates if the patient died (C=0) or was censored (C=1). T.

• Observed data are based on realizations of the random quadruple (xi, ti, yi, ci) i = 1,…, n, 
– We observe the IPD (xi, ti, yi, ci) only when ti = 0. 
– When ti = 1, the IPD (xi, ti, yi, ci) are not observed individually, summary baseline characteristics  (e.g., mean or 

median, proportion) and pseudo individual patient data are obtained from published Kaplan-Meier survival curves
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MAIC Concepts and Theory – Unanchored ITC

• In the context of OS analysis, given these observed data, the causal effect of treatment T = 0 vs. T = 1 on the 
outcome Y can be estimated as:  

Log[hazard]T=0 (using estimated weights) – Log[hazard]T=1 (1)

– where the weight used defined as

is the odds that patient i receives treatment T = 1 vs. T = 0 (i.e. enrolls in trial 1 vs. trial 0) given baseline characteristics 
xi à patients receiving treatment T = 0 are re-weighted to match the distribution of receiving T = 1

• To apply this estimator, we must first estimate wi for each patient with ti = 0 from the observed data. As in matching 
methods based on propensity scores, the wi may be assumed to follow the logistic regression model

26
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MAIC Concepts and Theory – Unanchored ITC

• Without IPD when ti = 1, 
– Maximum likelihood approach cannot estimate the parameters of this model. 
– Key feature of the proposed method is the use of a method of moments estimate for β in (2). 
– Inserting estimated weights based on the method of moments estimate into equation (1) gives the MAIC estimate

• Final estimate adjusts the patient population observed to receive treatment T = 0 by re-weighting each patient by 
the estimated odds of receiving treatment T = 1 vs. T = 0. 
– These weights exactly match mean baseline characteristics between treatments (or trials)

• This estimator can be obtained using SAS procedures (e.g., PROC PHREG) 
– With patient weights entered through the WEIGHT option. 

• SEs for MAIC estimates are calculated using a robust sandwich estimator (Appendix of Signorovitch et al. [3]).
– Sandwich estimators are derived empirically from the data
– The robust sandwich estimator can be obtained through the use of COVSANDWICH option within PROC PHREG
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MAIC Concepts and Theory – Anchored ITC

• With common control arms, data are incorporated by applying a standard adjusted indirect comparison [4] after first 
matching baseline characteristics across trials. 
• The setting described in the above Section can be extended to observations of (X, T, Z, Y, C) where 
– X, T, Y and C are defined as in the above Section
– Z=0 for the control arm and Z=1 for the treatment arm (treatment still depends on T, now thought as the trial indicator).

• IPD for (X, T, Z, Y, C) are observed only when T=0, however when T=1 we observe aggregate summary baseline  
(e.g., mean or median, proportion) and pseudo IPD are obtained from published KM survival curves for both arms: 
– 𝑥"#

(%) and (𝑦#
% , 𝑐#

% 	) when Z=0 (i.e., control in trial T=1) and 𝑥"#
(#) and (𝑦#

(#), 𝑐#
(#)) when Z=1 (i.e., treatment in trial T=1). 

– The treatment effect (e.g., HR) and its 95% CI can also be observed (e.g. in the published literature). 
• The estimate 𝛽, can be obtained as described above by ignoring Z
– pooled average baseline characteristics across trial arms may need to be computed from the aggregate data as 𝑥̅# =

/"0
(1)20

(1)3/"0
(0)20

(0)
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(1)320

(0) , where 𝑛#
(%) and 𝑛#

(#) are the numbers of patients in trial T=1 with Z=0 and Z=1)

• The estimated treatment effect, based on a matching-adjusted indirect comparison, is then calculated as before
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