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Background: Adjusted indirect comparisons (anchored via a common method. Matching on arms separately produced more precise esti-

comparator) are an integral part of health technology assessment.
These methods are challenged when differences between studies
exist, including inclusion/exclusion criteria, outcome definitions, pa-
tient characteristics, as well as ensuring the choice of a common
comparator. Objectives: Matching-adjusted indirect comparison
(MAIC) can address these challenges, but the appropriate application
of MAICs is uncertain. Examples include whether to match between
individual-level data and aggregate-level data studies separately for
treatment arms or to combine the arms, which matching algorithm
should be used, and whether to include the control treatment
outcome and/or covariates present in individual-level data. Results:
Results from seven matching approaches applied to a continuous
outcome in six simulated scenarios demonstrated that when no effect
modifiers were present, the matching methods were equivalent to the
unmatched Bucher approach. When effect modifiers were present,
matching methods (regardless of approach) outperformed the Bucher
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mates compared with matching on total moments, and for certain
scenarios, matching including the control treatment outcome did not
produce the expected effect size. The entropy balancing approach was
used to determine whether there were any notable advantages over
the method proposed by Signorovitch et al. When unmeasured effect
modifiers were present, no approach was able to estimate the true
treatment effect. Conclusions: Compared with the Bucher approach
(no matching), the MAICs examined demonstrated more accurate
estimates, but further research is required to understand these
methods across an array of situations.

Keywords: Bucher method, entropy balancing, matching-adjusted in-
direct comparisons
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Introduction

When a new medical intervention is introduced to the market-
place, health care payers, prescribers, and patients are interested
in its efficacy and safety compared with currently available
treatments. Because head-to-head randomized trials of a new
treatment versus all competing treatments are not often avail-
able, adjusted indirect comparisons (AICs) as a form of network
meta-analyses and meta-regression approaches [1] have become
important components of health technology assessments (HTAs).
Suchmethods are challenged by payers, who suggest that bias can
be introduced into the treatment effects (TEs) when differences in
the included studies exist and when there is an insufficient
number of studies to perform a meta-regression. This includes
differences between inclusion/exclusion criteria, definition of
outcomes, and patient characteristics. Choice of an appropriate
common comparator is also critical; that is, dosing and treatment
regimens should be comparable across the studies. Matching-
adjusted indirect comparisons (MAICs), introduced by Signoro-
vitch et al. [2], have been proposed as a method to address these
issues. MAIC is applicable when individual-level data (ILD) are
available for at least one of the trials (or sets of trials) involved in
the AIC. If ILD data are available, then for comparisons with
aggregated data of other studies, there is an option to apply the
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same inclusion/exclusion criteria and use the same definitions of
outcomes as in the study with available aggregated data. The
MAIC approach then attempts to reduce bias in the AIC caused by
remaining differences in patient populations between studies by
matching ILD with published aggregate-level data (ALD) mo-
ments. This is not unique to MAIC because other proposed
methods from the literature, including simulated treatment
comparisons [3] and network meta-regression with limited ILD
[4,5], attempt to adjust for TEs.

Signorovitch et al. [2] first proposed the use of an MAIC when
ILD were available and provided a method for matching the ILD to
the ALD by reweighting the outcomes of patients in the ILD. The
general three-step approach suggested by Signorovitch et al. [6]
for applying MAIC includes clinical trial selection, outcome mea-
sure identification, and trial population matching. To select trials,
a systematic review is performed to identify publications related
to the treatments for comparison. The availability of ILD in the
selected trials is then assessed to provide opportunities to remove
or reduce cross-trial differences. The identification of outcome
measures involves a cross-trial comparison focusing on compa-
rably defined outcome measures included in the selected trials.
Before making an AIC, ILD should be reanalyzed to match the
outcome definitions used in the published trial data if discrep-
ancies are evident. Finally, it is important that trials with ILD
consider excluding patients who could not have enrolled in the
published comparator trials and adjusting for differences in
baseline characteristics by weighting ILD, such that the weighted
baseline characteristics match those in trials without ILD. A pro-
pensity score weighting approach can be used, where the pro-
pensity score model is estimated using the generalized method of
moments on the basis of the ALD and ILD. The variance of the
weighted TE can be assessed using the sandwich estimator
approach or bootstrapping methods [7].

Attitudes toward MAIC methodology are changing, and these
approaches are being accepted more readily by international HTA
bodies for evidence synthesis [1,8e10]. Therefore, it is important
to understand the limitations and assumptions of these methods
when applied in practice. Issues that may affect the observed TEs
include assessing the value of using the outcome from the com-
mon comparator arm in the matching process, understanding the
role of unmeasured confounding or effect modifiers that may be
available only in the ILD, investigating the effect of reweighting
the ILD to mimic the imbalance observed in the ALD trials, and
determining whether there are any additional benefits to using
the entropy balancing weighting algorithm [11].

In this article, we explore the MAIC methodology on simulated
data scenarios and specifically attempt to assess the following
questions:

1. Is it better to perform the matching between ILD and ALD
studies separately for active and control arms, rather than
matching for active and control arms combined as suggested
by Signorovitch et al. [2]?

2. Is there an advantage of including the outcome of a control
treatment in the matching between ILD and ALD studies (in
addition to common covariates)?

3. How biased are the results if unmeasured covariates are not
accounted for in the matching?
Methods

Matching Methods and Indirect Comparisons

Available weighting methods attempt to match an ILD study to an
ALD study (or studies) on the basis of common (baseline) covariates.
The weighted outcomes for the treatments across the studies can
then be compared. In this article, we focus on anchored AIC via a
common comparator that is present in both studies.

To address our key questions, seven matching approaches
(Table 1) were applied to six selected simulation scenarios.

No matching
The simplest method is if no weighting of the ILD study is per-
formed. The results can be indirectly compared with the results
from the ALD study using the Bucher et al. [12] method (Bucher in
Table 1).

Matching-adjusted indirect comparison
With the MAIC as proposed by Signorovitch et al. [2], individual
patient weights are chosen so that summaries of the covariate
distribution (i.e., mean ± SD) of the weighted ILD study match
those of the ALD study. The method is based on propensity score
weights (equal to the odds of being in the ALD trial), where the
weighted means of the ILD covariates exactly match those of the
ALD trial. We primarily used the means for matching covariates
(SigTotal in Table 1), but also investigated, as suggested by
Signorovitch et al. [6], simultaneously matching on mean and
variance (SigTotalVar in Table 1). Another adaptation of the
method was proposed by Sikirica et al. [7]. The weights are based
not only on covariates but also onmatching on the outcome of the
control treatment in the two studies. We used the mean outcome
for this approach (SigOutcomeC in Table 1). Another adaptation of
the MAIC that we implemented was to match the covariates
separately for active and control arms in the two studies (SigArm
in Table 1), and not combined as suggested in the original article of
Signorovitch et al. [2].

For deriving AIC effect sizes, the Bucher et al. [12] approach
could be applied using the weights derived by the different MAIC
approaches and calculating weighted standard errors for the
outcome in the ILD study that match. Nevertheless, this unreal-
istically assumes that the weights are known (not estimated).
Therefore, a sandwich estimator [2] or a bootstrap approach
[13,14] should be chosen. We applied the latter to achieve more
accurate standard errors by calculating the weighted effect size in
ILD per sample, similar to an approach in Sikirica et al. [7].

Entropy balancing
The entropy balancing method [11] is based on the method of
moments estimation (moments of first, second, or higher order
are exactly matched) and relies on a maximum entropy
reweighting schema. Weights are chosen so that they are as close
as possible to unit weights, penalizing extreme weighting
schemes. As described for the MAIC approach proposed by
Signorovitch et al. [2], we used means for matching on covariates
(EbArm in Table 1). We extended the entropy balancing approach
to balance not only on the ILD and ALD covariates but also on the
active and control covariates for the ILD study (EbArmILD in
Table 1). The same bootstrap approach used for the MAIC
approach proposed by Signorovitch et al. was also used to obtain
standard errors for the AIC.

Simulation Data Sets

Simulated data sets were created for two randomized controlled
trials. A continuous outcome Y was compared in the ILD study
between a treatment A and a control treatment C (the common
comparator), and in the ALD study, between a treatment B and the
same control treatment C. We were interested in the TE of Y from
AIC A-C-B.

Simple scenarios (maximum two covariates) were used for
detecting basic features of the weighting approaches. In 1000
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Table 1 – Approaches for matching ILD to ALD and AIC methods applied

Matching
approach
(label and
short description)

Details of matching approach (weighting method and
variables matched on)

Method to estimate A-B AIC
and its variance

Bucher (no matching

and Bucher)

None AIC and its variance were calculated using the

Bucher et al. [12] method

SigTotal

(Signorovitch

match total)

Matching of ILD to ALD (regardless of treatment) was based on

means baseline covariate X from each study using MAIC as

proposed by Signorovitch et al. [2]

AIC ¼ (weighted average of outcome in ILD

arm A � weighted average of outcome in

ILD arm C) e (average of outcome in ALD

arm B � average of outcome in ALD arm C).

Variance of AIC was based on the bootstrap

approach

SigTotalVar

(Signorovitch

match by variance)

Matching of ILD to ALD (regardless of treatment) was based on

mean and variance of baseline covariate X from each study using

MAIC as proposed by Signorovitch et al. [2]

”

SigOutcomeC

(Signorovitch

match by outcome

of control arm)

The matching between the ILD and ALD studies was based on

common baseline covariate X (which is matched regardless of

the treatments) and on the outcome Y of the control treatment.

MAIC as proposed by Signorovitch et al. [2] was used for

matching.

”

SigArm

(Signorovitch

match by

treatment arm)

The matching between the ILD and ALD studies was based on

baseline covariate X, but was performed separately for active

treatments and for the control groups. MAIC as proposed by

Signorovitch et al. [2] was used for the two separate matches.

”

EbArm (entropy

balancing by

treatment arm)

The matching of ILD to ALD data was based on baseline covariate X

and was performed separately for active treatments and for the

control groups. Entropy balancing was used for matching.

”

EbArmILD (entropy

balancing by

treatment arm of

ILD study)

The matching between the ILD and ALD studies was based on

common baseline covariate X and was performed separately for

active treatments and for control groups. Simultaneously, a

second baseline covariate Z (not available in the ALD study) was

balanced between active treatment and control only in the ILD

study. Entropy balancing was used for the matching.

”

AIC, adjusted indirect comparison; ALD, aggregate-level data; ILD, individual-level data; MAIC, matching-adjusted indirect comparison.
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simulated data sets, each trial consisted of 300 patients. In addi-
tion, one simulated data set was created for a realistic ILD and ALD
trial with six covariates (1000 patients in each). Standard errors of
the AIC were derived from 1000 bootstrap resamples (for further
details, see Supplemental Materials found at https://doi. org/10.1
016/j.jval.2018.06.018).

The performance of each weighting method was assessed
through the following (see Appendix Table 1 in Supplemental
Materials found at https://doi. org/10.1016/j.jval.2018.06.018):

1. Estimated treatment effect D̂ and 95% confidence interval;
2. Bias, difference from “true treatment effect” D:

BiasðD̂Þ ¼
PM

m¼1ðD̂m � DÞ
M

;

3. Mean squared error:

MSEðD̂Þ ¼ SM
m¼1ðD̂m � DÞ2

M
:

Simulation Scenarios

Thereweresix simple simulationscenarios in total, andthese simple
scenarios consisted of one or two normally distributed random
baseline covariates (X, Z) in the ILD and ALD studies (XILD, ZILD and
XALD, ZALD). The covariate Xwas available for analysis in both trials,
whereas the covariate Zwas available only in the ILD study.
The covariates were then related to one (continuous) outcome
variable Y:

YILD ¼ fILDðT;XILD;ZILDÞ þ εILD;

YALD ¼ fALDðT;XALD;ZALDÞ þ εALD;

where fILD and fALD were linear models for getting mean outcomes,
to which normally distributed error terms with mean 0 and vari-
ance 1 were added:

εILD; εALD � Nð0; 1Þ
The outcome Y was also influenced by the treatments (T) that

were randomly assigned in the two studies. Variable T indicated
either the control treatment C (T ¼ 0) or the active treatments A or
B (T ¼ 1). If an interaction between treatments T and the covariate
was included in the model, then covariate X or Z was an effect
modifier. All six matching approaches (Table 1) were applied to
the six simple simulated data sets.

The simple scenarios all had an expected effect size of 1.0.
Scenario 0 included one baseline covariate X, which was not an
effect modifier. Scenario 1 included one baseline covariate X,
which was an effect modifier. Scenario 2 included two covariates
X and Z; neither was an effect modifier, and Z was not included in
the ALD study. Scenario 3 included two covariates X and Z; X was
an effect modifier, and Z, although not an effect modifier, was not
included in the ALD study. In scenario 4, both baseline covariates
X and Z were effect modifiers, with Z not included in the ALD
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study. Scenario 5 had one baseline covariate X, which was an ef-
fect modifier, and both the mean and variance differed between
the ILD and ALD studies.

In scenario 6 we attempted to match under realistic study
conditions. We assumed six baseline covariates (three binary and
three continuous) differing between the two trials. In the studies
(j ¼ 0 for ILD, j ¼ 1 for ALD) the outcomes YAj, YBj, and YCj for
treatment A, B, and C, respectively, were related linearly to the
covariates Xkj:

YAj ¼ aj þ
Xm

k¼1

bkXkj þ ε;

YBj ¼ aj þ aB þ
Xm

k¼1

�
bkXkj þ bkBXkj

�þ ε;

YCj ¼ aj þ aC þ
Xm

k¼1

�
bkXkj þ bkCXkj

�þ ε:

Here bj indicates the study effect, bB and bC the TEs, and bk the
prognostic effect of covariates. Effect modifiers are indicated by
interaction parameters bkB and bkC. The error terms were derived
from normal distribution:.

ε � Nð0;sÞ:
The outcome was simulated for all three treatments in both

trials, so that the AIC A-C-B, from thematching approaches, could
be verified by the ALD trial known difference. We also assumed
that one covariate (Z) was not given in the ALD trial.
Results

We applied different matching approaches (Table 1) to our simu-
lation scenarios 0 to 6. The results are shown in Figure 1 (for
detailed numerical results, see Supplemental Materials found at
https://doi. org/10.1016/j.jval.2018.06.018).

In scenario 0, in which the included covariate was not an effect
modifier, all matching approaches resulted in nearly the same
effect size for the AIC A-C-B as the unweighted Bucher method
and were nearly identical to the expected A-B difference. The
confidence intervals were slightly wider for Bucher, SigTotal, and
SigTotalVar compared with the methods that matched separately
on active and control treatment arms (SigArm, EbArm, and
EbArmILD) and that also matched on the outcome of the control
treatment (SigOutcomeC).

In scenario 1 we included one effect modifier. Methods
matching the two studies separately for active and control treat-
ments (SigArm, EbArm, and EbArmILD) produced the closest re-
sults to the expected A-B difference. Matching on the total
(SigTotal and SigTotalVar) or on the outcome of the control
(SigOutcomeC) performed slightly worse, and the weakest result
was observed for the unmatched Bucher approach. Confidence
intervals were in the same range for all methods.

In scenario 2 the two included covariates were not effect
modifiers and one of them was not available for analysis in the
ALD study. All methods performed well under this condition,
except the one in which the MAIC approach was used to match
also on the outcome of the control treatment (SigOutcomeC).
Confidence intervals were in the same range for all methods.

In scenario 3 one of the two included covariates was an effect
modifier and the other was not. Two approaches did not perform
well under this condition. The unmatched Bucher approach
(Bucher) and the MAIC approach for matching also on the
outcome of the control treatment (SigOutcomeC) deviated from
the expected A-B difference. Confidence intervals were in the
same range for all methods.

In scenario 4 we included two effect modifiers, of which one
was not available for analysis in the ALD. All matching methods
failed to estimate the true A-B difference. The unmatched Bucher
approach (Bucher) again performed the worst.

In scenario 5 the variance of one included effect modifier
differed between the ILD and ALD studies. All matching methods,
except the unmatched Bucher method (Bucher), came close to
estimating the true A-B difference. Nevertheless, the MAIC
approach, which was matching also on variances (SigTotalVar),
gave a wider confidence interval.

In scenario 6 we simulated six realistic baseline covariates
(effect modifiers and not effect modifiers). Under this condition,
none of thematching approaches estimated the known treatment
difference in the ALD study. The Bucher method overestimated
the true effect, whereas the othermethods underestimated it. The
methods that matched the studies separately for active and con-
trol arms (SigArm, EbArm, and EbArmILD) performed the best.
Confidence intervals were in the same range for all methods.
Discussion

In this article, we investigated different approaches to the
matching of AICs, including no matching, the MAIC approach as
proposed by Signorovitch et al. [2], and entropy balancing [11]. Our
simulations and scenarios provide insight into how the selected
matching methods perform. We focus here on AICs (anchored
comparisons) as a common approach for HTAs.

The results demonstrated that where no effect modifiers are
present (scenario 0) all methods perform equally well in estimating
the TE. In the presence of one effectmodifier, which is imbalance in
ALD (scenario 1), the Bucher method and the matching on Signo-
rovitch total methods or on the outcome of the control poorly
estimated the true TE. When there are prognostic variables avail-
able formatching in the ILD but not available in theALD (scenario 2),
matching on the outcome of the common comparator introduced
bias, which is not observed in the other weighting methods that
matched on only baseline covariates. Given that unknown prog-
nostic variablesmay not be commonly reported in the literature, we
suggest this approach not be used. If prognostic variables are pre-
sent in the ILD but not available in the ALD (scenario 3), forcing the
balance within the ILD on these variables demonstrated a gain in
precision. Again, the Bucher method and the matching on the
outcome of the control performed poorly. Not surprisingly, when
the unmeasured covariate was an effect modifier, all the matching
methods introduced a bias (scenario 4).

When the effect modifier in the ILD and ALD had different
variances (scenario 5), the Bucher method and the method
matching on the variance did not accurately estimate the TE. The
Bucher method performed poorly in estimating the effect,
whereas the matching on variances slightly underestimated the
TE but inflated the standard error of the TE. The original article by
Signorovitch et al. [2] indicated that means of the covariates can
bematched between ILD and ALD studies and that weights can be
found that simultaneously match the variances. Incorporating the
variances into the MAIC approach led to wider confidence in-
tervals for the AIC. This extension is obviously adjusting correctly
for the additional uncertainty. Thus, if different variances of an
important effect modifier are observed, matching should be per-
formed also on the variances and not only on means. In our sce-
nario, the variance in the ALD was larger than in the ILD and we
saw the benefits of such matching. Further work is required to
investigate statistical properties of matching approaches if mo-
ments of higher order are affected.
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Fig. 1 – Forest plots for effect size of the indirect comparison A-C-B for scenarios 0 to 6. Indicated is the true expected effect
size, the bias, and the MSE (detailed numbers given in Appendix Table 2 in Supplemental Materials found at https://doi.
org/10.1016/j.jval.2018.06.018): (A) simple scenarios and (B) realistic scenarios. CI, confidence interval; MSE, mean squared
error.

V A L U E I N H E A L T H 2 2 ( 2 0 1 9 ) 8 5 e9 1 89

https://doi.org/10.1016/j.jval.2018.06.018
https://doi.org/10.1016/j.jval.2018.06.018
https://doi.org/10.1016/j.jval.2018.06.018
https://doi.org/10.1016/j.jval.2018.06.018


V A L U E I N H E A L T H 2 2 ( 2 0 1 9 ) 8 5 e9 190
Our simulation scenarios have demonstrated that more pre-
cise estimates can be obtained when the matching is performed
separately for active and control treatment arms between ILD and
ALD studies versus matching on active and control arms com-
bined as suggested by Signorovitch et al. [2]. When an imbalance
existed between the ALD study arms (scenario 1), matching on the
arms separately led in ILD to the same balance on observed
covariates as in ALD and reduced the bias on the TE of A versus B.
In randomized controlled trials, it is possible that unbalanced
covariates of different magnitudes will be observed simply by
chance. In such situations, the MAIC approach applied by treat-
ment arm (matching approach SigArm) might be an alternative to
the matching on the total population (matching approach SigTo-
tal). Nevertheless, this alternative approach might break the
randomization, and covariates might be imbalanced after
weighting. Therefore, the choice of this approach should be
carefully considered, and further investigation is needed to assess
this approach under a more diverse array of situations.

Unbalanced effect modifiers are critical to determine whether
a matching approach might give more accurate (unbiased) results
than the simple Bucher approach. We therefore recommend
checking whether effect modifiers might exist in the unbalanced
covariates before the matching approach is selected. This check
can be performed in the ILD study using regression techniques
(e.g., including interaction terms between treatment and cova-
riates), but cannot be performed for the ALD study. Therefore,
additional approaches may be to consult an expert in this field or
conduct a literature review to determine potential treatment
modifiers that can be used in the analyses.

It is important to review the distribution of the weights when
conducting these analyses because large weights will not only
reduce the effective sample size but can also potentially lead to
imbalances between treatment arms of the baseline covariates.
We recommend checking the balance of covariates in the ILD and
ALD trials between treatments before and after matching. If im-
balances in either of the studies are detected after matching, then
reweighting on individual treatment arms might be an alterna-
tive, but as already discussed, this approach has limitations.

Weights derived from the matching methods (the MAIC
approach as proposed by Signorovitch et al. and entropy
balancing) are directly related to the overlap of the covariates. The
greater the distance, the more extreme the weights might be, so
that a few data points might result in unrealistic large weights. So
far, no formal decision rules of acceptable overlap have been
established. The effective sample size [15] is based on the weights
of the applied matching method. It may be used as a measure of
how many patients were excluded because of the matching pro-
cess, but it is not exact because it is assumed that the weights are
known and not estimated.

For deriving the standard errors and thus the confidence in-
tervals, we used in our simulations a bootstrap approach as sug-
gested in the article by Sikirica et al. [7], which circumvented the
assumption that weights were known. This approach preserved
the variability arising from the estimation process. A statistical
test then can be simply based on whether the resulting 95% con-
fidence interval covered 0. As an alternative, the confidence in-
tervals can be derived from sandwich estimators, as suggested by
Signorovitch et al. [2].

There were several limitations in our approaches. First, in our
simulation scenarios, we used a continuous outcome variable Y,
but did not use a binary outcome. Further investigation is needed
to identify the statistical properties of such an approach.

Second, in all the scenarios, a linear relationship between
outcome and covariates was assumed. In medical research,
many relevant outcomes are related at least approximately or in
a relevant range linearly to covariates, but further investigation
is required if the relationship is nonlinear, for instance, if
outcome is time-to-event or if transformations are used to
achieve linearity or if the relationship is different between ILD
and ALD studies.

Third, the scenarios presented in this article may not reflect
situations encountered in practice; we, however, attempted to
overcome this by investigating the performance of the matching
methods in a more realistic scenario (scenario 6). We assumed
that five of six covariates were differing between the ILD and
ALD trials and that one of the effect modifiers was not available
in the ALD trial. The results showed that not only the Bucher
method but also the more sophisticated matching approaches
might give biased results. Matching the two studies separately
for active and control treatment arms (SigArm, EbArm, and
EbArmILD) gave better but still biased results. Finally, we did not
investigate known limitations of unanchored direct compari-
sons [1] if only one treatment in the ILD was compared with one
in the ALD trial.
Conclusions

As described, the MAIC approach is useful, in anchored settings,
when effect modifiers are known and when marked imbalances
exist between the ILD and ALD studies. At this stage, we consider
the MAIC approaches presented here to be only sensitivity ana-
lyses used in HTA submissions. More research is needed before
replacing the Bucher method [12] as the primary analysis for AIC.
Alternatives that we have not examined are model-based ap-
proaches, such as simulated treatment comparison [3] and meta-
regression for analyzing whole networks of studies, if at least for
some ILD are available [4,5]. Further research is required to un-
derstand how the methods work when outcomes are either cat-
egorical or time-to-event; to understand what happens to the
statistical properties of the methods if moments are of higher
order; and to assess matching on the arms separately under more
complex and varied scenarios.
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