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BACKGROUND
Unanchored matching-adjusted indirect 

comparison (MAIC1) becomes unfeasible 

when trial populations lack overlap in key 

prognostic factors or effect modifiers. Poor 

overlap reduces the effective sample size 

(ESS), weakening MAIC reliability. 

Consequently, poorly overlapping variables  

are often excluded, leading to 'incomplete 

models' that are prone to bias.

RESULTS
SIMULATIONS
A total of 1,000 datasets were generated for each 

of the 72 scenarios. The results for binary 𝑥𝑝𝑜𝑜𝑟 

are presented.

Figure 2 highlights that incomplete MAIC results 

were biased when the overlap was average and 

the impact of the variable on outcomes was 

moderate or high. At very poor and poor overlap, 

the incomplete MAIC yielded biased results, 

regardless of the strength of the association 

between variables. 

Higher variability in the estimated treatment 

effects using the full MAIC was observed when 

the overlap was very poor.  Additionally, smaller 

samples were associated with greater variability 

in treatment effects for both methods.
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CONCLUSIONS
The simulation study showed that bias 

occurs in incomplete MAICs when the 

omitted variable has a moderate to strong 

association with outcomes, especially with 

poor overlap. Therefore, incomplete MAICs 

should not be used alone. 

When full MAIC is unfeasible, an extended 

approach allows for investigating the bias of 

incomplete MAIC and reintroduces the 

omitted variable into the inference. If the 

variable's impact is deemed unlikely to alter 

conclusions, the incomplete MAIC results 

can be considered reliable.
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METHODS
SIMULATIONS
The simulation study assessed the impact 

of omitting binary or continuous variable in 

unanchored MAIC. Individual patient data 

for studies A and B were generated, then 

aggregated for B. Study A samples ranged 

from 20 to 200 patients, the impact of a 

poorly overlapping variable 𝑥𝑝𝑜𝑜𝑟  on the 

outcome (𝛽3) was between 5% and  50% 

of the treatment effect. The tested overlap 

levels varied from very poor to full overlap.

The data were generated using the 

following model:

𝑦 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + 𝛽3𝑥𝑝𝑜𝑜𝑟 + 𝛽𝑡𝑟𝑡 + ϵ,

where: 𝑦 denotes the outcome, 𝑥1 and 𝑥2 - 
continuous covariates with good and 

average overlap, 𝑥𝑝𝑜𝑜𝑟  - a binary or 

continuous covariate with varying overlap. 

The parameters were set: 𝛽0 = 0.1, 𝛽1=0.2, 

𝛽2 = −0.1, and 𝛽𝑡𝑟𝑡 = 2 for A and B. The 

mean difference (d𝐴𝐵), with  true value of 

0, was estimated.

EXTENSION OF MAIC
.

OBJECTIVE
We investigate the consequences of 

using incomplete models and identify the 

conditions associated with the highest risk 

of bias in MAICs using small, single-arm 

studies. We propose a method to assess 

how poorly overlapping parameters affect 

unanchored MAIC outcomes.

EXTENSION OF MAIC (EMAIC)
The algorithm for EMAIC was designed to 

evaluate the reliability of MAIC in the 

presence of binary, poor overlap variable:

1.Conduct incomplete MAIC between A 

and B without 𝑥𝑝𝑜𝑜𝑟. 
2.Balance 𝒙𝒑𝒐𝒐𝒓 by sampling weighted 

patients (𝐴0
∗ ) from overrepresented 

subgroup (𝐴0) and shifting them to 

underrepresented subgroup (𝐴1). 
3.Adjust the outcomes for patients from 

𝐴0
∗  using 𝑘 potential 𝛽3

𝑖  values from the 

prespecified interval (𝑖 = 1, … , 𝑘):

𝑦𝑝
𝑖 =  ൝

𝑦𝑝 +  𝛽3
𝑖 , 𝑖𝑓 𝑝 ∈ 𝐴0

∗

𝑦𝑝,  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
.

4.Estimate the effects of A in population 

B መ𝑑𝐴
𝑖 𝐵  using adjusted outcomes 𝑦𝑖  

and incomplete MAIC weights:

መ𝑑𝐴
𝑖 𝐵 =

σ𝑝∈𝐴 𝑤𝑝∗𝑦𝑝
𝑖

σ𝑝∈𝐴 𝑤𝑝
 , for 𝑖 = 1, … , 𝑘.

5.Conduct indirect comparisons:

 d𝐴𝐵
𝑖 = መ𝑑𝐴

𝑖 (𝐵) - 𝑑𝐵, for 𝑖 = 1, … , 𝑘.

6.Find 𝜷∗, for which results of the 

incomplete MAIC change in significance.

The algorithm assumes the use of nonparametric bootstrap2 to compute standard 

error (SE) of መ𝑑𝐴
𝑖 𝐵 . The approach can be extended for a continuous 𝑥𝑝𝑜𝑜𝑟.

Case 1: Full MAIC unfeasible.

Observation: Even a weak 

impact of omitted 𝑥𝑝𝑜𝑜𝑟  can 

alter the incomplete MAIC 

conclusions.

Conclusion: Incomplete 

MAIC unreliable and 

unsuitable for use.

Case 2: Full MAIC is associated with low ESS (3%) and 1% of patients dominating 

the results. EMAIC was employed as a confirmatory analysis.

Observation: As long as the considered value of 𝛽 is not greater than 2.5 times 

its true value, the analysis will conclude correctly that there is a significant 

difference between treatments.

Conclusion: Provided we have an approximate understanding of the impact of 

the poor overlap variable on the outcomes, we can determine whether the 

conclusion of the incomplete MAIC is reliable.
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All prognostic variables 

and effect modifiers 

included in the weighting model

Poorly overlapping variable 

omitted in the weighting model

Overlap N
Full MAIC Incomplete MAIC

% ESS
(mean)

SE
(mean)

% ESS
(mean)

SE
(mean)

Very
poor

20 19 0.31 57 0.11
100 6 0.26 62 0.06
200 4 0.21 62 0.05

Poor
20 29 0.24 58 0.12

100 24 0.11 62 0.07
200 23 0.08 62 0.06

Average
20 44 0.18 57 0.14

100 47 0.08 62 0.07
200 47 0.06 63 0.06

Full
20 54 0.16 58 0.15

100 61 0.07 62 0.07
200 62 0.06 63 0.06

Figure 2. Relative treatment effects for different scenarios.

Table 1. %ESS and SE for different scenarios.

No difference

Full MAIC

Incomplete MAIC

True difference

True 𝛽 value

Point of inference 
change

True 𝛽 value

True difference

Point of inference 
change

No difference

Incomplete MAICTable 1 shows that including 𝑥𝑝𝑜𝑜𝑟  decreased 

ESS, particularly when overlap was poor, with 

reduction exceeding 80% at very poor overlap.  

The standard error (SE) of treatment effects in 

the full MAIC increased as overlap worsened. Figure 3. Application of EMAIC – Case 1

Figure 4. Application of EMAIC – Case 2

Figure 1. Overview of the EMAIC algorithm


	Slide 1

