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Non0randomized studies aim to reveal whether or not interventions are effective in real0life 

clinical practice and there is a growing interest in including such evidence in the decision0making 

process. We evaluate existing methodologies and present new approaches to using non0randomized 

evidence in a network meta0analysis (NMA) of randomized controlled trials (RCTs) when the aim 

is to assess relative treatment effects. We first discuss how to assess compatibility between the two 

types of evidence. We then present and compare an array of alternative methods that allow the 

inclusion of non0randomized studies in an NMA of RCTs: the naïve data synthesis, the design0

adjusted synthesis, the use of non0randomized evidence as prior information and the use of three0

level hierarchical models. We apply some of the methods in two previously published clinical 

examples comparing percutaneous interventions for the treatment of coronary in0stent restenosis 

and antipsychotics in patients with schizophrenia. We discuss in depth the advantages and 

limitations of each method and we conclude that the inclusion of real0world evidence from non0

randomized studies has the potential to corroborate findings from RCTs, increase precision and 

enhance the decision0making process.  

Keywords: observational studies; observational evidence; observational data; multiple 

treatments meta�analysis; mixed treatment comparison; cohort studies. 

 

�� ���	���������

Pairwise and network meta0analyses (NMAs) are often limited to synthesizing evidence from 

randomized controlled trials (RCTs). NMAs frequently disregard evidence from non0randomized 

studies (NRSs) because the authors assume estimates of relative treatment effects are more likely to 
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be biased, especially when confounding has been inadequately addressed. When non0randomized 

evidence is included in an NMA, this amplifies concerns about transitivity and consistency assumed 

by the method, and fears that results may be very precise, yet biased. But interest in including NRSs 

in the NMA synthesis and decision0making process is growing [1–5]. Although RCTs are 

considered the most reliable source of information on relative treatment effects, their strictly 

experimental setting and inclusion criteria may limit their ability to predict results in real0world 

clinical practice [6]. NRS0based estimates of treatment effects may complement evidence provided 

by RCTs, and potentially address some of their limitations. However, less than 4% of the NMAs 

published until the end of 2012 included at least one non0randomized study (10 out of 261 identified 

NMAs) [7]. 

Expert opinion is required to formulate quantitative statements about the amount of bias 

propagated by non0randomized studies in a body of evidence [8]. A recent review summarized 

methods that account for potential bias from non0randomized evidence in a pairwise meta0analysis 

[9]. These include an additive bias model that accounts for both external and internal biases in 

studies [10]; the confidence profile method [11]; likelihood adjustments [12]; and, multiple0bias 

models [13]. Schmitz et al. [14] propose three different methods to combine data from different 

study designs in an NMA: ‘naïve’ pooling; use of non0randomized evidence as prior information; 

and, a three0level hierarchical model.  

In this paper we present statistical methods for combining randomized and non0randomized 

evidence in an NMA and we discuss their merits and limitations. We confine ourselves to the case 

where NMA is used to infer about the relative effects of health interventions. To this end, we 

consider only comparative non0randomized studies that aim to estimate relative treatment effects. 

These include observational studies as well as comparative clinical trials that do not employ 

randomization.   

�� ���	������������������
����� 
������

2.1� ���������	�
����������	�
��	����������������	���	�	��������
�������
���	
�
��

A previously published NMA synthesized aggregate data from 28 published RCTs (5914 

patients) that compared 8 different percutaneous interventional strategies for the treatment of 

coronary in0stent restenosis [15]. The follow0up in the included studies ranged from 6 to 60 months 

after the indexed intervention and several clinical outcomes were considered; we focus on the 

dichotomous outcome ‘target–lesion revascularization’ (TLR). Results were synthesized using the 

odds0ratio (OR).   

In addition to the RCTs, we identified data from 6 NRSs that provide evidence about TLR on 5 

interventions. The studies included a total of 1113 patients in 14 different cohorts. The network is 
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depicted in panel A, Figure 1. Detailed information about the included NRSs can be found in 

Section 4 of the Appendix. 

2.2� �����
���	��������
����
����	���������

The randomized evidence in this example consists of aggregate per0arm data from 167 RCTs 

(36871 patients) which compared 15 antipsychotic drugs and placebo in patients diagnosed with 

schizophrenia [16]. Change in symptoms (efficacy) was measured 4012 weeks after randomization, 

based on the brief psychiatric rating scale (BPRS) or the positive and negative syndrome scale 

(PANSS). We use the standardized mean difference (SMD) to synthesize data. Using SMD as the 

effect measure enables the meta0analysis of studies that employ different scales, and it was also 

used in the original analysis [16]; researchers should note, however, that the use of SMD may be 

problematic under circumstances [17]. Study0level information was available for participant’s mean 

age and duration of illness. 

Non0randomized evidence consists of IPD from a large observational study (SOHO, 

Schizophrenia Outpatient Health Outcome) with 8873 adult patients from 10 European countries, 

who were treated with five different antipsychotics during a 30year time frame [18]. Short0term 

change in symptoms was measured at three months, based on the Clinical Global Impression scale 

(CGI). The network is depicted in panel B, Figure 1. Because we have signed non0disclosure 

agreements with our industry partner who provided the observational data we use in this example, 

we code treatments as 1016. 

 [INSERT FIGURE 1] 

!� "�
������
���������

We present the methods assuming that relative treatments from non0randomized evidence have 

been estimated using valid epidemiological and statistical methods that aim to minimize bias if 

possible. An overview of such methods can be found in Faria et al. [3]. When considering the 

inclusion of NRS for which IPD are not available, extra caution is warranted as the aggregated 

reported effect estimates may originate from suboptimal analyses. In any case, the quality of the 

evidence provided by the identified NRSs needs to be critically appraised. The recently proposed 

ROBINS0I tool can be used to evaluate the risk of bias in estimates obtained from studies that did 

not use randomization [19]. If the identified NRSs are believed to have a very high risk of selection 

bias their inclusion in NMA would be difficult to defend.  

None of the NRSs about the effects of percutaneous interventions for coronary in0stent restenosis 

provided IPD. To estimate the SMDs for the antipsychotics from IPD in SOHO we use regression 

adjustment analysis since there was enough overlap between the distributions of patient 

characteristics across treatment groups [3]. After consulting with expert psychiatrists to indicate 
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important patient0level covariates the SMDs from the non0randomized data were adjusted for 

baseline severity of the illness, age, gender and duration of illness.    

 In Section 3.1 we discuss the standard NMA model and fix notation. In Section 3.1, we describe 

methods for identifying possible discrepancies between randomized and non0randomized evidence. 

In Section 3.3, we present methods for synthesizing the two sources of evidence, assuming that no 

important differences have been found between them. We also describe the similarities and 

differences between the methods. Additional details for all models can be found in the Appendix. 

3.1� ��������������	�������������������������

The usual hierarchical, random0effects (RE) NMA model [20, 21] synthesizes data from all 

available studies to estimate the summary treatment effect, ���, and the heterogeneity standard 

deviation of the random effects, ���,	for each treatment comparison X vs. Y. Assume that for a two0

arm XY study � we observe the relative treatment effect �	��, along with a standard error, 
	��. The 

model is then written as: 

�	��~�(�	��, 
	��
� )�

�	��~�(��� , ���
� ) 

(1) 

We assume consistency, i.e. ��� = ��� − ��� for any choice of treatments X, Y and Z. This 

reduces the number of parameters and sets it equal to the number of treatments in the network 

minus one. Choosing treatment A as the reference, it is sufficient to estimate ��� for all treatments 

� ≠ �; these are called the basic parameters. All other treatment effects can be obtained as linear 

combinations of the estimated ���. Treatments can be ranked by any measure that summarizes the 

overlap between the estimated distributions of ��� [22]. An assumption commonly employed to 

facilitate the estimation of the heterogeneity parameters is to assume ��� = � for all treatments X 

and Y [23]. We use this assumption throughout this article for simplicity, although it is not 

necessary for any of the methods discussed below. For the inclusion of multi0arm studies the model 

described above is expanded to allow for both within and between0study correlations of the 

observations by using multivariate distributions. For a comprehensive review of standard NMA 

methodology, we refer the reader to our recent publication [24].  

3.2� �

�

��������������������������������	

�����	�����������	������	��������������

An NMA of RCTs should be internally consistent: information from direct and indirect sources 

of evidence for each treatment comparison should agree. The presence of inconsistency can be 

tested statistically [25] and any disagreements could be explored in subgroup analysis or network 

meta0regression. In the presence of large unexplained inconsistency NMA may be inappropriate. If 

no substantial inconsistencies are found in the NMA of RCTs one can proceed with the evaluation 

of the agreement between randomized and non0randomized evidence. Disagreements between 
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randomized and non0randomized evidence might be due to confounding in the non0randomized 

evidence, important differences in treatment effect modifiers across treatment groups of the NRSs, 

systematic differences in the definition of treatments between experimental and real0world settings 

(e.g. differences in dosages, modes of administration, adherence, etc.) or differences in patient 

characteristics. Inclusion criteria in RCTs are usually strict, so patients included in randomized 

studies may systematically differ from patients included in studies of real0world clinical settings. 

Examination of differences between direct and indirect evidence can be formalised by graphical 

and statistical comparison of the following information for each pairwise comparison XY: 

i.� direct randomized evidence, from XY randomized trials; 

ii.� indirect randomized evidence for XY, from the network, after excluding all direct XY 

studies; 

iii.� direct non0randomized evidence, from NRSs that include X and Y treatment arms.  

iv.� indirect, non0randomized evidence.  

The four sources of evidence are independent and they can be formally compared with statistical 

tests. The tests for inconsistency are however low0powered and the usefulness of formal statistical 

inference will be limited [26]. Note that differences between (i) and (ii) correspond to the notion of 

inconsistency in NMA [27].  

Another, informal way to infer about agreement between randomized and non0randomized 

studies is to compare the estimated heterogeneity parameters between the two different datasets.  If 

NRSs are very different from RCTs, their inclusion into the network shall lead to an important 

increase in the heterogeneity parameter.  

If researchers identify a source of disagreement between randomized and non0randomized 

evidence they can perform analyses that account for it and improve comparability across the 

different sources of evidence. Cooper et al. [28] and Salanti et al. [29] presented a general network 

meta0regression framework for including study0level covariates in an NMA. We discuss network 

meta0regression models in more detail in Section 1 of the Appendix. Concerns about limited power 

and ecological bias are just as relevant in network meta0regression as in conventional meta0

regression. Additionally, using network meta0regression in practice might prove to be difficult or 

even completely infeasible, e.g. if there is no usable information on important study0level 

covariates. Other models beyond network meta0regression might be useful in addressing specific 

sources of heterogeneity and inconsistency. Differences in the definitions of the treatments could be 

explicitly modelled using previously presented approaches [30, 31]. When there are differences in 

the way that the outcomes are measured or reported (e.g. at different time points or using different 

scales), multiple outcomes NMA could be employed [32–34].  
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Researchers should note that even in the case of agreement between randomized and non0

randomized evidence it may be inappropriate to perform a joint NMA. Epidemiological assessment 

of the compatibility of the various sources of data should always be performed by a content expert 

before undertaking any form of joint synthesis. The identified NRSs need to be examined on 

whether or not they are sufficiently similar in terms of population, intervention, comparator and 

outcomes (PICO) with the ones specified in the research question that the review is aiming to 

answer [2]. When a NRS is deemed to be incompatible with the specific aims of the research 

question it should be excluded from all analyses, irrespective of whether its findings happen to 

agree with those from the RCTs.    

3.3� ����	�
��	���	������������	�����������	������	��������������

If the NMA of RCTs is consistent and provided that there is no evidence of substantial 

disagreement between the randomized and the (adjusted) non0randomized evidence, synthesis of 

data is warranted. Below we outline different approaches to synthesis and summarize their basic 

characteristics in Table 1. We distinguish three main methodological approaches: (A) synthesis of 

non0randomized and randomized studies where information from NRSs is manipulated to reflect 

confidence in the study findings; (B) constructing informative prior distribution from the non0

randomized evidence and subsequently use it in the NMA of RCTs; (C) a three0level hierarchical 

model, where one level of the model accounts for differences in RCT and NRS designs.  

Before embarking on these adjusted analyses investigators can obtain an initial insight of the 

effect of including NRSs in the network by synthesizing all data from all studies (‘naïve’ analysis) 

[14]. 

��� ���� !�
������"�
���#���������
�����
�
�

This approach synthesizes randomized and non0randomized studies, after adjusting the mean 

effect sizes and/or the variance of the latter. In a two0armed non0randomized study � the point 

estimate is shifted by �	, where �	 is a bias term. The variance of the mean effect is also inflated 

(divided by a factor �	 , with 0 < �	 < 1),	 so that the study’s weight in the meta0analysis 

decreases. The investigator must define not only values for each set of �	 and but also the direction 

of bias; that is which treatment is assumed to be ‘favored’.  The standard NMA model of Equation 

(1) is modified as follows: 

�	��~�(�	�� + �	 ,

	��
�

�	

)�

�	��~�(���, ���
� ) 

For a multi0armed study � with �	 treatment groups a bias vector � 	with �	 − 1 elements needs 

to be specified, along with �	 to inflate the within0study variance0covariance matrix of the 
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observations.  Estimation of heterogeneity variances can be performed as usual in NMA, e.g. using 

likelihood methods, the methods of moments or within a Bayesian framework. The parameters �	 or 

�	 	can be set equal to fixed values or can be treated as random variables within a Bayesian 

framework. A Bayesian approach offers maximum flexibility and would allow us to assign prior 

distributions to �	 or �	. Note that if a prior distribution is assigned to �	 then there is no need to do 

any additional down0weighting using �	, since the additional uncertainty incorporated in �	 will 

result to a down0weighting of study �.  These prior distributions can be specified to reflect potential 

deficiencies in the non0randomized studies. For example, we may assign a prior for �	 	centered to 

values above 0.5 or even close to one to a well0conducted NRS with low or moderate risk of bias 

and PICO characteristics that are relevant to the research question. In contrast, we could assign a 

distribution for �	  that is centered at low values below 0.5 or close to 0 to a NRS of high risk of 

bias or a NRS that does not quite address the research question. Alternatively, �	 or �	  can be 

treated as random variables exchangeable across the included NRSs [35]. In the presence of 

discrepancies between NRSs and RCTs and if �	  are treated as random variables, their posterior 

will be centered around smaller values limiting the effect of the NRSs [36].  

Even though NRSs are generally considered to be at higher risk of bias [1], it may be hard to 

predict the direction (and also the magnitude) of possible biases in treatment effects [37–41], and 

this, in turn, makes it hard to pinpoint values for �	 and �	 . Biases in estimates of relative effects 

from NRSs may also depend on the method used to obtain them. Different methods used to estimate 

relative treatment effects from a NRS could give different results, making it harder to quantify 

potential biases. We recommend that researchers vary the amount of confidence they place on the 

non0randomized evidence by varying the value of �	 , and thus gauge the effect of non0randomized 

evidence on the model estimates. Setting all �	 ≈ 0 corresponds to an NMA of only RCTs. Setting 

larger values �	  places more confidence in non0randomized estimates. Setting all �	 = 1 is 

equivalent to the naïve model described above, where results from the NRSs are taken at face value. 

We do not recommend using values �	 > 1, which place more confidence on the NRSs.  

Eliciting expert opinion methods is needed to provide a range of plausible values for �	 and �	. 

Turner et al. [8] discuss how to elicit expert opinion regarding the bias parameters, and how to pool 

information from different experts. We previously described another method that can be used to 

pool expert opinion for a parameter ranging from 0 to 1 (such as �	) which is based on beta 

distributions [32]. In this method each expert opinion can be weighted according to the expert’s 

experience in the field. An approach alternative to expert opinion is to use information from 

Page 7 of 58 Statistics in Medicine

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60



For P
eer R

eview

8 

 

previously published meta0epidemiological studies (e.g. Anglemyer et al. [41]) using a model such 

as the one presented by Welton et al. [42]. 

$��%
�����	������	���������������
����	�����	�����	��

Most NMAs with RCTs are done within a Bayesian framework [7], and non0informative priors 

are typically assumed for all basic parameters ���. In the presence of non0randomized evidence, 

however, these priors could be informative. The analysis is performed in two steps. First, a meta0

analysis (or an NMA, if possible) uses the non0randomized evidence to estimate mean relative 

treatment effects for some (or all) of the basic parameters. The (posterior) distributions estimated in 

this first step can be ‘adjusted’ for bias (by adding a bias parameter β to the mean and dividing the 

variance by w). Then these distributions are used in a second step as prior distributions for (some, or 

all of) the basic parameters of the NMA model which includes only RCTs. There are three different 

ways to construct informative priors. Expert opinion is needed for each one of them, for setting the 

values needed to adjust NRS.  

The first approach is to start by synthesizing non0randomized evidence to estimate �̂��
%&' with a 

corresponding variance ()��
%&'. This estimated variance ()��

%&' incorporates both the sampling error 

and heterogeneity, so that the distribution �(�̂��
%&', ()��

%&') corresponds to the so0called ‘predictive 

distribution’ [43]. Then, down0weighting of the non0randomized evidence is achieved by 

assuming		���~�(�̂��
%&' + �*�, ()��

%&'/���), where �*� is a comparison0specific bias parameter 

and 0 < ��� < 1 is an inflation factor that quantifies the confidence to be placed in the non0

randomized evidence for AX [14]. The model can be extended to incorporate uncertainty in these 

two parameters by assigning	an informative prior distribution to �*� or to ��� (but not both). When 

the �	parameters are assumed to be random, their posterior distribution depends on the agreement 

between the sources of evidence. When randomized and non0randomized evidence disagree, � will 

obtain smaller values and decrease the impact of the non0randomized evidence on the pooled 

estimates. Setting all �*� = 0 and ��� = 1 corresponds to placing full confidence in the non0

randomized evidence; in such a case, and under the fixed0effect (FE) assumption, approach B 

becomes equivalent to a FE naïve analysis. Note that if some of the NRSs are multi0armed the 

corresponding estimates on basic parameters will be correlated. In such cases, we need to use 

multivariate prior distributions. For example, an A versus X versus Y non0randomized study will 

provide information on ���, ��� and the corresponding variance0covariance matrix; these can be 

used to formulate a bivariate normal prior distribution on the two basic parameters.  

Another method for constructing the prior is to use the exact likelihood of the non0randomized 

data. The evidence provided by NRS �	can be down0weighted by raising the likelihood to a power 

0 ≤ -	 ≤ 1; this corresponds to the power0prior originally proposed by Ibrahim and Chen [44, 45]. 
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Dividing the variance by �	  (approach A) can be seen as a special case of the power prior method, 

where a study0specific power -	 	is chosen for the likelihood of each study. In the special case of 

normally distributed data, approach A and the power prior approach are equivalent: -	 	 corresponds 

to �	.  

Α third alternative approach is to use a mixture of priors [46, 47]. The prior distribution consists 

of two parts; an informative prior formed by the predictive distribution as described above, and a 

flat (uninformative) prior. A factor 0 ≤ . ≤ 1 controls the amount of information drawn from the 

informative part of the prior, and thus controls the contribution of non0randomized evidence to the 

final results. For the special case when normal distributions are used for both the informative and 

the uninformative parts of the prior, we can calculate how the mixture parameter . relates to the 

variance inflation parameter �. More details can be found in Section 3 of the Appendix. 

 The major difference between approaches A and B is the way that heterogeneity is accounted 

for in the analysis. In approach A, there is a single heterogeneity parameter for the relative 

treatment effects estimated in RCTs or NRSs. Approach B assumes two different heterogeneity 

parameters; one for NRSs and one for the RCTs. This is relevant because NRSs may tend to be 

more dissimilar than RCTs. When few NRSs are available (as in the example of antipsychotics), 

researchers cannot use a random0effects meta0analysis to formulate a predictive prior distribution, 

unless they make some assumption about heterogeneity. For example, the estimate from the naïve 

analysis or empirical data can use used to construct the predictive distributions. One important 

limitation of using NRSs to formulate prior distributions is that it precludes the option to explore 

differences with RCTs in a network meta regression model. 

&���������������������������	���
�

Three0level hierarchical models are suitable to synthesize data from studies with many different 

designs (e.g., different RCT designs, controlled trials, cohort studies, case0control, etc.) [14, 48, 49]. 

We present three different realizations of a hierarchical model for NMA. The main difference 

between them is the way the analysis incorporates the consistency assumption. We denote the 

various study designs with /. At the first level, each study is analyzed separately to obtain estimates 

of the relative effects of the treatments that are compared in the study. 

Model C.1 

At the second level in this model, NMA (including the consistency equations) is used to 

synthesize studies of the same design to obtain design0specific NMA estimates for the basic 

parameters and the heterogeneity variance �0
�.  

�0	��~�(�0	�� , 
0	��
� )�
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�0	��~�(10�� − 10��, �0
�) 

The model can be used to include multi0arm studies using standard NMA methodology. Although 

we assume a single heterogeneity parameter within each design for simplicity, the model can be 

written using comparison0specific heterogeneities. At the third level, the basic parameters are 

assumed to be exchangeable across designs, which accounts for possible design0level heterogeneity, 

�234
� , i.e. 10��~�(�*� , �234

� ), 10��~�(�*�, �234
� ), etc. For the case of two different study designs 

(RCTs and NRSs), setting �234
� = 0 renders the model equivalent to approach B (with ��� = 1	and 

�*� = 0	for all basic parameters). Note that model C.1 requires an NMA to be performed for each 

study design using a subset of the same set of basic parameters. This might be infeasible in practice 

(see Section 4 of the Appendix for an illustration. Model C.1 cannot be used in such cases). 

Model C.2 

At the second level we perform a series of pairwise, design0specific meta0analyses to obtain 

summary effects for all available treatment comparisons. The meta0analyses do not impose the 

consistency equations, but assume a common heterogeneity �0
� for all treatment comparisons within 

design /, which corresponds to the ‘unrelated mean effects model’ described by Dias et al. [50]:  

�0	��~�(�0	�� , 
0	��
� )�

�0	��~�(10�� , �0
�) 

If the common heterogeneity assumption is relaxed the model corresponds to a series of 

unrelated pairwise meta0analyses.  

At the third level, a random0effects NMA (with heterogeneity �234
� ) uses the consistency 

equations to synthesize estimates from the second level, i.e. we assume that 10��~�(�*� −

���, �234
� ). Model C.2 is problematic when the dataset contains multi0arm trials, because different 

parameterizations of the unrelated mean effects model can result into different estimates �0��  [50]. 

Model C.3 

At the second level an NMA is performed separately per design. This imposes consistency 

exactly as in model C.1. Again the heterogeneity within each design can be assumed to be common, 

or different parameters can be assigned to different comparisons. At the third level, the estimates of 

the basic0parameters and their variance0covariance matrix from the design0level NMAs are 

synthesized in a new NMA, where they are treated as multi0arm studies and consistency equations 

are again imposed. This model assumes consistency twice – once within, and once across designs. 

At the third level, the common heterogeneity parameter of the NMA is �234
� . Note that this model 

does not require all NMAs at the second level to estimate a subset of the basic parameters.  
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In any three0level hierarchical model the estimates from each study can be adjusted if 

appropriate, by shifting the mean and/or inflating the variance. Alternatively, evidence from each 

design can be down0weighted by inflating the variance of the estimates obtained at the second level. 

A major constraint in applying models C.1, C.2 and C3 is the availability of data from many 

different designs. Using an informative prior distribution for �234
�  will improve estimates in the 

presence of few designs. This prior distribution could be formulated using expert opinion that takes 

into account the expected dispersion of results in different designs. Alternatively, information of 

meta0epidemiological studies that include information on multiple types of designs (e.g. RCTs, 

registries, pragmatic trials, observational studies etc.) could be used to form empirical prior 

distributions. 

3.4� &	�����
	��	���	���
�

The three approaches presented here have similarities and, under specific circumstances, can 

lead to identical or equivalent statistical models. Frequentist and Bayesian implementation of model 

A with non0informative or weakly informative priors and the (necessarily Bayesian) Model B 

should give similar yet not identical results. Differences between frequentist and Bayesian methods 

are likely to result primarily from the estimation of heterogeneity parameters (which is assumed to 

be a random variable within the Bayesian context), as any prior distribution for these types of 

parameters tends to be informative. It is also possible to modify the models’ characteristics, and to 

combine their distinctive features. For example, the effect sizes and variances of each NRS can be 

adjusted separately (as in model A) before using the three0level hierarchical model (C). Table 1 

offers guidance for choosing a model appropriate to apply in practice.  

[INSERT TABLE 1] 

#� $����
��������������������������	
��������������������	�������	���%&��

Once the non0randomized evidence is synthesized jointly with the randomized evidence, the 

credibility of the final summary treatment effects needs to be evaluated. The evaluation should 

consider, among other, the risk of bias in the included studies. One cannot exclude the possibility of 

residual bias due to the inclusion of NRSs, even after excluding studies with high risk of bias or 

adjusting effect estimates for relevant confounders. Although bias adjustments are usually 

considered only for the case of NRSs, RCTs may also suffer from design deficiencies that may bias 

their results. Calculating the relative contributions of the various sources of evidence is important 

when forming a critical appraisal of the NMA results. This is achieved by taking into account the 

various design limitations as well as how much each design is contributing to the final NMA 

treatment effect estimates [51]. 
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It has been shown that each relative treatment effect estimated in an NMA can be expressed as 

the weighted average of a set of direct pairwise meta0analyses [52]. The weights of pairwise meta0

analyses in estimating each NMA treatment effect form the ‘hat matrix’ [52], and can also be 

presented in a contribution matrix [51]. Since each direct meta0analysis is the weighted average of 

study0specific results, the contribution matrix can be updated to show the percentage contribution of 

each study in the pooled NMA estimates. A recent application of this approach can be found in 

[53].  The study contributions can be grouped to present how much evidence the randomized and 

non0randomized studies finally contribute to the NMA results. The contribution matrix for an NMA 

can be obtained with available software, like the ������� command in R [54] or the �������	� 

command in Stata [55]. 

Contributions can be readily calculated in approach A when the model is fitted in a frequentist 

setting, and can provide a percentage contribution of each study. A contribution matrix could also 

be estimated in approach C.  In model C.1 it is possible to calculate the contribution each design 

makes to each meta0analysis of basic parameters at the third level, and then sum these contributions 

within each design. For models C.2 and C.3 the contribution matrix of the NMA, which is 

performed at the third level (the design level), contains information on the effect of each design on 

the pooled summary effects. 

Calculating study contributions in approach B (and generally for models fitted in Bayesian 

setting) is not straightforward. A measure similar to a multivariate 5� statistic introduced by Jackson 

et al. can be used to estimate contributions (5&
� in [56]). In an NMA model, the (� − 1)67 root of the 

determinant of the variance0covariance matrix (denoted here as 8) measures the precision of the 

estimates for the basic parameters. The contribution of the non0randomized evidence can then be 

approximated by the relative decrease in 8 when priors with various weights are employed. For 

example, the model is fitted using uninformative prior, so that 8&9:	is based only on RCTs, and then 

8;<< is estimated using informative priors based on NRSs. Then, the contribution of NRS can be 

approximated with 5%&'
� = (8&9: −	8;<<)/	8&9:. 5%&'

�  can also be used in models A and C (or any 

other similar model), but complications arise because the estimate for heterogeneity may change 

after NRSs are included and the 5%&'
�  may acquire negative values for these models. Also, it might 

be resource intensive to use it to calculate the contribution of each individual study. 

'� ������	
���� 
�����

We used the network of the percutaneous interventions for the treatment of coronary in0stent 

restenosis to illustrate approach A, and we employed the ����
�� command in Stata [57, 58]. The 

network of antipsychotics for schizophrenia was used to illustrate approach B. The mean age and 

mean duration of illness of participants are important study0level effect modifiers, and we used 
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network meta0regression to include them in the analysis. Since estimating heterogeneity (�) in the 

non0randomized evidence is impossible in this example (there is only one NRS), we used the 

estimate from the naïve analysis to construct predictive distributions. To exemplify approach C we 

used the antipsychotics network, after assuming four different study categories; RCTs at low, 

moderate and high risk of bias (see Section 6 of the Appendix for more detail), and also the 

observational study. We then treated the groups as different designs. We used model C1 presented 

in Section 3.3 to synthesize the data. We fitted approaches B and C in OpenBUGS version 3.2.2 

[59, 60] (codes are provided in the Appendix). For all analyses we ran two chains that allowed for 

200.000 samples after a 100.000 burn0in period, and checked convergence with the Gelman and 

Rubin diagnostic. Initial values were automatically generated using the default OpenBUGS 

procedure.  

In order to assess compatibility between the various sources of evidence we first decomposed the 

randomized evidence into its direct and indirect components, and then compared them with the non0

randomized evidence. We used the ����
�� command in Stata, which implements the loop0

specific approach [61] and the node0splitting approach [27].  

5.1� �

�

��������������������������������	

�����	�����������	������	���������������

5.1.1� Percutaneous interventions for coronary in�stent restenosis 

In Figure 2 we present the relative treatment effects estimated from direct, indirect randomized 

and non0randomized evidence. For each treatment comparison the figure shows the treatment 

effects from the direct randomized evidence (from RCTs that compare the corresponding 

treatments), the indirect randomized evidence (from the network of RCTs after excluding direct 

evidence), the direct non0randomized evidence (from NRSs that compare the corresponding 

treatments) and the indirect non0randomized evidence (from the network of NRSs after excluding 

direct non0randomized evidence). Randomized and non0randomized evidence are in reasonable 

agreement for most treatment comparisons. However, for some comparisons (in particular DvsA, 

DvsC, EvsC and GvsB) there are considerable discrepancies The discrepancies in EvsC and DvsC 

are mainly driven by a single EC non0randomized study [62] whose results were very different from 

those in RCTs examining the same comparison. This might be due to chance or indicate important 

unaccounted confounding in the NRS and differences in the population, setting and interventions 

between the NRS and the RCTs.  

The heterogeneity standard deviation was estimated to be �̂ = 0.36 for the RCTs network and 

�̂ = 0.45 for the naïve analysis. The loop0specific approach did not detect any inconsistencies in the 

RCTs network or in the combined RCTs and NRSs network. The node0splitting approach showed 

no inconsistencies in the RCTs network, but found inconsistency in the DvsA comparison in the 
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combined RCTs and NRSs NMA. This inconsistency is due to the difference in estimates coming 

from indirect randomized and direct non0randomized evidence as shown in Figure 2. Detailed 

results from these analyses are presented in Section 5 of the Appendix. 

In a real0life application, researchers would need to further explore these disagreements, 

scrutinizing the identified studies in order to make a judgment on whether or not it is appropriate to 

pool them in a single NMA. To further exemplify the methods, we assume that the identified 

differences are due to chance and we proceed into synthesizing the totality of the evidence in an 

NMA. 

[INSERT FIGURE 2]   

5.1.2� Antipsychotic drugs in schizophrenia 

Figure 3 presents the estimates for treatment comparisons for which both randomized and non0

randomized evidence is available. We detected some disagreement only for the 4v6 comparison.  

The confidence intervals of effects from direct randomized and non0randomized evidence overlap to 

some extent but there is a discrepancy between the estimates that correspond to indirect randomized 

evidence and the evidence from the single NRS. This might indicate that the adjustment of the non0

randomized data was insufficient (e.g., due to residual confounding). There is considerable 

heterogeneity in the five RCTs that make up the direct randomized evidence (5� = 71%, �̂ = 0.33), 

while the prediction interval is rather broad (01.18, 1.23) and includes the estimate from the NRS. In 

such a case, heterogeneity in the RCTs that compare 4v6 should be fully explored.  

Comparing estimates from an NMA of the RCTs only with estimates from the naïve NMA also 

indicated that treatment effects are in agreement between the different sources. The precision of 

some treatment comparisons increased when non0randomized evidence were included in the 

network. For instance, the width of the credible interval was reduced by 27% for the 1vs15 

comparison. We compared the heterogeneity standard deviation before and after including the non0

randomized study and found no differences: �̂ = 0.08 (95% Cr.I. (0.04, 0.12)) for the RCTs0only 

network, and 0.09 (0.05, 0.12) for the naïve RCTs and NRS network. The loop0specific and the 

node0splitting approach did not provide any strong evidence of inconsistency either before or after 

adding the NRS to the network of RCTs (results are presented in Section 7.1 of the Appendix). We 

conclude that we found no evidence of important disagreement between randomized and non0

randomized summary effects and that synthesis of both sources is warranted.   

 [INSERT FIGURE 3] 
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5.2� Using the design�adjusted analysis (approach A) for the coronary in�stent restenosis example  

We employ approach A where we assume that estimates from each NRS are expected to be 

unbiased (� = 0), with an uncertainty reflected on w. However, we want to down0weight the NRS 

employing various scenarios for a common variance0inflation factor (�), for all NRSs.   

Figure 4 shows the estimated relative treatment effects for all comparisons informed by both 

randomized and non0randomized studies for various values of confidence placed on NRSs. For 

some treatment comparisons (CvsA; DvsA; EvsA; GvsA) the inclusion of the NRSs in the network 

corroborated the findings of the NMA based on RCTs alone and increased the precision in the 

estimates. For three comparisons (DvsC; EvsD; GvsD) the inclusion of non0randomized evidence 

pulled the summary effect towards the non0effect line even for low values of �. Such a result might 

potentially shed doubts on whether or not the difference in the efficacy of the corresponding 

interventions can be translated into difference of real0world effectiveness, and might have 

interesting clinical implications. However, these changes in the summary effect and their 

confidence intervals were not sufficient to change the treatment hierarchy estimated using the 

surface under the cumulative ranking line (SUCRA) [63] which remained unchanged with the 

various analysis models. Results can be found in Section 5 of the Appendix. 

In this example the NRSs accounted for 16% of the total sample size in the network. In the naïve 

analysis the contribution of NRSs was 20.3%. The contribution decreased to 19.0% for � = 0.8; 

16.5% for � = 0.5 and 10.3% for � = 0.2.   

 [INSERT FIGURE 4]  

5.3� Using non�randomized evidence as prior information (approach B) for the schizophrenia 

example 

In order to use the non0randomized evidence as prior information, we first needed to choose the 

basic parameters appropriately (see Section 2 of the Appendix on choosing the basic parameters). 

The single NRS compares treatments 1, 4, 5, 6, and 15 and consequently we could choose any of 

those treatments to be the reference treatment; here we chose treatment 1. We used the NRS to 

estimate a multivariate predictive distribution for the basic parameters 1vs4, 1vs5, 1vs6, and 1vs15, 

and we used the heterogeneity estimated from the naïve analysis (�̂ = 0.09). We used a common 

variance inflation factor for these basic parameters to explore three different scenarios: 

�~FG/H(0, 0.3), which places a low level of confidence in the non0randomized evidence; 

�~FG/H(0.3, 0.7), which places a medium level of confidence; and �~FG/H(0.7, 1), which places 

a high level. The rest of the basic parameters were drawn from non0informative distributions, 

�(0,100�).  
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Estimates of the relative treatment effects are presented in Figure 5. For most treatment 

comparisons (1vs5, 1vs15, 4vs5, 4vs15, 5vs6, 5vs15 and 6vs15) the inclusion of the single NRS in 

the evidence0base confirmed the findings and increased precision of the estimates. As expected, 

treatment hierarchy was robust to the various prior options. Estimates of the model parameters and 

SUCRA values are presented in Section 7 of the Appendix.  

For the first scenario, 5%&'
�  was calculated to be 4.7%; for the second scenario, it was 7%; and, 

for the third, it was 8.5%.  

[INSERT FIGURE 5] 

5.4� Using the three�level hierarchical model (model C1) for the schizophrenia example 

We assumed that the design ‘high RoB RCTs’ and the ‘NRS’ design have the same 

heterogeneity parameter denoted as �70I7, and that designs ‘low RoB’ and ‘moderate RoB’ pertain 

to  �<JK&MJ23N;63. 

We used four different values for � ranging from 0 (NRS excluded from the analysis) up to 1 

(no down0weighting of the NRS). In Table 2 we present the model estimates only for the basic 

parameters which were informed by both randomized and non0randomized sources. Comparing to 

the results of approach B the most notable difference is the increased imprecision. This is because 

model C incorporates an additional source of variability in the model, i.e. the heterogeneity across 

designs. Another interesting finding is that NRS had a larger impact on results; for no down0

weighting (� = 1), 5%&'
�  was calculated to be 14% (for the third scenario of model B in the previous 

section this was 8.5%). This increase of the contribution of NRS was because this study was the 

only source of information for one of the four available designs in the dataset. 

For � = 1 the heterogeneity standard deviations were estimated �̂70I7= 0.07 (0.01, 0.12) and 

�̂<JK&MJ23N;63= 0.06 (0.003, 0.16). The estimate for the design0level heterogeneity was �̂234= 0.07 

(0.02, 0.13), indicating relatively small differences across different designs. These estimates did not 

materially change when we used different weighting schemes for the NRS. 

 [INSERT TABLE 2] 

(� �����������

In this article we discussed approaches for incorporating non0randomized evidence in an NMA 

of RCTs. These approaches should be employed after researchers have performed a formal 

assessment of the risk of bias and the applicability of the identified studies. This is needed in order 

to evaluate whether the inclusion of each study is sufficiently justified. We also argue that before 

performing a joint analysis of randomized and non0randomized evidence, researchers need to ensure 

the compatibility of the different pieces of evidence, for each treatment comparison. If studies are 
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deemed incompatible a priori (i.e. before comparing effect estimates across study designs), their 

inclusion in the NMA should not be considered. 

We grouped the available methods for combining randomized and non0randomized evidence in 

an NMA into three categories; the design0adjusted analysis, the use of informative prior 

distributions and the three0level hierarchical models. We do not recommend using the naïve 

approach as the main method of analysis, but it can be a useful starting point, and can provide 

insight about the effect of including non0randomized evidence in the analysis. The naïve approach 

can also be used to assess compatibility of randomized and non0randomized evidence, via 

monitoring changes in network heterogeneity and inconsistency before and after inclusion of non0

randomized evidence.  

The ‘design0adjusted’ approach extends the naïve approach by considering the design of the 

studies. The data from non0randomized studies are ‘shifted’ and down0weighted based on external 

opinion about their credibility. We recommend using this approach when resources allow for a 

separate assessment of bias for each non0randomized study. Using the non0randomized evidence to 

construct informative prior distributions for the basic parameters of the model is an elegant 

alternative for including non0randomized evidence in the NMA. A key difference with the design0

adjusted approach is in the estimation of heterogeneity, which is performed separately for RCTs and 

NRSs. This approach might be more intuitive for clinicians, since they typically have prior opinions 

about treatment effects based on their experience with patient follow0up, monitoring, and registries. 

Hierarchical models are more appropriate when data from studies of several different designs are to 

be synthesized and account for heterogeneity within and across designs. While the other methods 

assume that the underlying treatment effects are the same across designs, the three0level hierarchical 

models assume that the treatment effects are different – but exchangeable – across different types of 

studies.  

In our two illustrative examples we employed the design0adjusted approach (in0stent restenosis) 

and the prior0based approach (schizophrenia), with various degrees of confidence placed to the 

NRSs. For the in0stent restenosis network the inclusion of NRSs confirmed the findings of the 

RCTs0only analysis for most comparisons. For some of the comparisons results were shifted, 

indicating smaller differences in the outcome between the interventions even when low confidence 

was placed on the non0randomized evidence. For the schizophrenia example the inclusion of non0

randomized evidence did not materially impact on the conclusions of the analysis. Precision of the 

relative treatment effect estimates increased only slightly when we incorporated non0randomized 

evidence in the analysis, because the contribution of the single, although very large, non0

randomized study was small compared to that of 167 RCTs.  
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Whatever method researchers choose to employ they should keep in mind that it is difficult to 

predict the magnitude or direction of possible biases introduced by including NRSs in an NMA. We 

thus advise them to explore the effect of placing different levels of confidence in the non0

randomized evidence before they draw final conclusions. We also recommend that all results should 

be evaluated after considering the relative contribution of each source of evidence in the pooled 

estimates. This might be especially relevant for the case that NRSs are used to connect disconnected 

parts of the network of RCTs; on such occasions the connecting studies may acquire an unduly 

large contribution for (some) of the network estimates, even after severe down0weighting.   
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Table 1: Overview of the presented approaches for combining randomized and non0randomized evidence. Abbreviations: NMA=network meta0

analysis. RE= Random0effects. NRS= non0randomized study. RCT=randomized controlled trial 

�
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���0.�
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Description 

All trials are included in the NMA. Estimates 

from each NRS are adjusted for possible bias 

and over0precision. 

Meta0analysis of RCTs using informative 

priors distributions formulated after meta0

analyzing all NRSs. 

Data is first synthesized by design and then the 

design0specific summary estimates are pooled in 

a joint (network) meta0analysis. 

How are NRS 

incorporated 

Each NRS can be adjusted separately, 

according to its features. Alternatively, 

common bias parameters can be assumed for 

all NRS. 
Between0design variability in treatment 

effect is ignored. 

The priors are shifted to account for bias 

and/or the variances are inflated to down0

weight estimates from NRSs. 

Between0design variability in treatment 

effect is ignored. 

Each NRS can be adjusted separately, according 

to its features, if resources allow. Or adjustment 

for bias can be performed collectively for each 
design, on the design0level estimates. 

Implementation 

Challenges 

Expert opinion is needed to choose 
appropriate values for wj and βj. 

Magnitude and directionality of bias in NRS 

may be hard to predict. 

Choosing basic parameters and formulating 

priors may be non0trivial for complex 

network structures in the NRSs. 

Estimating heterogeneity may be hard if 

few RCTs or NRSs are available. 

Impossible to include NRSs and RCTs in a 
joint network meta0regression. 

Estimating τdes either requires including several 

designs, or a strongly informative prior. 
Model C.1 requires meta0analyzing all designs, 

using a subset of the same basic parameters. 

Model C.2 is problematic in the presence of 

multi0arm studies 

Software 

considerations 

Easily implemented in all NMA software 

when fixed values for wj and βj are used. 

Can be implemented only in a Bayesian 

framework (e.g. OpenBUGS) 

Any software that implements hierarchical 

models 

Better to use 

when 

Should be preferred when resources allow 

inference about bias in each separate study. 

Use when it is infeasible to infer about bias 

in each study separately. 

Use when there are studies pertaining to 

multiple designs. 

Technical 

details 

The mean effect size in the jth  NRS can be 

shifted by a bias factor βj. The variance of the 
treatment effects can be inflated by dividing 

with a variance0inflation factor 0<wj<1. 

When wj=0, all NRS are excluded; when 
wj=1, no adjustment takes place. 

A RE0NMA of all NRSs is performed and 
the predictive distributions for the summary 

effects are used as priors for the basic 

parameters of the NMA of RCTs. 

First, data are meta0analyzed per design, using a 

design0specific heterogeneity parameter. 

Second, all design0specific estimates are 

synthesized to obtain an overall treatment effect 

that accounts for between0design heterogeneity. 
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�

Table 2: Estimated treatment effects and 95% credible intervals for the antipsychotics network, for 

basic parameters informed both by RCTs and NRS as estimated from model C1. Larger values of w 

correspond to larger down0weighting of the NRS.  

� 1	
���������
	�����

2
	�
�������
������
���	�'�(� ��#� ��'� ��(� ���'�
0.0 

(RCTs only) 
0.04 

(00.08, 0.16)�
00.12 

(00.26, 0.01)�
0.08 

(00.08, 0.24)�
0.31 

(0.11, 0.50)�

0.3 
0.05 

(00.04, 0.16)�
00.12 

(00.23, 00.01)�
0.05 

(00.08, 0.18)�
0.26 

(0.10, 0.41)�

0.7 
0.06 

(00.04, 0.16)�
00.11 

(00.22, 00.01)�
0.04 

(00.08, 0.17)�
0.25 

(0.10, 0.40)�
1 .0 

(no down0weighting) 
0.06 

(00.04, 0.16)�
00.11 

(00.22, 0.00)�
0.04 

(00.08, 0.17)�
0.25 

(0.11, 0.41)�

�

 

�

)������*+�Networks of evidence for A) percutaneous interventions for coronary in�stent restenosis, 

and B) antipsychotics for schizophrenia. Dark grey nodes correspond to treatments compared in 

RCTs only; light grey nodes are examined in RCTs and NRSs. The size of each node is proportional 

to the number of studies that examine the corresponding treatment. The thickness of edges is 

proportional to the number of patients included in the studies that made the corresponding 

comparison. Codes for percutaneous interventions (Panel A): A=balloon angioplasty, Β=�bare 

metal stents, C=drug�coated balloons, D=everolimus�eluting stents, E=paclitaxel�eluting stents, 

F=rotablation, G=�sirolimus�eluting stents, H=vascular brachytherapy 

�

)������,+�Relative treatment effects (log OR and their 95% Confidence Intervals) for target–lesion 

revascularization with percutaneous interventions for coronary in�stent restenosis, estimated from 

the various sources of evidence. The results from NMA using only RCTs and from NMA using both 

RCTs and NRS (naïve NMA) are also presented. Only treatment comparisons informed by both 

randomized and non�randomized evidence are presented. Codes of interventions as per Figure 1. 

 

)������-+ Relative treatment effects (Standardized Mean Differences SMD and their 95% Credible 

Intervals) for improvement in symptoms scale with antipsychotics in patients with schizophrenia 

estimated from the various sources of evidence.  The results from NMA using only RCTs and from 

NMA using both RCTs and NRS (naïve NMA) are also presented. Only treatment comparisons 

informed by both randomized and non�randomized evidence are presented.�

�

Page 25 of 58 Statistics in Medicine

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60



For P
eer R

eview

26 

 

)������.+ Relative treatment effects (log OR and their 95% Confidence Intervals) for target–lesion 

revascularization with percutaneous interventions for coronary in�stent restenosis estimated using 

approach A.  Evidence from the NRSs is given increasing weight with the parameter w. Only 

treatment comparisons informed by both randomized and non�randomized evidence are presented. 

Codes of interventions as per Figure 1 

�

)������/+ Relative treatment effects (Standardized Mean Differences SMD and their 95% Credible 

Intervals) for improvement in symptoms scale with antipsychotics in patients with schizophrenia. A 

large NRS is contributing data to form an informative prior (approach B). Evidence from the NRS 

is given increasing weight with the parameter w.  Only treatment comparisons informed by both 

randomized and non�randomized evidence are presented.   
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Networks of evidence for A) percutaneous interventions for coronary in�stent restenosis, and B) 
antipsychotics for schizophrenia. Dark grey nodes correspond to treatments compared in RCTs only; light 

grey nodes are examined in RCTs and NRSs. The size of each node is proportional to the number of studies 
that examine the corresponding treatment. The thickness of edges is proportional to the number of patients 

included in the studies that made the corresponding comparison. Codes for percutaneous interventions 
(Panel A): A=balloon angioplasty, Β= bare metal stents, C=drug�coated balloons, D=everolimus�eluting 

stents, E=paclitaxel�eluting stents, F=rotablation, G= sirolimus�eluting stents, H=vascular brachytherapy  
Figure 1  

124x75mm (300 x 300 DPI)  
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�
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Figure 1: A network of eight treatments (A�H) including both randomized and non�

randomized studies. Thin black lines correspond to treatment comparisons for which 

only randomized evidence is available. Thick black lines correspond to comparisons 

for which non�randomized evidence is also available. Dashed red lines correspond to 

a possible choice of the seven basic parameters needed for the NMA model that uses 

non�randomized evidence as prior information. The basic parameters form a 

‘spanning tree’: they pass through all treatments and do not form any loops. Other 

choices of basic parameters are valid as well, e.g. AH could replace DE.  
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Figure 2:  A scenario for which model C.1 could not be used. 
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Figure 3: Schematic representation of the three�level hierarchical models. 

Abbreviations: MA=meta�analysis, NMA=network meta�analysis 

Model C.1: an NMA per design at the 2
nd

 level, an MA per basic parameter at the 3
rd

 

level 

Model C.2: a MA per design at the 2
nd

 level, an overall NMA at the 3
rd

 level 

Model C.3: an NMA per design at the 2
nd

 level, an overall NMA at the 3
rd

 level.   
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Table 2: Inconsistency factors – naïve NMA 
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Table 3: Estimates from the node�splitting approach for assessing inconsistency. 
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Table 4: Estimates for the heterogeneity variance (assumed common in the network) 

"�	�����$	��
�	�!�"%� -���
��������$τ
2
) 

,'���(#�� I����

w = 0.2 I����

w = 0.5� I����

w = 0.8� I��*�

4�K����(�#�����6w = 17� I��I�

�

� �

Page 42 of 58Statistics in Medicine

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60



For P
eer R

eview

���

�

.� /��������������
��!��	������!������(	�����

��� 2�� ���!������ �(� ��!��(� ���� 
� ���� ���(� /�/���� �//��!�� '� ��5������ ����

����#���#���� 
� ��#��/#�� ������ ����$(��� -�� 2����� �2������ �(��#�� �� ���(��
�� �(��

������#�� �E��/#�� �� ���� 
�� �##�������($� ���� ������� ������ �(� ����� �� �E��/#�
��

�//��!��'�2������������(��/��!���!���E��/#���
�����/#����($���������#��#��,'����(�

$��/���(��������($���!��
�������$��/������
����/�����(���������

���(������$(��-����

�����/#����($��!!���($����������.�
������6,"7���������(�������2���/��
������(�����

��$�(�#�/��#�!���(�0��1����������������������������!��,'��������($�
�L��$��,"M��

L#2� ,"M� �� L�(!#���M�� 
�� ��!�� (�� 
� ���� 
##2�($� 
���� ����� ����(�8�

��(���<���(�� �##!���(�� �#�(��($�� �����($� ��!���� �(�� ����� �������� ?��($� �����

��������(���2��!�������������$��/�������
�����$��/�6N��$��,"�,'��O7��(!�/������

�##���������H��$���������������$��,"�
����� #�����(��
�����
�������������(�=������

$��/� �(!#����� +)� ,'���� ���� ��!(�� $��/� 6N#2� ,"� ,'��O7� �(!#����� ��������

H��$�������������#2�,"�
�����#�����
���
�����
�������������(�=�(#���*���������

2�����(!#������(������$��/�����������
�������������2����$��/����(����N�(!#����,"O�

$��/� 
� ,'��=� ������ 2���� ��� ��!�� ��������� -�� ���(� �������� ���� $��/�� ��� ���($�

��

���(������$(����(��2����������������($#��4,�������
�����

���(������$(��-�������

���#�'��/����(�����(���!��(���������(�����<������������

�

0� '���������
��!��	������!������(	�����

7.1� Results from the naïve analysis 

@(����#����2��$������������������
����##����#�/����������
�����(�K���4��������

��$�����(�!�

�!��(���!����/(��������!�/����(�
��##��!��������$������/#�!�����

@(����#������(����2��$������������#���
��������(!(�����(!��
�!����6�����������

���(!��

���2��(�����!���(���(����!�������(!���(���!��#/7�
���##�#/���(�����(��2�.����
���

�(���
���������(!#���(�
�������������(�#��������@(����#��*�2��/����(������#���
���

����(��3�/#����($��//��!��
���������($��(!(�����(!����

�

Table 5: Naïve analysis � estimates of the model parameters 
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Table 6: Inconsistency factors – NMA with RCT only 
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Table 8: Estimates from the node�splitting approach for assessing inconsistency. 
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7.2� Results: approach B 
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