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Abstract 

 

Background: Network meta-analysis of clinical trials includes direct and indirect 

comparisons of multiple treatments. This study aims to explore whether and how the 

multilevel models can be applied to network meta-analysis, particularly in ranking 

multiple treatments and explaining the heterogeneity. 

Methods: A three-level model with design-level (level-3), study-level (level-2) and 

individual-level (level-1) was formulated for network meta-analysis. A network 

meta-analysis of multiple monotherapy trials on type 2 diabetes mellitus was 

conducted with the three-level model, in which the effect sizes of multiple 

anti-diabetic drugs were compared according to an arm-based approach. 

Results: An application example for network meta-analysis correctly ranked the 

anti-diabetic drugs in controlling HbA1c. It also demonstrated that a level-2 variable 

(i.e. follow-up) in the multilevel model could explain the between-design 

heterogeneity.  

Conclusion: Multilevel models are applicable to network meta-analysis in not only 

ranking the effect sizes through direct and indirect multiple treatment comparisons but 

also explaining the between-design heterogeneity. 

Keywords: Multiple treatment comparison; Network meta-analysis; Multilevel 

models 

 

 

1. Background 

 

Traditional meta-analysis of controlled trials often performs pairwise comparison and 

seldom conducts comparison of multiple treatments. Network meta-analysis fills this 

gap that both direct and indirect multiple comparisons should be conducted to infer the 

relative effectiveness of multiple treatments upon the basic assumptions (Salanti, 2012) 

that multiple treatment comparisons are transitive (i.e. indirect comparisons are 

inferable from actual comparative trials), consistent (i.e. expecting coherence among 

direct and indirect comparisons) and homogeneous (i.e. assuming different studies to 

test the same population). Network meta-analysis would be problematic with 

inconsistency and heterogeneity of the trials for comparisons. The problems would be 

even worse when the clinical trials have multiple arms, multiple outcomes and missing 

values.  
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Traditional meta-analysis can be conceptualized as a special case of multilevel 

models (Hox, 2010) because meta-analysis is inherently hierarchical (e.g. effect sizes 

are nested within trials). To extend multilevel models to support network 

meta-analysis, we may introduce additional levels and features, wherever applicable, 

into the multilevel models for explaining the heterogeneity and estimating the 

coefficients and variances in meta-regression. 

Although the issue of multiple independent outcomes in the trials could be 

handled by introducing multivariate methods into the traditional non-multilevel 

meta-analysis, the issue remains unsettled for handling multiple correlated outcomes. 

It seemed that multilevel models with additional levels could contain those correlated 

outcomes (Goldstein, 2003). Multilevel modes could be further extended to handle 

missing values (i.e. some trials failed to report all outcomes) that occur at random 

(Hox, 2010).   

For the issue of inconsistency among direct and indirect treatment comparisons, 

there is a design-by-treatment interaction approach to estimating the inconsistency 

(Higgins et al., 2012). Multivariate meta-regression has been used to estimate the 

consistency and inconsistency in network meta-analysis (White et al., 2012). Random 

effects meta-regression was used to adjust for study-level variables and explain the 

difference in effect sizes between-study in mixed treatment comparisons (Nixon et al., 

2007). However, multilevel models have not been used in network meta-analysis to 

address these issues. 

For the reasons described above, multilevel models would be appropriate to use 

in network meta-analysis. In this study we formulated a multilevel model (Section 2) 

to accommodate multiple treatments by introducing multiple dummy variables into the 

multilevel regression equation. We adopted an arm-based method to compare the 

effect sizes of multiple treatments. A design-level (design refers to the same treatments 

compared in the pair-wise trials or the multiple-arms trials) (Higgins et al., 2012) was 

added into our proposed multilevel model to accommodate a three-level structure for 

multiple treatments comparison. Further variables could be added into different levels 

of this model to explain the between-design heterogeneity. A network meta-analysis 

(Section 3) on the real-world data from a conventional network meta-analysis (Lao, 

2013) was performed to evaluate the applicability of the proposed multilevel model. 

Finally, we discussed some issues in our research and future research direction 

(Section 4). 

 

 

2.  Methods 

 

Treatments were represented as dummy variables (Goldstein et al., 2000). A set of 

specific treatments compared in a trial was represented at (level-3) design-level 

(Higgins et al., 2012). Hence, our multilevel model with a three-level structure was 

specified by the following equations for the effect sizes at the aggregate level:  
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where k refers to the design-level (level 3), j refers to the trial-level (level 2) and 

the.at the aggregate level represents the individual-level (level-1). jky  is the effect 

size of the common comparator among the multiple drugs. 0 jk  is the intercept, 

jke is the residual error at the individual-level (level-1), 0 jku is the residual error at 

the trial-level (level-2) and 0kv is the residual error at the design-level (level-3). The 

terms 2 /e jkn , 2
0u , 2

0v  are the residual variances at different levels. pdrug  is the 

indicator of the multiple drugs, and the coefficient ,p jk  refers to the relative effect 

(positive or negative) with the common comparator of statistical significance. The 

design-level and trial-level variances for this coefficient respectively refer to the 

inconsistency and heterogeneity of specific comparisons in the network meta-analysis. 

,q jkX  is a trial-level (level-2) variable and 
,q jk  is its coefficient. Level-1 variables 

can be added to the equation when individual patient data are available. Other level-3 

variables can be added into the equation if needed. 

Restricted maximum likelihood (REML) was used to estimate the specified 

parameters including regression coefficients and component variances. Missing 

outcomes in the trials were assumed to occur at random. Multilevel analysis was run 

in the professional software MLwiN (Rasbash et al., 2009) with the inverse variance 

weighting. We set level-1 variance to 1 for precise estimation.  

 

 

3. Example: multilevel network meta-analysis 

 

Network meta-analysis was performed on a dataset of monotherapy trials for multiple 

durgs of type 2 diabetes mellitus based on our proposed multilevel model. Efficacy 

data of the anitdiabetic drugs including pioglitazone, metformin, glimepiride, 

rosiglitzone, sitagliptin, vildagliptin, acarbose, glyburide and gliclazide were 

originally collected for a conventional network meta-analysis that included 54 random 
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controlled trials. Four of these 54 trials were of three-arms design and the rest were of  

 

 
 

Figure 1. A screenshot of MLwiN running network meta-analysis 

 

 

two-arms design. The effect sizes were measured as the difference in HbA1c before 

and after drug treatments. They were represented in standard mean difference (SMD) 

and 95% confidential intervals (95%CI). An arm-based approach was used to compare 

the effect sizes. There were also seven variables representing the basic characteristics 

of the included trials, i.e. publication year, follow-up period, sequence generation, 

randomization concealment, blinding method, withdrawal and Jaded score. 

In our network meta-analysis, all anti-diabetic drugs were more effective than 

placebo in controlling HbA1c. Between-study variance was small and not statistically 

significant but the between-design variance was large and statistically significant 

(P=1.6499e-005). Among the level-2 variables added into the model for explaining the 

heterogeneity, only the variable follow-up was statistically significant (P=0.022316). 

Its coefficient -0.047 indicated that the follow-up was negatively correlated with the 

effect size of placebo. The between-design variance 2
0v  (decreased from 71.892 to 

69.601) could be explained 3.19% by level-2 variable follow-up. As the 

between-design variance (P=2.2714e-005) was still statistically significant, more 

variables from different levels would be needed to explain the between-design 

variance. 

The results from MLwiN are shown in Figure 1. As the result of the network 

meta-analysis based on multilevel models, the overall ranking of the drugs, i.e. 

glimepiride, acarbose, vildagliptin, gliclazide, pioglitazone, glyburide, metformin, 

rosiglitazone and sitagliptin, was consistent with the conventional meta-analysis. 

Comparison results between any two drugs were given by MLwiN with a dummy 

variable “drug” valued either 1 or -1. The result of ranking the multiple drugs kept 

unchanged when the variable “follow-up” was added into the model.  
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4.  Concluding remarks 

 

Multilevel models are applicable to the network meta-analysis in not only ranking the 

effect sizes through direct and indirect of multiple treatment comparison but also 

explaining the between-design heterogeneity. 

 

Our proposed multilevel model provides a generalized framework for conducting 

both traditional meta-analysis and network meta-analysis, not only comparing 

treatments but also explaining the between-design heterogeneity. Our preliminary 

result was consistent with conventional network meta-analysis. A level-2 variable was 

added into our proposed model but further variables could be included to explain the 

between-design heterogeneity. However, the proposed model had not addressed the 

issues of outcome correlations. Further research will address some complicated cases 

such as outcome correlations, incomplete block structure and missing values in both 

multiple-arms trials and multiple outcomes. In addition, we will improve the 

implementation of multilevel models by custom programming in R.  
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