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Abstract in English 
 

Title: Dealing with sparse data in network meta-analysis 

In meta-analysis, the issue of sparse data can be defined as either the case where the studied 

outcome is rare across a set of available studies or as the case where there are only a few studies 

available. In both of those cases of sparsity the standard inverse-variance (IV) approach which is 

used for either pairwise or network meta-analysis can be problematic. This arises from the fact that 

in such cases the standard normal assumptions made by the conventional IV model are invalid and 

thus the summary effect estimates can be biased. This thesis aims to deal with sparse data through 

three different projects. The aim of the first project was to deal with the problem of rare events in 

NMA of binary data. An approach of penalizing the likelihood function has been previously 

proposed for bias reduction in the analysis of individual studies with rare events. To improve the 

accuracy and the precision of the NMA estimates in the presence of rare events, the first project 

aimed to extend the penalized likelihood approach to the context of NMA. The latter took place at 

first for the common-effect NMA model that uses logistic regression. The common-effect model 

was extended to a random-effects model by using a two-stage approach that incorporates the 

heterogeneity parameter through a multiplicative term. The performance of the PL-NMA model 

was evaluated through a simulation study of in total 33 scenarios where the method was also 

compared with 10 other NMA approaches in terms of various measures such as bias and coverage 

probability. The simulations suggested that the PL-NMA approach performs consistently well 

across all tested scenarios and most often results in smaller bias than the other NMA methods. The 

second project of this thesis aimed to facilitate the estimation of summary intervention effects for 

rare outcomes in the context of Covid-19 pandemic. The COVID-NMA initiative is a living 
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evidence synthesis platform that provides public access to the most up-to-date information with 

respect to the effects of the different Covid-19 interventions. Rare events are quite frequent in 

the COVID-NMA database. For example, across 432 RCTs with hospitalized patients in the 

database the median risk for the outcome of serious adverse events is only 8%. To facilitate the 

analysis of COVID-NMA data the metaCOVID application was built. This is a freely available R-

Shiny application that allows all the end-users of the COVID-NMA platform to perform complex 

types of analysis through a user-friendly environment. metaCOVID deals with rare events by 

allowing the replacement of the IV model with other more suitable models for sparse data such 

as the Mantel-Haenszel or the PL-NMA model. The third project addressed the issue of sparse 

networks in NMA. This is the case of networks that contain a limited number of direct comparisons 

and very few studies to inform them. Results from such networks are accompanied with substantial 

uncertainty not only in NMA estimates but also in the plausibility of the underlying NMA 

assumptions. A Bayesian framework was proposed to allow sharing information between two 

networks that pertain to different subgroups of the population. Specifically, the results from a 

subgroup with a lot of direct evidence forming a ‘dense’ network were used to create informative 

priors for the relative effects of the target subgroup forming a sparse network. This is a two-stage 

approach where at the first-stage the results of the dense network are extrapolated to the sparse 

network using a NMA model which uses a location parameter that shifts the distribution of the 

relative effects to make them applicable to the target population. At the second-stage, the 

predictions of these results are used as prior information for the sparse network. The location 

parameter is informed either through the data or using expert opinion. The two-stage approach was 

found to result in more precise and robust estimates of the final NMA estimates. 
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Résumé court en français 
 

Titre: Gestion des données eparses dans les méta-analyses en réseau 

En méta-analyse, le problème des données éparses peut être défini comme le cas où l'événement 

étudié est rare dans un ensemble d'études disponibles ou comme le cas où il y a peu d’études 

disponibles. Dans ces deux contextes, l'approche classique de la variance inverse (IV), utilisée 

pour la méta-analyse par paires ou par réseau (NMA), peut être problématique. Cela est dû aux 

hypothèses de normalités classiques faites par le modèle IV conventionnel qui ne sont pas valides 

et par conséquent les estimations de l'effet moyen peuvent être biaisées. Cette thèse se compose 

de trois projets différents. L'objectif du premier projet était de traiter le problème des événements 

rares dans la NMA dans le cadre de données binaires. Une méthode de pénalisation de la fonction 

de vraisemblance a été proposée précédemment pour réduire le biais dans l'analyse des études 

individuelles avec des événements rares. Afin d’améliorer l'exactitude et la précision des 

estimations de la NMA en présence d'événements rares, le premier projet visait à étendre 

l'approche de la fonction de vraisemblance pénalisée au contexte de NMA. Cette dernière a eu lieu, 

premiérement, pour le modèle NMA à effet commun qui utilise la régression logistique. Le modèle 

à effet commun a été étendu à un modèle à effet aléatoire en utilisant une approche en deux étapes 

qui incorpore le paramètre d'hétérogénéité par un terme multiplicatif. Les performances du modèle 

PL-NMA ont été évaluées grâce à une simulation comprenant 33 scénarios. La simulation a montré 

que l'approche PL-NMA produit de bons résultats dans tous les scénarios testés et résulte le plus 
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souvent en un plus petit biais que les autres méthodes de NMA. Le second projet de cette thèse 

visait à faciliter l'estimation des effets moyens des interventions pour des évènements rares dans 

le contexte de la pandémie de Covid-19. L'initiative COVID-NMA est une plateforme dynamique 

de synthèse de données qui offre un accès public aux informations les plus récentes sur les effets 

des différentes interventions contre le Covid-19. Les événements rares sont assez fréquents dans 

la base de données COVID-NMA. Par exemple, sur les 432 essais cliniques randomisés avec des 

patients hospitalisés dans la base de données, le risque médian pour l’événement d’effets 

indésirables graves est seulement de 8%. L'application metaCOVID est une application R-Shiny 

disponible gratuitement et qui permet à n’importe quel utilisateur de la plateforme COVID-NMA 

d'effectuer différentes analyses complexes de façon intuitive. metaCOVID traite les événements 

rares en permettant le remplacement du modèle IV par des modèles plus adaptés aux données 

éparses. Enfin, le troisième projet s'est penché sur la question des réseaux éparses dans la NMA. 

C'est le cas des réseaux qui contiennent un nombre limité de comparaisons directes et très peu 

d'études pour apporter des informations à ces comparaisons. Les résultats de tels réseaux 

s'accompagnent d'une grande incertitude, non seulement dans les estimations, mais aussi dans la 

plausibilité des hypothèses sous-jacentes de la NMA. Un cadre bayésien a été proposé pour 

permettre le partage d'informations entre deux réseaux qui se rapportent à différents sous-groupes 

de la population. En particulier, les résultats d'un sous-groupe comportant beaucoup de 

comparaisons formant un réseau "dense" ont été utilisés pour créer des informations a priori sur 

les effets relatifs du sous-groupe cible formant un réseau épars. Il s'agit d'une approche en deux 

étapes où, premièrement, les résultats du réseau dense sont extrapolés au réseau épars à l'aide d'un 

modèle NMA utilisant un paramètre de localisation qui déplace la distribution des effets relatifs 

pour les rendre applicables à la population cible. Deuxièment, les prédictions de ces résultats sont 
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utilisées comme prior pour le réseau épars. Il a été constaté que l'approche en deux étapes 

permettait d'obtenir des estimations plus précises et plus robustes des estimations NMA. 

Mots clefs : critères de jugement rares, réduction de biais, méta-analyse de traitements multiples,  

synthèse dynamique des données, prise de décision médicale, réseaux épars, prior informatifs 
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Résumé substantiel en français 

 
Les données éparses sont un problème fréquent et complexe qui peut affecter la validité de 

l'analyse statistique dans de nombreux domaines de la médecine factuelle. Même si cette thèse 

porte sur le domaine des revues systématiques et des méta-analyses, il convient de mentionner que 

le problème des données éparses peut également apparaître au niveau des études individuelles. 

Pour les études individuelles, les données éparses peuvent se présenter de deux manières 

différentes, soit dans le cas où la taille de l'échantillon disponible est petite, ce qui implique un 

faible nombre de participants, soit dans le cas où l'événement étudié est rare. Le premier cas, celui 

de la petite taille de l'échantillon, peut être plus général car il se produit avec n'importe quel type 

de données, tandis que le problème des événements rares apparaît seulement dans le cas de résultats 

dichotomiques.  

Les estimations de l'effet de l'intervention dans les études individuelles sont souvent calculées en 

utilisant la théorie du maximum de vraisemblance. Les estimations du maximum de vraisemblance 

ont des propriétés asymptotiques souhaitables, qui suggèrent que lorsque la taille de l'échantillon 

augmente, les estimations du maximum de vraisemblance deviennent non biaisées. Par 

conséquent, on s'attend à ce que les estimations obtenues à partir d'études individuelles soient 

biaisées et imprécises lorsque les données sont éparses. Il est intéressant de noter que la présence 

de données éparses est fréquente pour les études individuelles. Un examen des revues disponibles 

sur PubMed a montré que la taille moyenne de l'échantillon d'un essai contrôlé randomisé est faible 

et se limite à 80 participants seulement. En outre, les événements rares peuvent également 

constituer un problème fréquent, notamment pour l'analyse de la tolérance ou des critères de 

jugement secondaires. Une étude empirique a montré que dans un échantillon de 1613 méta-
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analyses de résultats de tolérance, environ 50% d'entre elles contenaient des essais avec un taux 

d'événements inférieur à 5%.  

Les problèmes liés au biais et à la précision des estimations de l'effet des interventions dans les 

études individuelles peuvent également être rencontrés dans le cadre d’une méta-analyse. Dans les 

méta-analyses, le problème des données éparses se pose de la même manière que dans les études 

individuelles, soit en raison de la petite taille des échantillons, soit en raison de la rareté des 

événements. Il convient de faire une distinction importante car, dans le cas de la méta-analyse, le 

terme "taille de l'échantillon" fait référence à la quantité totale d'études disponibles et non pas au 

nombre total de participants. Ainsi, la rareté due à une petite taille d'échantillon implique qu'il n'y 

a que quelques études disponibles. La question des événements rares est une extension directe des 

études individuelles et fait référence au cas où il y a un faible nombre d'événements observés dans 

les études disponibles.  

Les deux cas de rareté mentionnés précédemment peuvent causer des problèmes importants au 

modèle conventionnel de méta-analyse par paires à variance inverse, car il repose sur des 

approximations de grands échantillons qui risquent fort d'être invalides lorsque les données sont 

rares. Le modèle à variance inverse est un modèle en deux étapes basé sur le contraste, dans lequel, 

à la première étape, les effets d'intervention des études individuelles sont extraits avec une mesure 

de leur incertitude (ex: la variance). La première hypothèse de distribution, à savoir l'hypothèse 

intra-étude, suggère que les effets d'intervention spécifiques à l'étude sont modélisés par une 

distribution normale, avec pour variances réelles, les variances extraites des études individuelles. 

La deuxième hypothèse de distribution, l'hypothèse inter-études, n'est faite que par un modèle à 

effets aléatoires et suppose que les moyennes réelles spécifiques à l'étude suivent une distribution 

normale avec une grande moyenne et une variance qui est interprétée comme l'hétérogénéité entre 
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les études disponibles. Le paramètre d'hétérogénéité vise à tenir compte des différences cliniques 

et méthodologiques qui existent inévitablement dans un ensemble d'études indépendantes.  

La présence de données éparses dans une méta-analyse par paires peut affecter la validité des deux 

hypothèses de distribution faites par le modèle de variance inverse à effets aléatoires. Lorsque peu 

d'études sont disponibles, l'estimation du paramètre d'hétérogénéité dans l'hypothèse inter-études 

peut être difficile. Ce dernier point est soutenu par une simulation qui a comparé au total 16 

méthodes différentes pour estimer le paramètre d'hétérogénéité. Cette simulation a montré que sur 

l'ensemble des 16 méthodes, aucune n'avait de très bonnes performances dans les scénarios où 

seules quelques études (c'est-à-dire <5) étaient disponibles. Les problèmes liés à l'estimation du 

paramètre d'hétérogénéité peuvent conduire à des intervalles de confiance problématiques pour 

l'estimation globale de l'effet de l'intervention, car sa variation totale dépend à la fois de la variation 

totale provenant des études et de l'hétérogénéité entre elles. Ainsi, une estimation incorrecte du 

paramètre d'hétérogénéité peut conduire à des intervalles de confiance inappropriés avec une 

probabilité de couverture qui s'éloigne du niveau nominal habituel de 95%.  

Lorsque les données sont éparses sous la forme d'événements rares, les hypothèses intra et inter-

études du modèle peuvent être problématiques. L'hypothèse intra-étude traite les variances 

spécifiques des études comme si elles étaient vraies, alors qu'en fait, ce ne sont que des estimations 

de la vraie variance des études. Cette hypothèse ne peut être considérée comme presque vraie que 

lorsque les études respectives sont relativement importantes et comportent un nombre suffisant 

d'événements observés. Par ailleurs, en ce qui concerne l'hypothèse relative à l'ensemble des 

études, les méthodes standard d'estimation du paramètre d'hétérogénéité sont souvent insuffisantes 

pour traiter les événements rares et sont généralement biaisées. Le problème des événements rares 

peut devenir plus évident en présence d'études qui rapportent des événements nuls dans un ou tous 
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les bras de traitement. Dans de tels cas, le calcul des effets de l'intervention spécifique à chaque 

étude, tels que les odds ratios ou les risques relatifs, peut être impossible car ces derniers incluent 

une division par zéro. Deux solutions simples à ce problème suggèrent soit l'utilisation d'une 

"correction de continuité" pour les études qui rapportent des événements nuls, soit le remplacement 

des odds ratios ou des risques relatifs par les différences de risque pour estimer les effets de 

l'intervention. Cependant, les deux choix mentionnés ci- dessus se sont avérés problématiques dans 

plusieurs simulations. Plus précisément, la solution de la correction de continuité s'est avérée 

ajouter un biais supplémentaire aux résultats, tandis que le choix de la différence de risque entraîne 

des estimations particulièrement imprécises. Enfin, le manuel de Cochrane suggère que les études 

sans événements observés soient exclues de l'analyse car elles ne contribuent pas à l'estimation des 

estimations globales. Cette solution a été critiquée car ces études peuvent apporter de l’information 

à travers la taille de leur échantillon.    

La méta-analyse en réseau (NMA) est une extension de la méta-analyse par paires qui permet la 

comparaison simultanée d'un nombre quelconque de traitements différents en concurrence. Cette 

méthode est connue pour être plus performante que la méta-analyse par paires et donne 

généralement des estimations plus précises car elle tient compte des sources d'information directes 

et indirectes. Les avantages de la méta-analyse en réseau dépendent en grande partie de la validité 

de l'hypothèse de transitivité. Celle-ci garantit la validité des comparaisons indirectes dans le 

réseau en exigeant que la distribution des modificateurs d'effet soit la même dans toutes les 

comparaisons qui impliquent un comparateur commun. L'hypothèse de transitivité ne peut être 

vérifiée que qualitativement sur la base d'un avis clinique. Cependant, sa représentation statistique, 

à savoir l'hypothèse de consistance, peut être vérifiée pour tester les divergences potentielles entre 

les estimations directes et indirectes dans le réseau. 
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Les problèmes causés par les données éparses peuvent inévitablement survenir au niveau de la 

méta-analyse de réseau. Ceci est prévisible puisque le modèle conventionnel de méta-analyse en 

réseau est toujours le modèle de variance inverse. Pour la méta-analyse de réseau, le problème des 

données éparses apparaît soit sous la forme de réseaux épars, soit sous la forme d'événements rares. 

Les réseaux épars sont définis comme étant des réseaux qui contiennent un nombre limité de 

comparaisons directes et très peu d'études pour les renseigner. Les résultats de ces réseaux 

s'accompagnent d'une incertitude substantielle non seulement dans les estimations de la NMA mais 

aussi dans la plausibilité des hypothèses sous-jacentes de la NMA. Par exemple, vérifier la validité 

ou non de l'hypothèse de consistance dans les réseaux épars peut s'avérer difficile car les 

divergences potentielles entre les estimations directes et indirectes peuvent être masquées par la 

grande incertitude qui les accompagne. Les biais dus à des événements rares peuvent se produire 

dans les méta-analyses en réseau, car l'hypothèse du modèle de variance inverse intra et inter-

études est à nouveau problématique. De plus, pour la méta-analyse en réseau, la question 

supplémentaire de la connectivité du réseau peut se poser en présence de nombreuses études 

rapportant des événements nuls dans tous les bras de traitement. Dans de tels cas, l'exclusion 

extensive des études avec zéros événements peut entraîner la déconnexion des réseaux initialement 

connectés. 

Cette thèse vise à traiter le problème des données éparses à travers trois projets distincts. Le 

premier projet traite du problème des événements rares dans la méta-analyse de réseaux avec des 

données binaires. Une approche de pénalisation de la fonction de vraisemblance a été 

précédemment proposée par Firth pour réduire les biais dans l'analyse des études individuelles 

avec des événements rares. Pour améliorer l'exactitude et la précision des estimations de la NMA 

en présence d'événements rares, le premier projet visait à étendre l'approche de la fonction de 
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vraisemblance pénalisée au contexte de la NMA. Celui-ci a eu lieu dans un premier temps pour le 

modèle NMA à effet commun qui utilise la régression logistique. Il s'agit d'un modèle à une étape 

qui présente un avantage conceptuel par rapport au modèle à variance inverse à deux étapes, car il 

remplace l’approximation de la distribution normale dans les études par la distribution binomiale 

exacte. De plus, le modèle de vraisemblance pénalisé a l'avantage de permettre l'inclusion d'études 

avec zéros événements sans exiger de correction de continuité. Cela préserve la connectivité du 

réseau et conduit potentiellement à des résultats plus précis puisque toutes les études disponibles 

sont prises en compte pour le calcul des estimations globales. Le modèle à effets communs a été 

étendu à un modèle à effets aléatoires en utilisant une approche qui incorpore un paramètre 

d'hétérogénéité grâce à un terme multiplicatif. 

La performance du nouveau modèle NMA à vraisemblance pénalisée a été évaluée par une 

simulation extensive de 33 scénarios au total. Dans cette simulation, l'approche proposée a été 

comparée à 10 autres modèles de NMA, dont le modèle conventionnel de variance inverse. 

Diverses mesures de performance telles que le biais moyen et la probabilité de couverture ont été 

utilisées pour comparer les différents modèles ajustés. Le modèle de vraisemblance pénalisé s'est 

avéré être plus performant que les autres modèles en termes de biais. Le modèle de variance inverse 

s'est avéré inadapté à l'analyse d'événements rares car les estimations résultantes étaient fortement 

biaisées. En termes de probabilité de couverture et d'erreur quadratique moyenne, tous les modèles 

ajustés ont montré des performances similaires, tandis que le modèle de vraisemblance pénalisé a 

fourni les résultats les plus précis, la longueur moyenne de l'intervalle de confiance obtenue par ce 

modèle étant plus petite. L'impact de l'inclusion ou de l'exclusion des études sans événement a été 

évalué dans la simulation. En particulier, le nouveau modèle de vraisemblance pénalisé a été ajusté 

une première fois en incluant et une seconde fois en excluant les études comportant zéro événement 
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dans tous les bras de traitement. Il est intéressant de noter que l'inclusion ou l'exclusion de ces 

études a eu un impact négligeable sur l'estimation ponctuelle des effets de l'intervention. 

Cependant, l'inclusion de ces études s'est avérée bénéfique en termes d'amélioration de la 

probabilité de couverture des intervalles de confiance de Wald. En ce qui concerne l'estimation du 

paramètre d'hétérogénéité, tous les modèles à effets aléatoires ajustés se sont avérés peu 

performants. Cela implique qu'en présence d'événements rares, des travaux supplémentaires sont 

requis pour identifier les méthodes appropriées d'estimation du paramètre d'hétérogénéité. Dans 

l'ensemble, la nouvelle approche s'est avérée être une solution fiable pour effectuer une méta-

analyse de réseau en présence d'événements rares. 

Le deuxième projet de cette thèse visait à faciliter l'estimation des effets globaux des interventions 

pour les événements rares dans le contexte de la pandémie de Covid-19. L'initiative COVID-NMA 

est une plateforme de synthèse de données dynamique qui fournit un accès public aux informations 

les plus récentes concernant les effets des différentes interventions contre le Covid-19. Les 

événements rares sont assez fréquents dans la base de données COVID-NMA. Par exemple, sur 

les 432 essais cliniques randomisés avec des patients hospitalisés dans la base de données, le risque 

médian pour le résultat des événements indésirables graves est seulement de 8%. L'application 

metaCOVID a été conçue afin de faciliter l'analyse des données COVID-NMA. Il s'agit d'une 

application R-Shiny disponible gratuitement qui permet à tous les utilisateurs de la plateforme 

COVID-NMA d'effectuer différentes analyses complexes dans un environnement simple 

d’utilisation. metaCOVID traite les événements rares en permettant le remplacement du modèle 

IV utilisé dans la plateforme COVID-NMA par d'autres modèles plus adaptés aux données éparses 

tels que le modèle de Mantel-Haenszel ou le modèle de vraisemblance pénalisé qui a été proposé 

dans le premier projet de la thèse. 
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Le troisième projet s’est penché sur la question des réseaux épars dans la méta-analyse de réseau. 

Un cadre bayésien a été proposé pour permettre le partage d'informations entre deux réseaux qui 

se rapportent à différents sous-groupes de la population. Plus précisément, les résultats d'un sous-

groupe avec beaucoup de preuves directes formant un réseau "dense" ont été utilisés pour créer 

des priors informatifs pour les effets relatifs du sous-groupe cible formant un réseau épars. Il s'agit 

d'une approche en deux étapes où, à la première étape, les résultats du réseau dense sont extrapolés 

au réseau épars à l'aide d'un modèle NMA hiérarchique modifié utilisant un paramètre de 

localisation qui déplace la distribution des effets relatifs pour les rendre applicables à la population 

cible. Dans un deuxième temps, les prédictions de ces résultats sont utilisées comme prior pour le 

réseau épars. La nouvelle approche en deux étapes a été illustrée à travers un exemple de patients 

psychiatriques où le sous-groupe cible des enfants-adolescents forme un réseau épars et le sous-

groupe des "patients généraux" un réseau dense. Le paramètre de localisation dans cet exemple 

illustratif a été renseigné soit à partir des données, soit en utilisant l'avis d'experts. Un questionnaire 

a été distribué à 22 cliniciens et experts dans le domaine de la schizophrénie. Les réponses obtenues 

par les experts ont facilité l'extrapolation qui a lieu à la première étape de la méthode. Dans 

l'ensemble, l'approche en deux étapes a permis d'obtenir des estimations beaucoup plus précises et 

robustes des effets relatifs, qui peuvent donner un aperçu de l'efficacité des antipsychotiques pour 

le sous-groupe cible et informer de manière adéquate la pratique clinique. 
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1. Introduction 
 

 

1.1. The problem of sparse data bias in 

individual studies 
 

Sparse data are a common problem that can threaten the validity of the statistical analysis 

across various fields of evidence-based medicine1,2. Although the current thesis is dedicated to the 

level of evidence which refers to systematic reviews and meta-analyses, the problem of sparse data 

can be broader and it can also appear for individual studies. Sparse data can occur for individual 

studies either as the case of a small sample size or as the case where the studied outcome is rare1. 

The problem of a small sample size can exist with any type of data (e.g. continuous, binary etc.) 

as it is connected to the number of participants which are included in each study. The problem of 

rare events is connected to the frequency that the studied outcome is observed. The latter implies 

that rare events occur for outcome data which are modeled through categorical variables. In the 

current thesis rare events will always refer to the case where the studied outcome is binary2.  

 Problems with spase data frequently appear when investigating sensitive subgroups of the 

population such as children and adolescents, elder patients or individuals with multimorbidity3. 

Each of the two forms of sparsity has previously been found to be quite frequent in the published 

literature. A review across PubMed journals has shown that the average sample size for a 

randomized controlled trial (RCT) is small and is limited to only 80 participants4.  Additionally, 

rare events can be frequent especially for the analysis of safety or secondary outcomes. An 
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empirical study has found that in a sample of 1613 meta-analyses of safety outcomes around 50% 

of them were containing trials with event rate lower than 5%5.   

Effect measures such as odds ratios (OR) or risk ratios (RR) are usually calculated for 

individual studies while also adjusting for a set of different independent covariates. The latter is 

usually possible through the so-called generalized linear models (GLMs)6,7. Suppose that 

𝑌1, 𝑌2, … , 𝑌𝑛 are independent realizations from a random variable 𝐘. A GLM can be parametrically 

written as, 

𝑔(𝜸) = 𝐙𝜷, 

where 𝑔(𝜸) is a link function that relates the mean value 𝜸 of the random variable 𝒀 with the linear 

predictor part which consists of the 𝑛 × 𝑝 model’s design matrix 𝐙 and the parameter vector 𝜷 =

(𝛽1, 𝛽2, … , 𝛽𝑝)
T
. Different choices of a link function can lead to different types of regression 

models. For example, the logistic regression model for modeling binary outcome data can arise 

after the choice: 𝑔(𝜸) = 𝑙𝑜𝑔 (
𝜸

1−𝜸
) .  

The estimation of the model’s parameter vector 𝜷 relies on the maximum likelihood theory. 

The maximum likelihood estimates (MLE) have a central role across all models in the class GLMs 

because they are simple to calculate as the maximum values of the respective likelihood function. 

Moreover, the method has attractive analytical properties such as that while the sample size 

increases the distribution of the parameter 𝜷 converges to a normal distribution with mean value 

equal to the MLE �̂�. The latter implies that the MLEs are asymptotically unbiased. This 

unbiasedness of the MLE is valid only in the theoretical case where the sample size 𝑛 goes to 

infinity8. In practical applications though the MLE is always expected to carry some amount of 

bias which can be expressed asymptotically as8,9, 
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𝐵(𝜷) =

𝑏1(𝜷)

𝑛
+
𝑏2(𝜷)

𝑛2
+⋯ 

 

(1.1) 

 

where the functions 𝑏𝑖(∙), 𝑖 = 1,2, . . 𝑛 are bounded functions which depend on 𝜷.  

The expression in equation (1.1) suggests that the bias of the MLE is an additive term and is 

consistent with the already known property of the MLE to be asymptotically unbiased. The latter 

can be easily seen in (1.1) as when 𝑛 →  ∞ then 𝐵(𝜷) → 0. However, when the data are sparse 

then the most of the terms in equation (1.1) are not canceling out. Therefore, as the data become 

sparser the bias of the MLE increases. This kind of bias is usually termed in the literature as sparse 

data bias1. Beyond the bias of point estimates problems can also arise in terms of the precision of 

the MLE as those can be imprecise10. For example, in the case of logistic regression the variance 

of the MLE �̂� is known to be proportional to the quantities 
1

𝑝𝑖(1−𝑝𝑖)
, where 𝑝𝑖 denotes the 

probability of event for the 𝑖𝑡ℎ individual. This variance expression suggests that as the outcome 

of interest becomes rarer the probability of event decreases thus yielding less precise MLE.  

Finally, when MLEs refer to a logistic regression model then in the presence of sparse data the 

problem of separation can additionally occur11,12. As separation it is defined the case where one 

covariate or a linear combination of covariates perfectly predict the outcome of interest. In such 

cases, the likelihood function goes to infinity and yields to undefined MLEs11. A common example 

of separation refers to the case where 0 events are observed in both the intervention and the control 

group. In this case the data are completely separated thus leading to infinite MLEs12 . 

Overall, important statistical challenges can exist for individual studies when the data are 

sparse. In such cases the MLE estimates for commonly used effect measures such as OR and RR 

are known to have bias away from the null1. The magnitude of this bias can increase considering 
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the fact that the final estimates of those measures are calculated after the exponentiation of their 

initial logarithmic value. This can substantially worsen the situation and lead to estimates which 

suffer from further upward bias. Finally, for logistic regression models the bias of the MLE’s can 

even become infinite in cases of separated data11. 

1.2. Basic concepts of pairwise meta-analysis 
 

Systematic reviews and meta-analyses have been established as an integral part of comparative 

effectiveness research13 and they are widely used by important healthcare organizations such as 

the World Health Organization or NICE. The goal of a meta-analysis is to synthesize the findings 

of individual studies and to summarize the effectiveness or safety of an experimental intervention 

compared to a control group14. This is the core advantage of meta-analysis over isolated individual 

studies which are often small and underpowered to provide reliable estimates about the relative 

effectiveness or safety of different interventions15.  

It is inevitable that across a set of independent individual studies there will always exist clinical 

and methodological differences14. Those differences might be reflected in the final summary 

intervention effect in the form of additional uncertainty beyond the one expected from the random-

error. Such a type of uncertainty is known as heterogeneity14,16–18 and it can be treated as a second 

source of variation. The different considerations about heterogeneity are important in meta-

analysis as they lead into the two basic types of meta-analytical models: i) the common-effect 

model and ii) the random-effects model17,19.  

Consider a set of 𝑁 individual studies which are included in a systematic review. Each study 

𝑖 = 1,2, …𝑁 provides an observed relative effect 𝑦𝑖 between two interventions 1 and 2. This 

observed relative effect is always accompanied with an observed variance 𝑠𝑖
2. The common-effect 
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model assumes that the study-specific true intervention effects 𝜃𝑖 are identical across the 𝑁 studies, 

hence  

𝜃𝑖 = 𝜇 

where 𝜇 is the true summary relative effect. The only distributional assumption made by a 

common-effect model is that the observed relative effects 𝑦𝑖 are following a normal distribution 

with mean 𝜇 and variance 𝑠𝑖
2, i.e. 𝑦𝑖~N(𝜇, 𝑠𝑖

2). In this case the summary relative effect can be 

estimated as 

 
�̂� =

 ∑ 𝑤𝑖𝑦𝑖𝑖

∑ 𝑤𝑖𝑖
, 𝑖 = 1,2, … ,𝑁 

 

(1.2) 

 

with 𝑤𝑖 to denote the weights assigned for study 𝑖. Those are calculated as 𝑤𝑖 =
1

𝑠𝑖
2 , 𝑖 = 1,2, … 𝑛. 

The weighting of the studies can also be done according to other criteria than the inverse of the 

study variances (IV)14 . However, the IV approach is usually the most preferable as in this case the 

resulting estimate in equation (1.2) is a MLE and thus it carries the good asymptotic properties 

described in the previous section20.  

 Even though the common-effect model allows for a simple way to calculate the summary 

relative effect, the model relies on the rather unrealistic assumption that the true intervention 

effects 𝜃𝑖 are identical across a set of 𝑁 studies. The random-effects model17 makes the more 

realistic assumption that for each study 𝑖 = 1,2, … ,𝑁 there is a distinct true underlying intervention 

effect. The random-effects 𝜃𝑖 are assumed to share a common distribution which conventionally 

is the normal distribution20. The distributional assumption that models the study specific data will 

be termed as within-studies assumption and the distributional assumption that models the random-
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effects 𝜃𝑖 will be termed as across-studies assumption. A random-effects model can be written by 

using a hierarchical model expression as, 

 𝑦𝑖~𝑁(𝜃𝑖 , 𝑠𝑖
2) 

𝜃𝑖~𝑁(𝜇, 𝜏
2) 

(1.3) 

 

where the variance parameter 𝜏2 represents the variation in the true study-specific intervention 

effects and it can be interpreted as the heterogeneity parameter. The summary relative effect of a 

random-effects meta-analysis model is estimated as, 

 
�̂� =

∑ 𝑤𝑖
∗𝑦𝑖𝑖

∑ 𝑤𝑖
∗

𝑖
 

(1.4) 

 

where the weights 𝑤𝑖
∗ are now calculated as 𝑤𝑖

∗ =
1

𝑠𝑖
2+�̂�2

. The only difference between equations 

(1.2) and (1.4) lies on the incorporation of the heterogeneity parameter in the study weights through 

the random-effects model. This means that by setting 𝜏2 = 0 the random-effects model 

corresponds with the common-effect model. Finally, it should be noted that the choice of the 

normal likelihood for the within-studies assumption is only a conventional choice of a distribution. 

Alternatively, other types of distributions can be made such as the binomial or the Poisson 

distribution for modeling binary or count data, respectively. Such choices of likelihoods lead to 

the one-stage meta-analytical models which perform a meta-analysis by using GLMs21.  

Multiple methods have been proposed in the frequentist setting for the estimation of the 

parameter 𝜏2. Among the most common ones are the restricted maximum likelihood method 

(REML)22, the Der Simonian and Laird (DL)23 moment based estimate and the Paul-Mantel24 (PM) 

estimate. The REML method is the most commonly used method as it has been found to 

outperform many other methods in terms of bias25. Alternatively, both common and random-
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effect(s) meta-analytical models can be fitted in a Bayesian framework26 where in this case prior 

distributions need to be assigned for the parameters of interest 𝜇 and 𝜏2. 

 The incorporation of the heterogeneity parameter through a random-effects model is only 

the first step in meta-analysis. In the presence of a substantial amount of heterogeneity, the final 

summary relative effect can be misleading and it may not properly represent some of the included 

individual studies14. Additional amounts of heterogeneity can be explained through the so-called 

meta-regression models18,27,28. Conceptually, a meta-regression model resembles a weighted linear 

regression model where the outcome variable refers to the observed study-specific effect estimates 

and the covariates are the study-characteristics which are judged to be influential on the 

intervention effect14. Parametrically, a meta-regression model can be written as, 

𝑦𝑖 = 𝜇 +∑𝛽𝑗𝑧𝑖𝑗

𝑝

𝑗=1

+ 𝜃𝑖 + 휀𝑖 

with 𝜃𝑖~N(0, 𝜏
2) and 𝑦𝑖~N(0, 𝑠𝑖

2). The parameters 𝛽𝑗 , 𝑗 = 1,2, … , 𝑝 are the regression coefficients 

which are interpreted as: “how much a unit increase in the covariates 𝑧𝑖𝑗 , 𝑖 = 1,2, … ,𝑁, 𝑗 =

1,2… , 𝑝 will alter the intervention effect”. In the case that the covariates 𝑧𝑖𝑗 are properly chosen; 

it is then expected that the estimate of the heterogeneity parameter obtained from a meta-regression 

model will be smaller than the corresponding one obtained from a meta-analysis model without 

covariates. 
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1.3. The problem of sparse data in pairwise 

meta-analysis 
 

Meta-analysis models can face important limitations when they are applied for sparse data. In 

meta-analysis the concept of sparse data appears as either the case of small sample sizes or as the 

case when the studied outcome is rare across the available studies29. An important distinction needs 

to be made as the term “sample size” here refers to the number of the available studies and is not 

directly related to the number of participants. The issue of performing a meta-analysis to a set of 

studies that contain a small number of participants can be another form of sparsity that may arise30. 

However, the latter goes beyond the scope of this thesis.  

1.3.1.Conducting pairwise meta-analysis with few available studies 
 

 When performing a meta-analysis with few available studies statistical problems31,32 can 

arise for the estimation of both 𝜇 and 𝜏2. As mentioned in the previous section the estimation of 

the parameter 𝜇 relies on the maximum likelihood theory20 which is known to lead to biased 

estimates in cases of small sample sizes. Important issues can also arise in the estimation of the 

heterogeneity parameter 𝜏231,33. The REML method is known to provide biased estimates when 

few studies are available (e.g. <5 studies)34,35. Moreover, the calculation of the REML estimate 

relies on an iterative process which can have convergence problems in cases with only few 

studies34,35. The problematic estimation of the heterogeneity parameter can affect the estimation 

of the confidence interval of the estimated summary effect �̂�32. This is usually calculated as  

�̂� ± 𝛧 ∗ 𝑆𝐸(�̂�), 
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 where 𝑍 is a value arising from the Z-statistic and 𝑆𝐸(�̂�) is the standard error of �̂� calculated as 

1

√𝑤𝑖
∗
. A biased estimate for 𝜏2 can lead to an improper study-specific weights 𝑤𝑖

∗ and as a 

consequence to problematic confidence intervals for �̂� with coverage probability away from the 

usual nominal level of 95%. 

 Different alternatives to the REML method have been proposed in the literature as the 

problem of the poor estimation of 𝜏2 is a well-known issue. The DL23 moment based method is an 

analytical approach for estimating 𝜏2 which is implemented in many software routines36,37. This 

approach has the advantage of always resulting in estimates for 𝜏2 as it does not rely on any 

iterative process. Simulation studies have shown that the DL performs considerable well only in 

cases when true value of parameter 𝜏2 is small or zero and the sample size is large38–40. However, 

the DL method can result in significantly biased estimates in cases where 𝜏2 is large. Another 

alternative is the iterative PM24 method. This method has been found in many simulations to 

outperform DL in terms of bias34,35,38,39. The PM estimate is approximately unbiased when the 

sample size is large. Although, additional results have also shown that this estimate can suffer from 

upward bias in cases of small true values of 𝜏2 and small sample sizes. Overall, in a summary 

review Veroniki et al.34 compared 16 different methods for estimating the heterogeneity parameter 

𝜏2. The authors found that when few studies are available (e.g. <5) all the 16 methods were biased 

and thus they recommended that an extensive sensitivity analysis should always carried out by 

using multiple choices of estimation methods. 

1.3.2.Conducting pairwise meta-analysis in presence of rare events 
 

  Individual studies are often underpowered to detect intervention effects in cases of rare 

events41. In such cases a meta-analysis of many studies can be the only reliable way to detect 



26 
 

whether an intervention impacts the occurrence of a rare outcome. However, the normal 

assumptions made by the IV model are only large sample approximations which are very likely to 

be invalid in cases of rare events41–43.  

The within-studies assumption in equation (1.3) suggests that the intervention effects 𝑦𝑖 

observed in study 𝑖 can be modeled by a normal distribution with true means 𝜃𝑖 and ‘true’ variances 

the variances 𝑠𝑖
2 which are extracted from study 𝑖. The latter is a general source of criticism for the 

IV model44 as in this way the within-study variances 𝑠𝑖
2 are treated as fixed and known whether in 

fact those are only estimates which are accompanied with an amount of uncertainty45. The failure 

of the IV model to account for the uncertainty of the within-study variances 𝑠𝑖
2 is expected to lead 

to the underestimation of the uncertainty of the overall intervention effect estimate �̂� as a source 

of variation arising from the within-study variances is considered as negligible.  

Important issues can also arise in terms of the across-studies assumption in equation (1.3) 

as again the estimation of the heterogeneity parameter can be biased. Specifically, the most of the 

proposed frequentist methods for estimating 𝜏2 usually underestimate this parameter as 041,46. This 

renders the random-effects IV model to its common-effect counterpart. As a consequence, the 

source of variation coming from the heterogeneity across the studies is not taken into account thus 

leading to spuriously narrow confidence intervals for the summary estimate �̂�. Finally, it should 

be noted that even though the estimation of the heterogeneity parameter is a core step in every 

meta-analysis the Cochrane handbook suggests that in presence of rare events this should be 

treated as of secondary interest and the emphasis should always be given in the proper estimation 

of the summary intervention effect14. 



27 
 

 Problems with rare events can become more evident in the presence of studies that report 

zero events in one or all intervention arms42,43. In such cases the calculation of study-specific 

intervention effects such as the RR or the OR is impossible since this involves the division with 

zero. An easy way to overcome this problem can be the use of a ‘continuity correction’ for the 

studies which report zero events42. Let 𝑟𝑖𝑘 and 𝑛𝑖𝑘 denote the number of observed events and the 

sample size in arm 𝑘 = 1,2 of study 𝑖 = 1,2… , 𝑁, respectively. The solution of the continuity 

correction suggests that a fixed value (e.g. 0.5) should be added to all the cells 𝑟𝑖𝑘 and 𝑛𝑖𝑘 − 𝑟𝑖𝑘 of 

the study 𝑖 which reports zero events in one or all intervention arms. This solution bypasses the 

problems caused by the zero events and allows to perform a meta-analysis using the IV model. 

Simulation studies have shown that applying a continuity correction for the IV model can lead to 

excess amounts of bias in the estimated intervention effects43 and thus this solution is not 

recommended.  

A second solution to the problems caused by zero event studies can be the replacement of 

the OR and the RR with the risk difference (RD). In this case the IV model can be applied without 

any of the computational problems. However, it has been found that when the events are rare the 

RD can lead into extremely wide confidence intervals with very low power43. Due to those poor 

statistical properties the choice of RD is unsuitable for tackling meta-analysis of rare events43. 

Finally, it is worth mentioning that Cochrane handbook suggests that studies with zero events in 

all of their intervention arms, namely double-zero studies, should be omitted from the meta-

analysis as those studies do not contribute any information in the estimation of the summary 

intervention effect14. In that case though some researchers have argued that from an ethical point 

of view the patients who  are included in double-zero studies deserve to be included in the meta-
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analysis47 while other researchers have also raised the issue that such studies do carry information 

through their sample sizes48. 

Rare events are well studied in the statistical literature of meta-analysis and different 

alternatives to the IV have been proposed to deal with this problem. The emphasis across the 

proposed methodologies is usually given on proper ways to avoid the within-studies normal 

assumption45. A common way to avoid this assumption is to replace the parametric IV model with 

other non-parametric common-effect approaches such as the Mantel-Haenszel (MH)49 or the Peto 

methods50. The MH method is usually used for the estimation of a summary OR but it can 

alternatively be used for the estimation of either a summary RR or RD. The summary OR obtained 

by the MH can be calculated as, 

𝑂�̂�𝑀𝐻 =
∑

𝑟𝑖2(𝑛𝑖1−𝑟𝑖1)
𝑛𝑖+

𝑁
𝑖=1

∑
𝑟𝑖1(𝑛𝑖2 − 𝑟𝑖2)

𝑛𝑖+
𝑁
𝑖=1

  

where 𝑛𝑖+ denotes the total sample size in study 𝑖. The MH method can include single zero studies 

without any continuity correction unless the case where either 𝑟𝑖1 or 𝑟𝑖2 are equal to 0, ∀𝑖. The 

Peto method can be used only for the estimation of a common OR. The summary log odds ratio 

(logOR) according to the Peto method can be calculated as, 

log(𝑂�̂�𝑃𝑒𝑡𝑜) =
𝑂 − 𝐸

𝑉
 

where 𝑂 = ∑ 𝑟𝑖2
𝑁
𝑖=1 , 𝐸 = ∑

𝑛𝑖2𝑟𝑖+

𝑛𝑖+

𝑁
𝑖=1  and 𝑉 =

𝑛𝑖1𝑛𝑖2𝑟𝑖1(𝑛𝑖1−𝑟𝑖1) 

𝑛𝑖+
2 (𝑛𝑖−1)

 with 𝑟𝑖+ being the total number of 

events in study 𝑖. This method is also a more flexible approach compared to the IV in terms of 

including studies with zeros. Peto’s method can include single zero studies without any continuity 

correction while the method can have computational issues only in cases where all the available 



29 
 

studies are report zero events in both of their intervention arms. Simulation studies have shown 

that the use of Peto’s method can provide nearly unbiased estimates only when the risks for events 

are very low and sample sizes are balanced across the available studies while in all other cases the 

method has been found to be biased42,43. 

Beyond the non-parametric approaches other parametric methods can be used for rare 

events instead of the IV model. Those methods aim to replace the problematic within-studies 

normal assumption with other more suitable choices of likelihoods. Logistic regression models can 

be used in meta-analysis as one-stage approaches51. Those models use the exact binomial 

distribution of the arm level data to model the  observed events in study 𝑖 as 𝑟𝑖𝑘~𝐵𝑖𝑛(𝑛𝑖𝑘, 𝑝𝑖𝑘) 

with 𝑝𝑖𝑘 denote the probability of event in arm 𝑘 = 1,2 of study 𝑖 = 1,2, …𝑁. A random-effects 

meta-analysis model that uses logistic regression can be parametrized as, 

 𝑙𝑜𝑔𝑖𝑡(𝑝𝑖𝑘) = 𝛼𝑖 + 𝛿𝑖,1𝑘, 𝑖 = 1,2, …𝑁, 𝑘 = 1,2 

𝛿𝑖,1𝑘~𝑁(𝑑1𝑘, 𝜏
2) 

(1.5) 

 

where 𝛼𝑖 denotes the fixed study-specific intercepts which are interpreted as the log odds of event 

in group 1 of study 𝑖. The random-effects 𝛿𝑖,1𝑘 denote the true study-specific logORs which are 

modeled by a normal distribution with grand mean the logOR 𝑑1𝑘 and variance the heterogeneity 

parameter 𝜏2. 

The estimation of the heterogeneity parameter 𝜏2 can be challenging in presence of rare 

events for the mixed model in equation (1.5)41. The latter is a general caveat of the model as the 

failure in the estimation typically results in �̂�2 = 0 thus rendering the model (1.5) to its common-

effect counterpart46. Single zero studies are taken into account by the logistic regression model in 

(1.5) while double zero studies are excluded from the analysis as in that case the data are perfectly 
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separated thus leading to infinite MLEs11,12. The inclusion of double-zero studies can be possible 

when the model in (1.5) is slightly modified to allow for random study intercepts (i.e. 

𝛼𝑖~𝑁(𝑎, 𝜎
2)). This extension allows sharing information between the different studies thus 

allowing for the inclusion of double zero studies in the analysis46,52.  

The model in (1.5) can also be fitted in the Bayesian framework53. The latter requires the 

choice of a prior distribution for the parameters of interest 𝑎𝑖, 𝑑1𝑘 and 𝜏2. A standard choice of 

prior for 𝑎𝑖 can be the non-informative 𝑁(0,102) distribution while a non-informative 𝑁(0,1002) 

is often used for the parameter 𝑑1𝑘. Although, for rare events the choice of the weakly informative 

priors 𝑁(0, 2.822) and 𝐻𝑁(0.5) for 𝑑1𝑘 and 𝜏 has been found to be beneficial for improving the 

performance of the model in terms of bias in comparison to the respective model that uses a non 

informative prior for 𝑑1𝑘53.  

 Additional choices of models can be either the conditional logistic regression54, the beta-

binomial model48, the Poisson-Gamma model55 and others. Overall, the problem of rare events is 

well studied for the case of pairwise meta-analysis and many different models have been proposed 

to tackle the issue while those have also been evaluated through different simulation studies42,43,56.  

 

1.4. Basic concepts of network meta-analysis 
 

Network meta-analysis (NMA) is a complex evidence synthesis tool that extends pairwise 

meta-analysis as it allows for the simultaneous comparison between any number of different 

competing interventions57–59. A network plot60 is usually used to visualize the direct comparisons 

between the different interventions. The nodes in this plot represent the different competing 

interventions while the edges are linking those pairs of interventions which are directly compared 



31 
 

through at least one individual study. Different weighting schemes can be applied for the better 

representation of the data structure. For example, the size of the nodes in the network can be 

proportional to the number of participants receiving each intervention while the size of the edges 

can be proportional to the number of studies which compare the respective pair of interventions.  

Figure 1 shows an example of a network which evaluates the safety of different interventions for 

chronic plaque psoriasis61.  

 

 

 

 

 

 

 

 

 

 

 

 

NMA estimates are expected to be more precise compared to the summary intervention 

effects obtained from pairwise meta-analysis. This is because NMA combines both direct and 

indirect sources of information15,62,63. The direct comparisons arise from interventions being 

compared directly in individual studies while the indirect comparisons arise from indirect paths in 

the network. For example, for the network presented in Figure 1 the class Anti-IL 23 can be 

compared with the class Anti-TNF both directly and indirectly. The direct evidence comes through 

Figure 1:  An example of a network plot. This network evaluates the safety of different 

interventions for chronic plaque psoriasis. The network is consisted by 5 classes of interventions 

and placebo. The edges in the plot are weighted according to the number of studies evaluating the 

respective comparison. Those numbers are also shown numerically in the plot. 
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the three studies which compare those two classes. The indirect evidence arises through their 

comparison with their common comparator which is the Placebo intervention. In this case the 

resulting NMA estimate will be a mixed estimate that takes into account both direct and indirect 

estimates. In a more general setting, let a set of 𝑁 studies to compare three different interventions 

namely 1, 2 and 3. An indirect estimate for the comparison between interventions 2 and 3 can be 

obtained by subtracting the direct estimates obtained for comparisons 3 vs 1 and 2 vs 1  

�̂�23
𝑖𝑛𝑑 = �̂�13

𝑑𝑖𝑟 − �̂�12
𝑑𝑖𝑟 

A mixed estimate for the comparison 2 vs 3 can be obtained as a weighted average of the direct 

and indirect estimates as62, 

�̂�23
𝑚𝑖𝑥𝑒𝑑 =

1

𝑣𝑎𝑟(�̂�23
𝑑𝑖𝑟)

�̂�23
𝑑𝑖𝑟 +

1

𝑣𝑎𝑟(�̂�23
𝑖𝑛𝑑)

�̂�23
𝑖𝑛𝑑

1

𝑣𝑎𝑟(�̂�23
𝑑𝑖𝑟)

+
1

𝑣𝑎𝑟(�̂�23
𝑖𝑛𝑑)

 

where 𝑣𝑎𝑟(�̂�23
𝑖𝑛𝑑) denotes the variances of the indirect estimate calculated as,  

𝑣𝑎𝑟(�̂�23
𝑖𝑛𝑑) = 𝑣𝑎𝑟(�̂�13

𝑑𝑖𝑟) + 𝑣𝑎𝑟(�̂�12
𝑑𝑖𝑟) 

Finally, the variance of the mixed estimate is obtained as, 

𝑣𝑎𝑟 (�̂�23
𝑚𝑖𝑥𝑒𝑑

) =
1

1

𝑣𝑎𝑟(�̂�23
𝑑𝑖𝑟)

+
1

𝑣𝑎𝑟(�̂�23
𝑖𝑛𝑑)

 

The notion of mixed estimates can be generalized in larger networks and allow for the 

incorporation of several indirect estimates through different paths in the network.  

 The validity of both indirect and mixed estimates depend on the validity of the core NMA 

assumption of transitivity57. In a network consisted of three interventions the transitivity 

assumption suggests that the common comparator intervention 1 is similar in the studies 

investigating the comparisons 3 vs 1 and 2 vs 163,64. An alternative and more formal interpretation 
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of transitivity is that the missing arms across the available studies should be missing at random. 

This means that the choice of the interventions across the available studies should not be related 

with their effectiveness65. Transitivity can be assessed by comparing the distribution of the 

potential effect modifiers across the available set of studies66. If those distributions are not similar 

across two or more pairwise comparisons, then the transitivity assumption is very likely to be 

violated. However, due to the fact that the distribution of the different effect modifiers across the 

studies is very likely to be unknown, the transitivity assumption is often an untestable 

assumption57.  

 The clinical and methodological differences across the studies that may lead to 

intransitivity can potentially be reflected in the data through disagreements between direct and 

indirect sources of evidence. The latter leads to the statistical manifestation of the transitivity 

assumption, namely the consistency assumption57,65,67,68. This assumption implies that the direct 

and indirect evidence in the network are in agreement regarding the true summary underlying 

intervention effects. Mathematically, in a network of three interventions the consistency 

assumption can be expressed using the consistency equations as, 

 𝜇23 = 𝜇13 − 𝜇12 (1.6) 

 

The consistency assumption can be statistically evaluated as the parameters in equation (1.6) are 

estimable. 

 As already explained NMA models are extensions of pairwise meta-analysis models which 

can allow the simultaneous comparison between any number of competing interventions. Consider 

a network of 𝑁 studies which assesses 𝐾 different interventions. The aim of a NMA model is to 

estimate the relative effectiveness for all in total (𝐾
2
) pairs of interventions. However, the 
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consistency equations in (1.6) suggests that only a set of 𝐾 − 1 basic comparisons is sufficient for 

the estimation of all the (𝐾
2
) pairwise comparisons. All the rest, namely functional comparisons, 

can be estimated as linear combinations of the basic comparisons57,59,63. Thus, the total number of 

parameters which are needed to be estimated is 𝐾 − 1 denoted here as 𝝁 = (𝜇12, 𝜇13, … 𝜇1𝐾) . The 

basic comparisons are defined in terms of a common reference intervention which for this case is 

chosen to be the intervention 1 in the network. The choice of the reference group is generally 

arbitrary with the only restriction being that all interventions in the network should be expressed 

via at least one basic comparison.  

 Incorporating multi-arm studies is another advantage of ΝΜΑ compared to pairwise meta-

analysis which only accounts for two arm studies69. The inclusion of a 𝐾𝑖 arm (𝐾𝑖 ≥ 2) implies 

that the correlation existing for both the observed and the true study effects need to be taken into 

account. Under the consistency assumption a 𝐾𝑖 arm study 𝑖 provides intervention effects for in 

total 𝐾𝑖 − 1 comparisons denoted here as 𝒚𝒊 = (𝑦𝑖,12, 𝑦𝑖,13, … , 𝑦𝑖,1𝐾𝑖). Thus, the within-studies 

variance covariance matrix of the observed study effects has the following form, 

𝐒𝐢 = (

𝑠𝑖,12
2 ⋯ 𝑐𝑜𝑣(𝑦𝑖,12, 𝑦𝑖,1𝐾𝑖)

⋮ ⋱ ⋮
𝑐𝑜𝑣(𝑦𝑖,1𝐾𝑖 , 𝑦𝑖,12) ⋯ 𝑠𝑖,1𝐾𝑖

2
) 

Moreover, the respective variance covariance matrix for true study effects 𝜽𝒊 =

(𝜃𝑖,12, 𝜃𝑖,13, … , 𝜃𝑖,1𝐾𝑖) has the following form, 

𝚺𝐢 = (

𝜏12
2 ⋯ 𝑐𝑜𝑣(𝜃𝑖,12, 𝜃𝑖,1𝐾𝑖)

⋮ ⋱ ⋮
𝑐𝑜𝑣(𝜃𝑖,1𝐾𝑖 , 𝜃𝑖,12) ⋯ 𝜏1𝐾𝑖

2
) 
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The off-diagonal elements in matrices 𝑺𝒊 and 𝜮𝒊 represent the covariance between two intervention 

effects (observed and true, respectively) in study 𝑖 whether the diagonal elements represent the 

respective variances. The variances 𝜏12
2 , … , 𝜏1𝛫𝑖

2  represent the heterogeneity in the studies for each 

of the 𝐾𝑖 − 1 pairwise comparisons. For simplicity, those paramerers across all comparisons in the 

network are usually assumed to be equal70 (i.e. 𝜏𝑋𝑌
2 = 𝜏2 ∀𝑋, 𝑌 ∈ {1,2, … , 𝐾}). The assumption of 

a common heterogeneity parameter simplifies the calculation of the respective covariances as in 

this case those are equal to 
𝜏2

2
. This means that under this assumption the variance covariance 

matrix of the true effects in study 𝑖 has the following form, 

 

𝚺𝐢 =

(

 
 
𝜏2 ⋯

𝜏2

2
⋮ ⋱ ⋮
𝜏2

2
⋯ 𝜏2

)

 
 

 

 

(1.7) 

 

The structure of the variance covariance matrix given by equation (1.7) is the structure that will 

be assumed across the remaining parts of this thesis.  

 The hierarchical NMA model does not substantially differ from the corresponding 

approach for modeling a pairwise meta-analysis model. For a random-effects NMA model the 

equation (1.3) needs to replace the univariate normal distributions with the corresponding 

multivariate normal distributions. In this way a NMA model can be written as a hierarchical model 

in the following form21,71, 

 𝒚𝒊~𝑁𝐾𝑖−1(𝜽𝒊, 𝐒𝐢) 

𝜽𝒊~𝑁𝐾𝑖−1(𝝁𝒊, 𝚺𝐢) 

 

(1.8) 
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where 𝝁𝒊 is the vector that includes the true intervention effects for all comparisons in study 𝑖. As 

in the case of pairwise meta-analysis the model in equation (1.8) can be fitted in both the frequentist 

and the Bayesian framework. In the last case prior distributions need to be assigned for all the 𝐾 

parameters of interest which are the 𝐾 − 1 basic comparisons and the heterogeneity parameter 𝜏2. 

By setting the heterogeneity parameter 𝜏2 equal to 0 the random-effects model in equation (1.8) 

renders to its common-effect counterpart. Alternative and equivalent representations of a NMA 

model may include the representations according to a meta-regression72 model or a multivariate 

meta-analysis model72–74 or a model arising from the electrical networks and graph theory75. 

 Consistency or equivalently inconsistency checks are an integral part of NMA which can 

take place either locally or globally57,65 in the network. The local approaches use as a measure of 

inconsistency the absolute difference between direct and indirect estimates, namely the 

inconsistency factor (𝐼𝐹). Based on the 𝐼𝐹 different methods have been proposed starting from the 

simplest one which is the loop-specific approach76. Suppose a network of 𝐶 closed loops then the 

𝐼𝐹 within each loop 𝑐 = 1,2, … , 𝐶 can be calculated as,  

 �̂�𝛸𝛶
𝑐 = |�̂�𝑋𝑌

𝑑𝑖𝑟 − �̂�𝑋𝑌
𝐶𝑐 | (1.9) 

 

with variance, 

 𝑣𝑎𝑟(�̂�𝛸𝛶
𝑐 ) = 𝑣𝑎𝑟(�̂�𝑋𝑌

𝑑𝑖𝑟) + 𝑣𝑎𝑟(�̂�𝑋𝑌
𝐶𝑐 ) (1.10) 

 

for any comparison between interventions 𝑋 and 𝑌 (𝑋, 𝑌 ∈ 1,2, … , 𝐾) in loop 𝑐. Then the loop-

specific approach76 investigates the null hypothesis 𝐻0: 𝑤𝛸𝛶
𝑐 = 0. The latter can be done using the 

following 𝑍-statistic, 
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𝑍 =

𝑤𝛸𝛶
𝑐

√𝑣𝑎𝑟(𝑤𝛸𝛶
𝑐 )

~𝑁(0,1) 

 

(1.11) 

 

The node-splitting and the back-calculation methods67 are similar to the loop-specific approach. 

The only difference between those three methods lies in the way of calculating the indirect 

estimate. Specifically, the node-splitting approach excludes one direct comparison from the 

network each time. For example, suppose that all the direct evidence for the comparison of two 

interventions 𝑋 and 𝑌 (𝑋, 𝑌 ∈ {1,2, … , 𝐾}) is excluded from the network. Then the resulting NMA 

estimate for this comparison will be the indirect estimate �̂�𝑋𝑌
𝑖𝑛𝑑as all the direct evidence was 

previously excluded from the analysis. Based on equations (1.9), (1.10) and (1.11) one can estimate 

the statistical significance of the inconsistency factor �̂�𝛸𝛶
𝑐  between each pair of interventions in 

the network. For the back-calculation method the indirect estimate can be obtained as, 

�̂�𝑋𝑌
𝑖𝑛𝑑 = (

�̂�𝑋𝑌
𝑚𝑖𝑥𝑒𝑑

𝑣𝑎𝑟(�̂�𝑋𝑌
𝑚𝑖𝑥𝑒𝑑)

−
�̂�𝑋𝑌
𝑑𝑖𝑟

𝑣𝑎𝑟(�̂�𝑋𝑌
𝑑𝑖𝑟)

)𝑣𝑎𝑟(�̂�𝑋𝑌
𝑖𝑛𝑑), 𝑋, 𝑌 ∈ {1,2, . . , 𝐾} 

In this case the variances of the above estimates are connected through the equation, 

1

𝑣𝑎𝑟(�̂�𝑋𝑌
𝑖𝑛𝑑)

=
1

𝑣𝑎𝑟(�̂�𝑋𝑌
𝑚𝑖𝑥𝑒𝑑)

−
1

𝑣𝑎𝑟(�̂�𝑋𝑌
𝑑𝑖𝑟)

 

Again, based on equations (1.9), (1.10) and (1.11) one can estimate the statistical significance of 

the inconsistency factor �̂�𝛸𝛶
𝑐  between each pair of interventions in the network.  

For Bayesian NMA models the aforementioned methods can be applied with the presence 

or not of inconsistency being indicated from the comparison between the posterior densities of 

direct and indirect estimates for every comparison 𝑋 and 𝑌. Consistency checks are a crucial step 

from every NMA, thus many other alternative and more sophisticated methods have been 
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proposed. The composite test for inconsistency77 extends the loop-specific approach to allow for 

discrepancies between several indirect estimates in the network. Finally, methods for globally 

checking for inconsistency can include either global tests for inconsistency or global models. 

Those models are known as inconsistency models such and well-known examples are the unrelated 

mean effects model78, the Lu-Ades65 model and the design by treatment interaction model79–81. 

One of the most attractive properties of NMA is that all the evidence coming from a 

network of interventions can be combined and result in the final relative ranking for the different 

competing interventions45. Different measures have been proposed for calculating the relative 

ranking of the different interventions in a network. Those measures are usually based on the 

ranking probabilities 𝜋𝑡𝑘 which are interpreted as the probability that the 𝑘𝑡ℎ intervention in the 

network will be at rank 𝑡 (𝑘, 𝑡 ∈ {1,2, …𝐾}. A popular ranking metric in the frequentist 

setting72,82,83 is the P-score method84 which is based on the multivariate normal distributions with 

mean and variance arising from the NMA estimates. A P-score can be calculated as   

P𝑘 =
1

𝐾 − 1
∑ 𝑝𝑘>𝑡

𝐾

𝑡,𝑡≠𝑘

 

where 𝑝𝑘>𝑡 denotes the probability that the outcome of intervention 𝑘 is better than that of 

intervention 𝑡. The graphical representation of the 𝑃-scores can take place using the rankograms83. 

In the Bayesian framework ranking measures arise from a large sample obtained by the 

posterior distribution of the final NMA estimates. Examples of Bayesian ranking metrics can be 

the mean rank85 or the the method based on the surface under the cumulative ranking area83 

(SUCRA). The mean rank metric (mrank) can be calculated as,  
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mrank𝑘 =∑𝜋𝑡𝑘 ∗ 𝑡

𝐾

𝑡=1

 

and the SUCRA metric can be calculated as,  

SUCRA𝑘 =
1

𝐾 − 1
∑∑𝜋𝑡𝑥

𝑡

𝑥=1

𝐾−1

𝑡=1

 

Those two Bayesian metrics are equivalent as it can be shown the SUCRA𝑘 =
𝐾−mrank𝑘

𝐾−1
. The 

SUCRA for intervention 𝑘 can be interpreted as the average proportion of interventions in the 

network which are worse than 𝑘.  

 

1.5. The problem of sparse data in network 

meta-analysis 
 

Problems with sparse data can still occur at the highest level of evidence which comes from 

NMA models. This is expected as the IV NMA model given in equation (1.8) has the same 

distributional assumptions with the pairwise meta-analysis model given in equation (1.3). The case 

of sparse data in terms of small sample sizes appears for NMA in the form of the sparse networks. 

Those are cases of networks with limited number of direct comparisons and only few studies to 

inform them. The case of rare events can appear similarly to the form that it appears for pairwise 

meta-analysis as the case where the binary outcome of interest is rarely observed across the 

available studies.  
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1.5.1.Conducting network meta-analysis in presence of sparse 

networks 
 

Results obtained from sparse networks are expected to be accompanied with substantial 

uncertainty not only in the estimation of the intervention effects but also in the validity of the 

underlying NMA assumptions29,86,87. The transitivity assumption requires the existence of 

balanced distributions for the effect modifiers across the available studies. Transitivity checks can 

be very challenging in the presence of sparse networks as it can be expected that such distributions 

can materially differ if only a small set of studies is considered86. Moreover, the formal methods 

for checking the consistency assumption involve statistical tests for checking the potential 

discrepancies between direct and indirect estimates. In cases of sparse networks those  tests can be 

substantially underpowered and thus fail to properly identify such discrepancies 45,67. Additionally, 

consistency checks can be challenging in the Bayesian setting as the posterior densities of both 

direct and indirect estimates are expected to be very wide67. This can mask important differences 

across the two posterior densities and thus potential inconsistencies in the network can pass 

unnoticed. Overall, sparse networks can challenge the formal evaluation of both transitivity and 

consistency assumptions and thus they can threaten the validity of the final NMA estimates. 

The distributional assumption made by the IV NMA model can be problematic in the 

presence of sparse networks. In such cases the approximate normal assumptions are invalid thus 

leading to biased and imprecise estimates for all the 𝐾 − 1 basic comparisons in the network. As 

explained in section 1.3.1 in presence of few available studies the estimation of the heterogeneity 

parameter is problematic34,35. Biased estimates of the heterogeneity parameter can lead to improper 

confidence or credible intervals for the final NMA estimates and finally  to unreliable conclusions 

about the intervention effectiveness or safety88. Recent publications aim to deal with the problem 
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of heterogeneity estimation in NMA of sparse networks by allowing the incorporation of external 

evidence which can increase the amount of the available information and facilitate the estimation 

of this parameter87,88. In addition, solutions like the use of empirical prior distributions33,89,90 or the 

use of weakly informative prior distributions53,91 can be borrowed from Bayesian pairwise meta-

analysis to potentially facilitate the heterogeneity estimation when conducting a Bayesian NMA.  

The presence of sparse networks suggests a very important issue for NMA.This can 

become even more serious considering that it can frequently occur. A recent empirical study found 

92 (7,4%) published NMAs that included more interventions than the number of studies in a 

sample of 1236 NMAs of RCTs with at least 4 interventions92. On top of that, in a review of 186 

NMAs it was found that the median number of studies per network was 21 and the median number 

of studies per comparison was 293. Overall, the estimation of the intervention relative effectiveness 

in presence of sparse networks can be very much challenging and the final NMA estimates should 

always be interpreted with cautiousness. 

1.5.2.Conducting network meta-analysis in presence of rare events 
 

Similarly, to pairwise meta-analysis the problem of rare events can seriously threaten the 

validity of the findings of a NMA model. NMA with rare events has attracted little attention in the 

published literature compared to the attention that has been given to the problem for pairwise meta-

analysis41–43. Until recently networks of interventions with rare events were analyzed only based 

on the IV NMA model. However, as described previously the assumptions made by this model 

can be invalid in presence of rare outcomes and as a consequence the NMA estimates are expected 

to be biased and imprecise.  



42 
 

An additional challenge in NMA lies in handling studies that report zero events in one or 

all interventions arms. The IV model can allow the inclusion of those studies by using a continuity 

correction for studies with zeros. However, such corrections have previously been found to 

introduce bias in the final estimates42,43. The exclusion of those studies from the analysis is usually 

suggested for the case of pairwise meta-analysis14. The latter can be also adopted for the case of 

NMA but in this case one should also consider the additional issue of network connectivity. The 

extensive exclusion of studies with zeros may cause a dense network of interventions with rare 

events to become sparse in terms of the available studies for analysis. Additionally, such 

exclusions may lead to the extreme case where initially connected networks become disconnected 

and thus in such cases even conducting a NMA can be pointless.  

The problematic distributional assumptions of the IV NMA model can be replaced using 

the non-parametric extension of the MH method for a NMA model94. Even though the MH for 

pairwise meta-analysis can be used for various effect measures such as OR, RR or RD for NMA 

the respective extension refers only to the calculation of the OR94. The method was compared in a 

simulation study with the IV model and the frequentist common-effect non-central hypergeometric 

(NCH) model54. This simulation showed that the MH method can be a reliable alternative for NMA 

with rare events. Additionally, the IV model was found to be unsuitable as in most cases it provided 

the most biased results. In terms of heterogeneity estimation the DL method was found to be biased 

and underpowered as it was resulting in �̂�2 = 0  across scenarios which assumed a 𝜏2 ≠ 0. 

Alternative methods can include the use of the exact binomial distribution or the NMA models 

fitted in the Bayesian framework. However, those choices are never evaluated in simulations for 

NMA with rare events41,54,94. Finally, the non-parametric Peto method has been found unsuitable 
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to be used for NMA as this method fails to properly account for multi-arm trials and thus to give 

valid indirect estimates95. 

1.6. Aims and Objectives of the thesis 
 

The aim of this thesis is to provide suitable frameworks for analyzing sparse data in the meta-

analytical field. The main objective is through those frameworks to facilitate the reliable estimation 

of the intervention effects in both cases of rare events and few available studies. A second objective 

of the thesis is to compare the proposed frameworks with other existing methodologies and thus 

to provide final recommendations. Finally, this thesis aims to enable the broad use of the proposed 

methodologies through user-friendly environments which everyone can freely access and use 

without having any sophisticated programming skills.  

Three different projects were conducted to deal with sparse data. The first project focused on 

the issue of rare events in NMA. In this project a new framework for conducting NMA with rare 

events is proposed. This framework arises as a generalization of penalized likelihood method 

which is widely used for the analysis of rare events in individual studies but it was never extended 

in the field of NMA. An extensive simulation study was conducted to evaluate the performance of 

the proposed method and to compare it with other existing methodologies.  

The second project of this thesis aimed to allow for the broad use of the methods proposed in 

the first project and to deal with the issue of rare events in the context of Covid-19 trials. This 

appeared to be very important as in the context of meta-analysis of Covid-19 trials the occurrence 

of rare events was frequent and thus the use of the IV model should be limited in such 

circumstances. Specifically, in this project an R-Shiny application was constructed to allow for the 
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methods proposed to deal with rare events to be used through a user-friendly environment that 

everyone can use without requiring any programming skills.  

Finally, the third project of this thesis deals with the issue of sparse networks. In this project it 

a framework was developed for sharing information between a sparse and a dense network of 

interventions which pertain into different subgroups of the population. The proposed framework 

was compared with other potential solutions and the standard NMA model through an illustrative 

real example of two networks which investigate the effectiveness of different antipsychotics.     
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2. Part 1: Dealing with rare events in 

network meta-analysis 
 

Rare events can cause important problems in the validity of the statistical analysis across 

various fields of evidence based medicine1,2,41. As already explained in Chapter 1 the problems 

can start even from the phase of individual studies and they can extend to higher levels of evidence 

such as pairwise meta-analysis or NMA. In NMA, the problems arise from the approximate normal 

assumptions which are used by the standard NMA model which is the IV model94. The assumption 

of fixed within-study variances can be more pragmatic in presence of large individual studies with 

an adequate number of observed events. In this case the large sample approximations can lead to 

robust estimates which are close to the true value45. However, in the presence of rare events those 

large sample approximations are expected to be invalid and thus the study-specific estimates of 

variance are usually biased. A second issue arises from the failure of the different methods to 

properly estimate the heterogeneity parameter in presence of rare events. In such cases the most of 

the methods underestimate 𝜏 as 0 thus rendering a random-effects NMA model to its common-

effect counterpart41,46. Overall, the problems related to the distributional assumptions of the IV 

NMA model are expected to lead to biased NMA estimates for estimating the relative interventions 

effects. 

A potential way to tackle rare events can arise from the replacement of the problematic within-

studies normal assumption with the exact binomial distribution21,51. In this way a NMA model can 

be fitted by using logistic regression. This is a one-stage NMA model which models the events 𝑟𝑖𝑘 

observed in arm 𝑘 = 1,2, … , 𝐾 of study 𝑖 = 1,2, … , 𝑁 using a binomial distribution 𝐵𝑖𝑛(𝑛𝑖𝑘, 𝑝𝑖𝑘) 

where 𝑛𝑖𝑘 and 𝑝𝑖𝑘 denote the sample size and the probability of event in arm 𝑘 of study 𝑖. In this 
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way the one-stage pairwise meta-analysis model given in equation (1.5) can be extended with only 

minor modifications to a NMA model which is parametrized as51, 

 𝑙𝑜𝑔𝑖𝑡(𝑝𝑖𝑘) = 𝛼𝑖 + 𝛿𝑖,𝑏(𝑖)𝑘, 𝑖 = 1,2, …𝑁, 𝑘 = 1,2, … , 𝐾  

𝛿𝑖,𝑏(𝑖)𝑘~𝑁(𝑑𝑏(𝑖)𝑘, 𝜏
2) 

 

(2.1) 

 

where 𝛼𝑖 is the fixed study-specific intercept interpreted as the log-odds of event in the baseline 

group and 𝛿𝑖,𝑏(𝑖)𝑘 is the study-specific true logOR for the comparison of intervention 𝑘 ∈

{1,2, … , 𝐾} versus the reference intervention 𝑏(𝑖) ∈ {1,2, … , 𝐾} in study 𝑖. The random-effects 

𝛿𝑖,𝑏(𝑖)𝑘 are assumed to follow a normal distribution with grand mean equal to 𝑑𝑏(𝑖)𝑘 and variance 

𝜏2 to represent the across-studies heterogeneity. Obviously, 𝛿𝑖,𝑏(𝑖)𝑘 = 0 when 𝑏(𝑖) = 𝑘.  The model 

in (2.1) can be reduced to a common-effect model if the parameter 𝜏2 is set to 0. In this case the 

parameter 𝛿𝑖,𝑏(𝑖)𝑘 in (2.1) needs to be replaced with 𝑑𝑏(𝑖)𝑘.  

 The model in (2.1) relies on the maximum likelihood theory for estimating the unknown 

parameters. These MLEs are known to be biased in cases where the large sample approximations 

are invalid8. The latter is also known for the case of logistic regression models where rare events 

can lead to underestimation of the probabilities of event �̂�𝑖𝑘 and thus overestimation of the 

intervention effects10. Moreover, the issue of handling studies with zero events in one or all 

intervention arms can also appear for model (2.1) as this problem resembles the problem of 

separation53. In cases of separated data, the MLE is known to be infinite with an infinite variance. 

Finally, it should be noted that the estimation of the heterogeneity parameter in model (2.1) relies 

on either the maximum likelihood or the REML method thus the estimation of this parameter can 

also be problematic in cases of rare events. Specifically, it has been found for pairwise meta-
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analysis that the estimates of 𝜏2 either model (2.1) or equivalently (1.5) are usually biased with 𝜏2 

being underestimated as 046 thus indicating no heterogeneity across the studies. 

 The bias of the MLE has been studied extensively in the literature for individual studies. A 

common characteristic across the proposed approaches is that they target the first term 
𝑏1(𝜷)

𝑛
 of the 

asymptotic bias expansion in (1.1) and aim to remove it from the MLE8. This happens as this term 

carries the biggest amount of bias which is incorporated in the estimate �̂�8. Some well known 

methods for correcting the bias of the MLE are the jackknife96 and the bootstrap97 methods. Those 

correct the bias through a two step procedure98,99. At the first step the bias expansion 𝐵(𝜷) in (1.1) 

is estimated and at the second step the new less biased MLE is derived as  �̃� = �̂� − �̂�(𝜷). 

However, those methods have the drawback of explicitly relying on the initial value �̂�. This can 

become more evident in presence of separation phenomena as in such cases the difference �̂� −

�̂�(𝜷) remains undefined and the bias correction methods cannot be applied. 

An alternative for individual studies can be the use of the penalized likelihood regression 

models. Specifically, a penalization to the likelihood function was proposed by Firth100 in order to 

improve the performance of the MLE in terms of bias and to provide MLEs which are free of the 

first term of the asymptotic bias expansion in (1.1). Firth showed that the penalization of the 

likelihood function with Jeffrey’s invariant prior101 can result in MLEs which are less biased than 

the non-penalized estimates. Beyond the nice properties in terms of bias reduction, the penalized 

estimates can also solve separation issues. Specifically, Heinze and Schemper102 showed through 

a simulation study that the penalization with Jeffrey’s invariant prior can yield to finite estimates 

even in presence of separation. Finally, recently Kosmidis and Firth103 mathematically proved the 
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findings of Heinze and Schemper by showing that the penalized likelihood function is strictly 

concave and thus the penalized likelihood estimate is always finite. 

 Even though the penalized likelihood method proposed by Firth is a common method for 

analyzing rare events in individual studies the method has never been extended and studied for the 

case of NMA with rare events. Given that, the aim of this project was to adopt and generalize this 

method for the field of NMA. To do so, a common-effect NMA model which uses logistic 

regression was at first adopted and its likelihood function was penalized with Jeffrey’s invariant 

prior. This model constitutes the proposed methodology of a penalized likelihood network meta-

analysis model (PL-NMA). The PL-NMA model can preserve the connectivity of the network as 

the with the penalization approach there is no need to exclude studies reporting zero events. This 

model was initially proposed as a common-effect model and it was extended to a random-effects 

model by treating heterogeneity as an overdispersion parameter. This means that the heterogeneity 

was added for the PL-NMA model as a multiplicative parameter 𝜑104,105. Specifically, a two-stage 

approach was adopted were at the first-stage the common-effect PL-NMA model is fitted and at 

the second-stage the variances of the resulting NMA estimates are inflated based on their 

multiplication with the parameter 𝜑. 

 Both the common and the random-effect(s) models were evaluated through an extensive 

simulation study of in total 33 scenarios. The PL-NMA model was compared in this simulation 

with the IV NMA model, the MH NMA model, the random-effects logistic regression model given 

by equation (2.1) and finally three logistic regression models fitted in the Bayesian framework. 

Those models were compared in terms of various performance measures such as the mean bias or 

the coverage probability.  
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The PL-NMA method was found in the simulation to outperform the rest of the approaches 

in terms of bias while the IV NMA model was once again found to be a suboptimal choice of 

model for analyzing rare events. Additionally, the impact of studies with zero events was also 

assessed in the simulation study. The PL-NMA model was fitted once by including and once by 

excluding zero event studies and the performance of the method was evaluated in both of those 

circumstances. Overall, both the inclusion and the exclusion approaches appeared to have a small 

impact in the estimation of the OR.  

 

The detailed description of the method and the findings of this work can be found in the following 

open-access article:  Evrenoglou T, White IR, Afach S, Mavridis D, Chaimani A. Network meta-

analysis of rare events using penalized likelihood regression. Statistics in Medicine. 2022;1-17. 

doi: 10.1002/sim.9562.  

The online supplementary files of the manuscript can be found in Annex 1 of this thesis. 
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3. Part 2: Dealing with rare events in 

meta-analysis of Covid-19 trials 
 

In March 2020 the outbreak of the coronavirus disease 2019 (Covid-19) was declared as a 

pandemic by the WHO. This event motivated the researchers all over the world to respond to this 

emergency situation and thus to rapidly develop and evaluate preventive and therapeutic 

interventions for treating Covid-19. Given the unprecedented explosion of clinical findings and 

the inevitable uncertainty which accompanies them several living evidence synthesis initiatives106–

110 were set up to provide up to date evidence about the effect of the different interventions for 

Covid-19. 

The COVID-NMA initiative106–108 was set up to perform a living systematic review of Covid-

19 trials with three main tasks. At first, to continuously collect and to critically appraise all the 

available evidence related to Covid-19 interventions. At second, to synthesize the respective 

findings through meta-analysis and finally at third to make the results freely and publicly available 

through the COVID-NMA platform (https://covid-nma.com/). Up to September 2022 the COVID-

NMA database for pharmacologic interventions was consisted by 533 RCTs which are 

investigating in total more than 300 pairwise comparisons. Moreover, the corresponding database 

for Covid-19 vaccines consisted of 32 RCTs investigating the efficacy and safety of vaccines 

which are related to 23 developers. 

According to the COVID-NMA’s protocol the process of the evidence synthesis takes place 

through the frequentist IV random-effects model with the heterogeneity parameter being estimated 

by using the REML method107,108. However, with such an amount of available data it is inevitable 

https://covid-nma.com/
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that some special meta-analysis topics like rare events will appear and thus potentially threaten the 

validity of the findings41. Rare events frequently appear across many of the primary and safety 

outcomes which are investigated by COVID-NMA. For example, for the outcome of serious 

adverse events (SAE) the corresponding risk of event across studies involving hospitalized patients 

is limited to only 8% and it can further reduce to 4% if studies with outpatients are considered as 

well. Moreover, around 25% of RCTs investigating SAE report zero events in all their intervention 

arms. As it was explained in chapters 1 and 2 in such cases of sparsity the IV model is expected to 

give biased summary results while the conduction of meta-analysis can even be pointless if many 

of the studies report zero events in one or all their intervention arms. The estimation of the 

heterogeneity parameter based on the REML method can be problematic as the resulting estimates 

are biased in presence of rare events with 𝜏2 often being estimated as  034,35. Moreover, the REML 

method can even fail to provide estimates for heterogeneity as it relies on an iterative process 

which can face convergence issues in cases of sparse data. 

Beyond the special analysis topic of rare events some additional issues can arise regarding the 

posting of the results through solely a platform. For instance, guideline developers and other 

stakeholders, apart from real-time access to high-quality data, also need to be able to investigate 

the data and the impact of different characteristics on the results as well as to produce their 

preferred evidence summaries. Accommodating such preferences of different end-users of the 

platform is not feasible in the form of pre-conducted non amendable meta-analyses, given the high 

number of comparisons included in the living review. In particular, producing and publishing 

online all possible sub-analyses for each comparison a) is extremely time-consuming and b) would 

make the platform cumbersome for the users. 
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To address all the aforementioned important points, the metaCOVID application was 

developed and made freely available through: https://covid-nma.com/metacovid/. This is an R-

Shiny web-application which allows all the end-users of the COVID-NMA platform and other 

external researchers to directly perform their own meta-analysis of Covid-19 trials based on the 

most up to date data. The basic advantage of the metaCOVID is that through its user-friendly 

environment the users can investigate complex data structures and fit several meta-analysis models 

without any requirement of programming expertise.  This application provides the flexibility of 

replacing the IV model with other more suitable models for the analysis of rare events. 

Specifically, the IV model can be replaced with either the non-parametric methods of MH and 

Peto or with the penalized likelihood model which was described in the chapter 2 of this thesis. 

Even though the penalized likelihood model was initially proposed as a NMA model it can be 

easily reduced with only minor modifications to account for pairwise meta-analysis. The latter is 

important as currently metaCOVID follows the plan of the COVID-NMA initiative and thus it 

only performs pairwise meta-analyses. Finally, the penalized likelihood model can facilitate the 

calculation of summary intervention effects even in extreme cases where the most or all the RCTs 

report zero events in one or all of their arms.  

Additional analysis options are available through metaCOVID and include a variety of options 

for the user in terms of the method which is used for estimating the heterogeneity parameter 𝜏2. 

Specifically, metaCOVID allows the replacement of the REML method22 with one of the following 

methods: the DerSimonian-Laird estimate23, the Paul-Mandel estimate24, the Sidik-Jonkman 

estimate40 and the estimator that is based on empirical Bayes inference111. Finally, metaCOVID 

can have a broader scope than simply analyzing rare events. The application allows for several 

sensitivity analyses to be conducted for example by excluding or not RCTs labelled with high risk 

https://covid-nma.com/metacovid/
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of bias or by excluding preprint publications. Additionally, several subgroup analyses can be 

conducted based on trial characteristics such as their funding or location status. 

The detailed presentation about the metaCOVID application is given by the following manuscript: 

Evrenoglou, T., Boutron, I., Seitidis, G., Ghosn, L. and Chaimani, A. (2023), metaCOVID: A web-

application for living meta-analyses of COVID-19 trials. Res Syn Meth. Accepted Author 

Manuscript. https://doi.org/10.1002/jrsm.1627  

 

Software freely available online https://covid-nma.com/metacovid/ 
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4. Part 3: Dealing with sparse 

networks in network meta-analysis 
 

The validity of NMA estimates can be threatened in the presence of sparse networks29,57,86. 

Such cases refer to networks with limited direct comparisons and only few available studies to 

inform them. Due to the low amount of the available information the large sample approximation 

assumptions to which NMA models rely are invalid. As a consequence, the final NMA estimates 

are expected to be imprecise and potentially biased29. In addition, the estimation of the 

heterogeneity parameter can be challenging when only few studies are available34,35. A problematic 

estimation of the heterogeneity parameter can lead to important problems related to the confidence 

or credible intervals of the final NMA estimates as those are calculated based both on the within 

and the across-studies variance32.  

For sparse networks uncertainty can also exist in the formal evaluation of the underlying NMA 

assumptions66,86. The transitivity assumption requires balanced effect modifier distributions across 

all pairs of interventions which involve a common comparator. However, such an evaluation can 

be challenging if the network is sparse as every comparison is only informed by 2-3 studies. Any 

potential intransitivity in the network is expected to appear in the data as discrepancies between 

direct and indirect NMA estimates. This leads to the statistical manifestation of the transitivity 

assumption namely the consistency assumption. Within the frequentist NMA framework 

inconsistency checks usually rely on hypothesis testing methods which were defined by equations 

(1.9)-(1.11). For NMA models fitted in the Bayesian framework such checks rely on the 

comparison between the posterior densities of both direct and indirect estimates63,65,78. Both of 

those types of checks can be challenged in the presence of sparse networks. The hypothesis testing 
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approaches are underpowered while potential important differences between the posterior densities 

can be masked due to the large uncertainty that inevitably accompanies both direct and indirect 

estimates when only few studies are available45. 

The aim of the third project of this thesis is to deal with sparse networks in NMA. Specifically, 

sparse networks typically arise for ‘sensitive’ subgroups of the population which cannot be easily 

included in studies such as children, elder patients, or individuals with multimorbidity88. In such 

cases of sparsity, external evidence can be used to facilitate the estimation of the intervention 

effects88,91. In this project the emphasis is given on different alternatives for sharing information 

between two networks that pertain to different subgroups of the population: a target subgroup that 

forms a sparse network and a different subgroup that forms a ‘dense’ network.  

Sharing of information between different subgroups of the population should always account 

for the differences in the underlying subgroup-specific intervention effects. In addition, the process 

of sharing information should also account for avoiding the dominance of the external information 

over the target data. To account for all the previously mentioned issues a two-stage Bayesian 

framework is suggested to facilitate the analysis of a sparse network of interventions while 

borrowing strength from a dense network.  

At the first-stage a modified NMA model is used for the analysis only of the dense network. 

The use of this modified model aims to extrapolate the NMA estimates of the dense network to 

those of the sparse network of interventions. A scale parameter is added to the within-studies 

assumption in order to inflate the variance of the external data as those target a different population 

than the population of primary interest. A location parameter is added for the across-studies 

assumption. This parameter aims to shift the distribution of the relative effects in the dense network 

towards the distribution of relative effects in the sparse network. The extrapolated NMA estimates 
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obtained from the analysis of the dense network are then considered as applicable to the sparse 

network. The latter can only be achieved if a prior distribution is properly assigned for the location 

and scale parameters. In this project the construction of a prior distribution for the location 

parameter can be based either on a data based approach or on prior elicitation based on expert 

opinion. The choice of the prior distribution for the scale parameter can be based on the expert 

opinion regarding the importance of the clinical differences between the two populations. 

At the second-stage the predictive distributions of the extrapolated NMA estimates are used as 

informative prior distributions for the analysis of the sparse network. Specifically, at this stage the 

analysis of the sparse network takes place by using the hierarchical NMA model fitted in the 

Bayesian framework. The key difference between this model and the standard NMA model is that 

in this case the informative prior distributions obtained at the first-stage are used as priors for the 

basic parameters while in the standard NMA approach non-informative priors are conventionally 

assigned for the basic parameters.  

The use of the two-stage approach is illustrated through an example of two subgroups of 

psychotic patients: the target subgroup of children-adolescents (CA) that forms a rather sparse 

network and the subgroup of chronic adult patients with positive symptoms, referred as “general 

patients” (GP), that forms a dense network. At the first-stage the results of the dense network of 

GP are extrapolated to those of the CA using the modified NMA model. This model is fitted with 

the prior for the location parameter constructed once by using a data-based approach and once 

based on expert opinion. For the prior elicitation using expert’s opinion a questionnaire was 

circulated among experts with experience in the field of schizophrenia. The two-stage approach 

was compared with two other approaches. At first with a naïve synthesis model which assumes 

that GP and CA are equivalent sources of information and thus combines the two networks into a 
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single one. At second with the standard NMA approach which places non-informative priors for 

the basic parameters and thus does not make any use of external evidence.  

The findings of the illustrative example suggest that the use of external evidence through the 

two-stage approach can facilitate the estimation of intervention effects in cases of sparse networks 

of interventions. Specifically, the use of informative priors was found to substantially improve the 

precision of the NMA estimates in comparison to those obtained from the standard NMA model 

with non-informative priors. Moreover, the unsuitability of the standard NMA model to handle 

sparse networks is also depicted through its comparison with the simple direct estimates. Those 

direct estimates found to be more precise than estimates obtained by the standard NMA model for 

almost every comparison. Finally, as expected the most precise estimates were obtained from the 

naïve synthesis model. However, this model does not account for any difference between the 

population of GP and CA and treats them as equivalent sources of information. This implies that 

the NMA estimates obtained from such a model are very likely to be dominated by the presence 

of the external data.   

A detailed description regarding the new approach for analyzing sparse networks is given in the 

following manuscript: Evrenoglou, T, Metelli, S, Johannes-Schneider, T, Siafis, S, Leucht, S, 

Chaimani, A.  Sharing information across patient subgroups to draw conclusions from sparse 

treatment networks [to be submitted until 30th of November at the ISCB special issue of the 

Biometrical Journal] 

The corresponding supporting information for this article are given in Annex 3 of the thesis. 
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5. Discussion and Conclusion 
 

In this thesis the problem of sparse data in meta-analysis was explored as this suggests a very 

common and complex challenge for evidence based medicine. This thesis dealt with both of the 

most common forms of sparse data in meta-analysis. Those refer to the case of sparse data in the 

form of few available studies and the case of sparse data in the form of rare events. In the next 

paragraphs the advantages and disadvantages of the proposed frameworks are discussed and 

conclusions are given based on the findings of each project. 

In the first project of this thesis a new method for NMA of binary outcomes and rare events 

was presented. The method aimed to improve the performance of existing NMA approaches for 

rare events in terms of bias and precision by using the penalized likelihood function that was 

originally proposed by Firth for individual studies. This approach can only provide odds ratios. 

However, in the context of rare events, the differences between odds ratios and risk ratios are often 

negligible. The proposed approach was evaluated and compared with other methods through both 

an extended simulation study and through applications into two real life clinical examples. The 

proposed PL-NMA model appeared to have overall the best performance in terms of bias, 

especially in situations with very few studies per comparison and very low control group risks. On 

the other hand, the IV-NMA method was found to be a suboptimal choice of model as its results 

were suffering from a high amount of bias in most scenarios. The MH-NMA method was found to 

perform well in terms of bias and being a reliable method for analyzing rare events. In terms of 

Bayesian methods, it was found that the choice of weakly informative priors for the heterogeneity 

parameter can materially affect and improve the performance of a Bayesian logistic regression 

model for the analysis of rare events. Both through the simulation and the analysis of the real life 
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clinical example it was depicted that in presence of rare events even a choice of a non-informative 

prior can seriously affect the final NMA estimates. This validates a previously raised concern 

suggesting that Bayesian models should be fitted with cautiousness in cases of rare events. 

An additional property of the proposed PL-NMA model is the ability to synthesize all studies 

within a network of interventions even when zero events are reported in one or all study arms. The 

latter can potentially be a very important property since excluding such studies from the analysis 

may result in sparse or disconnected networks. To date, the optimal way to treat such studies in 

pairwise meta-analysis or NMA is still unclear with some researchers arguing that they are 

informative48 and others that those studies are non-informative and problematic14,94. This question 

was addressed through the final scenario of the simulation study. The main finding regarding the 

proposed PL-NMA framework suggests that either the inclusion or the exclusion of studies 

reporting zero events in all their arms is not having an important contribution in the final NMA 

estimates in terms of ORs. However, the choice of including those studies was found to increase 

the performance of Wald-type confidence intervals in terms of coverage probability. 

Future work regarding the problem of rare events could focus on extending the literature of the 

proposed methodologies from pairwise meta-analysis (e.g. the beta-binomial model48) into the 

framework of NMA and compare them through simulation studies. Moreover, the issue of properly 

estimating the heterogeneity parameter in presence of rare events is still an open field of research94. 

In the first project of this thesis a heterogeneity parameter was added into the PL-NMA method 

using a two-stage approach where heterogeneity is treated as an overdispersion parameter. This 

framework was investigated and compared with other random-effects NMA models. The findings 

suggested that none of the fitted models was performing considerably well for estimating 

heterogeneity thus more work is needed for addressing this issue in presence of rare events. Finally, 
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more extended simulation studies are needed to address the questions regarding the inclusion or 

exclusion of studies which report zero events in one or all study arms as the simulation conducted 

in the first project addressed this question only through one scenario. 

The second project of this thesis allowed for the broad application of the methods suitable for 

meta-analysis of rare events in the context of Covid-19 trials. Specifically, based on the database 

of the COVID-NMA initiative the metaCOVID R-Shiny application was constructed to allow all 

the end-users of COVID-NMA platform and other external users to easily conduct their own meta-

analyses of Covid-19 trials based on the most up-to-date data. The issue of rare events appears to 

be a common problem for Covid-19 trials as many of the binary primary outcomes investigated 

through COVID-NMA are rarely observed. Results posted in the COVID-NMA platform are 

obtained based only on the IV model which can be problematic for analyzing rare events. However, 

the replacement of this IV model and the presentation of sensitivity analysis results can be very 

challenging as this could make the COVID-NMA platform hard to be used. On the other hand, 

through metaCOVID the users can easily fit additional models such as the PL-NMA model or the 

MH model which are more suitable for analyzing rare events. The latter can take place through a 

user-friendly environment which does not require any programming expertise by the users.  

The functionality of the application goes beyond the analysis of rare events as it allows for a 

meta-analysis to be performed based on several analysis criteria such as the method of estimating 

the heterogeneity, the type of meta-analytical model (i.e. common or random effect(s)) or the set 

of trials which are included in the meta-analysis (e.g. exclusion or not of trials based on their risk 

of bias or publication status). Moreover, several subgroup analysis criteria are available in this tool 

such as subgroup analysis according to the reported severity of the patients in the trials or based 

on the trial funding status.  



119 
 

All living evidence synthesis projects are highly resource- and time-demanding as they involve 

large amounts of data that need to be continuously updated and analyzed. Rapid and efficient 

automation tools like metaCOVID are required for the sustainability of any living systematic 

review that aims to have a very short delay (i.e. a few weeks) between every update as well as to 

allow for immediate dissemination and access to the findings. Finally, although metaCOVID is 

linked with the COVID-NMA initiative the application can be seen as a pilot version which based 

on future work it could become a generalized application that could be tailored for living meta-

analyses of any condition. 

The third project of this thesis addressed the issue of sparse networks of interventions. In this 

project a Bayesian approach was proposed to improve the performance of the NMA estimates in 

terms of precision and reliability. To do so, a two-stage approach was proposed. This aimed to 

analyze a sparse network while borrowing strength from a relevant dense network of interventions 

which pertains into a different subgroup of the population. A modified NMA model is introduced 

at the first-stage of the approach. This model analyzes the dense network of interventions with the 

main purpose to properly extrapolate the results of this network to those expected for the sparse 

network. The modifications refer to a location and a scale parameter which are added to the 

standard NMA model. The location parameter models the differences between the relative effects 

of the two populations while the scale parameter inflates the variances of the studies in the dense 

network. The predictive distributions of the extrapolated NMA estimates obtained at the first-stage 

are used as informative priors for the analysis of the sparse network at the second-stage. This 

analysis takes place using those informative priors for the basic parameters of the model. The latter 

is the key-difference between the two-stage approach and the standard NMA model which places 

non-informative priors for those basic parameters.  
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The new framework was illustrated through the analysis of a sparse network of psychiatric 

patients which refers to the population of the children and adolescents. The dense network used 

for the illustrative example refers to the population of general patients where substantially more 

evidence is available. A prior distribution for the added location parameter was constructed based 

both on a data-based approach and an elicitation of expert opinion. The findings of this analysis 

suggest that the two-stage framework can materially improve the performance of the NMA 

estimates in terms of precision and robustness as this model allows for using external evidence and 

also adjusts for the inevitable differences that exist between the two populations which participate 

in the process of sharing information. 

The proposed two-stage framework appeared to facilitate the estimation of intervention effects 

in cases of sparse networks. However, the method has its own limitations. The proposed 

framework relies on the existence of a dense network which can be used as external evidence for 

the analysis of the sparse network. The latter is not always possible thus in that case the only 

evidence which is available arises from a small set of studies. In such circumstances the proper 

way for analyzing sparse networks should be further investigated both in the frequentist and the 

Bayesian framework of NMA. Moreover, in cases where potential dense networks exist then the 

choice of sharing information or not should always depend on expert or clinical opinion about the 

similarities or not between the two populations. For example, it is suggested the two-stage process 

should not be used in cases of substantial clinical differences between the two populations. Finally, 

the two-stage process focused mostly on the proper estimation of the summary intervention effects. 

However, the estimation of the heterogeneity parameter can also be challenging in presence of 

only few available studies. In this direction the solutions of using empirical or weakly informative 

priors for the heterogeneity parameter in NMA could be further investigated as a future work.  
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In conclusion, the proposed approaches for dealing with sparse data either in the form of rare 

events or in the form of few available studies provide reliable alternatives to the existing limited 

literature for NMA. However, the analysis of sparse data in meta-analysis is always a very 

challenging procedure and thus the reliability of the final summary estimates should always be 

investigated through extensive sensitivity analysis. The latter implies that in such cases no method 

should be thought as the uniquely best approach and several analysis schemes should always be 

considered in order to investigate the robustness of the final estimates. 
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Annex 1: Supplementary files for article in Part 1 
 

Data generation mechanism for heterogeneous datasets 

For generating heterogeneous datasets, we need to generate the study-specific true 𝑙𝑜𝑔𝑂𝑅s (𝛿𝑖,1𝑘) 

for the comparison of the 𝑘 ∈ 𝐾𝑖 treatment versus the baseline treatment 1 in study 𝑖. To do so, we 

use the multivariate normal distribution, hence 𝛿𝑖,1𝑘~𝑀𝑉𝑁(𝑑1𝑘, 𝚺𝐢), 𝑘 ∈ 𝐾𝑖. The matrix 𝚺𝐢 is the 

variance-covariance matrix of the random-effects with dimension 𝑇𝑖 × 𝑇𝑖, where 𝑇𝑖 represents the 

number of treatments in study 𝑖. The entries of the matrix 𝚺𝐢 are assumed to be equal to 𝜏2 for its 

diagonal elements and 
𝜏2

2
 for its off-diagonal elements. For example, for a 3-arm study after 

following the general procedure the true 𝑙𝑜𝑔𝑂𝑅s will have values equal to 0, 0.5 and 1. Then 

assuming than 𝜏 = 0.1, the 𝛿𝑖,1𝑘 will be drawn from the multivariate normal distribution with mean 

equal to (0, 0.5, 1)′ and variance-covariance matrix 𝚺𝐢 equal to (
0.01 0.005 0.005
0.005 0.01 0.005
0.005 0.005 0.01

). 

Afterwards we can easily generate the odds, event probabilities and finally the number of events 

per study arm following the procedure described in the main manuscript. 

Evaluated models 

We evaluated the following models: the common and random-effect(s) inverse-variance (IV) 

model, the Mantel-Haenszel (MH) and non-central hypergeometric (NCH) common-effect 

models, our penalized likelihood NMA model (PL-NMA), the Binomial-Normal (BN-NMA) 

model and finally the two Bayesian common and random-effect(s) logistic regression models. A 

detailed description of our PL-NMA model exists in the main manuscript. In the main manuscript 
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a description exists as well for the BN-NMA model and the Bayesian models. Here, we provide a 

brief description for the rest of the models. 

Inverse-variance model 

Let 𝒚 denote the vector of the observed 𝑙𝑜𝑔𝑂𝑅s in the 𝑁 studies that form a network with 𝑇 

treatments. Then, this model can be summarized by the equation 

𝒚 = 𝐗𝜹 + 𝜺 + 𝜻 

where 𝐗 is the design matrix with entries 0, 1, and -1 that depends on the structure of the network, 

𝜹 is the vector of the true 𝑙𝑜𝑔𝑂𝑅s representing the relative effects of all the treatments in the 

network versus the reference treatment, 𝜺 is the vector of the random errors, and 𝜻 is the vector of 

the random-effects. The random errors and the random-effects are assumed to follow multivariate 

normal distributions 𝜺~𝑀𝑉𝑁(𝟎, 𝐒) and 𝜻~𝑀𝑉𝑁(𝟎, 𝚺), where 𝐒 is a block-diagonal matrix 

representing the within-study variance-covariance matrix and 𝚺 is the variance-covariance matrix 

of the random-effects. Note that the within-study variances in 𝐒 are treated as fixed and known. 

The NMA estimates and their variance are obtained by, �̂� = (𝐗′𝐖𝐗)−1𝐗′𝐖𝒚 and V(�̂�) =

 (𝐗′𝐖𝐗)−1 respectively, where 𝐖 = (𝐒 + 𝚺)−𝟏. By setting the matrix 𝚺 to be the zero matrix the 

above random-effects model becomes the common-effect IV model. 

Mantel-Haenszel model 

The model can be described in 3 stages. At the first-stage, all studies are grouped according to 

their treatment design. At the second-stage, the following procedure takes place for each of the 

different treatment designs. Within the design 𝑞 with 𝑁𝑞 studies and 𝑇𝑞 treatments, the model 

uses the generalized expressions for calculating the MH odds-ratios and provides the relative 
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treatment effect of the treatment 𝐵 versus the design reference treatment 𝐴 in design 𝑞 (𝜃𝑞,𝐴𝐵). 

That is, 

𝜃𝑞,A𝐵 =
𝐿𝐴+ − 𝐿𝐵+

𝑇𝑞
 

where 𝐿A+ = ∑ 𝐿𝐴𝐽
𝑇𝑞
𝐽=1 , 𝐿𝐴𝐵=ln (

CAB

𝐶𝐵𝐴
), 𝐶𝐴𝐵=∑ 𝑙𝐴𝐵𝑖

𝑁𝑞
𝑖=1

, and 𝑙𝐴𝐵𝑖 =
𝑟𝐴𝑖(𝑛𝐵𝑖−𝑟𝐵𝑖)

𝑛+𝑖
 , with 𝑟𝐴𝑖 being the 

number of events for treatment A in study 𝑖 and design 𝑞, 𝑛𝐵𝑖 the sample size of treatment 𝐵 in 

study 𝑖 and design 𝑞, and 𝑛+𝑖 the total sample size for study 𝑖 of design 𝑞. For more information 

on how we can calculate the variance-covariance within each design (𝐕𝐪) we refer to the original 

publication. At the end of stage two, we have obtained the vector �̂� which contains the �̂�𝒒 for all 

designs 𝑞 and the variance-covariance matrix 𝐕 which is a block-diagonal matrix with diagonal 

elements the different sub-matrices 𝐕𝐪 and off-diagonal elements being equal to zero. At the final 

stage, we calculate the final NMA estimates (�̂�𝑀𝐻) by synthesizing the MH odds-ratios across all 

the designs using, that �̂�𝑀𝐻 = (𝐗
′𝐕𝐗)−1𝐗′𝐕𝜽 with variance-covariance matrix 𝐕(�̂�𝑀𝐻) =

(𝐗′𝐕𝐗)−1. 

Non-central hypergeometric model 

This model is based on the within-study distributional assumption of non-central hypergeometric 

distribution. Specifically, given the total number of events 𝑅𝑖 in a study i, i.e. 𝑅𝑖 = ∑ 𝑟𝑖𝑘𝑘∈𝐾𝑖
, the 

vector 𝒓 = [𝑟𝑖𝑘], 𝑘 ∈ 𝐾𝑖 − {1} follows a multivariate non-central hypergeometric distribution. For 

a 3-arm study the likelihood function can be written as 

exp (𝑟𝑖2𝛿12 + 𝑟𝑖3𝛿13)

∑ (
𝑛𝑖2
𝑗(2))𝑗(2),𝑗(3) (

𝑛𝑖3
𝑗(3)) (

𝑛𝑖1
𝑅𝑖 − 𝑗(2) − 𝑗(3)

) exp (𝑗(2)𝛿12 + 𝑗
(3)𝛿13)
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where the sum in the denominator is over all pairs (𝑗(2), 𝑗(3)) for which the binomial coefficients 

can be defined. The version implemented in netmeta and used in our simulations is based on the 

Breslow’s approximation to the above likelihood which is valid when the outcome of interest is 

rare. Using this approximation, the likelihood function becomes 

exp (𝑟𝑖2𝛿12 + 𝑟𝑖3𝛿13)

[(𝑛𝑖1 + 𝑛𝑖2 exp(𝛿12) + 𝑛𝑖3 exp(𝛿13)]𝑅𝑖
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S-Table 1: Results in terms of mean bias, mean square error (MSE) and coverage probability (%) across 

all 32 scenarios and across Bayesian models. 

 

# 
Bayesian (𝒅~𝑵(𝟎, 𝟏𝟎𝟎𝟐)) Bayesian   (𝒅~𝑵(𝟎, 𝟏𝟎𝟎𝟐), 𝝉~𝑼(𝟎, 𝟐)) Bayesian (𝒅~𝑵(𝟎, 𝟏𝟎𝟐), 𝝉~𝑯𝑵(𝟏)) 

Mean bias MSE Coverage 

(%) 

 Mean bias MSE Coverage 

(%) 

Mean bias MSE Coverage 

(%) 

 1 0.07 0.42 93.60 0.11 0.58 96.50 0.04 0.43 95.20 

2 0.06 0.43 93.10 0.10 0.61 96.10 0.04 0.44 94.70 

3 0.04 0.22 93.70 0.06 0.28 96.70 0.04 0.24 95.40 

4 0.04 0.23 93.30 0.05 

 

0.29 96.50 0.03 0.24 95.10 

5 0.03 0.19 94.10 0.05 

 

0.23 96.00 0.02 0.20 95.30 

6 0.05 0.20 93.70 0.06 

 

0.24 95.90 0.03 0.20 95.00 

7 0.02 0.10 94.50 0.03 

 

0.12 96.40 0.02 0.11 95.70 

8 0.03 0.11 93.50 0.04 

 

0.12 95.70 0.02 0.12 95.20 

9 0.03 0.24 94.60 0.04 

 

0.28 96.10 0.01 0.25 95.50 

10 0.05 0.24 94.40 0.06 

 

0.28 96.00 0.03 0.25 95.50 

11 0.04 0.30 93.60 0.07 

 

0.41 96.80 0.02 0.32 95.50 

12 0.05 0.31 93.60 0.08 

 

0.43 95.50 0.03 0.33 95.40 

13 0.09 0.70 93.20 0.17 

 

1.08 95.60 0.02 0.67 94.60 

14 0.09 0.72 92.90 0.16 

 

1.11 96.00 0.02 0.68 94.60 

15 0.02 0.29 94.40 0.05 

 

0.38 96.30 -0.03 0.29 95.20 

16 0.05 0.30 93.70 0.09 

 

0.40 95.80 0.00 0.30 95.00 

17 0.05 0.20 94.70 0.07 

 

0.26 97.30 0.03 0.20 96.40 

18 0.02 0.18 95.20 0.05 

 

0.24 97.30 0.01 0.19 96.40 

19 0.10 0.45 94.30 0.15 

 

0.61 97.00 0.03 0.41 96.00 

20 0.06 0.41 94.90 0.11 

 

0.57 97.00 0.01 0.39 95.90 

21 0.03 0.11 95.70 0.04 

 

0.13 97.80 0.02 0.11 97.20 

22 0.01 0.10 95.00 0.02 

 

0.13 97.70 0.01 0.11 97.20 

23 0.02 0.06 94.70 0.03 0.07 97.60 0.02 0.07 96.70 

24 0.01 0.06 95.20 0.01 

 

0.07 97.70 0.01 0.06 97.00 

25 0.03 0.21 94.50 0.03 

 

0.23 96.20 0.00 0.20 95.60 

26 0.05 0.20 95.00 0.05 

 

0.23 96.50 0.02 0.20 95.80 

27 0.07 0.48 93.50 0.08 

 

0.55 95.60 0.00 0.43 94.90 

28 0.09 0.45 94.50 0.10 

 

0.52 96.30 0.01 0.41 95.80 

29 0.02 0.11 94.80 0.02 

 

0.12 96.50 0.00 0.11 96.10 

30 0.03 0.11 94.80 0.03 

 

0.12 96.90 0.02 0.12 96.70 

31 0.01 0.06 94.50 0.01 0.07 96.50 0.00 0.06 96.30 

32 0.01 0.06 94.20 0.01 

 

0.07 96.40 0.01 0.07 96.40 
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S-Table 2: Extent of studies with zero events in all treatment arms in the simulation study. 

Scenario Minimum 1st Quartile Median 3rd Quartile Maximum Total 

number of 

studies per 

dataset 

1 0 0 0 0 3 20 

2 0 0 0 0 2 20 

3 0 0 0 0 1 20 

4 0 0 0 0 1 20 

5 0 0 0 0 3 40 

6 0 0 0 1 4 40 

7 0 0 0 0 1 40 

8 0 0 0 0 1 40 

9 0 0 0 1 3 56 

10 0 0 0 1 3 56 

11 0 0 0 0 2 20 

12 0 0 0 0 1 20 

13 0 0 1 1 4 20 

14 0 0 1 1 5 20 

15 0 1 1 2 6 40 

16 0 1 1 2 6 40 

17 0 0 0 0 1 8 

18 0 0 0 0 0 8 

19 0 0 0 0 1 8 

20 0 0 0 0 2 8 

21 0 0 0 0 1 8 

22 0 0 0 0 1 8 

23 0 0 0 0 1 8 

24 0 0 0 0 1 8 

25 0 0 0 0 0 8 

26 0 0 0 0 0 8 

27 0 0 0 0 2 8 

28 0 0 0 0 1 8 

29 0 0 0 0 1 8 

30 0 0 0 0 1 8 

31 0 0 0 0 0 8 

32 0 0 0 0 1 8 

33 6 13 15 17 25 40 
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Results in terms of true 𝒍𝒐𝒈𝑶𝑹𝒔 

 

 

S-Figure 2: Results in terms of bias when true 𝑙𝑜𝑔𝑂𝑅 is equal to 0.25. Models marked as NR are not 

relevant to the figure and thus no results are plotted. 
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S-Figure 3: Results in terms of bias when true 𝑙𝑜𝑔𝑂𝑅 is equal to 0.50. Models marked as NR are not 

relevant to the figure and thus no results are plotted. 
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S-Figure 5: Results in terms of bias when true 𝑙𝑜𝑔𝑂𝑅 is equal to 1. Models marked as NR are not relevant to the 
figure and thus no results are plotted. 

S-Figure 4: Results in terms of bias when true 𝑙𝑜𝑔𝑂𝑅 is equal to 0.75. Models marked as NR are not relevant to the 
figure and thus no results are plotted. 
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Results for Scenario 33 

 

  

 

 

S-Figure 6: Mean bias across multiple contrasts for Scenario 33. 
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S-Figure 7: Mean coverage across multiple contrasts for Scenario 33. 
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S-Figure 8: Average mean squared error across multiple contrasts for Scenario 33. 
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S-Figure 9: Mean length of confidence or credible interval across multiple contrasts for Scenario 33. 
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Additional results for the clinical examples 

 

Safety of inhaled medications for patients with chronic obstructive pulmonary disease 

 

S-Table 4: Numerical results for the forest plot of the inhaled medications clinical example. 

 

 

Safety of different drug classes for chronic plaque psoriasis 

 

A two step procedure for the exclusion of zero event studies applies for MH-NMA and NCH-

NMA. At the first step all-zero event studies are excluded. After this step, the treatment design 

Anti-IL 23 vs. Placebo remains with studies that report zero events only for Placebo group. At a 

Model ICS LABA LABA-ICS TIO-HH TIO-SMI 

Mantel-Haenszel   1.03  

[0.88,1.21] 

0.93  

[0.79,1.08] 

0.79  

[0.67,0.94] 

0.92  

[0.81,1.05] 

1.52  

[1.05,2.19] 

Non Central 

Hypergeometric 

1.02  

[0.88,1.19] 

0.94  

[0.81,1.09] 

0.81  

[0.69, 0.95] 

0.93  

[0.82, 1.05] 

1.50  

[1.05, 2.14] 

Penalized likelihood 

(Wald type, 

Profile likelihood) 

1.03     

[0.88, 1.21], 

[0.88 , 1.21] 

0.93     

[0.79, 1.09], 

[0.79, 1.09] 

0.80     

[0.67,0.94], 

[0.67, 0.94] 

0.92     

[0.81, 1.04], 

[0.81, 1.04] 

 

1.50     

[1.05, 2.16], 

[1.05, 2.15] 

Logistic-Common  

Standard likelihood 

1.03        

[0.88, 1.21] 

0.93        

[0.79, 1.09] 

0.79        

[0.67, 0.94] 

0.92        

[0.81, 1.04] 

1.51        

[1.05, 2.17] 

Bayesian logistic-

Common (d~N(0,10000)) 

1.03 

[0.88, 1.21]  

0.93  

[0.79, 1.09] 

0.79  

[0.67, 0.94] 

0.92  

[0.81, 1.04] 

1.52 

[1.06, 2.20] 

Bayesian logistic-Random 

(d~N(0,10000),tau~U(0,2)) 

0.99 

[0.77, 1.24]  

0.95  

[0.76, 1.21]  

0.79  

[0.62, 1.03] 

0.92  

[0.75, 1.15] 

1.52  

[1.00, 2.38] 

Bayesian logistic-Random 

(d~N(0,100),tau~HN(1)) 

0.99 

[0.76, 1.24]  

0.95  

[0.76, 1.21]  

0.79  

[0.62, 1.02] 

0.92  

[0.75, 1.15] 

1.54  

[1.01, 2.38] 

Heterogeneity parameters 

 PL-NMA: �̂� = 1 

 Bayesian logistic-Random (d~N(0,10000), tau~U(0,2)): �̂� =0.12 [0.01, 0.34] 

 Bayesian logistic-Random (d~N(0,100), tau~HN(1)):  �̂� =0.12 [0, 0.35] 
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second step MH-NMA and NCH-NMA are searching within each treatment design for the 

treatment arms for which all studies in the design report zero events and remove those treatment 

arms from the design. As a result, the second step leads to the further exclusion of the Placebo 

arms in the design Anti-IL 23 vs Placebo; this treatment design then remains with only two single 

arm studies and thus it is completely excluded from the analysis. The same two-stage procedure 

of exclusion applies to all treatment designs and leads to treatment designs Anti-IL 23 vs. Anti-IL 

12/23 and Anti-IL 23 vs. Anti-TNF to be excluded from the analysis. All the treatment designs 

that involve the treatment Anti-IL 23 are needed to be removed and as a result the Anti-IL 23 nodes 

is discarded from the network. 

S-Table 5: Numerical results for the forest plot of the psoriasis clinical example. 

Model Anti-IL 12/23  Anti-IL 17  Anti-IL 23 Anti-TNF Apremilast 

Mantel-Haenszel 1.23 

 [0.12, 12.50] 

0.97 

[0.14, 6.72] 

No results 0.91 

[0.14, 5.84] 

0.37 

[0.02, 7.02] 

Non Central 

Hypereometric 

1.28 

[0.10, 16.17] 

1.11 

[0.19, 6.43] 

No results 0.91 

[0.14, 5.71] 

0.41 

[0.02, 6.63] 

Penalized likelihood 

(Wald type, 

Profile likelihood) 

1.30 

[0.26, 6.62], 

[0.11, 19.55] 

0.85 

[0.29, 2.54], 

[0.22, 4.23] 

 

2.54 

[0.40, 16.09], 

[0.12, 72.87) 

1.45 

[0.46, 4.60], 

[0.19, 13.23] 

0.43 

[0.06, 2.91], 

[0.05, 4.83] 

Logistic-Common  

Standard likelihood 

1.34 

[0.11, 15.98] 

0.96 

[0.21, 4.29] 
5.72×109 

[0, Inf) 

(No results) 

1.60 

[0.26, 9.68] 

0.41 

[0.03, 6.64] 

Bayesian logistic-

Common (d~N(0,10000)) 

1.37 

[0.10, 21.23] 

1.08 

[0.23, 6.18] 
1.87×104 

[0.73, 

1197×1015] 

(No results)  

1.80 

[0.28, 14.90] 

0.40  

[0.01, 15.04] 

 

Bayesian logistic-Random 

(d~N(0,10000),tau~U(0,2)) 

1.61 

[0.08, 33.18] 

1.35 

[0.19, 12.63] 
5.10×105 

[0.94, 

7.83×1015] 

(No results) 

2.32 

[0.25, 28.98] 

0.38  

[0.01, 23.49] 

Bayesian logistic-Random 

(d~N(0,100),tau~HN(1)) 

0.66 

[0.06, 7.81] 

0.63 

[0.12-2.85] 

1.03 

[0.09, 16.80] 

0.74 

[0.13, 4.23] 

0.28 

[0.01, 7.09] 
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Heterogeneity parameters 

 PL-NMA: �̂� = 1 

 Bayesian logistic-Random (d~N(0,10000), tau~U(0,2)): �̂� =0.97 [0.05, 1.94] 

 Bayesian logistic-Random (d~N(0,100), tau~HN(1)):  �̂� =0.56 [0.03, 1.61] 
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Annex 2: Supplementary files for article in Part 3 
Appendix 1: Questionnaire  
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Appendix 2: Consistency checks, Ranking and League tables 

 

 

Appendix Table 3: Consistency checks for the naive synthesis model.  

 

Comparison Direct [95% CI] Indirect [95% CI] Difference [95% CI] P(diff>0) p-value 

Aripiprazole vs Placebo -0.39 [-0.50, -0.27] -0.46 [-0.56, -0.36] 0.07 [-0.07, 0.22] 0.84 0.31 

Olanzapine vs Placebo -0.50 [-0.58, -0.42] -0.59 [-0.66, -0.51] 0.09 [-0.02, 0.20] 0.94 0.12 

Paliperidone vs Placebo -0.52 [-0.65, -0.39] -0.53 [-0.66, -0.40] 0.01 [-0.19, 0.21] 0.51 0.98 

Quetiapine vs Placebo -0.30 [-0.41, -0.19] -0.41 [-0.52, -0.30] 0.11 [-0.05, 0.26] 0.90 0.20 

Risperidone vs Placebo -0.44 [-0.52, -0.35] -0.50 [-0.59, -0.41] 0.06 [-0.06, 0.19] 0.85 0.29 

 

 

Appendix Table 4: Consistency checks for the NMA model with informative priors obtained from GP using a data 

based approach for 𝛽 and no downweight.  

 

Comparison Direct [95% CI] Indirect [95% CI] Difference [95% CI] P(diff>0) p-value 

Aripiprazole vs Placebo -0.40 [-0.60, -0.19] -0.50 [-0.82, -0.18] 0.10 [-0.27, 0.47] 0.71 0.57 

Olanzapine vs Placebo -0.58 [-0.80, -0.37] -0.73 [-1.05, -0.39] 0.15 [-0.27, 0.55] 0.77 0.46 

Paliperidone vs Placebo -0.45 [-0.71, -0.22] -0.34 [-0.76, 0.09] -0.11 [-0.62, 0.36] 0.32 0.64 

Quetiapine vs Placebo -0.41 [-0.63, -0.17] -0.33 [-0.74, 0.11] -0.07 [-0.55, 0.41] 0.38 0.76 

Risperidone vs Placebo -0.57 [-0.80, -0.32] -0.49 [-0.85, -0.14] -0.08 [-0.50, 0.36] 0.35 0.71 
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Appendix Table 5: Consistency checks for the NMA model with informative priors obtained from GP using a data 

based approach for 𝛽 and moderate downweight to all GP studies with high RoB.  

 

Comparison Direct [95% CI] Indirect [95% CI] Difference [95% CI] P(diff>0) p-value 

Aripiprazole vs Placebo -0.39 [-0.60, -0.20] -0.50 [-0.80, -0.19] 0.10 [-0.27, 0.46] 0.71 0.57 

Olanzapine vs Placebo -0.58 [-0.79, -0.38] -0.73 [-1.09, -0.38] 0.15 [-0.26, 0.55] 0.77 0.46 

Paliperidone vs Placebo -0.45 [-0.67, -0.23] -0.35 [-0.74, 0.05] -0.10 [-0.56, 0.35] 0.32 0.64 

Quetiapine vs Placebo -0.42 [-0.64, -0.18] -0.33 [-0.71, 0.06] -0.09 [-0.54, 0.36] 0.35 0.71 

Risperidone vs Placebo -0.57 [-0.80, -0.31] -0.50 [-0.86, -0.14] -0.06 [-0.51, 0.39] 0.38 0.76 

 

 

 

Appendix Table 6: Consistency checks for the NMA model with informative priors obtained from GP using a data 

based approach for 𝛽 and moderate downweight to all GP studies with interventions in 𝑇𝑎 − 𝑇𝑐.  

 

Comparison Direct [95% CI] Indirect [95% CI] Difference [95% CI] P(diff>0) p-value 

Aripiprazole vs Placebo -0.41 [-0.57, -0.23] -0.51 [-0.81, -0.20] 0.10 [-0.26, 0.44] 0.73 0.54 

Olanzapine vs Placebo -0.59 [-0.76, -0.41] -0.73 [-1.07, -0.39] 0.14 [-0.23, 0.53] 0.76 0.48 

Paliperidone vs Placebo -0.46 [-0.66, -0.26] -0.36 [-0.74, 0.04] -0.10 [-0.54, 0.32] 0.31 0.62 

Quetiapine vs Placebo -0.43 [-0.64, -0.22] -0.35 [-0.75, 0.05] -0.08 [-0.53, 0.36] 0.36 0.71 

Risperidone vs Placebo -0.54 [-0.74, -0.32] -0.49 [-0.84, -0.12] -0.05 [-0.46, 0.36] 0.41 0.81 
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Appendix Table 7: Consistency checks for the NMA model with informative priors obtained from GP using expert’s 

opinion for 𝛽 and no downweight.  

 

Comparison Direct [95% CI] Indirect [95% CI] Difference [95% CI] P(diff>0) p-value 

Aripiprazole vs Placebo -0.41 [-0.65, -0.19] -0.47 [-0.80, -0.14] 0.06 [-0.35, 0.47] 0.62 0.77 

Olanzapine vs Placebo -0.58 [-0.83, -0.33] -0.69 [-1.04, -0.33] 0.11 [-0.31, 0.54] 0.71 0.58 

Paliperidone vs Placebo -0.47 [-0.74, -0.21] -0.34 [-0.75, 0.08] -0.13 [-0.62, 0.35] 0.30 0.59 

Quetiapine vs Placebo -0.33 [-0.57, -0.07] -0.37 [-0.75, 0.06] 0.04 [-0.45, 0.52] 0.55 0.90 

Risperidone vs Placebo -0.66 [-0.88, -0.42] -0.42 [-0.77, -0.06] -0.24 [-0.68, 0.19] 0.15 0.29 

 

 

 

Appendix Table 8: Consistency checks for the NMA model with informative priors obtained from GP using expert’s 

opinion for 𝛽 and moderate downweight to all GP studies with high RoB.  

 

Comparison Direct [95% CI] Indirect [95% CI] Difference [95% CI] P(diff>0) p-value 

Aripiprazole vs Placebo -0.41 [-0.64, -0.17] -0.45 [-0.77, -0.10] 0.05 [-0.37, 0.44] 0.59 0.81 

Olanzapine vs Placebo -0.57 [-0.81, -0.32] -0.76 [-1.11, -0.41] 0.20 [-0.22, 0.63] 0.81 0.37 

Paliperidone vs Placebo -0.47 [-0.72, -0.20] -0.32 [-0.73, 0.07] -0.14 [-0.62, 0.33] 0.27 0.55 

Quetiapine vs Placebo -0.28 [-0.52, -0.04] -0.35 [-0.79, 0.07] 0.08 [-0.43, 0.58] 0.61 0.78 

Risperidone vs Placebo -0.63 [-0.85, -0.39] -0.45 [-0.80, -0.07] -0.18 [-0.60, 0.24] 0.20 0.40 
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Appendix Table 9: Consistency checks for the NMA model with informative priors obtained from GP using expert’s 

opinion for 𝛽 and moderate downweight to all GP studies with interventions in 𝑇𝑎 − 𝑇𝑐.  

 

Comparison Direct [95% CI] Indirect [95% CI] 
Difference [95% 

CI] 
P(diff>0) p-value 

Aripiprazole vs Placebo -0.42 [-0.62, -0.21] -0.46 [-0.77, -0.13] 0.04 [-0.34, 0.41] 0.59 0.82 

Olanzapine vs Placebo -0.58 [-0.82, -0.36] -0.74 [-1.09, -0.40] 0.16 [-0.25, 0.58] 0.78 0.44 

Paliperidone vs Placebo -0.48 [-0.73, -0.24] -0.33 [-0.71, 0.08] -0.16 [-0.65, 0.29] 0.25 0.49 

Quetiapine vs Placebo -0.27 [-0.48, -0.04] -0.36 [-0.78, 0.07] 0.10 [-0.38, 0.56] 0.65 0.69 

Risperidone vs Placebo -0.62 [-0.83, -0.39] -0.44 [-0.81, -0.08] -0.18 [-0.60, 0.25] 0.20 0.40 

 

 

 

Appendix Table 10: Consistency checks for the NMA model with non-informative priors.  

 

Comparison Direct [95% CI] Indirect [95% CI] Difference [95% CI] P(diff>0) p-value 

Aripiprazole vs Placebo -0.40 [-0.86, 0.07] -0.49 [-0.95, 0.02] 0.09 [-0.62, 0.76] 0.63 0.74 

Olanzapine vs Placebo -0.58 [-1.10, -0.05] -0.96 [-1.51, -0.39] 0.38 [-0.43, 1.19] 0.85 0.30 

Paliperidone vs Placebo -0.44 [-0.95, 0.12] -0.35 [-1.02, 0.27] -0.09 [-0.85, 0.71] 0.40 0.79 

Quetiapine vs Placebo -0.40 [-0.88, 0.07] -0.37 [-0.92, 0.19] -0.02 [-0.75, 0.69] 0.47 0.95 

Risperidone vs Placebo -0.80 [-1.21, -0.38] -0.49 [-1.05, 0.03] -0.32 [-0.99, 0.34] 0.15 0.31 
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Appendix Figure 10: Posterior densities for direct and indirect evidence in terms of comparison Aripiprazole versus 

Placebo across all the different models. 

 

 

Appendix Figure 11: Posterior densities for direct and indirect evidence in terms of comparison Olanzapine versus 

Placebo across all the different models. 
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Appendix Figure 12: Posterior densities for direct and indirect evidence in terms of comparison Paliperidone versus 

Placebo across all the different models. 

 

 

Appendix Figure 13: Posterior densities for direct and indirect evidence in terms of comparison Quetiapine versus 

Placebo across all the different models. 
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Appendix Figure 14: Posterior densities for direct and indirect evidence in terms of comparison Risperidone versus 

Placebo across all the different models. 

 

Ranking between treatments across all models 

 

 

 

Appendix Figure 15: Ranking between all the drugs (14 antipsychotics and Placebo) as obtained from each one of 

the different models. 
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Traceplots 

 

Appendix Figure 16: Trace plots for the NMA model with informative priors obtained from GP using a data based 

approach for 𝛽 and no downweight. 

 

Appendix Figure 17: Trace plots for the NMA model with informative priors obtained from GP using a data based 

approach for 𝛽 and moderate downweight to all GP studies with high RoB 
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Appendix Figure 18: Trace plots for the NMA model with informative priors obtained from GP using a data based 

approach for 𝛽 and moderate downweight to all GP studies with interventions in 𝑇𝑎-𝑇𝑐 

 

 

Appendix Figure 19: Trace plots for the NMA model with informative priors obtained from GP expert’s opinion 

for 𝛽 and no downweight.  
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Appendix Figure 20: Trace plots for the NMA model with informative priors obtained from GP expert’s opinion 

for 𝛽 and moderate downweight to all GP studies with high RoB 

 

 

Appendix Figure 21: Trace plots for the NMA model with informative priors obtained from GP expert’s opinion 

for 𝛽 and moderate downweight to all GP studies with interventions in 𝑇𝑎-𝑇𝑐 
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League tables 
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