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Summary 

Bioinformatical Meta-Analysis of High-Throughput 

     Expression Data from Neuroinfection Research 

Robin Kosch 

 

The measurement of gene expression levels by microarrays or next-generation sequencing 

techniques (RNA-Seq) allows researchers to examine a range of biological questions. Hence, the 

amount of such transcriptome data has increased dramatically within the last 20 years, by far not 

solely in the field of neuroinfection research. Their number, as well as their availability leads to a 

more frequent usage of meta-analyses. These enable to aggregate the findings of individual studies, 

which can result in an enhanced overall statistical power and a higher degree of scientific evidence. 

Classical meta-analyses are usually conducted by pooling the results of individual studies. As an 

alternative approach, it is possible to merge the studies directly on the data level. Hence, two data 

integration pipelines for meta-analyses were tested in this thesis: the ‘early merging’ approach with 

combination of raw transcriptome data from multiple studies and the ‘late merging’ by combining 

their individual results. 

While current bioinformatical methods for meta-analyses mainly focus on standard differential 

expression analyses, other concepts typically performed in individual data sets were rarely 

considered in meta-analysis. Among these concepts are for example gene set enrichment and global 

test approaches to analyze not individual genes, but sets of genes. Analyzing gene sets is an 

important step for better understanding the biological impact of a treatment or disease. Therefore, 

the usage of several statistical tests for gene sets in meta-analysis were investigated.  

In the first publication of this thesis, an applied example of a meta-analysis with real biological 

expression data was conducted. Thereby, the different integration methods were investigated by 

applying the two analysis pipelines (‘early’ and ‘late merging’). Initially, public repositories for 

studies from neuroinfection research were screened and suitable gene expression datasets were 

found for West Nile virus infected mice. Five of these datasets could be related to neurological 

tissues (including 44 samples in total), whereas two datasets were related to immunological tissues 

(including 18 samples in total). The meta-analysis of each group allowed identifying differentially 
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expressed genes that were not identified by the individual studies alone. Further, lists of enriched 

gene sets, defined by gene ontology terms were revealed. From the overall top20 DE genes of the 

neurological tissues, eight genes commonly appeared in both analysis pipelines. These genes were 

discussed in a biological context and their antiviral activity and their participation in interferon cell 

signaling pathways could be confirmed, all correlated with the WNV-infection. Besides these 

biological investigations, publication I provides a practical example of an early stage data 

integration method for a meta-analysis, including the step of gene set analysis. 

In the second publication of this thesis, these methodical findings were extended, by meta-analyses 

of simulated transcriptome data. For that purpose, data matrices were created by drawing 

expression values from multivariate normal distributions. To simulate heterogeneous conditions, 

batch effects were added to the artificial datasets in multiple ways. A more realistic, but less 

controllable approach to simulate data was conducted by utilizing a real existing dataset and 

dividing it into several subgroups that were considered to represent independent studies. For both 

approaches, the gene sets for the pathway analysis were simulated as well. Thereby, a predefined 

outcome could be generated, on which the methods were tested. The flexibility of the simulated 

data allowed varying the study size and the level of heterogeneity. Thus, an overall higher 

sensitivity of the ‘early merging’ strategy to detect enriched gene sets could be exposed compared 

to the ‘late merging’. Only for simulation scenarios with fewer studies, but larger sample sizes and 

large batch effects, the ‘late merging’ strategy has been shown to be superior. Conclusively, the 

choice of the strategy is still highly based on the study and sample sizes. The heterogeneity between 

the datasets has been also shown as an essential factor. Competitive approaches were exposed as a 

practical method, a lot more than the self-contained methods. ROMER showed the highest 

sensitivity, but might lack in accuracy. Therefore, GSEA by Subramanian et al. appeared to be a 

good choice. 

Further, the credibility and performance, but also limitations of simulation scenarios for meta-

analyses of transcriptome data were unveiled. 
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Zusammenfassung 

Bioinformatische Meta-Analyse von Hochdurchsatz- 

Expressionsdaten von Neuroinfektionsstudien 

Robin Kosch 

 

Die Messung von Genexpressions-Leveln mit Hilfe von Microarrays oder Next-Generation 

Sequencing Techniken (RNA-Seq) ermöglicht es Forschern eine Vielzahl an biologischen 

Fragestellungen zu untersuchen. Dadurch hat die Menge an Transkriptomdaten innerhalb der 

letzten 20 Jahre, nicht nur im Bereich der Neuroinfektionsforschung, enorm zugenommen. Sowohl 

die Anzahl an Datensätzen, als auch ihre Verfügbarkeit führt zur vermehrten Verwendung von 

Metaanalysen. Diese ermöglichen die Synthese von Ergebnissen aus individuellen Studien, was in 

einer erhöhten statistischen Power, sowie in einem höheren Level an wissenschaftlicher Evidenz 

resultieren kann. 

Klassische Metaanalysen werden üblicherweise durchgeführt, indem die Ergebnisse von 

Einzelstudien vereinigt werden. Als Alternative ist es möglich, die Studien bereits auf Datenebene 

zusammenzufügen. Daher wurden zwei Integrations-Pipelines für Metaanalysen untersucht: die 

„early merging“-Strategie zur Aggregation der Transkriptom-Rohdaten aus mehreren Studien, 

sowie die „late merging“-Strategie zur Synthese der Ergebnisse aus Einzelstudien. 

Während aktuelle bioinformatische Methoden für Metaanalysen standardmäßige differentielle 

Expressionsanalysen thematisieren, werden andere Konzepte, die typischerweise auf individuellen 

Datensätzen angewendet werden in Metaanalysen nur wenig berücksichtigt. Als Beispiele lassen 

sich hier die „Gene Set Enrichment Analysen“ oder Globaltests nennen, welche nicht auf die 

Analyse von Einzelgenen, sondern Gen-Gruppen abzielen. Die Analyse solcher Gen-Gruppen ist 

ein elementarer Bestandteil um den biologischen Einfluss einer Behandlung oder Krankheit zu 

verstehen. Daher wurden mehrere statistische Herangehensweisen für Gen-Gruppen in 

Metaanalysen getestet. 

Die erste Publikation dieser Arbeit zeigt ein angewandtes Beispiel einer Metaanalyse mit realen 

biologischen Expressionsdaten. Dabei wurden die unterschiedlichen Integrationsmethoden 
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innerhalb der Analyse-Pipelines (‘early und ‘late merging’) getestet. Zunächst wurden öffentliche 

Datenbanken nach Studien aus der Neuroinfektionsforschung durchsucht. Expressionsdatensätze 

zu West Nil Virus-infizierten Mäusen stellten sich als geeignet heraus. Fünf von diesen 

Datensätzen konnten neurologischen Geweben zugeordnet werden (insgesamt 44 Samples), 

wohingegen zwei Datensätze immunologischen Geweben (insgesamt 18 Samples) zugeordnet 

werden konnten. Durch eine Metaanalyse der jeweiligen Gruppen wurden signifikant differentiell 

exprimierte Gene identifiziert, welche in den Ergebnissen der Einzelstudien nicht detektiert worden 

sind. Außerdem konnten Listen von differentiell überrepräsentierten Gen-Gruppen nach 

Klassifizierung der Gene Ontology-Terminierung erstellt werden. Aus den Top20-Genen der 

neurologischen Gewebe beider Pipelines wurden acht Gene gemeinsam detektiert. Diese Gene 

wurden in ihrem biologischen Kontext diskutiert, wodurch ihre antiviralen Eigenschaften und ihre 

Teilnahme an Interferon-Zell-Signalwegen bestätigt werden konnten, korreliert mit der WNV-

Infektion. Neben diesen biologischen Erkenntnissen, konnte ein praktisches Beispiel der initialen 

Datenintegration für eine Metaanalyse inklusive einer Gene Set Analyse erfolgreich dargestellt 

werden. 

In der zweiten Publikation dieser Arbeit wurde die Herangehensweise um eine Metaanalyse mit 

simulierten Transkriptomdaten erweitert. Dazu wurden Datensätze erstellt mit Expressionswerten, 

gezogen aus multivariaten Normalverteilungen. Um heterogene Bedingungen zu generieren, 

wurden zusätzlich Batch-Effekte in verschiedenen Ausführungen auf die künstlichen Datensätze 

hinzugerechnet. Ein realistischerer, jedoch weniger kontrollierbarer Ansatz einer 

Simulationsstudie wurde durchgeführt, indem ein realer Datensatz in mehrere Subdatensätze 

aufgeteilt wurde, welche unabhängige Einzelstudien repräsentieren sollen. Für beide Ansätze 

wurden die Gen-Gruppen für die Pathway-Analyse ebenfalls simuliert. Somit konnte ein bereits 

bekanntes Ergebnis generiert werden, um so die Methoden zu überprüfen. Die Flexibilität der 

simulierten Daten ermöglichte es, die Größe und Heterogenität der Studien zu variieren. So konnte 

für die „early merging“-Strategie eine insgesamt höhere Sensitivität bei der Detektion von 

differentiell exprimierten Gen-Gruppen festgestellt werden im Vergleich zur „late merging“-

Strategie. Nur für Simulationsszenarien mit wenig Studien, vielen Samples und größeren Batch 

Effekten stellte sich das „late merging“ als vorteilhafter heraus. Abschließend ist die Wahl der 

Integrationsmethode stark abhängig von Studien- und Samplegröße. Auch die Heterogenität 

zwischen den Datensätzen ist ein essentieller Faktor. Kompetitive statistische Herangehensweisen 
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erwiesen sich als deutlich praktikabler als in sich abgeschlossene (engl. self-contained) Tests. 

ROMER zeigte die höchste Sensitivität, ist jedoch möglicherweise weniger präzise. Daher 

erscheint GSEA von Subramanian et al. eine gute Wahl der Methode. 

Weiterhin konnten die Durchführbarkeit und Performance, aber auch die Grenzen von 

Simulationsstudien für Metaanalysen von Transkriptomdaten aufgezeigt werden. 
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1. Introduction 

1.1. Classical meta-analyses 

Meta-analyses are widely used in clinical or epidemiological trials to integrate the outcome of 

multiple studies regarding one specific biological or medical question. Therefore, the individual 

results are summarized or statistically reanalyzed as one single study. Such meta-analyses, 

sometimes also referred to as ‘research syntheses’, can be part of systematic reviews, but extend 

those by a quantitative analysis. The term ‘meta-analysis’ was coined by Glass (1976) in the field 

of educational research.  

By increasing the number of observations, meta-analyses result in higher statistical power, can 

reduce bias and allow more precise interpretations of the study question in contrast to the analysis 

of individual studies. The number of false positive results can be reduced as well. Further, 

contradictory outcomes can be detected more easily and misleading conclusions appear therefore 

less frequently. Another major task of meta-analyses is the examination of heterogeneity between 

study results (Haidich 2010). Thus, meta-analyses are a substantial technique for evidence-based 

medicine. 

In the regard of the ‘reproducibility crisis’ that has increasingly been discussed in the recent years 

(Ioannidis 2005), meta-analysis can also provide a tool to bring more robustness and reproducibility 

into research, by enhancing sample sizes (Baker 2016). Moreover, non-biological effects, e.g. 

caused by different lab conditions can be reduced.  

1.2. Meta-analyses of transcriptome data 

Meta-analyses can be performed with various types of input data. This thesis covers the field of 

transcriptomics. A great amount of available data is still generated by cDNA microarrays, whereas 

these will be replaced by newer technologies, e.g. RNA sequencing. Nevertheless, the here 

presented findings may be cautiously transferable to diverse types of high-throughput expression 

data, such as proteomics or metabolomics. 

Transcriptome expression analysis allows researchers to study biological processes, developments 

or diseases, all on a genetic level. Further microarrays can be used for diagnostic purposes or for 

the prediction of therapy response. This will be achieved by quantifying the transcripts of subjects 
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under different conditions. A brief historical overview of DNA microarrays in biomedicine  can be 

obtained by Ewis et al. (2005). 

A crucial difference between clinical and transcriptome data lie in their dimensionality. Whereas 

clinical studies only focus on few variables studied on relatively large sample sizes (number of 

samples > number of studied patient characteristics), transcriptome analyses produce high-

dimensional data with ten thousands of features or more. Nevertheless, the number of samples 

within gene expression analyses is usually low (number of genes > number of samples), which 

makes them susceptible for incorrect interpretations, due to lacks of scientific evidence.  

A basic step of a meta-analysis is the selection of suitable studies, i.e. with the same design and a 

comparable study question. For transcriptome experiments, it is common that researchers publish 

not only their findings as part of publications, but also deposit their raw expression data in public 

databases. There are two well-known public repositories for gene expression data: Gene Expression 

Omnibus (GEO) from NCBI (Edgar 2002) and ArrayExpress from EMBL-EBI (Brazma 2003). 

Additionally, the submitted data will be at least partly curated by a team of experts. Both archives 

also provide web-based tools for the further analysis. These beneficial sources of expression data 

can be the starting point of meta-analysis. For creating overview, the repositories are screened 

intensively, depending on the initial biological or medical questions. To get a more comprehensive 

view, the entire literature will be searched manually. 

The availability of raw high-throughput gene expression data makes it possible to reproduce the 

author´s findings, but also to extend them by a joint analysis of similar studies. Further, these 

repositories support the annotation standards, called MIAME (Brazma et al. 2001), which are 

necessary for an appropriate description of the transcriptome experiments.  

The percentage of published studies related to the term ‘meta-analysis’ has been increased 

enormously within the last 30 years. The same situation can be observed for publications, focusing 

on ‘transcriptomic’ experiments, whereas these were introduced by the technological 

improvements since 1999. Nevertheless, the amount of studies, which cover both terms, meta-

analysis and transcriptome data is still small (Brown and Peirson 2018).  

Many examples of a successful meta-analysis of transcriptomic data are available for very diverse 

research fields. Te Pas et al. (2012) examined different chicken lines regarding their susceptibility 

to Salmonella infection, whereas Desterke et al. (2018) highlights the importance of trophoblastic 
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differentiation in hydatidiform mole. Another contrary meta-analysis application was proposed by 

Balan et al. (2018), who analyzed the transcriptome response to biotic stresses in apple (Malus x 

domestica). Specific meta-analyses of neuroinfection studies can be obtained from Afroz et al. 

(2016). In this publication the gene expression data of several studies with Dengue virus infections 

were aggregated, which revealed novel gene signatures, caused by the pathogen. In a further RT-

qPCR, the findings of the meta-analysis have been validated. Another representative of the 

flaviviruses was the research object of Singh et al. (2018). They examined Zika virus-induced 

(ZIKV) expression profile changes by utilizing multiple datasets, but also compared them to other 

related pathogens (Japanese encephalitis, West Nile, and Dengue). In their meta-analysis, a 

characteristic ZIKV infection signature was identified. 

While meta-analyses are becoming more and more popular, the majority of already existing 

valuable transcriptome expression data is still untapped.  

1.3. Goals of the study 

By conducting multiple meta-analysis of real biological transcriptome expression data (publication 

1), as well as on simulation data (publication 2), this thesis aimed to test an alternative way of data 

merging within the context of gene set enrichment analysis. First, the feasibility of the new analysis 

pipeline was examined; second, it was analyzed how the structure and size of the aggregated studies 

influence the final outcome. Further, a comparison of two different strategies of pathway analysis 

was conducted: competitive and self-contained methods. Therefore, multiple statistical approaches 

were used within each strategy. Another objective of doing such meta-analysis was the impact of 

heterogeneity between the studies, but also between the samples within studies. This issue was 

tackled, by introducing diverse artificial batch effects on simulated data and compare their results. 

Such meta-analyses of transcriptome data from WNV-infected patients have not been conducted 

before. 

The two data integration strategies for meta-analyses were evaluated regarding their capability of 

detecting significantly enriched gene sets by performing simulation studies. Therefore, three 

different gene set enrichment tests were utilized, as well the three different approaches for the 

globaltest strategy, which have not been explored in this context. The flexible study design of 

artificial transcriptome data allowed examining the behavior of the analysis pipelines. Further, this 

study employs an approach of simulating the expression values with correlations between the 
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genes, whereas other studies simulated genes as uncorrelated. Different study sizes, but also sample 

sizes were tested to provide orientation data selection of future meta-analyses.  
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2. Materials and Methods 

In this section, the data and methods that were used in publication 1 and 2 are briefly described and 

the reader is referred to more detailed descriptions in these publications. 

2.1. Data selection and construction  

In order to investigate the outcome of the two merging strategies, both were applied on multiple 

data origins. First, datasets from real biological high-throughput experiments were selected by 

screening the repositories for neuroinfection studies. The resulting tables allowed a broad view on 

the current (i.e. time of database screening) available transcriptome data on several pathogens. Due 

to the absence of many studies on some of the pathogen groups, the further selection was limited a 

lot. The most promising results were detected for the West Nile virus (Tab. 1; Petersen et al. 

(2013)). For the selection process, the PRISMA statement offered guidance, which among others 

provides exclusion criteria to promote the selection success (Moher et al. 2009).  

The simulation of expression data was conducted in a common way by drawing values from a 

multivariate normal distribution (Ghaffari et al. 2013; Hua et al. 2009). Samples from the 

uninfected group were simulated by setting the mean vector for the multivariate normal distribution 

to null, whereas for infected samples the values were drawn from a univariate normal distribution 

in order to introduce the treatment effect. For the covariance matrix of both groups, an 

autoregressive model was used to simulate the correlation between the genes. Additionally, 

artificial batch effects were introduced by adapting the model from Johnson et al. (2007). Further, 

Tab. 1: Overview of the datasets used in publication I and II. 

 Publication I Publication II 

Real data WNV-infection (neurological tissues) 

WNV-infection (immunological 

tissues) 

Rhinovirus-infection (with simulated 

pathways) 

Prostate cancer data 

Simulation 

data 

none Several simulation scenarios 
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gene sets were simulated with several degrees of enrichment. Table 1 provides an overview of all 

datasets within the two presented publications. 

An alternative approach for simulating gene expression data has been shown by Ritchie et al. 

(2006).  

2.2. Variants of meta-analysis  

The classical way of conducting a meta-analysis is by aggregating the results of the individual 

studies. For data from gene expression analyses, this is typically conducted by p-value combination 

methods or combination of fold change estimates. An alternative way of conducting a meta-

analysis can be obtained by aggregating the individual studies directly on the data level. In the 

following, the strategies were named for the sake of convenience ‘late merging’ and ‘early 

merging’ (Fig.1).  

Fig. 1: Merging strategies for data integration 
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2.3. Steps of analysis pipeline 

The analysis of high-throughput gene expression data can be conducted with a plethora of 

bioinformatical tools. For data simulation and manipulation, the statistical software R provides a 

suitable environment, which can be used under the GNU General Public License (Team 2018). 

Moreover, many beneficial software packages are available for R, especially from the open source 

software framework Bioconductor (Gentleman et al. 2004). 

2.3.1. Preprocessing 

Before the datasets can be merged for a meta-analysis, a couple of preprocessing steps are 

necessary. First, the genes from each array need to be annotated by the same gene identifiers. Next, 

the datasets are normalized and summarized, e. g. by Robust Multi-array Average (RMA) method, 

which is a widely used approach (Waldron and Riester 2016). Normalizing the data is an 

elementary to remove systematic biases within a study and therefore to make the samples 

comparable. 

2.3.2. Batch effect removal 

Selecting suitable studies for meta-analysis is an elementary step to produce proper results. 

Nevertheless, the comparison and joint analysis of data from multiple sources needs to be examined 

for their heterogeneity between individual studies. Since only then the unwanted study bias can be 

reduced before the analysis. 

In order to perform a proper data synthesis, the employed studies need to be cleaned from batch 

effects. Therefore, biases caused by non-biological incidents are detected and widely minimized. 

A critical step during the removal is the preservation of biological effects. However, the complete 

removal of batch effects can never be achieved for practical meta-analysis of high-dimensional 

data (Waldron and Riester 2016). 

For the analyses of within this thesis, the batch effect removal was only conducted in the ‘early 

merging’ pipeline. We selected the Bayesian method ‘ComBat’ (Johnson et al. 2007) from the R-

package ‘sva’, which performed best in several tests (Chen et al. 2011).  

2.3.3. Differential analysis 

A typical goal of high-throughput gene expression studies is to detect genes that are differentially 

expressed between two conditions (Tusher et al. 2001; Smyth 2004). These can be different 



 Materials and Methods 

 

8 

 

developmental stages or experimental factors. This thesis focused on infected samples in 

comparison to non-infected control samples. That purpose can be achieved by testing multiple 

hypothesis, i.e. a gene-wise comparison of their gene expressions under both conditions. 

For the here presented analysis pipelines, the popular ‘limma’-method was used (Smyth 2004; 

Ritchie et al. 2015), which has been exposed as standard tool for microarray analysis. Limma 

allows the comprehensive investigation of the entire array by utilizing linear models on the genes. 

Further one can benefit from the ‘high parallel nature of genomic data to borrow strength between 

the gene-wise models’ (Ritchie et al. 2015). These tests result in large lists of p-values for each 

gene, representing their validity of being differentially expressed between the conditions.  

Due to the huge amount of independent tests, high rates of false positives might be obtained. 

Therefore, the results were adjusted by controlling the false discovery rate (FDR) as proposed by 

Benjamini and Hochberg (1995). 

2.3.4. Gene Set Enrichment Analysis 

In order to enhance the benefit from transcriptome studies, genes can be classified into sets of 

functional genes. Hereby, genes that share the same biological pathway, chromosomal location or 

regulation are grouped and analyzed commonly. For our analysis, the gene ontology (GO) terms 

provided by the ‘GO Consortium’ (Ashburner et al. 2000; Harris et al. 2004) were utilized. For GO 

term classification, the genes were grouped within one of the following main categories: cellular 

components, molecular functions or biological processes. The gene sets were ordered 

hierarchically, from general pathways with multiple thousands of genes to very specific pathways 

with only few genes. Thus, the set-based analysis provides interactions between genes can be 

investigated, as well as an overall biological insight can be gained. In this work, the terms ‘gene 

set’ and ‘pathway’ are used as synonyms. 

The first gene set enrichment analysis (GSEA) approach was introduced by Subramanian et al. 

(2005). The GSEA method works roughly as follows: first, an enrichment score is calculated by 

using the t-statistics of genes and an approach, similar to a Kolmogorov–Smirnov test for 

comparing genes within and outside a gene set. Additionally, a weighting is performed depending 

on the correlation of the genes to the phenotype. To determine the significance of an enrichment 

score for a gene set, the samples will be permutated and the score will be calculated again (Efron 

and Tibshirani 2007).  
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Besides the original GSEA approach, several other methods exist that focus on the detection of 

enriched gene sets in a competitive way (Luo et al. 2009). Furthermore, a plethora of gene set 

enrichment analysis comparisons has already been performed (Ackermann 2008; Ackermann and 

Strimmer 2009; Hung et al. 2012; Fridley et al. 2010; Nam and Kim 2008; Maciejewski 2014). 

Nevertheless, universally valid recommendations can still not be given.  

In publication II, further GSEA methods were also investigated, i.e. the Wilcoxon rank-sum test 

(Wilcoxon 1945) and ROMER (Ritchie et al. 2015). Thus, only GSEA by Subramanian et al. was 

investigated in publication I, while in total three different methods for GSEA were evaluated in 

publication II (Tab. 2) 

2.3.5. Competitive and self-contained tests 

Concerning the null hypothesis, the gene set tests can be classified in competitive and self-

contained methods (Goeman and Buhlmann 2007). While competitive methods test the H0- 

assumption that genes within a set are not more DE than those genes not in the set, self-contained 

test assume that no genes in the set are DE. A direct comparison of the methods from the two 

classes is therefore not viable, due to their different methodical assumptions.  

A popular example of self-contained tests is the Globaltest (GT) by Goeman et al. (2004). While 

competitive methods require lists of effect sizes as input, Globaltests consider the expression values 

of the genes only within the given gene set. For that approach, logistic regression models are 

utilized.  

Tab. 2: Overview of the gene set detection methods used in publication I and II. 

 Publication I Publication II 

GSEA GSEA (Subramanian et al.) GSEA (Subramanian et al.) 

Wilcoxon rank-sum test  

ROMER 

Globaltest n. a. Globaltest (Goeman et al.) 

RepeatedHighDim 

ROAST 
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Further, RepeatedHighDim (Jung et al. 2011) and ROAST (Wu et al. 2010) are other self-contained 

tests, which have been compared to GT in publication II (Tab. 2). An advantage of the competitive 

test in contrast to self-contained approaches is that the influence of all genes on the array is 

considered.  
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Abstract:  

Background: Infections with the West Nile virus (WNV) can attack neurological tissues in the host 

and alter gene expression levels therein. Several individual studies have analyzed these changes in 

the transcriptome based on measurements with DNA microarrays. Individual microarray studies 

produce a high-dimensional data structure with the number of studied genes exceeding the 

available sample size by far. Therefore, the level of scientific evidence of these studies is rather 

low and results can remain uncertain. Furthermore, the individual studies concentrate on different 

types of tissues or different time points after infection. A general statement regarding the 

transcriptional changes through WNV infection in neurological tissues is therefore hard to make. 

We screened public databases for transcriptome expression studies related to WNV infections and 

used different analysis pipelines to perform meta-analyses of these data with the goal of obtaining 

more stable results and increasing the level of evidence.  

Results: We generated new lists of genes differentially expressed between WNV infected 

neurological tissues and control samples. A comparison with these genes to findings of a meta-

analysis of immunological tissues is performed to figure out tissue-specific differences. While 

5.879 genes were identified exclusively in the neurological tissues, 15 genes were found 

exclusively in the immunological tissues, and 44 genes were commonly detected in both tissues. 

Most findings of the original studies could be confirmed by the meta-analysis with a higher 

statistical power, but some genes and GO terms related to WNV were newly detected, too. In 

addition, we identified gene ontology terms related to certain infection processes, which are 

significantly enriched among the differentially expressed genes. In the neurological tissues, 17 gene 

ontology terms were found significantly different, and 2 terms in the immunological tissues. 

Conclusions: A critical discussion of our findings shows benefits but also limitations of the meta-

analytic approach. In summary, the produced gene lists, identified gene ontology terms and 

network reconstructions appear to be more reliable than the results from the individual studies. Our 

meta-analysis provides a basis for further research on the transcriptional mechanisms by WNV 

infections in neurological tissues.  
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Abstract:  

Research synthesis, e.g. by meta-analysis, is more and more considered in the area of high-

dimensional data from molecular research such as gene and protein expression data, especially 

because most studies and experiments are performed with very small sample sizes. In contrast to 

most clinical and epidemiological trials, raw data is often available for high-dimensional 

expression data. Therefore, direct data merging followed by a joint analysis of selected studies can 

be an alternative to meta-analysis by p-value or effect size merging, or more generally spoken, the 

merging of results. 

While several methods for meta-analysis of differential expression studies have been proposed, 

meta-analysis of gene set tests have very rarely been considered, although gene set tests are 

standard in the analysis of individual gene expression studies. We compare in this work different 

strategies of research synthesis of gene set tests, in particularly the `early merging’ of data cleaned 

from batch effects versus the `late merging’ of individual results. 

In simulation studies and in examples of manipulated real world data, we found that in most 

scenarios the early merging has a higher sensitivity of detecting a gene set enrichment than the late 

merging. However, in scenarios with few studies, large batch effect, moderate and large sample 

sizes late merging was more sensitive than early merging. 
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5. Discussion 

The two publications, presented in this thesis mainly focus on the same overall goal: the 

examination of different integration pipelines for meta-analysis of transcriptome data. Real 

biological data, simulated data or simulated gene groups were utilized to examine the new analysis 

pipeline and a comparison to the classical meta-analysis approach was conducted. 

The following part describes the findings of both publications and puts them in an overall context. 

In the first manuscript, the early merging pipeline was tested by conducting an applied meta-

analysis of transcriptome neuroinfection data. Thus, not only an exemplary guidance is offered, but 

also biological improvements. Expression profiles of two types of mouse tissues infected by WNV 

were analyzed, which provided insights into the gene regulation. By now, several individual gene 

expression studies in neuroinfectional research have been performed (Qian et al. 2015; Bourgeois 

et al. 2011). Nevertheless, the current scientific knowledge lacked in suitable bioinformatical meta-

analyses of neuroinfection data. 

The second manuscript aimed to compare the two merging pipelines directly and to evaluate their 

performances on diverse data origins. Not only the GSEA method was tested, as proposed in 

publication I, but also two other competitive methods were investigated. Further, three Globaltest 

methods were examined, as different approaches on testing gene sets in a meta-analysis. Based on 

the result, advanced knowledge on the behavior of the early stage data integration method, induced 

by different input data is provided. 

The findings of publication I mainly revealed an explicit profit of the early merging pipeline for 

practical meta-analyses. Nevertheless, a superiority over the ‘late merging’ pipeline could not be 

detected due to the study design. Solely publication II allows an evaluation of the pipelines 

regarding their detection capability and accuracy. 

In this section, a comparison to studies similar to both manuscript is undertaken. Further, the 

validity of the analysis and the evaluation methods is discussed. 

Some research has been already carried out, addressing the general concept of testing gene set 

analysis within the context of a meta-analysis. Shen and Tseng (2010) also tested several 

integration methods within a GSEA based pipeline. Their approaches are quite similar to the late 

stage integration and ‘intermediate merging’ strategy (Publ. I, Section ‘Meta-analysis’), but they 

did not consider the synthesis on data level. Further, the ‘late merging’ strategy differs from Shen 
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and Tsengs´ method MAPE_P. While publication I and II considered the intersection of genes over 

all studies, MAPE_P compared whole pathways, irrespectively of the total number of included 

genes. Thus, the data loss due to not matching genes in the same pathways across the studies is still 

present in the analyses within publication I. Nevertheless, the approaches of publication II seemed 

to be more meaningful for a method comparison. 

Rosenberger et al. (2015) also provides methods for pooling the data from Gene set enrichment 

analysis, but within the context of genome-wide association studies. Hence, this cannot be directly 

compared to the findings within this work. Another major benefit of the simulation studies in this 

thesis is the usage of expression values with correlations between genes, drawn from multivariate 

instead of univariate normal distributions (Schäfer and Strimmer 2005). 

Heterogeneity between studies can usually be assumed. However, the minimization of 

heterogeneity within meta-analyses is a well-studied, but still not solved issue. Chen et al. (2013) 

proposed a Bayesian method, which allows the simultaneous execution of the differential analysis 

and gene set enrichment analysis. Nevertheless, publication II addressed the problem by a practical 

approach. 

A challenging task for evaluating the performance of the merging strategies and gene set tests was 

the selection of a proper measurement technique. The introduced approach to utilize the capability 

of identifying enriched genes only covers the true positive rates. Thus, the evaluation might not be 

profound, but was already applied successfully in other microarray studies (Wu et al. 2005). 

Moreover, to give a comprehensive insight into the method comparison, the rates of false positives 

were provided (Publ. II, Tab. 4). Further, receiver operating characteristic (ROC) curves were 

generated for some simulation scenarios, which illustrate the specificity against the sensitivity 

(Publ. II, Fig. A9, A10, A12-A15). This allowed the examination and evaluation of the pipelines´ 

accuracy. However, ROC curves are in principle only applicable for dichotomous cases. 

Consequently, we just could derive ROC curves for selected scenarios, comparing a non-enriched 

to a highly enriched pathway. 

Besides the overall higher detection capability of the ‘early merging’ strategy, more accurate results 

may be obtained, due to the lower information loss of the initial data integration. While all 

expression values are processed in one analysis within the early stage integration, only summarized 

results are aggregated in the late stage integration approach. Nevertheless, a loss of biological 
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information is also present in the ‘early merging’ pipeline through the methods for batch effect 

removal. 

The removal of batch effects between the studies is an inevitable step within the data preprocessing. 

Besides the ‘ComBat’ function, the performance of ‘removeBatchEffects’ from the ‘limma’-

package was also tested, both on real datasets, which already have been analyzed (Tab. 1; Marot et 

al. (2009)). Nearly no differences could be detected between the results from the two batch effect 

removal methods. Therefore, the approach that the same model was used for adding batch effects 

to data and for removing the batch effects again was still reasonable. For other simulation scenarios 

with different types of batch effects, ‘ComBat’ performed also very well. 

The overall good performance of the GSEA by Subramanian et al. was already stated in some 

publications (Maciejewski 2014), whereas other studies’ findings showing superiority of Goeman´s 

Globatest over GSEA (Tarca et al. 2013). Commonly, an extremely high sensitivity of the GT was 

observed by Tarca et al. and within publication II. However, the self-contained tests have been 

exposed as impractical detection methods in the analysis of this thesis. 

In the following section, limitations of the here presented methods and emerging difficulties during 

the application of such meta-analysis are described 

Selecting suitable studies for a proper meta-analysis is an elementary step. Therefore, depending 

on the research topic, the amount of studies, which can be merged for a data synthesis, is often 

rather small. The combination of information of five studies with neurological tissues and two 

studies with immunological tissues, which were separated in three individual datasets, was still 

possible as shown in publication I. For the meta-analysis of those datasets, the statistical power is 

certainly a lot higher compared to the analysis of individual studies. 

The biological interpretation of the findings within this study could be extended with more effort, 

but the focus of this thesis relies in the method comparison. Nevertheless, these findings on the 

single gene-level are highly robust, but also conservative, due to the combination of the results 

from the ‘early’ and ‘late merging’ pipelines. Thus, the identification of those genes was 

unambiguously correct. The same applies for the gene set analysis results by combining the ‘early’, 

‘intermediate’ and ‘late merging’ strategies (Publ. I, Fig A.5.3 & A5.5). 

This work does not address to give precise recommendations for specific gene set test. Instead, it 

provides an insight into the behavior of meta-analyses with varying input data.  
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However, problems emerged frequently during the selection of the datasets from the systematic 

review. To pool the datasets in a reasonable manner, their experimental design has to be 

predominantly equal, for instance regarding to the analyzed organism, strain, tissue or cell type. 

Another challenge, which hampers the exploitation of available data, is the false description of 

provided experiments. During the selection process in publication I, several studies were found that 

show inconsistencies between their descriptions within the journal publication and the 

corresponding data uploads in the repositories. Further, some datasets contained abbreviations 

without any additional information. This makes the studies generally worthless for further analysis. 

Therefore, one could just apply to the providing researchers to upload their data in a properly and 

self-explaining and manner. 

A major issue regarding the reproducibility of research findings was stated by Ioannidis (2005), 

who draw the attention to the high rates of false results and the low powered evidence of many 

study designs. Enhanced research standards or detailed method reports lead to results that are more 

accurate. However, those concepts are rather difficult to establish. Thus, increasing the sample 

sizes by aggregating multiple study data is a straightforward way to enhance the robustness of 

studies and generate better-evidenced results. 

To extend the findings of the here presented meta-analysis approaches, the next paragraphs provide 

ideas for further analysis strategies or application fields.  

For a standard meta-analysis only those genes are considered, which are covered by all individual 

datasets. To reduce this information loss while combining information across multiple datasets, a 

further approach is to take into account those genes that were not covered by all datasets, but were 

still removed due to the missing within one or few studies. Those genes could still be included for 

further analysis, but with slightly reduced power.  

Besides the integration of expression data from multiple platforms, studies already exist, which 

combine data across the omics-type (Wu et al. 2012) or across different species (Fierro et al. 2008). 

These might also be an application field for future experiments with the innovative early merging 

strategy and gene set enrichment analysis. A broad overview of data integration methods of 

genomic data can be regarded from (Hamid et al. 2009). 

The basic idea of merging data in a meta-analysis can be extended by different study selection 

approaches. Instead of screening for studies related to a specific pathogen, it may be meaningful to 
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collect studies with ‘only’ similar pathogens, but with the subjects showing the same symptoms. 

Therefore, a new data source can be exploited and more potential studies can be considered for a 

meta-analysis. This alternative comparison approach might also result in novel infection-related 

genetic patterns, which would have not been found by applying conventional methods. 
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