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Figure 5. CNS-Derived Microglia Retain Microglia Gene Expression in Contrast to BM-Derived Macrophages
(A) Heat map of all DE genes in FACS-sorted microglia populations. Each row represents one specific gene; the columns represent different samples. The values

shown are normalized and standardized by row to show variations across the samples (blue, downregulation; red, upregulation). The dendrogram above the heat

map shows the relationship between the different samples based on similar expression levels across the three conditions. The dendrogram on the left is con-

structed on the basis of hierarchical clustering of the DE gene expression.

(B) The distances between the populations, based on two principal components for the top 1,000 DE genes, are shown in the principal component analysis (PCA)

plot. The distance between CNS-derived samples and WT microglia is significantly (p % 0.05) smaller than the distance between BM-originated and WT.

Significances are calculated by permutation test.

(legend continued on next page)

100 Immunity 43, 92–106, July 21, 2015 ª2015 Elsevier Inc.

How to ...
▪︎ check for batch effects
▪︎ perform normalization
▪︎ group similar samples
▪︎ group similar genes
▪︎ select representative genes
▪︎ deal with multiple testing
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Subtopics (1)
▪︎ Data preprocessing
▪︎ normalization/calibration
▪︎ identification of outliers/errors

▪︎ Exploratory data analysis
▪︎ graphical displays
▪︎ clustering approaches
▪︎ integrative analysis of different data types

▪︎ Multiple testing
▪︎ biomarkers differentially expressed between groups
▪︎ common set of explanatory variables on a large set of outcomes
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How to ...
▪︎ find a low-dimensional 

representation
▪︎ perform inference there
▪︎ perform simulations for 

checking properties
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Subtopics (2)
▪︎ Data reduction
▪︎ Tasks: visualization of samples or variables, building/finding prototypical 

samples, building new features
▪︎ Traditional approaches: principal components, multidimensional scaling, 

correspondence analysis, cluster analysis
▪︎ Current research: representation learning, deep learning

▪︎ Simulation
▪︎ Distributions (RNA-seq, methylation microarrays, ...)
▪︎ Simulation using extracted parameters
▪︎ Simulation approaches
▪︎ Simulation based on real data

�7



Institut für Medizinische Biometrie, 
Epidemiologie und Informatik

�8

22

naive
n = 126

var = 17737 ranks
n = 91 

var = 2.8

stand. logs
n = 78 

var = 2.0

stand.
n = 92 

var = 2.6
blom

n = 112 
var = 1.1

vst
n = 45 

var = 6955

logs
n = 55 

var = 588

stand. vst
n = 83 

var = 1.9

Figure 4. Venn diagram for selected genes in the KIRC data. Shown are the selected genes in
the CoxBoost model within the first 200 boosting steps. The sizes of the ellipses and of the overlap are
approximately proportional to the number of selected genes by the di↵erent transformations. The
number of selected genes and their median variance (scaled by 100,000) are given beneath the ellipses.
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Table 1. Transformations for RNA-Seq data

Transformation Skewness Unequal variances Outliers Distribution of gene B3GNT3
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Proposed transformations for RNA-Seq data. A check mark is given in the columns skewness, unequal
variances or outliers, if the transformation is addressing the corresponding problem. The last column
shows the transformed distribution of gene B3GNT3 as an example.
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Subtopics (3)
▪︎ Prediction models
▪︎ Machine learning methods
▪︎ Penalized regression
▪︎ Evaluation

▪︎ Categorical and ordinal data
▪︎ Comparative effectiveness and causal inference
▪︎ Design considerations
▪︎ Sample size planning and power calculation
▪︎ Experimental design for observational studies

▪︎ Publicly available data sets
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Outlook
▪︎ Large topic with links to Bioinformatics and Systems Biology
▪︎ But: high-dimensional challenges also in non-omics settings
▪︎ Overlap with many other topic groups, but always with high-

dimensional flavor
▪︎ Subtopics make progress feasible
▪︎ First drafts of papers by end of 2016
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