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Abbreviations

General
Term Fullname

3’ UTR 3’ untranslated region

Aβ amyloid beta

AD Alzheimer’s disease 

ALS Amyotrophic lateral sclerosis 

API application programming interface 

ASC apoptosis-associated speck-like proteins containing a caspase recruitment domain

ATAC assay for transposase accessible chromatin

ATP adenosine triphosphate 

BG basal ganglia 

BRAIN-SAT brain interactive sequencing analysis tool

CA1 cornu Ammonis 1

CARD caspase recruitment domain

ChIP chromatin immunoprecipitation 

CNS cental nervous system

CPM count per million

DAFS data-adaptive flag method for RNA-Seq data

DAM disease-associated microglia 

DAMP damage-associated molecular pattern

DEA differential expression analysis 

DNA deoxyribonucleic	acid 

E7.5 embryonic day 7.5

E8.5 embryonic day 8.5

EAE experimental autoimmune encephalomyelitis

EdU 5-Ethynyl-2´-deoxyuridine

EMP erythro-myeloid progenitor

ENA european nucleotide archive 

EOAD early-onset Alzheimer’s disease

ETS expressed sequencing tags 

FACS fluorescence-activated cell sorting 

FC fold change

FDR false discovery rate

GEO gene expression omnibus

GF germ-free 

GO gene ontology 

GOAD glia open access database

GWAS genome-wide association studies

HGP human genome project

IdU 5-iodo-2′-deoxyuridine

LOAD late-onset AD 
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Abbreviations

LPM large peritoneal macrophages

LPS lipopolysaccharides

M1 classical activation 

M2 alternative activation

MDI microglia developmental index 

MGnD microglial neurodegenerative/-toxic 

MHC major histocompatibility complex

miRNA micro ribonucleic acid

MO myelinating oligodendrocytes 

MOG myelin-oligodendrocyte-glycoprotein peptide

MOLGENIS molecular genetics information systems 

mRNA messenger ribonucleic acid

MS Multiple sclerosis

NAc nucleus accumbens 

NFO newly formed oligodendrocytes

ORF open reading frame

P9 postnatal day 9

PAMP pathogen-associated molecular pattern

PCA principal component analysis

PCR polymerase chain reaction

PD Parkinson’s disease 

PLAC-seq proximity ligation-assisted ChIP-Seq 

PMD post-mortem delday

pol ll ribonucleic acid polymerase II 

PTM posttranslational	modifications

QEA quantitative expression analysis 

RA retinoic acid

REST representational state transfer 

RNA ribonucleic acid

RNA-Seq ribonucleic acid sequencing

RT room temperature

scRNA-Seq single-cell RNA sequencing

SNc substantia nigra pars compacta

SPF specific	pathogen-free	

SPM small peritoneal macrophages 

SRA sequencing read archive

ST spatial transcriptomics

TBP TATA-binding proteins 

TF transcription factor

TLR toll-like receptor 

TPM transcript per million

tSNE t-distributed stochastic neighbor embedding 

UMI unique	molecular	identifier

VTA ventral tegmental area 
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YS yolk sac

Gene names
Symbol Name Synonyms

ADGRG1 adhesion G protein-coupled receptor G1 GPR56, TM7LN4, TM7XN1

ALDH1L1 aldehyde dehydrogenase 1 family member L1 FTHFD, 10-fTHF

ALOX5AP arachidonate 5-lipoxygenase activating protein FLAP

ANK1 ankyrin 1 ANK, SPH1

ANKRD39 ankyrin repeat domain 39 MGC41816

APLP2 amyloid beta precursor like protein 2 APPL2, APPH

APOC1 apolipoprotein C1

APOE apolipoprotein E AD2

APP amyloid beta precursor protein AD1

ATF3 activating transcription factor 3

AXL AXL receptor tyrosine kinase UFO, JTK11, Tyro7, ARK

B2M beta-2-microglobulin

BBS10 Bardet-Biedl syndrome 10 C12orf58, FLJ23560

BIN1 bridging integrator 1 AMPHL, SH3P9, AMPH2

C1QA complement C1q A chain

C1QB complement C1q B chain

C1QC complement C1q C chain C1QG

C3 complement C3 CPAMD1, ARMD9, C3a, C3b

C4A complement C4A (Rodgers blood group)
CPAMD2, C4S, CO4, C4, C4A3, C4A2, C4A4, 
C4A6, C4B, RG

C5AR1 complement C5a receptor 1 C5R1, C5A, C5AR, CD88

CABLES1 Cdk5 and Abl enzyme substrate 1 HsT2563, FLJ35924

CCL2 C-C motif chemokine ligand 2
SCYA2, MCP1, MCP-1, MCAF, SMC-CF, GDCF-2, HC11,
MGC9434

CCL3 C-C motif chemokine ligand 3 SCYA3, G0S19-1, LD78ALPHA, MIP-1-alpha

CCL4 C-C motif chemokine ligand 4 LAG1, SCYA4, MIP-1-beta, Act-2, AT744.1

CCL5 C-C motif chemokine ligand 5 D17S136E, SCYA5, RANTES, SISd, TCP228, MGC17164

CCR2 C-C motif chemokine receptor 2 CMKBR2, CC-CKR-2, CKR2, MCP-1-R, CD192, FLJ78302

CCR5 C-C motif chemokine receptor 5 CMKBR5, CKR-5, CC-CKR-5, CKR5, CD195, IDDM22

CCR6 C-C motif chemokine receptor 6
STRL22, CKR-L3, GPR-CY4, CMKBR6, GPR29, DRY-6, 
DCR2, BN-1, CD196

CD14 CD14 molecule

CD34 CD34 molecule

CD40 CD40 molecule TNFRSF5, p50, Bp50

CD44 CD44 molecule (Indian blood group)
MIC4, MDU2, MDU3, IN, MC56, Pgp1, CD44R, HCELL, 
CSPG8

CD52 CD52 molecule CDW52, HE5, EDDM5

CD58 CD58 molecule LFA3

CD68 CD68 molecule SCARD1, macrosialin, GP110, DKFZp686M18236, LAMP4
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CD86 CD86 molecule CD28LG2, B7.2, B7-2

CD9 CD9 molecule MIC3, BA2, P24, TSPAN29, MRP-1

CIR1 corepressor interacting with RBPJ, CIR1 CIR

CKB creatine kinase B CKBB

CLEC7A C-type lectin domain containing 7A CLECSF12, dectin-1, hDectin-1, CD369, SCARE2

COMT catechol-O-methyltransferase

CRYBB1 crystallin beta B1

CSF1 colony stimulating factor 1 M-CSF, MCSF, MGC31930

CSF1R colony stimulating factor 1 receptor FMS, C-FMS, CSFR, CD115

CST7 cystatin F

CTSB cathepsin B

CTSD cathepsin D CPSD, CLN10

CTSZ cathepsin Z CTSX

CX3CR1 C-X3-C motif chemokine receptor 1 GPR13, CMKBRL1, CMKDR1, V28, CCRL1

CXCL10 C-X-C motif chemokine ligand 10 INP10, SCYB10, IFI10, IP-10, crg-2, mob-1, C7, gIP-10

CXCL16 C-X-C motif chemokine ligand 16 SR-PSOX, CXCLG16, SRPSOX

CXCR2 C-X-C motif chemokine receptor 2 IL8RB, CMKAR2, CD182

CXCR4 C-X-C motif chemokine receptor 4
LESTR, NPY3R, HM89, NPYY3R, D2S201E, fusin, HSY3RR, 
NPYR, CD184

CYTB mitochondrially encoded cytochrome b MTCYB, COB, CYTB, UQCR3

DAB2 DAB adaptor protein 2 DOC-2

DNAJB5 DnaJ heat shock protein family (Hsp40) member B5 Hsc40

DOCK8 dedicator of cytokinesis 8 FLJ00026, FLJ00152, ZIR8, FLJ00346

DPY30
dpy-30 histone methyltransferase complex 
regulatory subunit Saf19, HDPY-30, Cps25

EEF1B2 eukaryotic translation elongation factor 1 beta 2

EGR1 early growth response 1 TIS8, G0S30, NGFI-A, KROX-24, ZIF-268, AT225, ZNF225

ENTPD1 ectonucleoside triphosphate diphosphohydrolase 1 CD39, NTPDase-1, ATPDase, SPG64

Epb4.1l2 erythrocyte protein band 4.1-like 2

ERAP2 endoplasmic reticulum aminopeptidase 2 L-RAP, LRAP

ERCC1
ERCC excision repair 1, endonuclease non-catalytic 
subunit RAD10

F11R F11 receptor JAM1, PAM-1, JCAM, JAM-1, JAM-A, JAMA, CD321

FCAR Fc fragment of IgA receptor CD89

FFAR2 free fatty acid receptor 2 GPR43, FFA2R

FKBP3 FKBP prolyl isomerase 3 FKBP-25, PPIase

FOS
Fos proto-oncogene, AP-1 transcription factor 
subunit c-fos, AP-1

FSCN1 fascin actin-bundling protein 1 SNL, p55, FLJ38511

GAS7 growth	arrest	specific	7 KIAA0394, MGC1348

GNA13 G protein subunit alpha 13 G13, MGC46138

GNLY granulysin LAG2, NKG5, LAG-2, D2S69E, TLA519

GOLPH3L golgi phosphoprotein 3 like GPP34R

GPR34 G protein-coupled receptor 34

GPR84 G protein-coupled receptor 84 EX33

Abbreviations
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GRN granulin precursor PCDGF, PGRN, CLN11

GUSB glucuronidase beta

H2-D1 histocompatibility 2, D region locus 1

H2-K1 histocompatibility 2, K1, K region

HEXB hexosaminidase subunit beta

HIF1A hypoxia inducible factor 1 subunit alpha MOP1, HIF-1alpha, PASD8, HIF1, bHLHe78

HLA-B major histocompatibility complex, class I, B AS

HLA-DRA major histocompatibility complex, class II, DR alpha HLA-DRA1

HPRT1 hypoxanthine phosphoribosyltransferase 1 HPRT, HGPRT

IGF1 insulin like growth factor 1 IGF1A, IGFI, IGF-I, IGF

IKBIP IKBKB interacting protein FLJ31051, IKIP

IL13 interleukin 13
P600, IL-13, ALRH, BHR1, MGC116786, MGC116788, 
MGC116789

IL1B interleukin 1 beta IL1F2, IL-1B, IL1-BETA

IL1R2 interleukin 1 receptor type 2 IL1RB, CD121b

IL4 interleukin 4 BSF1, IL-4, BCGF1, BCGF-1, MGC79402

IL6 interleukin 6 IFNB2, IL-6, BSF2, HGF, HSF

IRF1 interferon regulatory factor 1 MAR

IRF8 interferon regulatory factor 8 ICSBP1, IRF-8, ICSBP

IRGM immunity related GTPase M IRGM1, LRG47, LRG-47, IFI1

ITGAM integrin subunit alpha M CR3A, CD11B, MAC-1, CD11b

ITGAX integrin subunit alpha X CD11C, CD11c

LGALS3 galectin 3 LGALS2, MAC-2, GALIG

LGALS3BP galectin 3 binding protein
MAC-2-BP, 90K, BTBD17B, TANGO10B, M2BP, gp90, 
CyCAP

LGMN legumain PRSC1, LGMN1

LPL lipoprotein lipase LIPD

LTC4S leukotriene C4 synthase MGC33147

MAEA
macrophage erythroblast attacher, E3 ubiquitin 
ligase EMP, GID9

MAFB MAF bZIP transcription factor B KRML

MAP3K7 mitogen-activated protein kinase kinase kinase 7 TAK1, MEKK7

MCM5
minichromosome maintenance complex 
component 5 CDC46

MEF2A myocyte enhancer factor 2A RSRFC4, RSRFC9

MERTK MER proto-oncogene, tyrosine kinase mer, RP38, c-Eyk, Tyro12

MPZL1 myelin protein zero like 1 PZR, FLJ21047

MRC1 mannose receptor C-type 1 MRC1L1, CLEC13D, CD206, bA541I19.1, CLEC13DL

MRC2 mannose receptor C type 2 KIAA0709, ENDO180, CLEC13E, CD280

MRPS36 mitochondrial ribosomal protein S36 DC47, MRP-S36

MYO18A myosin XVIIIA KIAA0216, MysPDZ

ND1
mitochondrially encoded NADH:ubiquinone 
oxidoreductase core subunit 1 MTND1

NFKB2 nuclear factor kappa B subunit 2 LYT-10, p52, p105, NF-kB2, p49/p100

NPC2 NPC intracellular cholesterol transporter 2 HE1, NP-C2, EDDM1

NR2C2 nuclear receptor subfamily 2 group C member 2 TR4, TAK1, TR2R1, hTAK1
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NT5DC3 5’-nucleotidase domain containing 3 TU12B1-TY, FLJ11266

NTSR1 neurotensin receptor 1 NTR

OLFML3 olfactomedin like 3 HNOEL-iso, OLF44

P2RY12 purinergic receptor P2Y12 P2Y12, SP1999, HORK3

P2RY13 purinergic receptor P2Y13 GPR94, GPR86, FKSG77, P2Y13

P2RY6 pyrimidinergic receptor P2Y6 P2Y6

PDGFA platelet derived growth factor subunit A PDGF1, PDGF-A

PDGFB platelet derived growth factor subunit B SIS, SSV

PIK3C2B
phosphatidylinositol-4-phosphate 3-kinase catalytic 
subunit type 2 beta C2-PI3K, PI3K-C2beta

PLD3 phospholipase D family member 3 HU-K4

PMEPA1
prostate transmembrane protein, androgen induced 
1 TMEPAI, STAG1

PROS1 protein S PROS

PSAT1 phosphoserine aminotransferase 1 PSA

PSEN1 presenilin 1 AD3, FAD, S182, PS1

PSEN2 presenilin 2 AD4, AD3L, STM2, PS2

PSTPIP1
proline-serine-threonine phosphatase interacting 
protein 1 PSTPIP, CD2BP1L, CD2BP1, CD2BP1S, H-PIP, PAPAS

PTPRC protein tyrosine phosphatase receptor type C CD45, LCA, T200, GP180

PYCARD PYD and CARD domain containing TMS-1, CARD5, ASC

RARA retinoic acid receptor alpha RAR, NR1B1

RARB retinoic acid receptor beta HAP, NR1B2, RRB2

RELA RELA proto-oncogene, NF-kB subunit NFKB3, p65

RHOB ras homolog family member B ARH6, ARHB, RhoB, RHOH6, MST081

RNF7 ring	finger	protein	7 SAG, ROC2, CKBBP1

RPL41 ribosomal protein L41 L41

RPS23 ribosomal protein S23 S23, uS12

S100A12 S100 calcium binding protein A12 p6, MRP6, CGRP, CAAF1, CAGC, ENRAGE

SAG S-antigen visual arrestin ARRESTIN, RP47

SALL1 spalt like transcription factor 1 TBS, Hsal1, ZNF794

SALL3 spalt like transcription factor 3 ZNF796

SEMA7A semaphorin 7A (John Milton Hagen blood group) SEMAL, H-Sema-L, CD108

SEPSECS
Sep (O-phosphoserine) tRNA:Sec (selenocysteine) 
tRNA synthase SLA/LP, SLA

SERPINE2 serpin family E member 2 PI7, PN1, GDN, PNI, nexin

Siglech sialic acid binding Ig-like lectin H

SLA Src like adaptor SLA1, SLAP-1, hSLAP, SLAP

SLCO2B1
solute carrier organic anion transporter family 
member 2B1 SLC21A9, OATP-B, OATP2B1

SMAD1 glycyl-tRNA synthetase 1 MADH1, MADR1, JV4-1

SMAD1 SMAD family member 1 NA, SMURF2

SMURF2 SMAD	specific	E3	ubiquitin	protein	ligase	2 ALS, ALS1, IPOA

SOD1 superoxide dismutase 1 C11orf32, gp250, LR11, LRP9, SorLA, SorLA-1

SORL1 sortilin related receptor 1 NA, SOX4

SOX4 SRY-box transcription factor 4 ON

Abbreviations
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SPARC secreted protein acidic and cysteine rich PU.1, SPI-A, OF, SFPI1, SPI-1

SPI1 Spi-1 proto-oncogene APRF

STAT3 signal transducer and activator of transcription 3 PJS, LKB1

STK11 serine/threonine kinase 11 hUNC18, MUNC18-1, UNC18, rbSec1

STXBP1 syntaxin binding protein 1 C1orf9, CH1, SLP1, OPT

SUCO SUN	domain	containing	ossification	factor SLP1, SYTL1

SYNGR1 synaptogyrin 1

TGFA transforming growth factor alpha TGFB, DPD1, CED, TGFbeta

TGFB1 transforming growth factor beta 1 MSSE, ESS1, ALK-5, ACVRLK4, ALK5, TBRI, TBR-i

TGFBR1 transforming growth factor beta receptor 1 MFS2, TBRII, TBR-ii

TGFBR2 transforming growth factor beta receptor 2 CTMP

THEM4 thioesterase superfamily member 4

TLR7 toll like receptor 7

TMEM119 transmembrane protein 119

TMEM173
stimulator of interferon response cGAMP interactor 
1 FLJ38577, NET23, ERIS, MPYS, STING, MITA

TNF tumor necrosis factor TNFA, TNFSF2, DIF, TNF-alpha

TPT1 tumor protein, translationally-controlled 1 TCTP, fortilin

TREM2 triggering receptor expressed on myeloid cells 2 TREM-2, Trem2a, Trem2b, Trem2c

TYROBP transmembrane immune signaling adaptor TYROBP PLOSL, DAP12, PLO-SL, KARAP

VGLL4 vestigial like family member 4 KIAA0121

VSIR V-set immunoregulatory receptor C10orf54, SISP1, GI24, B7-H5, B7H5, VISTA, PD-1H
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Chapter 1

Microglia 

Brain macrophages
Just	over	a	century	ago,	del	Río-Hortega	was	the	first	to	identify	microglia	and	
oligodendrocytes based on their morphology (del Río Hortega, 1920). In prior 
staining	 experiments,	 these	 cells	 did	 not	 fit	 the	 classification	 of	 neurons	 or	
astrocytes	(the	so-called	first	and	second	elements).	Therefore,	these	‘presumed	
adendritic’	 cells	 were	 classified	 as	 the	 ‘third	 element’	 (Pérez-Cerdá,	 Sánchez-
Gómez	and	Matute,	2015).	This	classification	was	made	based	on	the	absence	
of visible cellular processes. However, a distinct visualization of these adendritic 
cells was achieved using a silver carbonate staining method (del Río Hortega, 
1918; Sierra et al., 2016), where the cellular processes could be noticed. This 
led	to	the	identification	of	microglia,	who	owe	their	name	to	their	relatively	small	
soma size. A small, round nucleus is surrounded by a thin cytoplasmic layer from 
which several small processes originate, which gradually become thinner and 
form complex projections (del Río Hortega, 1918). This microglia morphology 
is	 known	 as	 ‘ramified’,	 and	 it	 is	 currently	 assumed	 that	 this	 structure	 serves	
the tissue surveillance function of microglia (Kreutzberg, 1996; Nimmerjahn, 
Kirchhoff and Helmchen, 2005). Furthermore, upon loss of homeostasis, 
microglia	 become	 activated	 and	 gradually	 convert	 their	 ramified	 structure	 to	
adopt	 a	 more	 amoeboid	 phenotype	 (Fernández-Arjona	 et	 al.,	 2017).	 Initially,	
microglia were assumed to have the same neuroectodermic origin as other 
central nervous system (CNS) cell types (discussed in Tremblay et al., 2015). 
However, in 1972, microglia were suggested to belong to the lineage of myeloid 
cells and were included in the mononuclear phagocyte system (van Furth et al., 
1972). This evidence was mostly based on the appearance of these cells after 
blood vessel development, the observation that most microglia originate from 
circulating monocytes during pathology, and similarity in morphology, function, 
and kinetics with other macrophages (van Furth et al., 1972; Ginhoux and Prinz, 
2015; Prinz, Jung and Priller, 2019).

Maturation of microglia
The origin and developmental stadia of microglia differ from other peripheral 
macrophages. Microglia are already present at early stages of embryonic 
development (Del Rio-Hortega, 1939; Alliot, Godin and Pessac, 1999), and are 
essential during early brain development (Schlegelmilch, Henke and Peri, 2011; 
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1

Swinnen et al., 2013; Ginhoux and Prinz, 2015). Microglia development is 
preserved across species and starts as a subset of erythro-myeloid progenitor 
(EMPs) cells, which develop in the yolk sac at embryonic day 8.5 (E8.5) in mice 
(Ginhoux et al., 2010). Starting at E9.5-E10.5, cell maturation can be divided 
into three consecutive phases (Matcovitch-Natan et al., 2016): early microglia 
(E10.5-E14), pre-microglia, (E14.5 until a week after birth) and adult microglia 
(few weeks after birth) (Figure 1). Early microglia migrate from the yolk sac to 
the brain until the blood-brain barrier has been formed at E13.5. In the brain, they 
continue to replicate and proliferate to increase their cell number (Swinnen et al., 
2013).	The	‘neural’	environment	instructs	microglia	to	adopt	their	unique	identity,	
supportive of CNS development (Butovsky et al., 2014; Matcovitch-Natan et al., 
2016; Hammond et al., 2019). The progression from early- to pre-microglia is 
accompanied by a profound change in morphology, where amoeboid microglia 
adopt	a	ramified	cell	structure	with	one	or	more	protrusions	at	E16.5	(Kierdorf	et	
al., 2013; Swinnen et al., 2013). In addition, pre-microglia are primarily involved 
in functions related to nervous system development and cellular assembly 
(Matcovitch-Natan et al., 2016; Thion et al., 2018). At postnatal week 6, the 
microglia population is stabilized, and self-sustained, there is no replenishing 
by	infiltration	of	peripheral	monocytes.	They	make	up	approximately	10%	of	all	
cells in the brain (Lawson, Perry and Gordon, 1992), and maintain this number 
(Nikodemova et al., 2015) through cell proliferation and intrinsic apoptosis, which 
are temporally and spatially coupled (Askew et al., 2017). A slow proliferative 
process of microglia is observed in both mice and humans (Askew et al., 
2017;	Réu	et	al.,	2017).	In	humans,	approximately	28%	of	all	microglia	cells	are	
estimated to be renewed each year and the lifetime of microglia is estimated to 
be	4.2	years	(Réu	et	al.,	2017).
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Chapter 1

Figure 1: Microglia stages and functions: Three consecutive microglia phases are indicated by 
different colors. During development, morphology changes from an ameboid cell, to a cell shape 
with	protrusions,	and	finally	to	a	ramified	shape.	Each	of	these	changes	is	accompanied	by	diverse	
functions. Early microglia are mainly involved in replication and proliferation. After the formation of 
the blood-brain barrier, pre-microglia support neuronal development. When microglia reach adulthood, 
they are involved in a variety of functions that are necessary to maintain brain homeostasis. 

Microglia support a healthy brain environment
Microglia are the innate immune cells in the brain and important to maintain a 
healthy CNS environment (Figure 2).	During	their	‘surveillance’	state,	microglia	are	
stationary while the processes scan the surrounding environment for potential 
threats (Davalos et al., 2005; Nimmerjahn, Kirchhoff and Helmchen, 2005). 
Microglia	express	a	set	of	genes	termed	‘the	sensome’	which	contains	surface	
receptors that detect signals from their environment (Hanisch, 2002; Hickman 
et al., 2013; Rodríguez-Iglesias, Sierra and Valero, 2019). When substantial 
disturbance of the homeostatic environment is observed, microglia become 
‘reactive’	 (Sierra	 et	 al.,	 2016;	 Prinz,	 Jung	 and	 Priller,	 2019).	 Their	morphology	
changes to an amoeboid shape, processes are retracted and the cell body size 
expands. Additionally, there is a difference in gene expression, and they start 
migrating to the affected location (Streit, Walter and Pennell, 1999; Hanisch, 2002). 
In this state, microglia phagocytose (Sierra et al., 2010), present antigens, secrete 
chemokines to attract more immune cells and release anti- or pro-inflammatory 
cytokines (Hanisch, 2002; Sierra et al., 2016; Wright-Jin and Gutmann, 2019). The 
interplay between surveilling and reactive microglia enables the maintenance 
and protection of other brain cells.

early microglia pre-microglia adult microglia

Cell numbers increase
Initiation of microglia identity 

Formation of first protrusions
Neuronal development
Cellular organisation Phagocytosis

Cytokine release
Support other glia cells
Neuronal circuit
Synaptic homeostasis
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A
B

C

D
E

F

G

Figure 2: Microglia - homeostasis support: Microglia can perform a variety of functions to support 
CNS	homeostasis.	Starting	at	 the	 top,	several	 functions	can	be	 identified	 including:	 (A)	 release	of	
cytokines to induce a pro- or anti-inflammatory response, (B) phagocytosis, (C) synaptic regulation, 
(D) antigen presentation, (E) transformation of precursor cells, (F) moderation in the neuronal network, 
and (G) scanning the nearby parenchyma.

Microglia assisting other CNS cells
Microglia are suggested to be involved in the regulation of myelination, and 
maturation and survival of oligodendrocytes, a process that includes repair and 
restoration of homeostasis (Nicholas, Wing and Compston, 2001; Clemente et 
al., 2013; Shigemoto-Mogami et al., 2014; Frost and Schafer, 2016; Wright-Jin 
and Gutmann, 2019). Besides, microglia play a role in the differentiation of neural 
progenitor cells into astrocytes (Nakanishi et al., 2007; Frost and Schafer, 2016) 
and neurons (Hou et al., 2020). Microglial interference in neuronal networks 
has been thoroughly investigated. Several activities include support of neural 
progenitor cells and neurons in survival, proliferation, and maturation (Butovsky 
and Weiner, 2018; Prinz, Jung and Priller, 2019; Tay, Carrier and Tremblay, 2019). 
This is done by regulation of the neural cell number through phagocytosis of 
apoptotic newborn cells (Sierra et al., 2010, 2013; Cunningham, Martinez-Cerdeno 
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and Noctor, 2013). After the formation of this neuronal network, microglia continue 
their support by regulating this network (Wright-Jin and Gutmann, 2019). Without 
this support, neurons are not likely to integrate into functional neuronal networks 
(Huang and Reichardt, 2001; Ueno et al., 2013). Furthermore, microglia regulate 
synaptic homeostasis (Ji et al., 2013; Parkhurst et al., 2013; Wake et al., 2013) 
by removing non-functional synapses and remodeling of the synaptic circuits 
(Kettenmann et al., 2011; Paolicelli et al., 2011).
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Next generation sequencing

Human genome project
In	 2001,	 the	 first	 two	 human	 genome	 sequence	 drafts	 were	 presented	
(International Human Genome Sequencing Consortium, 2001; Venter et al., 
2001), by the human genome project (HGP) and Celera Genomics, using different 
first-generation	sequencing	approaches.	The	HGP	used	a	physical	map	approach	
which was based on Sanger sequencing, while Celera applied a whole-genome 
shotgun	approach.	The	combined	effort	was	presented	as	the	“finishing”	human	
genome sequence (International Human Genome Sequencing Consortium, 
2004) and its reveal had a major impact on medicine and biology. The results of 
the human genome project and follow-up studies have shown that the human 
deoxyribonucleic	acid	 (DNA)	 is	more	 than	99%	similar	among	 individuals,	 and	
that diseases are often due to minor changes in the nucleotide sequence. These 
early	findings	have	initiated	massive	efforts	to	investigate	individual	genomes	to	
identify	genetic	functions,	and	deficits	underlying	disease.	Research	on	biological	
pathways, gene networks, and molecular systems is still ongoing. In addition, 
the elucidation of the genome has led to further exploration of mutations, 
modifications,	and	expression	changes	 that	occur	on	various	molecular	 levels	
(Collins et al., 2003; Giani et al., 2020).

Genomics
The	 genomics	 field	 contains	 several	 research	 domains	 including	 DNA	
sequencing, epigenomics, and transcriptomics. Encoded genetic information is 
the	 central	 component	 of	 these	 research	 fields	with,	 as	 central	 element	DNA,	
a double-stranded helical structure of nucleic acids (Watson and Crick, 1953). 
DNA	consists	of	fixed	nucleotide	pairs,	where	adenine	forms	an	interaction	with	
thymine and cytosine bonds with guanine (Chargaff, 1950). These nucleotide 
combinations could be further analyzed to investigate aspects as genetic 
variation, characterization of gene (and protein) functions, and heredity (known 
as	genetics)	 (Griffiths	et	al.,	 2000).	One	approach	 to	analyze	 these	aspects	 is	
through genome-wide association studies (GWAS) that relate genetic variants 
(e.g. single-nucleotide variants, copy number variants) to biological traits, 
including disease (Tam et al., 2019). In the case of disease-related research, 
the	outcome	of	 this	analysis	generally	 results	 in	 the	 identification	of	potential	
risk alleles of genes as important factors in disease pathology (The ENCODE 
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Project Consortium, 2012; Kundaje et al., 2015). Although these studies have 
been proven to be effective, it is not possible to explain biological processes, 
including disease pathologies with only GWAS results. Generally, cells only use 
a	part	of	the	complete	DNA	template	to	differentiate	into	a	specific	cell	type	to	
perform	cell-specific	functions	(Goldberg,	Allis	and	Bernstein,	2007).	Specific	use	
and accessibility of DNA is regulated by changes in the epigenomic landscape, 
which explains the response of the epigenome to the environment for each 
cell (Waddington, 2014). Alterations in the microenvironment cause epigenetic 
changes, which in turn are involved in the regulation of the transcriptional process 
of DNA to ribonucleic acid (RNA). The complete collection of RNA molecules is 
called the transcriptome. Single-stranded RNA molecules act as a courier and 
mediate	 the	 translation	 to	 3D	 protein	 structures,	 which	 can	 perform	 specific	
tasks in the cell. Figure 3 provides a visual summary of mechanisms involved in 
genomics, epigenomics, and transcriptomics.

Genomics Epigenomics Transcriptomics

A B C

Figure 3: Three aspects of genomics analyses: Genomics entails investigation of the complete 
genome, whereas each level can be investigated using various approaches. (A) Generally, genetic 
analyses include GWAS studies that study genetic variants of the DNA. (B) Further exploration could 
reveal DNA regions that are accessible for transcription, and might explain cellular differences, these 
analyses are performed on the epigenome. (C) After transcription, a collection of RNA molecules 
could	be	quantified	to	specify	the	gene	expression	during	various	biological	conditions.	
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Epigenomics
Although the same genetic information is stored in all cell types of the human body, 
every	distinct	cell	displays	a	specific	gene	expression	pattern	(Kundaje	et	al.,	2015).	
Furthermore,	cell-specific	gene	expression	profiles	can	be	altered,	for	example	in	
response to environmental changes. A major proportion of the chromosomes 
has a compressed structure that warrants the protection of chromosomal ends 
as well as chromosomal separation during mitosis (Kouzarides, 2007). The 
compact structure of DNA precludes gene transcription (Rivera and Ren, 2013). 
Before transcription can occur, an open chromatin structure is necessary. This 
process can be investigated at an epigenomic level, where an assembly of 
chemical factors regulate DNA accessibility, thereby regulating gene expression 
(DeAngelis, Farrington and Tollefsbol, 2008; Reddy, 2017). Negatively charged 
chromosomal DNA is wrapped and ordered using positively charged protein units 
called histones (Figure 4A, center panel) (Kornberg and Lorch, 1992; Maeshima 
et al., 2014). A histone H3-H4 tetramer and two histone H2A-H2B dimers form the 
core of a nucleosome, that can coil 147 DNA base pairs (Rivera and Ren, 2013) 
in approximately 1.65 turns (Luger et al., 1997). These base pairs are locked 
by histone unit H1 to enable a higher-order structure in chromatin (Allan et al., 
1981; Fyodorov et al., 2018). The chromatin accessibly of the nucleosome can be 
altered	using	posttranslational	modifications	(PTMs)	(Kouzarides,	2007;	Winter	
and Amit, 2014). 
 Upon PTMs, inluding acetylation, methylation, and phosphorylation, 
chemical groups are added at various positions of the histone N-terminal tails 
using the corresponding enzymatic families. Each PTM involves or recruits 
unique chromatin-modifying enzymes, so-called readers, writers, and erasers 
that	fulfill	a	unique	purpose	in	this	process.	Readers	are	protein	modules	that	can	
recognize	a	 specific	amino	acid	 residue	modification	 (Marmorstein	 and	Zhou,	
2014; Treviño, Wang and Walker, 2015; Hyun et al., 2017).
	 Writer	and	eraser	proteins	are	responsible	for	the	reversible	modification,	
a process that consists of adding, or removing a chemical group on a marked 
nucleotide residue, respectively (Bowman and Poirier, 2015). The majority 
of DNA is part of a compact chromatin structure, which is less accessible for 
transcriptional processes (Allahverdi et al., 2011; Bannister and Kouzarides, 2011). 
A change of the chromatin structure can occur through various mechanisms, one 
example is the binding of a chemical residue on one of the N-terminal histone 
tails of the core nucleosome. 
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Posttranslational modifications

Phosphorylation

Acetylation

Methylation

Repositioning Replacement
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Figure 4: Epigenetic alterations: (A) A closed core nucleosome that which makes interaction with non-
histone	proteins	challenging.	(B)	Open	chromatin	which	is	realized	by	posttranslational	modifications.	
For	clarity,	three	modification	types	are	visualized;	acetylation,	methylation,	and	phosphorylation.	Two	
examples of chromatin remodeling are, (C) repositioning, where the location of the core nucleosome 
shifts, and (D) replacement, this type of remodeling enables the replacements of canonical histones 
by another variant
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This chemical change could convert the compact chromatin composition (Figure 
4B) (du Preez and Patterton, 2013; Erler et al., 2014) to an open chromatin 
structure (Fu et al., 2017) which could stimulate or refrain various gene activity 
effects,	 depending	 on	 the	modification	 type,	 location	 and	 degree	 (Grewal	 and	
Rice, 2004; DeAngelis, Farrington and Tollefsbol, 2008).
 Additionally, chromatin composition can be remodeled by either adjusting 
the location of the core nucleosome using multiprotein complexes (Saha, 
Wittmeyer and Cairns, 2006; Teif and Rippe, 2009) or by replacing canonical 
histones with other histone variants that have a subtle change in their amino 
acid composition (Figure 4C) (Henikoff and Ahmad, 2005; Szenker, Ray-Gallet 
and Almouzni, 2011; Giaimo et al., 2019) . These conversions are initiated by 
chromatin remodelers that are driven through the hydrolyzation of adenosine 
triphosphate (ATP) using large, multiprotein complexes (Saha, Wittmeyer and 
Cairns, 2006; Teif and Rippe, 2009; Ryan and Owen-Hughes, 2011).
 In summary, initiation of chromatin alterations is a reaction to nucleosome 
characteristics, that can provide the necessary biochemical responses that are 
linked to specialized biological functions (Narlikar, Sundaramoorthy and Owen-
Hughes, 2013), including DNA repair, sex chromosome inactivation, developmental 
regulation, and transcription (Henikoff, 2008; Talbert and Henikoff, 2010). 



28

Chapter 1

Tn5
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Figure 5: Chromatin sequencing methods: An overview of the differences among the discussed 
methodologies. (A) ChIP-seq is divided into a chromatin immunoprecipitation step that uses an 
antibody	that	is	specific	for	a	protein	or	histone	modification.	This	step	is	followed	by	purification	and	
amplification	of	the	sequences,	and	is	then	sequenced	(Raha,	Hong	and	Snyder,	2010).	(B)	ATAC-seq	
can access and quantify the open chromatin using Tn5 transposase, this enzyme can fragment and 
ligate	the	open	regions.	After	this	step,	the	fragments	are	amplified	and	sequenced	(Buenrostro	et	
al., 2015). (C) Hi-C detects chromatin interactions using formaldehyde to crosslink the protein-DNA 
complexes.	These	crosslinked	fragments	are	ligated,	amplified	and	paired-end	sequenced	(Belton	et	
al., 2012). (D) PLAC-seq is a method that combines the procedures of Hi-C and ChIP-seq. Crosslinking 
of proteins and DNA result in a sample fragment that is followed by a chromatin immunoprecipitation 
step	that	identifies	the	interaction	of	a	particular	protein	(Fang	et	al.,	2016).	This	figure	adapted	from	
the aforementioned papers, and the review of (Furey, 2012).
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Although many aspects of the epigenetic landscape are known, new approaches 
are	being	developed	to	understand	the	effect	of	different	PTMs,	‘open’	chromatin	
regions, interaction of distinct biological, and biochemical factors. The 
introduction of massive parallel sequencing, or high throughput sequencing led to 
the development of various methods that could quantify chromatin accessibility, 
and interactions. Examples of the sequencing methods that analyze chromatin 
accessibility include chromatin immunoprecipitation (ChIP) (Barski et al., 2007; 
Johnson et al., 2007) (Figure 5A), and assay for mapping transposase accessible 
chromatin (ATAC) through sequencing (Buenrostro et al., 2013) (Figure 5B). 
The ChIP-seq method includes a treatment with formaldehyde to crosslink 
proteins to DNA (Solomon, Larsen and Varshavsky, 1988), whereas ATAC-seq 
uses a hyperactive Tn5 transposase to cut open chromatin regions, and ligate 
sequencing	adapters	 (Adey	et	al.,	2010).	Ultimately,	purified	 fragments	can	be	
sequenced,	and	quantified	to	identify	binding	sites	of	DNA-associated	proteins	
as	 transcription	 factors,	 polymerases,	 and	epigenetic	 chromatin	modifications	
(The ENCODE Project Consortium, 2012; Wang et al., 2012). 
 Sequencing methods that provide an overview of chromatin interactions 
include Hi-C sequencing (Belton et al., 2012) (Figure 5C), and proximity ligation-
assisted ChIP-Seq (PLAC-seq) (Fang et al., 2016) (Figure 5D). Both approaches 
provide a spatial map that explains the interaction among genomic regions, 
that enable further exploration of the interaction between promoters and distal 
regulatory elements. In general, Hi-C sequencing is a commonly used approach to 
investigate extensive chromatin reorganization, and interactions that are formed 
in the genome to create a 3D model (Dixon et al., 2012; Rao et al., 2014). Whereas, 
PLAC-seq can provide a map of long-range chromatin interactions that reveal 
promoter-enhancer connections (Fang et al., 2016). Although both procedures 
focus on different aspects, they both contribute to a better understanding of 
the genome architecture, a feature that could identify novel targets that could 
be addressed in GWAS studies (Mishra and Hawkins, 2017). Altogether, the 
epigenome provides an overview that describes the epigenetic regulation, which is 
fundamental to understand the mechanisms that are shaping the corresponding 
gene expression.
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Transcription factors

RNA polymerase II

Enhancer sites

Preinitiation 
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Figure 6: Complex for transcription: Before transcription can occur, RNA polymerase II must bind near 
the promoter region. (A) This process is initiated by binding of the transcription binding protein, and 
transcription factors TFIIA and TFIIB. Followed by binding of the RNA polymerase II/TFIIF complex. 
TFIIH	and	TFIIE	bind	to	finalize	the	preinitiation	complex.	(B)	Influences	on	the	transcription	process	
can be made by enhancer elements that are generally found at a longer distance from the promoter 
region. (C) RNA polymerase II transcribes DNA to a pre-mRNA molecule. Adding a 5’ cap and a 3’ 
poly-A tail to the sequence and removal of the intronic reads transform the pre-mRNA into a stable 
mRNA	molecule.	This	figure	is	adapted	from	(Poss,	Ebmeier	and	Taatjes,	2013),	(Gupta	et	al.,	2016),	
and (Haberle and Stark, 2018).

Transcriptomics
As	a	result	of	chromatin	remodeling	and	modification,	open	DNA	loci	are	created	
that can bind non-histone proteins (e.g. RNA polymerase II and regulatory 
proteins)	that	initiate	a	cell	type	specific	gene	transcription	(DeAngelis,	Farrington	
and Tollefsbol, 2008; Zentner and Henikoff, 2013; Jambhekar, Dhall and Shi, 
2019). Assembly of general transcription factors (TFs) such as the TATA-binding 
protein (TBP), TFIIA, TFIIB, TFIIF, TFIIE, and TFIIH forms a complex that can bind 
RNA polymerase II (pol II) at an open promoter region (Figure 6A) (Sainsbury, 
Bernecky and Cramer, 2015; Petrenko et al., 2019). The binding of TBP is the 
first	 step,	 it	 creates	a	 recognition	site	 for	 the	other	general	TFs	 to	bind.	Next,	
TFIIA and TFIIB bind to TBP to create a docking point for the pol II/TFIIF complex. 
Finally, TFIIE and TFIIH bind downstream of the complex to protect the sequence 
preceding pol II from cleavage, and forming the preinitiation complex (Figure 6A) 
(Buratowski et al., 1989; Conaway and Conaway, 1993; Horn, Kugel and Goodrich, 
2016). Furthermore, hydrolysis of ATP is necessary for transcription to occur 
(Serizawa, 1997). After the formation and activation of the preinitiation complex, 
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the nucleotides on DNA are one-on-one transcribed to a pre-mRNA molecule 
(Figure 6C). This molecule consists of intronic and exonic parts, also known as 
the non-coding intragenic and coding expressing regions, respectively. The next 
step includes several adaptations as adding a cap at the 5’ termini (Furuichi et al., 
1975), removal of the intronic sequences, and the ligation of a poly(A) tail at the 
3’ end of the sequence (Lim and Canellakis, 1970). Only then a stable messenger 
RNA (mRNA) molecule is generated that after cytoplasmic transport serves as a 
template for protein synthesis (Jacob and Monod, 1961; Furuichi, LaFiandra and 
Shatkin, 1977; Bernstein, Peltz and Ross, 1989). 
 Besides the open chromatin regions, and binding of general transcription 
factors, gene expression can be altered by regulatory elements that can be 
located at a long distance from the promoter of the respective gene (Miele and 
Dekker, 2008). Initial demonstration of an enhancing effect dates back to 1981, 
where a 72 base pair repeat sequence motif of the simian virus 40 genome was 
able	 to	 increase	 the	 expression	 of	 β-globulin	 (Banerji,	 Rusconi	 and	 Schaffner,	
1981). Enhancers can bind TF, and stimulate the promoter site using activators 
(Banerji, Rusconi and Schaffner, 1981; Serfling, Jasin and Schaffner, 1985). This 
process can create a structure where the distant enhancer is folded near the 
promoter region, creating a chromatin loop, where it can promote the recruitment 
of pol II (Figure 6B)	(Carter	et	al.,	2002). 
 By analyzing the diversity and number of these transcripts, it is 
possible	 to	 create	 a	 transcriptome	 profile	 that	 represents	 the	 current	 cellular	
state (Wang, Gerstein and Snyder, 2009). Initially, mRNA was converted into 
expressed sequencing tags (ESTs), a 200-500 base pair long sequence of an 
expressed gene. These ESTs were used to generate a high-resolution genome 
map that consisted of various genes and their chromosomal location (Adams 
et al., 1991). Unfortunately, comparisons of different studies based on relative 
abundant transcripts were limited due to the differences in mRNA expression 
from individual genes (Weinstock et al., 1994). This issue was resolved after 
the introduction of technologies as microarray, where fluorescent probes could 
be	quantified	 to	measure	a	difference	 in	gene	expression	between	 two	mRNA	
samples (Schena et al., 1995). The development of high throughput sequencing 
led to the creation of the bulk RNA-Seq technique (Figure 7A), a method that 
can be used to map and quantify transcripts in a tissue or cell population 
(Wang, Gerstein and Snyder, 2009). This provided the opportunity to explore the 
transcriptome to determine gene expression changes, or to identify novel genes 
in different tissues/cell types during different diseases and progressive stages 
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(Mele et al., 2015; Casamassimi et al., 2017). Recently, novel transcriptomic 
methods have been developed, as spatial transcriptomics (ST) (Ståhl et al., 
2016) (Figure 7C), and single-cell RNA sequencing (scRNA-Seq) (Tang et al., 
2009) (Figure 7B). In ST analyses, the origin of transcriptomic expression can be 
assigned to the position of a tissue slice, using positional molecular barcodes 
that	 provide	 a	 region-specific	 gene	 expression	 profile	 (Maniatis	 et	 al.,	 2019).	
ScRNA-Seq	 allows	 the	 quantification	 of	 the	 transcripts	 per	 cell,	 revealing	 a	
cellular clusters within the total population (Zeisel et al., 2015; Tasic et al., 2016). 
Differences between cellular clusters can reveal novel cellular markers (Wagner, 
Regev and Yosef, 2016). The abovementioned  transcriptomic analyses can be 
used together to describe gene expression changes under different conditions, in 
different regions, and cells (Zeisel et al., 2018; Moncada et al., 2020). 

Bulk Single cells Spatial 

Various samples Single cells

Barcode

UMImRNA

5’ cap 3’ tail

Tissue sectionA B C
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UMI

mRNA
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Clevage
site
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mRNA

5’ cap 3’ tail

Figure 7: Transcriptome sequencing methods: (A) Bulk RNA-Seq requires whole tissue (or sorted 
cells) that are used to investigate the gene expression of a whole population. (B) Single-cell RNA-Seq 
requires	a	unique	molecular	identified	and/or	barcode	to	distinguish	the	gene	expression	per	cell.	(C)	
Spatial transcriptomics can quantify the gene expression and visualize this based on the position on 
the	tissue	section.	These	sequences	consist	of	a	cleavage	site,	a	T7	amplification	and	sequencing	
handle,	a	spatial	barcode,	and	a	unique	molecular	identifier	besides	the	mRNA	sequence.	This	figure	
is adapted from (Tang et al., 2009; Wang, Gerstein and Snyder, 2009; Ståhl et al., 2016)
 



33

General introduction and outline of the thesis

1

Microglia transcriptome 

Mouse core profile
By combining knowledge of chromatin alterations, and gene expression to 
define	 the	 current	 cellular	 state,	 it	 has	 been	 possible	 to	 outline	 the	microglia	
gene	expression	profile	(Eggen,	Boddeke	and	Kooistra,	2017;	Sousa,	Biber	and	
Michelucci, 2017). In macrophages, the TF PU.1 acts as a myeloid lineage master 
regulator that can modulate chromatin marks to influence the epigenome (Nerlov 
and Graf, 1998; Ostuni and Natoli, 2011; Pham et al., 2013; Holtman, Skola and 
Glass, 2017; Yeh and Ikezu, 2019). It binds to a purine-rich sequence, located 
near the promoter of target genes, to coordinate the attachment of other TFs and 
cofactors. This process initiates the regulation of gene expression (Smith et al., 
2013).	However,	gene	expression	in	tissue-specific	macrophages	are	diverse	and	
suggests that PU.1 cooperates with diverse TFs (Sousa, Biber and Michelucci, 
2017).	In-depth	analysis	in	mice	led	to	the	identification	of	an	epigenetic	landscape,	
and associated gene expression patterns which were shown to be distinct among 
tissue-specific	macrophages	(Gosselin	et	al.,	2014;	Lavin	et	al.,	2014).	In	addition,	
it revealed that microglia belong to the myeloid family. Although murine microglia 
show expression of Pu.1 and MafB, which is in line with other macrophages, they 
also express unique key factors that distinguish them from other macrophages. 
Examples are transcription factors Sall1/3, Cx3cr1, Irf8, and binding motifs of the 
SMAD and MEF2 family (Kierdorf et al., 2013; Gosselin et al., 2014; Lavin et al., 
2014; Matcovitch-Natan et al., 2016). SMAD motifs are known to communicate 
with	 cytokines	 of	 the	 TGF-β	 superfamily	 (Macias,	 Martin-Malpartida	 and	
Massagué,	2015;	Itoh	et	al.,	2019),	which	contributes	to	a	microglia-specific	gene	
expression	pattern	(Butovsky	et	al.,	2014).	TGF-β	deficient	mice	were	shown	to	
have	a	phosphorylated	TGF-β-activated	kinase	(TAK1),	a	regulator	of	cell	death	
(Mihaly, Ninomiya-Tsuji and Morioka, 2014), and a release of proinflammatory 
cytokines (Zöller et al., 2018). Binding motifs of the MEF2 family regulate several 
homeostatic genes (Yeh and Ikezu, 2019), that encode for anti-inflammatory 
genes as Il10 and reduce pro-inflammatory cytokines as TNFα (Yang et al., 2015). 
Altogether,	functionalities	of	the	unique	identified	epigenome	and	transcriptome	
of microglial cells include the signatures as maintenance of CNS homeostasis 
(Buttgereit et al., 2016; Mass et al., 2016; Yeh and Ikezu, 2019), microglia-neuron 
interaction and neuronal maintenance (Reshef et al., 2017; Zöller et al., 2018).
 Analysis of developmental stages in murine microglia led to the 
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observation that microglia maturation occurs in a gradual manner (Matcovitch-
Natan	et	al.,	 2016).	Epigenetic	profiling	 revealed	 that	 the	enhancer	F13a1	 is	a	
unique	marker	for	cells	in	the	yolk	sac.	Identification	of	yolk	sac-specific	genes	
illustrated activity in the defense response, proliferation, and cell cycle. Early 
microglia continue proliferation, and cell cycle functions, similar to the cells in 
the yolk sac. Once microglia are accustomed to their microenvironment, they 
initiate a cascade of processes that transform early microglia into a pre-microglia 
stage. This pre-microglia stage can be recognized by the high expression of 
genes involved in regulation of cytokine secretion, neuronal migration, and 
development processes. Canonical TFs Sall1 and MafB are open during this 
stage and maintain accessibility during adulthood. Interestingly, early microglia 
and pre-microglia were shown to have a similar chromatin landscape, and were 
not subjected to a distinct chromatin remodeling. This suggests that there is no 
necessity for chromatin remodeling in large alterations of the transcriptomic 
profile.	Furthermore,	activation	of	unique	adulthood	enhancers	(e.g.	 Irf8),	were	
accompanied	by	a	gene	expression	profile	that	consists	of	canonical	microglia	
genes (Matcovitch-Natan et al., 2016). 

Human core microglia profile
The major part of the transcriptome and epigenome in human and mouse 
microglia is well conserved (Galatro, Holtman, et al., 2017; Gosselin et al., 2017). 
Analysis of both species, illustrated that factors including PU.1, IRF, MEF2, 
SMAD, and MAF are similarly enriched. Additionally, TFs that are known to be 
involved	in	functional	microglia	roles	as	SALL1,	STAT3,	and	RELA,	were	identified	
in both mouse and human (Gosselin et al., 2017). Although many aspects of 
the microglia epigenome and transcriptome are equivalent between mice and 
humans, some characteristics are unique for humans. First, various microglia 
transcriptions factors (e.g. SALL3 and SMAD1) were found to be less enriched in 
humans when compared to mice (Gosselin et al., 2017). Furthermore, some gene 
expression differences were observed (Gosselin et al., 2017; Geirsdottir et al., 
2019). Second, only a fraction of disease-associated genes found in humans was 
expressed in rodents (Geirsdottir et al., 2019). That reveals essential differences 
in	 the	 microglia	 profile	 between	 humans	 and	 other	 species.	 Third,	 single-cell	
sequencing of human microglia revealed an organization of several microglia 
subtypes, regardless of sex. This observation differs from other mammals, where 
one microglia type was detected during homeostasis (Geirsdottir et al., 2019). 
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Big data era

Scientific data increase
In	the	past	years,	many	scientific	contributions	led	to	further	understanding	of	the	
complete human genome. The advancements in sequencing technology resulted 
in a decrease in costs, which enabled the generation of thousants deep sequenced 
human genomes that were used to report novel single nucleotide variants, and 
to highlight the importance to increase the quality of human genome sequencing 
(Telenti et al., 2016). Furthermore, it is expected that, in Europe one million 
sequenced human genomes will be generated in 2022 (Saunders et al., 2019). 
These initiatives provide great opportunities and novel exploratory analyses. 
Although the increase of computational science has major opportunities, it also 
has drawbacks concerning data storage and distribution (Marx, 2013), aspects 
that contribute to the trustworthiness of the research output (Elsevier, 2019).

The open science data principle
Various	difficulties	arise	with	the	increase	of	big	data.	(Meta)data	becomes	more	
precise and can be obtained in a variety of formats. Several challenges include 
data processing and management, especially regarding privacy, security, and 
ethical characteristics. Moreover, the increase of big data leads to challenges in 
various technical aspects as capturing, integration, transformation, and analysis 
(Sivarajah et al., 2017; Papageorgiou et al., 2018; Navarro et al., 2019). Nowadays, 
reusage of data is not possible for many published datasets, which is often due to 
incomplete metadata, or unsystematical data storage. Ideally, we need to create 
and sustain an environment where (meta)data from different repositories can 
be shared among researchers (Spector-Bagdady et al., 2019). For this purpose, 
guidelines regarding data management are necessary to create a standardized 
workflow for storing (novel) data, and to promote data reusage for future analyses 
and technologies. 
	 The	FAIR	concept	provides	four	key	principles,	data	needs	to	be	findable,	
accessible, interoperable, and reusable (Wilkinson et al., 2016). Making data FAIR 
can	be	done	using	FAIRification,	a	workflow	which	 is	divided	 into	 three	steps.	
The	first	step	is	pre-FAIRification,	and	includes	the	recognition	of	a	FAIRification	
objective	and	the	analysis	of	(meta)data.	The	next	step,	FAIRification,	requires	a	
definition	of	a	conceptual	model	from	the	(meta)data.	This	concept	is	then	used	
to describe the available items in the (meta)data. Furthermore, this information 
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needs to be connected to the (meta)data to integrate it with (future) applications. 
All of this information needs to be stored while providing access to humans and 
machines.	The	 last	procedure,	post-FAIRification,	evaluates	the	previous	steps,	
to determine if the (meta)data is FAIR (Jacobsen et al., 2020). Currently, the FAIR 
principles are a central component in the concept for the Dutch Personal Health 
Train, where search algorithms will provide access to various data sources (e.g. 
biobanks,	hospitals,	and	data	 repositories).	A	uniform	defined	and	maintained	
infrastructure enables further interaction of these components, which results 
in (re)usage of patient (meta)data (Beyan et al., 2020). Another solution is data 
storage using databases that support the FAIR principles, of which MOLGENIS 
(Swertz et al., 2004) is an example. This platform consists of a versatile 
database	structure	that	can	be	adjusted	to	one’s	scientific	data,	using	the	FAIR	
principles. Furthermore, it consists of many functionalities as storage, sharing, 
and visualization of data in a secured, high-performance application, which could 
be	 further	modified	 using	 external	 coding	 scripts.	 Altogether,	 these	 platforms	
provide an opportunity for the research community and act as an example of 
how data should be shared in the future.

Databases
Many	 researchers	 benefited	 from	 the	 creation	 of	 the	 first	 scientific	molecular	
database,	the	“Atlas	of	protein	sequence	and	structure”,	published	in	1965.	This	
encyclopedia contained information regarding the evolution of protein sequences 
in different species, the methodology of protein sequence comparisons, 
suggestions for protein notations including the one-letter amino acid code, and 
information	 regarding	 the	 amino	acids	 (Dayhoff	 et	 al.,	 1965;	 ‘Margaret	Oakley	
Dayhoff 1925–1983’, 1984). After 15 years of maintenance, this initiative led to the 
development	of	the	first	online	nucleic	sequence	database	(Dayhoff	et	al.,	1981),	
one year before the creation of GenBank (Bilofsky et al., 1986). This action would 
later lead to the development of sequence search databases as FASTA (Pearson 
and Lipman, 1988) and BLAST (Altschul et al., 1990). Computational research 
has	expanded	enormously	in	the	past	5	decades,	making	it	very	difficult	to	create	
a	database	 that	 consists	of	 all	major	findings	 in	one	 research	field,	 similar	 to	
the protein atlas of Dayhoff. Nowadays, raw sequencing data is stored in the 
sequencing read archives (SRA) and European nucleotide archives (ENA). This 
information, together with processed data, can be found on archiving databases 
as the gene expression omnibus (Edgar, Domrachev and Lash, 2002; Barrett et 
al., 2012) and array express (Athar et al., 2019) which provide a detailed overview 
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of	the	many	datasets	that	are	available	in	research	fields.	However,	the	accuracy	
and throughput of the curation on (meta)data or new datasets, and samples can 
and needs to be improved. Implementation of the FAIR guiding principles on these 
archiving databases, would lead to a reliable open-access environment allowing 
further exploration of published data (Wang, Lachmann and Ma’ayan, 2019). 
 

Reusage of sequencing data
For	 bioinformatic	 analysis,	 SRA	 files	 need	 to	 be	 downloaded	 from	one	 of	 the	
archiving	databases.	Often	these	files	are	formatted	as	a	FASTQ	file,	that	stores	
the biological sequences, and base quality scores (Cock et al., 2010). After 
downloading,	these	files	can	be	processed	using	a	variety	of	functions	(Figure 
8) before performing statistical analyses (Robinson, McCarthy and Smyth, 2010; 
Love, Huber and Anders, 2014; Ritchie et al., 2015). Each of these steps require 
bioinformatics knowledge to use the appropriate tools, parameters, and operating 
system. 
 Altogether, the integration of published and novel data is time-consuming 
and can be complicated for researcher that are unfamiliar with the analysis 
methods. Due to the increasing demand for better data transmission, a large 
number of online web pages have emerged that provide access to the data 
of a single publication. In general, these web pages have a search option that 
allows a quantitative exploration of the available genes under various conditions 
(Olah et al., 2018; Hammond et al., 2019; Li et al., 2019; Van Hove et al., 2019). 
The convenience of these web pages lies in the interception of various time-
consuming processes as quality checking, downloading, aligning, and analysis 
of the samples. Since these steps were performed already, other researchers can 
obtain the gene expression information more easily. However, the development of 
applications that provide a structured overview of publicly available data provides 
a better solution (Zhang et al., 2014; Holtman et al., 2015; Mancarci et al., 2017). 
Concluding, the influence of the aforementioned observations might lead to 
analyses that can combine different omics data and development of multi-omics 
applications that can process, and visualize results of novel analyses (Regev et 
al., 2017; Conesa and Beck, 2019). 
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Figure 8: From raw reads to count matrix: Raw	fastq	files	undergo	various	steps,	that	can	be	divided	
into preparation of the reads, mapping and counting, adapted from (Batut et al., 2018; Doyle, Phipson 
and	Dashnow,	2020).	Initially,	the	raw	data	in	fastq	files	need	to	be	quality	checked	(Andrews,	2015),	
trimmed (Hannon Lab, no date; Krueger, 2012), and checked again to proceed to the next step, 
mapping. The second step includes the alignment of the reads to the reference genome (Langmead 
et al., 2009; Dobin et al., 2013; Kim, Langmead and Salzberg, 2015; Bray et al., 2016). The outcome 
needs to be quality checked to determine if the alignment outcome is correct, optionally there might 
be several quality checking steps that depend on the sequencing technology that has been applied 
in	a	specific	dataset.	The	last	step,	counting,	ensures	that	the	read	from	the	alignment	are	annotated	
to	genes,	and	are	quantified	into	a	count	matrix	(Liao,	Smyth	and	Shi,	2014;	Anders,	Pyl	and	Huber,	
2015).
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Thesis outline

Transcriptomic analyses are a major contributor in determining the gene 
expression pattern of tissues and cells like microglia. Basic aspects, regarding 
microglia transcriptomics, have been addressed in the introduction above, a 
more elaborate description is provided in chapter 2. Furthermore, in chapter 2, the 
functionality of microglia is addressed and described as a continuous spectrum, 
as	opposed	to	prior	microglia	phenotype	classification.	Although	many	questions	
remain unresolved when the transcriptome of human microglia is compared to 
that of other species. 
	 The	human	microglia	 transcriptome	profile	 is	obtained	 from	cells	 that	
were isolated from post mortem (Galatro, Holtman, et al., 2017) or surgically 
(Gosselin et al., 2017) obtained tissue. In chapter 3 the effect of post mortem 
delay on microglia gene expression in mice was investigated. Analysis of various 
PMD time points led to the observation of 50 differentially expressed genes that 
showed a subtle change over time and was present in both mice and humans. 
 In chapter 4	 the	microglia	RNA	expression	profile	was	derived	 from	a	
study on two macaque cohorts. In total, 666 genes were characterized as the 
macaque	microglia	gene	expression	profile	that	was	used	to	identify	overlapping	
and	non-overlapping	genes	in	zebrafish,	mice,	and	humans.	
 In chapter 5 the setup and outline of the glia database BRAIN-SAT is 
described.	 Seminal	 published	 papers	 of	 the	 glia	 research	 field,	 that	 contain	
RNA-Seq data, have been collected and processed to data tables. This data is 
accessible on an online accessible platform with interactive features, that can be 
used	by	scientists	in	the	research	field,	to	verify	the	expression	of	target	genes	or	
to identify novel targets for further analysis. 
 Finally, chapter 6 provides a summary and discussion of results from 
chapters 3-5. Furthermore, suggestions for further development are provided.
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Abstract

Gene expression analyses of microglia, the tissue-resident macrophages of the 
central	nervous	system	(CNS),	 led	 to	 the	 identification	of	homeostatic	as	well	
as	neurological	disease-specific	gene	signatures	of	microglia	phenotypes.	Upon	
alterations in the neural microenvironment, either caused by local insults from 
within the CNS (during neurodegenerative diseases) or by macroenvironmental 
incidents, such as social stress, microglia can switch phenotypes- generally referred 
to	as	“microglial	activation”.	The	interplay	between	the	microenvironment	and	its	
influence on microglia phenotypes, regulated by (epi)genetic mechanisms, can be 
imagined as the different colorful crystal formations (microglia phenotypes) that 
change upon rotation (microenvironmental changes) of a kaleidoscope. Here, 
microglia phenotypes in relation to neurodevelopment, homeostasis, aging, and 
neurodegenerative diseases, based on transcriptome studies, will be discussed. 
By	 overlaying	 these	 disease-specific	microglia	 signatures,	 recent	 publications	
have	 identified	 a	 specific	 set	 of	 genes	 that	 are	 differentially	 expressed	 in	 all	
investigated diseases, called a microglia core gene signature with multiple 
diseases. This chapter is concluded with a discussion about the complexity of 
this associated microglia core gene signature.
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Introduction

Macrophages are innate immune cells that reside in all organs of the body. They 
have versatile functions that are tailored to the organ of residence (Wynn et al., 
2013).	 Genome-wide	 studies	 showed	 that	 microenvironment-specific	 signals	
establish	tissue-specific	properties	of	macrophages	via	epigenetic	mechanisms	
(Gosselin et al., 2014; Lavin et al., 2014). Transcriptomic analyses are an 
effective way to determine gene expression patterns that serve as a proxy for 
different cellular states under different conditions. In the last decade, numerous 
transcriptome studies of (micro)glia have been published and provide much 
insight into glia biology (Hirbec et al., 2017, Eggen et al., 2017). 
	 Gene	 expression	 profiling	 of	 purified	 microglia	 has	 confirmed	 that	
they are CNS-resident macrophages that express many genes typical for the 
myeloid lineage, including receptors for pathogen-associated molecular patterns 
(PAMPs) and damage-associated molecular patterns (DAMPs), genes involved 
in phagocytosis and antigen presentation. This makes a distinction between 
microglia and macrophages, particularly under neuropathological circumstances, 
very	 difficult	 (Koeniger	 and	 Kuerten,	 2017).	 A	 common	 approach	 to	 separate	
microglia from other cells of the periphery and CNS is the preparation of a single 
cell suspension followed by fluorescence-activated cell sorting (FACS) based on 
the membrane expression of CD11bhigh and CD45low/int in mice and human (Galatro, 
Vainchtein, et al.,	2017).	In	mice,	Ly6C/Ccr2	and	Mrc1	are	specifically	expressed	
by monocytes (Greter et al., 2015) and CNS interface macrophages (Goldmann et 
al., 2016), respectively, and can be additionally used to distinguish between these 
cells and microglia. In humans, although not yet widely applied, CCR2 and CD14 
are used to discriminate between microglia and monocytes (Yang et al., 2014). 
	 In	recent	years,	RNA	expression	profiling	of	microglia	has	received	much	
attention in recent years (see the glia open access database (GOAD)) (Holtman, 
Noback, et al., 2015). This chapter will focus on microglia phenotypes in the CNS 
related to manifold processes associated with brain development, physiology, 
and pathology.
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Microglia origin and homeostasis

Microglia ontogeny
As already proposed by Río-Hortega in 1919 (Sierra et al., 2016), sophisticated 
in vivo	 lineage	 tracing	 studies	 confirmed	 the	mesodermal	 origin	 of	 microglia	
during embryogenesis (Ginhoux et al., 2010; Hoeffel et al., 2015; Kierdorf et al., 
2013). This is different from other CNS cells that arise from the neuro-ectoderm 
(Stark, 2014). Even within the mesoderm-originating myeloid cell compartment, 
microglia have a distinct ontogeny. In mice, tissue-resident macrophages emerge 
from two waves of erythromyeloid progenitor (EMP) production (primitive and 
transient	definitive	hematopoiesis)	 in	the	extra-embryonic	yolk	sac	(YS)	before	
the	establishment	of	definitive	hematopoiesis	in	the	fetal	liver	and	later	in	adult	
bone marrow (Hoeffel and Ginhoux, 2015; Hoeffel et al., 2015). Microglia originate 
from the primitive hematopoietic wave of early EMP’s (primitive macrophages) at 
embryonic day 7.5 (E7.5) in the YS, a process dependent on the transcription 
factors (TFs) Spf1 (Pu.1) and Irf8 (Kierdorf et al., 2013; Hoeffel et al., 2015). 
These primitive macrophages spread via the bloodstream to the developing 
organs, including the neuroepithelium, which gets colonized by primitive 
macrophages (microglia) as early as E9.5 (Ginhoux et al., 2010). In contrast, other 
tissue-resident	macrophages	 that	mainly	 develop	 from	 the	 transient	 definitive	
hematopoietic wave of late EMP’s arising at E8.5 in the YS. These late EMP’s 
subsequently colonize the fetal liver from E10 onwards and mature into tissue 
macrophages via a monocytic intermediate (Hoeffel and Ginhoux, 2015; Hoeffel 
et al., 2015). Currently, it is not yet resolved why these differences in microglia 
and macrophage ontogenies exist. 
 Although human microglia ontogeny is not yet studied in such detail, 
immunostaining of the human encephalon indicates the presence of CD11bpos 
(IBA1) microglia at gestational week 5.5, which enters the brain via the ventricles. 
Microglia	proliferate	and	develop	towards	their	typical	ramified	morphology	from	
that time point onward (Monier et al., 2006). However, the ontogeny of human 
microglia	remains	to	be	defined	in	detail.	

Microglia development occurs in four consecutive phases
A recent study combined the transcriptome with epigenome analysis to identify 
genes and chromatin modulators that regulate different stages of microglia 
development in mice (Matcovitch-Natan et al., 2016). Microglia gene expression 
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clusters	are	identified	that	are	specific	for	four	sequential	developmental	phases:	
YS (E10-12.5), early microglia (E10.5-14), pre-microglia (E14- postnatal day 9 
(P9)) and adult (P28 onwards). Early, pre- and adult microglia are marked by 
genes related to cell cycle- and proliferation (Dab2, Mcm5, and Lyz2), synapse 
pruning (Crybb1, Csf1, and Cxcr2) and immune surveillance (Mafb, Cd14, and 
Mef2a),	 respectively.	 These	 developmental	 stage-specific	 gene	 ontology	 (GO)	
terms (unifying terms annotating a global function to genes) match with typical 
microglia	 functions,	 including	 the	 involvement	 in	 neuronal	 network	 refinement	
(synapse pruning) (Paolicelli et al., 2011; Schafer et al., 2012) and maintenance 
of adult brain homeostasis (Kettenmann et al., 2011). Extensive parallel single-
cell	sequencing	of	microglia	identified	a	high	degree	of	homogeneity	of	microglia	
populations	 at	 specific	 developmental	 stages.	 Concordantly,	 the	 expression	
level	 of	 developmental	 stage-specific	 genes	 correlates	 to	 the	 accessibility	 of	
corresponding	 enhancers	 identified	 by	 dimethylation	 of	 lysine	 4	 on	 histone	 3	
(H3K4me2)-enriched regions distal from the transcription start sites of a gene. 
Whereas YS and embryonic microglia cluster more closely together at the 
transcriptional level, embryonic and pre-microglia cluster more closely together 
at the epigenetic level. These results indicate that the microenvironment is 
driving gene expression through modulation of the epigenetic landscape into 
a	 permissive	 state	 for	 the	 expression	 of	 gene	 patterns	 belonging	 to	 specific	
developmental phases. This suggestion is corroborated by the fact that 
environmental perturbations, such as in germ-free (GF) mice and maternal 
immune activation, led to abnormal microgliosis. Mice that are subjected to 
maternal immune activation display a shift from the pre-microglia stage towards 
a more advanced developmental stage, due to a decreased expression level of 
inflammatory and defense-related genes. It is hypothesized that the disruption of 
microglia development disturbs physiological microglia functions (Matcovitch-
Natan et al., 2016).
	 Additionally,	 specific	 potential	 TF	 binding	 motifs	 are	 identified	 in	
promoter	 regions	 of	 genes	 specifically	 expressed	 at	 different	 microglia	
developmental	 phases.	 Previously	 identified	 TFs	 Pu.1	 and	 Irf8	 are	 essential	
for microglia development (Kierdorf et al., 2013) and are highly upregulated 
throughout microglia development (Matcovitch-Natan et al., 2016). These results 
corroborate	the	finding	that	Pu.1 is essential for the gene regulation of several 
functions including myeloid cell differentiation, chemotaxis, and phagocytosis 
(Feng et al., 2008; Forsberg et al., 2010; Smith et al.,	2013).	In	line	with	the	findings	
of Irf8 in the study of Kierdorf and coworkers, Irf8 is also important in myeloid 
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cell	 lineage	differentiation	and	survival	during	early	hematopoiesis	in	zebrafish	
(Shiau et al., 2015). 
	 The	 TF	 Mafb	 is	 enriched	 in	 adult	 microglia	 and	 the	 identification	 of	
immune and viral GO terms, enriched in the pre- and adult microglia signature of 
Mafb-deficient	microglia,	suggests	that	Mafb is crucial for the regulation of brain 
homeostasis. 
	 In	 a	 similar	 approach,	 consistent	 findings	 according	 to	 microglia	
developmental	stages	and	stage-specific	functions	were	recently	identified	(Thion	
et al., 2018). Interestingly, it was shown that microglia progenitors in the YS and at 
E10.5 already express a part of the homeostatic microglia signature genes, which 
then expand with increasing developmental stage. Based on the expression of 
these genes, a murine microglia development signature containing 568 genes 
was	identified	and	compared	to	gene	expression	data	of	FACS-purified	microglia	
from human fetuses ranging from 14 to 24 weeks of estimated gestational age. 
This analysis revealed 387 overlapping genes, involved in functions as immune 
response and phagocytosis. Furthermore, it was shown that microglia derived 
from E16.5 mice are developmentally corresponding to microglia derived from 
mid-trimester human fetuses (14-24 weeks of pregnancy). Although these human 
microglia already express genes belonging to the homeostatic microglia gene 
signature, it should be of note that human fetal microglia do not (yet) seem to be 
sexually dimorphic (Thion et al., 2018). 
 Of importance, it seems that deviations in the microglia developmental 
transcriptome are linked to the development of neurological diseases, such as 
autism and Alzheimer’s disease (AD) in adulthood (Hanamsagar et al., 2017). 
	 In	conclusion,	microglia	development	occurs	in	a	complex	and	fine-tuned	
sequence of processes regulated by environmental signals and is associated 
with	specific	gene	expression	programs.
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The homeostatic microglia gene signature in mice and men 

Over the last years, the transcriptome of homeostatic murine microglia was 
identified	(Gautier	et al., 2012; Chiu et al., 2013; Hickman et al., 2013; Butovsky 
et al., 2014; Gosselin et al., 2014; Lavin et al., 2014; Bennett et al., 2016). 
Under	 homeostatic	 conditions,	 this	 transcriptome	 contains	 genes	 specifically	
expressed by microglia in comparison to other CNS cells and myeloid cells, 
hereafter referred to as homeostatic microglia signature genes. These genes are 
now widely used by other researchers to identify and study microglia, also under 
disease conditions (see Box 1). 

The homeostatic gene signature of murine microglia
The	first	gene	expression	profile	of	murine	microglia	was	obtained	 in	2012	 in	
a microarray study (Gautier et al., 2012). Based on this expression data, which 
included	a	common	macrophage	signature,	several	gene	clusters	were	identified,	
including distinct gene expression signatures among four different macrophage 
populations. 64 genes, containing SiglecH and Cx3cr1, were shown to be 
more abundantly expressed in microglia when compared to other investigated 
macrophage types. Chiu et al.,	 identified	 29	 genes	 that	 are	 highly	 specific	 for	
microglia (e.g. Olfml3, Tmem119, and SiglecH) (Chiu et al., 2013). 
 Direct RNA sequencing revealed a microglia sensome, consisting of 100 
cell	surface	receptors	and	proteins	specific	for	the	sensing	of	micro-environmen-
tal factors, including pattern recognition, chemokine-, Fc-, purinergic-, cytokine-, 
extracellular matrix- and cell-cell interaction receptors (Hickman et al., 2013). Ap-
proximately half of these genes seem to be regulated by Tyrobp (Dap12), a pro-
tein tyrosine kinase binding protein and ligand for Trem2, both belonging to the 
homeostatic microglia signature genes (Hickman et al., 2013). The Trem2-Dap12 
signaling pathway seems to be involved in i) the suppression of toll-like receptor 
(TLR)-induced inflammation, ii) mediating phagocytosis, and iii) reduction of cell 
death and enhancement of myeloid cell proliferation (Painter et al., 2015). Ana-
logous	to	other	studies,	Hickman	and	coworkers	identified	several	genes	that	are	
shared by microglia and other tissue macrophages, but also macrophage subty-
pe-specific	expression	of	gene	sets.	The	top	25%	uniquely	expressed	genes	 in	
microglia contain many of the sensome-including genes (Hickman et al., 2013). 
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Box 1: Environmental influence on the microglial homeostatic gene 
signature

Evidence is accumulating that genes belonging to the homeostatic microglial 
gene signature are downregulated during neurological diseases. It was shown 
that microglia uniformly downregulate their homeostatic signature genes, such 
as Sall1, Pu.1, Tmem119, Cx3cr1 and P2ry12/13 and upregulate risk genes for AD, 
such as Apoe and Trem2, in mouse models for aging, Alzheimer’s disease (5XFAD, 
APP-PS1) and Amyotrophic lateral sclerosis (SOD1) (Butovsky et al., 2015; Keren-
Shaul et al., 2017; Krasemann et al., 2017). Interestingly, homeostatic microglial 
signature genes seem to be differentially expressed at different disease stadia 
in EAE, a mouse model for multiple sclerosis. A downregulation of homeostatic 
microglial signature genes is observed in acute and chronic EAE, whereas during 
the recovery phase of EAE, gene levels are restored to those of homeostatic 
microglia (Yamasaki et al., 2015; Krasemann et al., 2017). Concordantly, a loss 
of	homeostatic	microglial	signature	genes	is	identified	in	human	MS	brain	tissue	
(Zrzavy et al., 2017). Furthermore, homeostatic microglial signature genes seem 
to be at least partially downregulated during aging (Hickman et al., 2013; Grabert 
et al., 2016; Galatro, Holtman, et al., 2017) and are differentially expressed in male 
and female murine microglia (Thion et al., 2018). 
 In addition, it was shown that microglia upregulate CD45 expression under 
different disease conditions (David et al., 2011; Greter et al., 2014). Furthermore, 
monocytes downregulate Ly6C and Ccr2 during their differaentiation into 
macrophages	 after	 infiltrating	 brain	 tissue	 (Greter	 et al., 2015; Koeniger and 
Kuerten, 2017), resulting in issues regarding the distinction of microglia and 
peripheral monocyte/ macrophages in disease conditions. 
	 Concordantly,	 the	 use	 of	 specific	 markers	 to	 identify	 microglia	 under	
specific	disease	conditions	is	still	controversial.

 In 2014, two studies were published that extensively investigated microglia 
and other tissue-resident macrophages at the transcriptome level (Gosselin et al., 
2014; Lavin et al., 2014). These studies also addressed the epigenetic differences 
between different macrophage subsets, observing a positive correlation with the 
transcriptome. When comparing large peritoneal macrophages (LPM), small 
peritoneal macrophages (SPM), and microglia at the transcriptional level, both 
macrophages and microglia are dependent on Pu.1. However, co-enrichment of 
different motifs was revealed, LPM and SPM are thus shown to be depended on 
retinoic	acid	(RA)	receptors	(RAR	α/β)	whereas	motifs	as	SMAD,	consistent	with	
the	TGF-β	signaling	in	the	brain	is	shown	to	be	unique	for	microglia	(Gosselin	et 
al., 2014). Analysis of seven different tissue-resident macrophage populations 
identified	3348	differentially	expressed	genes.	K-means	clustering	of	these	genes	
led to the discovery that the microglia cluster (consisting of 641 genes that are 
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higher expressed in microglia) is different from other tissue macrophages, where 
Sall1 is found to be most highly expressed in microglia (Lavin et al., 2014).
	 A	 Tgf-β	 dependent	 homeostatic	 microglia	 gene	 signature,	 consisting	
of 152 unique microglia genes, P2ry12, Tmem119, Fcrls and three microRNAs 
(miRNAs),	was	identified	by	comparing	the	microglia	transcription	profile	to	that	
of other CNS cells and monocytes. The validity of these genes being uniquely 
expressed	 in	 microglia	 was	 confirmed	 by	 mass	 spectrometry,	 since	many	 of	
these genes were also detected in the enriched fraction of microglia proteins. 
It	was	shown	that	Tgf-β	is	a	crucial	factor	for	the	establishment	of	the	microglia	
homeostatic	 gene	 signature,	 since	mice	 that	 endogenously	 lack	Tgf-β	 in	CNS	
tissue show a remarkable reduction in microglia numbers and the remaining 
microglia	show	significantly	reduced	expression	of	these	homeostatic	microglia	
signature genes (Butovsky et al., 2014). 
	 A	transcriptome	profile	of	isolated	microglia	that	closely	approximates	
the in vivo status was published by Bennett and co-workers, using a relatively 
non-invasive method to purify microglia (Bennett et al., 2016). Inflammation-
associated genes (Il1β, Nfkb2, and Tnf)	are	significantly	lower	expressed	in	this	
dataset compared to others (Gautier et al., 2012; Chiu et al., 2013; Gosselin et 
al., 2014), indicating that in vitro procedures influence the homeostatic microglia 
gene signature. Tmem119	was	studied	in	detail	and	was	identified	to	be	specific	
and, at least at protein level, robust microglial marker in mice and humans, also 
under inflammatory/disease conditions. Additionally, potential novel microglia 
functions associated with vascular development (Pdgfb), oligodendrocyte 
development (Pdgfa) and synapse formation (Sparc)	are	identified	and	microglia	
involvement in different neurological diseases (Comt, Hprt, and Trem2) are 
confirmed	by	the	enrichment	of	the	indicated	genes	in	microglia	(Bennett	et al., 
2016). 
 The common denominator of at least these seven studies is the 
identification	of	the	homeostatic	microglia	signature	genes,	including	Sall1, Hexb, 
Fcrls, Gpr43, Cx3cr1, Tmem119, Trem2, P2ry12, Mertk, Pros1 and SiglecH, that are 
uniquely/higher expressed in microglia and not or only at low levels in other brain 
cells or myeloid cell types, including tissue-resident macrophage subsets and 
monocytes. 

The homeostatic gene signature of human microglia
In	 parallel	 to	 the	 identification	 of	 homeostatic	 microglia	 signature	 genes	 in	
mice,	 two	studies	 identified	homeostatic	gene	signatures	of	human	microglia.	
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Gosselin	 and	 coworkers	 investigated	 the	 transcriptomes	 of	microglia	 purified	
from healthy-appearing brain tissue obtained during neurosurgery of 19 young 
patients (0-17 years) with epilepsy, tumors, or acute stroke. The top 30 highly 
expressed	genes	in	that	dataset	are	related	to	functions	like	microglia	ramification	
and motility (P2RY12 and CX3CR1), synaptic remodeling (C3 and C1QA-C), and 
immune response (HLA-DRA and HLA-B).	The	comparison	of	microglia-specific	
and	whole	 cortex	 gene	 expression	 profiles	 identified	 881	 homeostatic	 human	
microglia signature genes, including CX3CR1, P2RY12, and several complement 
factors as C3, C1QA, C1QB, and C1QC. Furthermore, these human microglia 
homeostatic	signature	genes	significantly	overlap	with	transcriptomic	datasets	
related to different neurological diseases, including Alzheimer’s and Parkinson’s 
disease (PD), in which many of the human homeostatic microglia signature 
genes are differentially expressed, indicating an important role of microglia in the 
pathophysiology of these diseases (Gosselin et al., 2017). 
	 Another	 study	 identified	 the	 homeostatic	 human	 microglia	 gene	
signature from a population of 39 adult (34-102 years) post mortem donors 
from the Netherlands and Brazil. This homeostatic microglia gene signature is 
characterized	 by	 1297	 genes	 that	 are	 significantly	 differentially	 expressed	 in	
purified	microglia	when	compared	to	whole	parietal	cortex	cell	lysates.	GO	terms	
indicated that these genes are related to the innate immune system, including 
functions as pathogen and self-recognition, inflammasome, cell adhesion and 
motility (C3XCR1), immune signaling and modulation (P2RY12, Q1QA-C and HLA-
DR). Additionally, risk genes for neurodegenerative diseases, such as APOE and 
TREM2	are	enriched	in	purified	adult	human	microglia	(Galatro,	Holtman,	et al., 
2017). Furthermore, the two TFs PU.1 (SPI.1) and IRF8, which are also crucial 
during murine microglia ontogeny and development (Matcovitch-Natan et al., 
2016), were highly expressed in both datasets (Galatro, Holtman, et al., 2017; 
Gosselin et al., 2017). 
	 Thus,	 together	 these	 two	 studies	 identified	 the	 homeostatic	 human	
microglia gene signature, that shares many genes with the murine homeostatic 
gene	signature,	but	also	seems	to	possess	human-specific	properties.	
 The homeostatic microglia gene signature is conserved across species 
(Galatro, Holtman, et al., 2017; Gosselin et al., 2017). Comparison of the two 
homeostatic human microglia gene signatures with several murine microglia 
gene	signatures	revealed	an	overlap	of	more	than	50%,	depending	on	the	specific	
datasets that were compared (Galatro, Holtman, et al., 2017; Gosselin et al., 
2017). The genes APOC1, MPZL1, SORL1, CD58, ERAP2, GNLY, and S100A12, 
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most	closely	related	to	the	innate	immune	system,	are	specifically	found	to	be	
expressed in human microglia and not, or only to a very low extent in murine 
microglia. Concordant with the high overlap between murine and human 
transcriptomes	 are	 the	 identified	 similar	 epigenetic	 landscapes,	 i.e.	 identified	
microglia-specific	regulatory	regions,	 in	murine	and	human	microglia	(Gosselin	
et al.,	2017).	Concluding,	research	of	recent	years	has	identified	the	homeostatic	
murine	and	human	microglia	gene	signatures,	which	enables	better	identification	
and investigation of microglia in murine and human tissue.

Microglia sexual dimorphism
Sex-specific	transcriptomic	signatures	are	found	when	comparing	adult	male	and	
female mice. A higher gene expression level of inflammatory response genes, 
such as Ccl2, Tnf, Irf1, Cxcl10, and Il1β were found in female mice, indicating a 
more immune-activated state. In addition, homeostatic microglia signature genes 
are differentially expressed in male and female mouse microglia. Interestingly, it 
is demonstrated that environmental alterations during embryogenesis, like the 
absence of the maternal microbiome (GF mice), have different effects on male 
and	 female	 microglia	 transcriptomes	 at	 the	 identified	 developmental	 stages.	
Whereas the transcriptome of microglia from GF offspring does not seem to 
be	overtly	altered	at	E14.5	when	compared	 to	control	microglia	under	specific	
pathogen-free (SPF) conditions, it is affected at E18.5 especially in males and 
in adults especially in females, characterized by 1216 and 433 differentially 
expressed genes, respectively. From those 1216 differentially expressed genes 
in GF E18.5 males, the majority is downregulated and involved in functions such 
as translation, endocytosis, and metabolism. Regarding the 433 differentially 
expressed genes in GF adult female microglia, approximately half of these genes 
are downregulated and involved in the inflammatory response, whereas the 
upregulated genes are associated with the regulation of transcription. Besides the 
transcriptomic changes, the pattern of microglia colonization into the neocortex 
occurs in a sex-dependent manner in offspring from GF mice. Whereas male 
offspring of GF mice show an increased microglia density prenatally (E18.5), 
female offspring of GF mice show an increased microglia density postnatally 
(P20) (Thion et al., 2018). 
	 Concordant	with	the	findings	by	Thion	and	coworkers,	a	developmentally	
more mature state, marked by upregulation of genes involved in immune 
processes,	is	identified	in	female	microglia	compared	to	male	microglia	at	P60.	
This result is based on the microglia developmental index (MDI) that is calculated 
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by the ratio of the average expression of globally upregulated genes divided by 
the average expression of globally downregulated genes in a developmental 
time course from E18 to P90 in male and female mice (Hanamsagar et al., 
2017). Upon lipopolysaccharides (LPS) treatment, the MDI of male microglia 
increases, indicating the maturation of male microglia in response to LPS. This 
sex-dependent baseline and LPS-induced changes in the transcriptome are 
accompanied	by	sex-specific	microglia	morphologies	in	the	adult	hippocampus	
of mice. When compared to the morphology of baseline female microglia, 
baseline male microglia morphology seems to be more complex. It is marked 
morphologically by an increased process volume and area. Furthermore, these 
cells showed an increased number of branches and intersections, although 
female	and	male	differences	are	only	statistically	significant	for	the	parameter	
process volume. Upon LPS stimulation, baseline morphological characteristics 
of	male	microglia	get	significantly	reduced,	whereas	those	of	female	microglia	
do not change much (Hanamsagar et al., 2017). 
 Concluding, murine microglia seem to respond to environmental insults 
in a sex-dependent manner, which was not yet manifested in human microglia 
(Thion et al., 2018). 

Microglia possess brain region-specific transcription profiles
Insight in regional heterogeneity of microglia phenotypes can provide necessary 
information	on	specific	microglia	functions	that	are	dependent	on	location.	Bulk	
RNA sequencing of microglia samples from whole-brain tissue, might mask 
specific	 regional	 heterogeneity.	 Whereas	 microglia	 are	 important	 for	 various	
functions as scanning the microenvironment, phagocytosis, and neuronal 
support (Hanisch and Kettenman, 2011), microglia could exhibit additional and 
specific	regional	functions.	
 Several mouse brain regions were compared to determine whether 
the microenvironment could shape microglia functions (Grabert et al., 2016). 
Regional transcriptional heterogeneity was observed when microglia from the 
mouse cerebral cortex, hippocampus, cerebellum, and striatum were compared. 
Three	 transcriptomic	 clusters	were	 identified,	 specific	 for	 the	 cerebral	 cortex/
striatum, hippocampus, and cerebellum. Annotation of associated biological 
processes revealed that the hippocampal microglia gene cluster was involved 
in energy production and regulation, whereas the cerebellar and cortical clusters 
were associated with genes involved in immune response and regulation. 
Concordantly, TF binding motif analysis found TFs regulating the expression of 
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bioenergetic genes and immune and inflammatory genes to be over-represented 
in the hippocampal- and the cerebellar cluster, respectively. Interestingly, there 
seemed to be a difference in the immune-activation state of microglia belonging 
to the cortical and the cerebellar cluster. Cortical microglia showed an increased 
expression of genes coding for inhibitory immunoreceptors, including Trem2 and 
SiglecH, whereas cerebellar microglia showed an upregulation of genes coding 
for activating immunoreceptors, indicating a more immune-activated microglia 
phenotype, different from the LPS or IL43-induced microglia phenotypes. 
Notably, approximately one-third of the microglia sensome genes (belonging 
to the homeostatic microglia gene signature) were differentially expressed in 
microglia derived from different brain regions. Concluding, although microglia 
from	different	 brain	 regions	 share	 the	 expression	 of	 specific	 genes,	 they	 also	
express	region-specific	gene	sets	indicating	region-specific	microglia	functions	
(Grabert et al., 2016). 
 De Biase and coworkers, reported different microglia phenotypes when 
comparing regions in the basal ganglia (BG). The transcriptome of ventral 
tegmental area (VTA) microglia appeared to be most distinct when compared to 
microglia in the nucleus accumbens (NAc) and substantia nigra pars compacta 
(SNc). Differentially expressed genes in microglia of the VTA were involved in 
metabolic processes such as mitochondrial function, glycolysis, gluconeogenesis, 
and oxidative phosphorylation. Microglia in the VTA and SNc showed limited 
surveillance and contribution in homeostasis, based on observations made 
in cell density, branching, and lysosome content. Based on the overlapping 
microglia genes in the different regions, classical microglia cell functions were 
preserved among different regions. However, microglia in different regions also 
exhibit regional adaptation (De Biase et al.,	2017),	a	finding	consistent	with	that	
of Grabert and coworkers.
 In another study, microglia were compared with non-parenchymal 
CNS macrophages in the subdural meninges, perivascular spaces, and the 
choroid	 plexus	 on	 single-cell	 transcriptome	 level.	 Gene	 expression	 profiles	 of	
microglia and the three investigated CNS interface macrophage populations 
display high similarity in contrast to peripheral monocytes. When compared to 
the monocytic transcriptome, microglia and non-parenchymal macrophages 
shared 443 differentially expressed genes, such as abundant expression of the 
myeloid markers Cx3cr1, Csfr1 and Aif (Iba1). The high overlap of transcriptomes 
between these brain-associated macrophages might be based on underlined 
by their similar ontogeny and kinetics, since perivascular and meningeal 
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macrophages, analogous to microglia, also arise during primitive hematopoiesis 
in the YS and are long-lived cells that do not get replenished by peripheral 
monocytes. Besides this commonly expressed gene set, microglia and non-
parenchymal macrophages also express unique separate gene sets. Microglia 
showed a differential expression of 2328 unique genes that were unaltered in 
expression in non-parenchymal macrophages after comparison to the monocytic 
transcriptome. As an example, P2ry12 and Mrc1 are enriched in microglia and 
perivascular macrophages, respectively, and thus are used to distinguish these 
brain-associated macrophage populations (Goldmann et al., 2016).
 Although not studied extensively, it seems that human microglia also 
show	 brain	 region-specific	 gene	 expression	 profiles	 (Mastroeni	 et al., 2018). 
Concluding, the CNS is populated by different macrophage cell types, and even 
microglia in the parenchyma can be subdivided into different phenotypes based 
on	 their	 gene	 expression	 profiles,	 which	 might	 be	 associated	 with	 specific	
functions.

The lifetime of microglia 
Microglia, as well as other tissue-resident macrophages (Hashimoto et al., 
2013; Yona et al., 2013), are stable, self-renewing cell populations over the 
entire lifespan of an animal. This self-renewing capacity of microglia has been 
shown in an experiment where microglia were ablated using the Cx3Cr1CreER:iDTR 
system.	Within	5	days	the	20%	remaining	microglia	completely	repopulated	the	
CNS (Bruttger et al.,	2015).	This	process	was	 independent	of	 the	 infiltration	of	
peripheral monocytes but was dependent on microglia interleukin-1 signaling. 
In a similar experiment, where treatment with a macrophage Csf1r inhibitor 
caused	ablation	of	99%	of	the	resistant	microglia,	a	full	repopulation	of	microglia	
via nestin-positive progenitors within one week after treatment was observed 
(Elmore et al., 2014). While it is well accepted that, at least under physiological 
conditions, microglia are not replenished by peripheral macrophages, the lifetime 
of microglia is still a matter of debate. Askew and coworkers, reported that 
microglia are rather fast proliferating cells with a turnover rate of approximately 3 
months (Askew et al., 2017). In contrast, Füger and Tay propose cortical microglia 
to be long-lived cells with turnover rates between 15 and 41 months, respectively 
(Füger et al., 2017; Tay et al., 2017). Turnover rates of microglia seem to vary 
between brain regions (Askew et al., 2017; Füger et al., 2017; Tay et al., 2017). 
 Although studying the lifetime of microglia in humans comes along with 
experimental limitations, an estimation of human microglia turnover rates was 
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made. It was estimated that the human microglia population might renew several 
hundred times within the average human lifetime of 80 years (Askew et al., 2017). 
In	contrast,	a	relatively	slow	mean	microglia	turnover	rate	of	approximately	28%	
per year and an average microglia age of 4.2 years is calculated using thymidine 
analog	 IdU	 (5-iodo-2′-deoxyuridine)	 labeling	 in	 brains	 of	 cancer	 patients	 and	
retrospective atmospheric 14C measurements in the DNA of the same and healthy 
tissue	post	mortem	(Réu	et al., 2017). The different microglia turnover rates that 
have been reported may be caused by the use of different methodologies and 
these	findings	need	to	be	reconciled	in	the	future.
 Under disease conditions, it has been observed that microglia can 
transiently be replenished by monocyte-derived macrophages from the periphery, 
especially when the blood-brain-barrier is disrupted (Ajami et al., 2011; van 
Ham et al., 2014). In addition, turnover rates of microglia are increased under 
neurodegenerative conditions such as in the APP/PS1 mouse model for AD 
(containing AD risk mutations in the genes encoding for the amyloid-beta precursor 
protein (App) and presenilin (Psen1/Psen2)) (Füger et al., 2017), unilateral facial 
nerve axotomy (FNX) in mice (Tay et al., 2017) and nitroreductase (NTR)-induced 
neurodegeneration	 in	 zebrafish	 larvae	 (van	 Ham	 et al., 2014). Interestingly, 
during the resolution phase of neuroinflammation and -degeneration, there 
seems to be a self-regulating mechanism returning microglia numbers in the 
CNS	to	physiological	conditions.	Intravital-	and	electron	microscopy	of	zebrafish	
larvae brains eight days after NTR-induced neurodegeneration, has shown that 
phagocytes (microglia and peripheral macrophages) either leave the CNS tissue 
with unknown destination or undergo apoptosis and are phagocytosed by viable 
microglia, leading to a physiological microglial density in the forebrain numbers, 
resembling	those	of	healthy	zebrafish	(van	Ham	et al., 2014). 
 Furthermore, microglia migration into regions distal to the 
neurodegenerative center as well as microglia apoptosis, may contribute to the 
re-establishment of a homeostatic-like microglia density in the mouse brain 
during the resolution phase of unilateral FNX-induced neurodegeneration. The 
increased	phagocytic	activity	of	microglia,	identified	by	confocal	microscopy	as	
well as RNA sequencing during later phases of the neurodegenerative resolution, 
led to the hypothesis that also in mammalian species microglia self-regulate their 
density by phagocytosing excessive microglia that have undergone apoptosis. 
After the resolution of neurodegeneration, a mixture of microglia that already 
existed, and newly proliferated microglia is preserved (Tay et al., 2017).
 Currently, it is not yet known whether a replicated cell is biologically 
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younger or if it inherits (epi)genetic marks from the mother cell (Füger et al., 
2017). It was shown that LPS treatment during embryonic development results in 
a dampened immune-response (LPS tolerance) in the same mice when they are 
young adults (Schaafsma et al., 2017), indicating that deviations in early microglia 
development have long-lasting effects on the microglia phenotype during aging 
and associated diseases.
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Microglia activation states from a transcriptome point of view

Functional and morphological aspects of microglial activation
“Microglial	activation”	 is	an	umbrella	 term	commonly	used	to	describe	a	great	
variety of functional and morphological responses of microglia towards different 
triggers including stress (= homeostatic imbalance), inflammation, or chronic 
neurodegenerative conditions. 
 While this term implies that microglia are in a dormant state under 
healthy/homeostatic conditions. Already more than 10 years ago, two photon-
imaging of the mouse cortex in vivo showed that microglia protrusions are highly 
motile to scan their microenvironment for harmful exogenous and endogenous 
danger signals (Davalos et al., 2005; Nimmerjahn et al., 2005). This was also 
observed under healthy conditions during development. Synaptic pruning, the 
elimination of excessive, non-active neurons formed early in development, is 
realized by complement-dependent phagocytic activity of microglia (Paolicelli et 
al., 2011; Schafer et al., 2012). 
 In a healthy brain, microglia are characterized by a small soma from 
which	ramified	protrusions	are	extending-	a	morphology	evolutionary	conserved	
in different species (Walker et al., 2014). Classically, microglial activation was 
associated with an amoeboid-like morphology that enables microglia motility 
and phagocytic function (Kettenmann et al., 2011). However, morphological 
transformation of microglia upon a shift in the activation state does not seem to be 
uniform. Microglial morphologies range from amoeboid-like under inflammatory 
conditions	 (Beynon	 and	 Walker,	 2012)	 to	 hyper-ramification	 in	 response	 to	
stress (Hellwig et al., 2016) and accelerated aging (Raj et al., 2014), with 
many intermediate morphologies in between. Furthermore, different microglia 
morphologies	can	be	present	at	a	defined	condition	such	as	stroke	(Kluge	et al., 
2017). Thus, it seems that there is, based on morphology, a yet unclear number of 
microglial activation states, and single-cell resolution experiments are required 
to address that issue in detail. Since the discovery of microglia a century ago, we 
are aware of the wide range of morphologies microglia can adopt (Sierra et al., 
2016),	 though	 for	most	conditions	direct	 links	between	a	specific	morphology	
and functionality of microglia are still unknown. 



58

Chapter 2

A brief history of categorizing concepts for macrophage and microglial 
activation
An	 early	 concept	 that	 was	 first	 postulated	 for	 peripheral	macrophages	 is	 the	
dichotomous categorization of macrophage activation states into classical 
activation (M1) or alternative activation (M2), analogous to the Th1 and Th2 
nomenclature of T-lymphocytes (Mills et al., 2000). In an attempt to structure 
the	 complexity	 of	 microglial	 activation,	 the	 same	 M1-M2	 classification	 was	
applied to activation states of microglia. The M1 phenotype is characterized 
by the production of pro-inflammatory cytokines (Tnfα, Il6, Il1β), chemokines, 
and reactive oxygen species leading to an acute immune response. The M2 
phenotype is characterized by the production of anti-inflammatory cytokines (Il4, 
Il13) and facilitates debris clearance, wound healing, and restoration of brain 
tissue homeostasis (Cherry et al., 2014; Murray et al., 2014). It was assumed that 
microglia react to a stimulus with an M1 phenotype to address pathology and 
damage, followed by a transition to an M2 phenotype in order to execute tissue 
repair (Colton, 2009). More detailed understanding led to the acceptance that 
microglial activation states are diverse and that intermediates between M1 and 
M2 phenotype exist (Cherry et al., 2014). Further development of this concept in 
the	macrophage	field	suggested	to	refine	the	M1-M2	nomenclature	by	adding	the	
triggering	stimulus	as	an	abbreviation	to	the	M1	or	M2	classification	(Murray	et 
al., 2014). 
 Transcriptome studies revisited this concept by disproving the existence 
of the mutual exclusive M1-M2 polarization states. M1-M2-associated genes 
(Murray et al., 2014) were co-expressed by murine monocyte-derived brain 
macrophages/microglia in the context of traumatic brain injury (Kim et al., 
2016) and amyotrophic lateral sclerosis (ALS) (Chiu et al., 2013). Moreover, 
transcriptome-based network analysis of human monocyte-derived macrophages 
exposed to 29 different stimuli in vitro revealed that each stimulus triggered the 
expression	of	a	distinct	transcription	profile.	These	profiles	expand	far	beyond	
the	 M1-M2-associated	 transcription	 profiles	 and	 under	 some	 conditions	 M1-	
and M2-markers are solely expressed at baseline level (Xue et al., 2014). This 
study indicates that the concept of an activation spectrum in between the M1-M2 
extremes is inadequate. 
 Recent studies have thus led to the abandonment of this static and 
outdated M1-M2 concept of microglial (Ransohoff, 2016) and macrophage 
activation (Martinez and Gordon, 2014) states and point towards the adaption 
of	a	so-called	“multidimensional	concept”.	This	concept	incorporates	ontogeny,	
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microenvironmental signals as well as present and past endogenous and 
exogenous stress signals (Ginhoux et al., 2016). Such a concept would be in line 
with current knowledge gained from (single-cell) transcriptome and epigenome 
studies	about	the	great	variety	of	microglial	activation	states	specific	to	different	
conditions including aging and neurodegenerative diseases (Wes et al., 2016).

The microglial transcriptome during aging

Murine aged microglia
During aging, microglia undergo several phenotypic changes including in 
morphology and function (Spittau, 2017). The microglial phenotype in aging was 
extensively studied in a mouse model of accelerated aging that is marked by 
genotoxic	stress	due	to	deficiency	of	the	DNA-repair	protein	Ercc1. Microglia in 
generic	Ercc1	mutant	mice	have	a	hyper-ramified	morphology	accompanied	by	
increased proliferation rates. Upon LPS stimulation, microglia from Ercc1 mutant 
mice showed an enhanced expression of pro-inflammatory cytokines (Il1β, Il6, 
Tnfα), enhanced phagocytic activity, and reactive oxygen species production 
when compared to wild type mice. This exaggerated responsiveness of microglia 
in	aged	and	in	Ercc1	deficient,	accelerated-aging	mice	is	referred	to	as	priming.	
The	 primed	 immune	 state	 was	 confirmed	 by	 transcriptional	 profile	 analysis,	
identifying an upregulation of genes associated with immune-related signaling 
pathways (Raj et al., 2014). This microglial phenotype was also observed in 
mice where the Ercc1	deficiency	was	targeted	to	forebrain	neurons.	These	data	
suggest that genotoxic stress in neurons could induce the observed primed state 
in microglia. 
 Overall, aging seems to induce a phagocytic and antigen presentation 
gene	expression	profile	when	microglial	transcriptomes	of	young	and	old	mice	
are compared. Microarray analysis of pure microglia from young and old mice 
showed	that	aged	microglia	obtain	a	gene	expression	profile	that	is	characterized	
by upregulation of genes involved in phagocytosis (including Clec7a, Axl), antigen 
processing and -presentation, interferon and cytokine signaling as well as lipid 
homeostasis (including Apoe). The increased phagocytic activity in aged/
senescent	microglia	 is	 confirmed	by	 a	 functional	 phagocytosis	 assay.	 Primed	
microglia are primarily detected in the white matter of the aging murine brain (Raj 
et al., 2017). 
	 Similarly,	Orre	and	coworkers	identified	482	genes	(e.g.	Slp1, Apoe, Il1r2, 
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and Ccr6) more abundantly expressed in cortical microglia at least by two-fold 
in aged mice (15-18 months) when compared to younger mice (2.5 months). 
These genes are involved in processes such as vesicle release, zinc ion binding, 
positive regulation of cell proliferation, lymphocyte activation, and inflammatory 
response, indicating increased microglia-neuron signaling and an inflammatory 
status within the aging murine brain (Orre et al., 2014). 
 Interestingly, microglia in different regions of the mouse brain showed 
divergent sensitivities to aging. Mainly genes involved in immune regulatory 
processes were differentially expressed in microglia upon aging. Cerebellar 
microglia seemed to be most prone to aging-induced transcriptional differences, 
as they differentially express more than the double number of genes at 22 
months of age, when compared to cortical, hippocampal and striatal microglia of 
that age. Most of the differentially expressed genes in 22 months old microglia 
were upregulated genes involved in immunoregulatory functions. Age-related 
transcriptomic changes in cortical and cerebellar microglia occur relatively 
consistent during early (4-12 months) and late (12-22 months) aging. Gene 
expression changes during early aging (4-12 months) are most prominent in the 
striatum and during late aging (12-22 months) in the hippocampus. Microglia lose 
the expression of homeostatic microglial signature genes such as P2ry12/13, 
Tmem119, and Fcrls, most prominently in the cerebellum and to a lesser extent in 
the	hippocampus,	cortex,	and	striatum.	These	findings	suggest	that	in	addition	to	
age-induced effects on microglia in the white matter, age-associated changes in 
microglia	occur	in	a	brain	region-specific	manner	(Grabert	et al., 2016; Raj et al., 
2017).
	 In	contrast	 to	the	general	notion	that	microglia	obtain	a	primed	profile	
(Orre et al., 2014; Grabert et al., 2016; Raj et al., 2017) and are neurotoxic during 
aging and age-related diseases (Block et al., 2007), Hickman and coworkers 
identified	 a	 neuroprotective	 gene	 expression	 profile	 of	microglia	 derived	 from	
the entire brain in aged mice (24 months) due to upregulation of genes involved 
amongst others in the Stat3 and Neuregulin-1 pathways. Aging affects the 
microglia sensome: receptors for endogenous ligands are downregulated while 
receptors for microbial ligands are upregulated (Hickman et al., 2013).

Human aged microglia
An age-related increase in immunoreactivity for inflammatory-related microglial 
markers, CD68 and HLA-DR, as well as increased binding of a PET tracer for 
activated microglia ([11C]-(R)-PK11195)	has	been	 identified	 in	 the	white	matter	
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of human post mortem brain tissue (Raj et al.,	 2017).	Whereas	 these	findings	
indicate that similar to mouse, human microglia adopt a more activated phenotype 
during	 aging,	 transcriptomic	 analysis	 identified	 that	 the	 overlap	 in	 genes	 that	
change expression during aging in mouse and human is very limited. Of note, 
mouse and human microglia overlap extensively with respect to the expression 
of homeostatic signature genes (Galatro, Holtman, et al., 2017).
 In the human transcriptomic dataset (Galatro, Holtman, et al., 2017), 572 
genes were differentially expressed in relation to the age of the donor. 212 genes 
were increased and 360 genes decreased in expression, and many of these 
genes were related to cytoskeleton, motility and immune response processes. 
The top 100 most differential expressed genes in human microglia during aging 
were associated with actin (dis)assembly, cell surface receptors, and genes 
involved in cell adhesion and axonal guidance. Upregulated genes were mainly 
associated with actin (dis)assembly and motility, indicating a loss of microglia 
motility and migration in aged human microglia, a factor that might contribute 
to age-related CNS diseases. Genes involved in cell adhesion, axonal guidance, 
and the sensome cell surface receptors are partially up- and downregulated (e.g. 
P2RY12) (Galatro, Holtman, et al., 2017). 
 The overlap in genes that were differentially expressed during aging 
between humans and mice is very limited (Galatro, Holtman, et al., 2017). Only 
14 upregulated genes overlapped between the human and mouse data and were 
involved in positive regulation of cell-matrix adhesion. Nine genes had a reduced 
expression during aging in both mice and humans, identifying genes as ETS1, 
SEMA7A, MRC2, PSTPIP1, and EMP2 (Galatro, Holtman, et al., 2017). Concluding, 
the response of microglia to aging is different in mice and humans. 
 Although not yet completely understood, microglia seem to obtain an age-
induced immune- activated phenotype during aging, which likely contributes to the 
pathology of neurodegenerative diseases including Alzheimer’s and Parkinson’s 
disease (Block et al., 2007; Collier et al., 2017; Janssen et al., 2017; Spittau, 2017). 
In contrast to mice, human microglia also adapted their cytoskeleton signaling 
during aging (Galatro, Holtman, et al., 2017). 
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The transcriptomic point of view on activated microglia 
phenotypes in neurodegenerative diseases 

A shared feature among different neurodegenerative disorders is microglia-
mediated neuroinflammation (Tang and Le, 2016). This type of microglial 
activation	is	a	first	line	of	defense	in	the	CNS,	but	is	also	described	as	harmful	
(Hanisch and Kettenmann, 2007; Tang and Le, 2016). Microglial activation can 
be observed in different neurodegenerative diseases in which microglia obtain 
specific	phenotypes.	

Alzheimer’s disease
Several AD studies reported activated microglia surrounding Aβ plaques 
(Kamphuis et al., 2016; Keren-Shaul et al., 2017; Krasemann et al., 2017; Yin 
et al., 2017). Plaque-associated microglia in the 5XFAD AD-mouse model (co-
expressed	five	mutations	associated	with	familial	AD)	contain	upregulated	sets	
of	genes	that	overlap	with	the	primed	microglia	transcriptional	profile	(Holtman,	
Raj, et al., 2015), that is characterized by enrichment of genes involved in amongst 
others immune and phagocytic processes, like Apoe, Axl, Clec7a. Key protein 
regulators of those upregulated genes are Tyrobp (Dap12) and Cd11c (Itgax). 
Of note, plaque-associated microglia in 5XFAD mice show an upregulation of 
phagocytosis-associated genes. Interestingly, the same phagocytic markers, 
APOE, AXL, TREM2, HLA-DR are shown to be higher expressed in microglia 
surrounding dense-core plaques of early-onset AD (EOAD) human post mortem 
tissue, when compared to late-onset AD (LOAD) (Yin et al., 2017). In contrast to 
the	finding	that	the	expression	of	TYROBP is unaltered between plaque and non-
plaque associated microglia of LOAD post mortem brain tissue (Yin et al., 2017), 
TYROBP	is	identified	as	a	key	regulator	of	microglial-associated	genes,	based	on	
the construction of a molecular network from autopsied whole brain samples 
of 1647 LOAD and non-demented subjects (Zhang et al., 2013). Kamphuis and 
coworkers	identified	two	distinct	subsets	(CD11cneg and CD11cpos) in the CD11bpos 
microglia population surrounding amyloid beta (Aβ) plaques in APP/PS1 mice. 
Transcriptional alterations are more abundant in the CD11cpos population when 
compared to CD11cneg microglia, including an upregulation of Clec7a, Itgam, Ctsb, 
and Cst7 expression. The CD11cpos microglial population is enriched for genes 
involved in a dampened immune response, carbohydrate and lipid metabolism, 
phagocytosis and lysosomal degradation, suggesting that the CD11cpos population 
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is active in the clearance of amyloid deposition by possibly increased phagocytic 
and lysosomal activity and restriction of the inflammatory response (Kamphuis 
et al., 2016). In contrast, it was recently observed that innate immune activity 
(inflammasome	activity)	of	microglia	leads	to	Aβ	accumulation	in	APP/PS1	mice.	
Although not distinguishing between CD11c microglia subsets, it is shown that 
microglia secrete inflammasome-associated adaptor proteins, called apoptosis-
associated speck-like proteins containing a CARD (caspase recruitment domain; 
ASC).	ASC	proteins	can	go	through	a	cascade	of	modifications	that	lead	to	the	
assembly of large extracellular para nuclear ASC protein complexes, called 
ASC specks. These ASC specks are prone to bind Aβ deposits throughout brain 
tissue	of	AD	patients	and	APP/PS1	transgenic	mice.	They	are	identified	as	the	
key contributors to several AD characteristics, such as the formation of plaques 
and spatial memory loss (Venegas et al., 2017). Concluding, the contradiction 
between the hypothesized function of Cd11cpos	 microglia	 (clearance	 of	 Aβ	
plaques) and the proven function of Cd11bpos	 microglia	 (augmentation	 of	 Aβ	
plaques), might be explained by the fact that Cd11cpos microglia only constitute 
approximately	23%	of	the	total	activated	Cd11b	microglial	population	(Kamphuis	
et al., 2016), whereby its potential neuroprotective function might be overruled by 
the neurotoxic function of the remaining microglia. 
 Interestingly, single-cell analysis of hippocampal microglia from CK-p25 
mice,	a	mouse	model	of	severe	AD-like	neurodegeneration,	identified	a	stepwise	
microglial gene expression trajectory in response to neurodegeneration. One 
week after CK-p25 induction, microglia possess an early-response state, which 
is hallmarked by an upregulation of genes involved in cell cycle, DNA replication, 
and repair. Increased incorporation of the thymidine analog EdU (5-Ethynyl-2´-
deoxyuridine) and microglial density in CK-p25 mice one week after induction, 
confirmed	microglial	proliferation	 in	response	to	early	neurodegeneration.	Two	
and six weeks after disease induction, late-response microglia, show upregulation 
of immune response-related genes, such as Ccl3/4, Apoe, Axl, H2-D1. This 
microglial phenotype can be divided into two immune-activated subtypes that 
are marked by co-regulated genes induced by interferon type I (antiviral and 
interferon response genes) and II (MHC-II complex-related genes), respectively. 
Whether these microglial phenotypes have neuroprotective or neurotoxic 
functions remains unknown (Mathys et al., 2017).
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Multiple Sclerosis
Multiple Sclerosis (MS) lesions have been categorized into i) pre-active lesions, 
characterized by microglia activation in the absence of overt demyelination, 
ii)	 active	 lesions	 with	 massive	 infiltration	 of	 microglia	 and	 monocyte-derived	
macrophages, iii) mixed active/inactive lesions that consist of a hypocellular 
center and a foamy macrophage/microglia-enriched rim with partial 
demyelination and iv) inactive lesions that are absent of cells and completely 
demyelinated. MS lesions are surrounded by normal-appearing white matter, 
where microglial activation may occur as well (Kuhlmann et al., 2017). It is 
very	 difficult	 to	 interpret	 the	 distinct	 roles	 of	microglia	 and	monocyte-derived	
macrophages in MS pathology, since both macrophage populations are 
present in MS lesions (Koeniger and Kuerten, 2017). This mixed cell population 
of microglia and monocyte-derived macrophages has been investigated on 
the transcriptomic level in human MS tissue (Hendrickx et al., 2017; Zrzavy 
et al., 2017). Attempts have been made to decipher the role of microglia and 
peripheral monocytes in an experimental autoimmune encephalomyelitis (EAE, 
myelin-oligodendrocyte-glycoprotein peptide (MOG)-induced) mouse model for 
MS (Yamasaki et al., 2014). Yamasaki and coworkers distinguished microglia 
from	monocyte-derived	macrophages	by	 the	use	of	 genetically	modified	mice	
that express fluorescent proteins (green or red fluorescent proteins) expressed 
under the control of a microglial (Cx3cr1) or monocytic (Ccr2) promoter. The 
study showed that microglia and monocyte-derived macrophages from the 
same tissue have different phenotypes in EAE. At the onset and peak of disease, 
microglia upregulated genes that are involved in the complement system (e.g. 
C1qa, C3, C4), chemotaxis (e.g. Ccl2/4), cell migration and acute inflammation 
(e.g. Il1β, Tnf) and downregulated genes that are involved in cell metabolism. 
In	 contrast,	 the	 gene	 expression	 profile	 of	monocyte-derived	macrophages	 is	
characterized by phagocytosis-, autophagy- and cell clearance-related genes. 
Along	with	the	finding	that	solely	monocyte-derived	macrophages	form	contacts	
at nodes of Ranvier, it was suggested that monocyte-derived macrophages 
initiate demyelination at EAE onset, whereas microglia seem to be responsible for 
the attraction of monocyte-derived macrophages to the CNS and to clear debris 
(Yamasaki et al., 2014). Similar results have been reported in a study that used 
CD44 protein expression levels to distinguish microglia (CD44low) from monocyte-
derived macrophages (CD44high) in EAE. RNA expression analysis of microglia 
and monocyte-derived macrophages from EAE mouse brain tissue reveals that 
macrophages display a more pronounced immune activation phenotype at the 
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peak of EAE, characterized by common activation markers such as MHC-II, CD40, 
CD86. In comparison with monocyte-derived macrophages, microglia upregulate 
genes involved in the uptake of apoptotic cells, the complement signaling and 
chemotaxis at the peak of EAE (Lewis et al., 2014).
 In conclusion, these abovementioned studies suggest that monocyte-
derived macrophages and microglia have different roles during the disease 
progression of EAE. Monocyte-derived macrophages seem to be the mediators 
of demyelination, whereas microglia are primarily responsible for the induction 
of	peripheral	infiltration	to	the	CNS	and	clearance	of	apoptotic	neurons	in	EAE.	
Whether these different macrophage phenotypes exist in human MS pathology 
as well needs to be addressed in future experiments. 

Parkinson’s disease
Microglial activation is initiated by several components, whereas one of the most 
frequently altered genes in PD is α-synuclein (Tang and Le, 2016). The effect 
of this protein on microglial activation is unknown, however, two theories have 
been postulated. Overexpression as well as knockout of α-synuclein lead to the 
activation of BV2 cells, a microglial cell line, evidenced by an increase in cytokine 
production (Rojanathammanee et al., 2011, He et al., 2017). Since in vitro cultured 
microglia do not resemble in vivo microglia, the microglial phenotype associated 
with PD in vivo yet remains to be elucidated.
 Whole tissue lysate small RNA sequence analysis of postmortem 
prefrontal cortex of PD patients (demented and non-demented) and control 
subjects,	identified	a	set	of	29	PD-related	miRNAs	(Hoss	et al., 2016). Interestingly 
two Pu.1 related micro RNA’s (miR146a and miR-155) (Ghani et al., 2011; 
Butovsky et al., 2015) are upregulated in PD subjects, suggesting that microglia 
might be activated in human PD. Single-cell laser captured microglia of human 
postmortem PD brain tissue were used to identify microglial gene expression in 
PD (Mastroeni et al., 2018). Overall, the most differentially expressed genes in 
microglia derived from PD subjects compared to control subjects are involved 
in functions such as aldosterone synthesis and secretion, positive regulation 
of protein complex assembly, focal adhesion assembly, tonic smooth muscle 
contraction, and positive regulation of reactive oxygen species biosynthetic 
processes. 313 genes are differently expressed in microglia located in the 
substantia nigra when compared to the CA1 hippocampal region of PD patients. 
These genes are involved in the behavior, regulation of transport and synaptic 
transmission	 processes.	 The	 above	 findings	 indicate	 regional	 differences	
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in microglial functioning in PD (Mastroeni et al., 2018). Concluding, overall 
the expression pattern of genes in PD points towards microglial activation. 
Unfortunately, the small number of PD microglia transcript studies limit the 
current conclusion. 

Amyotrophic lateral sclerosis 
An activated microglial phenotype was reported in the transgenic SOD1-G93A 
mouse model for ALS, which contains mutations in the human superoxide 
dismutase	1	gene.	The	microglial	phenotype	is	identified	as	a	neurodegeneration-
specific	phenotype	and	differs	from	LPS-activated	microglia	as	well	as	from	M1-	
or M2 macrophages (Chiu et al., 2013). It was shown that microglia in SOD1-G93A 
mice simultaneously upregulate neurotoxic and neuroprotective factors as well 
as proinflammatory-related genes (e.g. Tnfα,	 Il1β). In addition, an upregulation 
of genes that have been associated with AD, including Trem2, Tyrobp and Apoe 
associated with AD are found in microglia from SOD1-G93A mice. Furthermore, 
Apoe is also upregulated in both SOD1-G93A mice and ALS subjects (sporadic 
and familial) (Butovsky et al., 2015). At least for in vitro conditions, Apoe seems 
to	play	a	role	in	forcing	the	“surveilling”	microglia	towards	an	immune-activated	
(M1-like) phenotype (Butovsky et al., 2015). In addition, a downregulation of the 
homeostatic microglial signature genes (including P2ry12 and CD39), TFs (e.g. 
Egr1, Atf3, Fos and Mafb), developmental genes (as Tgfb1, Tgfbr1 and Csf1r) 
and genes related to phagocytic ability, and cell migration were described in 
SOD1-G93A mice (Butovsky et al., 2015). This indicates a suppression of several 
homeostatic microglial functions. Interestingly, the microRNA-155 (miR-155) 
was	identified	to	be	upregulated	in	microglia	of	SOD1-G93A	mice	as	well	as	in	
spinal cord tissue of ALS subjects (Butovsky et al., 2015). 
 Genetic ablation of miR-155 in SOD1 mice causes a delay of the disease 
onset, an extend of the animal survival rates, and reversed the expression of SOD1-
related upregulation of inflammatory genes and downregulation of homeostatic 
genes in microglia. In conclusion, miR-155 seems to be an important factor in 
driving	 the	 phenotypic	 switch	 from	 homeostatic	 to	 SOD1-specific	 activation	
microglia. Therefore miR-155 might be a potential new therapeutic target in ALS 
(Butovsky et al., 2015).
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Microglial core gene signatures associated with different diseases 
Next	 to	 the	 identification	 of	 disease-specific	 microglial	 transcriptomes,	 in	
the	 past	 years	 several	 studies	 have	 addressed	 a	 core	 profile	 of	 microglial	
genes that are dysregulated in multiple neurodegenerative diseases (Holtman, 
Raj, et al., 2015; Keren-Shaul et al., 2017; Krasemann et al., 2017).  
 Massively parallel single-cell RNA-sequencing of CD45+ immune cells 
revealed amongst others the presence of three novel microglial transcriptional 
subpopulations in 5XFAD mice that are not present in wild type animals. Two of 
them are characterized by the expression of genes involved in lipid metabolism 
and	phagocytosis	and	are	specifically	located	near	Aβ plaques in the cortex of 
AD mice, called disease-associated microglia (DAM). DAMs seem to undergo 
a	 cascade	 of	 subsequent	 changes	 in	 gene	 expression	 profiles	 alongside	 the	
progression	 of	 the	 disease.	 The	 first	 step	 includes	 an	 increased	 expression	
of Tyrobp, Apoe and B2m, and reduced expression of microglial homeostatic 
signature genes (Cx3cr1 and P2ry12). There seems to be a Trem2-dependency 
from the second step onwards together with the upregulation of genes involved in 
lipid metabolism and phagocytic activity, such as Lpl, Cst7, Axl and Clec7a. DAMs 
have	also	been	identified	in	post	mortem	human	AD	tissue	and	in	a	mouse	model	
for ALS (mSOD1 mice). Moreover, appearance of DAMs was observed when 
CD11b+ immune cells are compared between brains of young (7 weeks old) and 
aged	(20	months	old)	mice.	These	findings	suggest	that	DAMs	(Keren-Shaul	et 
al., 2017) might have a general neuroprotective function involved in the clearance 
of accumulating proteins observed in aged and age-related neurodegenerative 
diseases brain tissue (Yerbury et al., 2016). 
 In contrast to the hypothesized neuroprotective function of DAMs, 
investigation of bulk microglial transcriptomes in different disease models led to 
the	identification	of	a	microglial	neurodegenerative/-toxic	(MGnD)	phenotype	that	
is dependent on the Trem2-Apoe pathway. These MGnD are found adjacent to Aβ 
plaques in APP/PS1 mice and human AD post mortem brain tissue and in SOD1, 
EAE and aged (17 months) mice. Two major transcriptional changes are observed 
in MGnD: i) the downregulation of microglial homeostatic genes (including 
Tgfb(r), Hexb, P2ry12, Cx3cr1) and transcription factors (including Mef2a, Mafb, 
Sall1) and ii) the upregulation of inflammatory genes (including Axl, Itgax, Clec7a, 
Apoe), leading to a switch from a homeostatic to a neurodegenerative/-toxic 
microglial phenotype. This switch seems to be induced by the phagocytosis of 
apoptotic neurons and is dependent on Trem2-Apoe signaling and accompanied 
by a suppression of the Tgf-β pathway. Depletion of Trem2 in APP/PS1 and SOD1 
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mice suppresses the expression of inflammatory genes, including Apoe, restores 
the homeostatic microglia gene signature and functions and also alleviates 
disease-specific	characterizations	such	as	reduced	Aβ plaques in APP/PS1 mice 
and reduced expression of miR-155 in SOD1 mice. Interestingly, the microglial 
homeostatic phenotype seems to be preserved in human AD patients that carry 
a mutation in the TREM2 gene when compared to AD patients with wild type 
TREM2 (Krasemann et al., 2017).
 Compared to the results of Krasemann and Keren-Shaul, a similar set of 
genes, including Apoe, Axl, Itgax, Lgals3 Clec7a, MHC-II, and Cxcr4, was	identified	
as a commonly upregulated network of genes in different mice models of aging 
(physiological	 aging	 and	 accelerated	 aging	 (24	months;	 Ercc1	 deficient))	 and	
murine disease models (APP/PS1, SOD1) when compared to acute immune 
activation	with	LPS.	This	network	is	classified	as	the	“microglia	priming”	network	
and is associated with functions involved in AD signaling, antigen presentation, 
lysosome and phagosome pathway. In addition, it was found that microglial 
homeostatic	genes	are	suppressed	in	this	“primed”	network. The	“primed”	gene	
expression	network	related	to	microglial	activation	is	contrasting	with	an	“acute”	
activation	network,	specific	for	acute	microglial	 inflammatory	response	to	LPS	
that is marked by an upregulation of genes involved in ribosome, Toll-like receptor 
signaling and NOD-like receptor signaling (Holtman, Raj, et al., 2015).
	 Summarizing,	 different	 studies	 identified	 a	 microglial	 gene	 signature	
associated with multiple diseases that is marked by the downregulation of 
microglial homeostatic signature genes and the upregulation of genes associated 
with inflammation, phagocytosis and lipid metabolism, whereby the two genes 
Apoe and Trem2 seemed to be crucial players. Whereas the upregulation of 
phagocytic genes might imply neuroprotective functions of microglia (Kamphuis 
et al., 2016; Keren-Shaul et al., 2017), recent studies show that microglia also 
seem to have a neurodegenerative/-toxic function in multiple neurodegenerative 
diseases (Krasemann et al., 2017; Venegas et al., 2017).  
 By comparing these aging- and neurodegeneration-associated 
microglial core gene signatures (Holtman, Raj, et al., 2015; Keren-Shaul et al., 
2017; Krasemann et al., 2017), an overlap between the different gene signatures 
(modules) is determined and visualized in Figure 1. 
 A summary of the overlapping aging- and neurodegeneration associated 
genes is depicted in the Venn diagram and are is listed in Table 1 where the 
annotation of gene functions is done with stringDB (Szklarczyk et al., 2017). 
There	are	3	genes	identified	that	are	shared	among	these	three	datasets:	APOE, 
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AXL and IGF1, identifying a very limited overlap of microglial associated disease 
genes between three studies that have investigated similar age-related disease 
mouse models.

3

3 26
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 Holtman et al. (2015)

Krasemann et al. (2017)

Keren-Shaul et al. (2017)

Figure 1: Overlapping gene signatures of microglial core profiles associated with multiple diseases 
identified in three independent studies: Using	the	“primed”	module	of	(Holtman,	Raj,	et	al.,	2015),	the	
DAM	identified	genes	of	(Keren-Shaul	et	al.,	2017)	and	the	commonly	affected	microglial-associated	
disease	genes	 from	 (Krasemann	et	 al.,	 2017),	 3	 genes	were	 identified	 to	 be	 shared	among	 the	3	
microglia disease-associated signature datasets.

Table 1: Gene overlap of microglial core profiles associated with multiple diseases: Consists of the 
overlapping	genes	among	three	microglia	core	profiles.

Gene Overlap Overlapping Genes

Keren-Shaul (2017), 
Krasemann (2017)

BIN1, CCR5, CD34, CKB, CTSD, CX3CR1, ENTPD1, EPB4.1L2, F11R, FSCN1, 
GPR34, GPR56, LGMN, LTC4S, OLFML3, P2RY12, P2RY13, PMEPA1, RHOB, 
SERPINE2, SIGLECH, SLCO2B1, SPARC, SYNGR1, TMEM119 and TREM2

Holtman, Raj (2015), 
Keren-Shaul (2017)

ANK, APLP2, B2M, CD52, CD68, CD9, CLEC7A, CSF1, CST7, CTSB, CTSZ, 
EEF1B2, GRN, GUSB, H2-K1, HIF1A, ITGAX, LGALS3BP, NPC2, PLD3, PSAT1 
and TYROBP

Holtman (2015b), 
Krasemann (2017)

CXCL16, CCL5 and GAS7

Holtman, Raj (2015), 
Krasemann (2017), 
Keren-Shaul (2017)

APOE, AXL and IGF1



70

Chapter 2

Discussion

The diversity of microglial phenotypes can be metaphorically imagined as the 
manifold compositions of colorful crystals seen in a kaleidoscope, whereby 
a change in (micro)environment is functionally equivalent to a rotation of the 
kaleidoscope. Technological developments in next generation sequencing provide 
the	possibility	to	reveal	cell-type	specific	transcriptomes	at	single	cell	resolution.	
Over	 the	 last	 five	 years,	 different	 studies	 have	 concordantly	 established	 the	
microglial gene signatures in mice and humans under homeostatic conditions 
(Gautier et al., 2012; Chiu et al., 2013; Hickman et al., 2013; Butovsky et al., 
2014; Gosselin et al., 2014, 2017; Lavin et al., 2014; Bennett et al., 2016; Galatro, 
Holtman et al.,	2017).	In	addition,	microglia-specific	gene	signatures	in	different	
neurological disease contexts were investigated. Summarizing, it was shown 
that the expression of many of the homeostatic microglial signature genes 
are repressed during aging and age-related CNS diseases. It is expected that 
more transcriptomic studies will follow, especially in regard to neuropsychiatric 
disease, from which transcriptome data sets are currently very sparse. 
	 Identification	of	microglial	genes	that	are	highly	expressed	and	shared	
between different neurodegenerative diseases and aging might result in the 
identification	of	regulators	that	can	alter	affected	pathways	in	multiple	diseases.	
Thus far, three disease-associated core signatures of microglia have been 
identified	 (Holtman,	 Raj,	 et al., 2015; Keren-Shaul et al., 2017; Krasemann et 
al., 2017). Although, microglial transcriptomes under similar conditions (aging 
and models for AD, MS, ALS) have been evaluated in these three studies, only a 
limited	overlap	of	genes	is	identified	(see	Figure 1), indicating that other factors 
might have influenced the transcriptional outcome. Figure 2 depicts examples 
of parameters, such as development, aging, sex, diseases and experimental 
procedures, that were shown to influence microglial transcriptomes and might 
have led to the different results of the above-mentioned studies. In order to 
identify	a	“pure”	microglial	core	signature	related	to	multiple	CNS	diseases,	the	
only deviating factor between the compared datasets should be “disease/disease 
model”.	Obviously,	this	criterion	is	difficult	to	meet	in	a	laboratory	setup	and	is	
mere impossible in datasets derived from the human population. Conversely, the 
question arises whether the overlap of disease-associated microglial datasets, 
that	are	influenced	by	other	factors,	 indeed	identifies	a	universal	regulator	that	
is most important for all different investigated disease phenotypes. In view of 
the fact that research is often pursued in order to identify drug targets for human 
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diseases,	it	is	questionable	if	identification	of	a	multiple	disease-associated	core	
signature of microglia will lead to a universal drug target for multiple diseases or 
whether	disease	specific	regulators	might	be	more	suitable	as	drug	targets.	

Species

Heterogeneity
Sex

Disease

Experimental 
procedures

AgeOntogeny

Figure 2: The kaleidoscope of microglial phenotypes: complexity of determining a microglial core 
profile associated with multiple diseases:	This	figure	depicts	examples	of	factors	that	impinge	on	the	
microglia epigenome and transcriptome. Seven factors are depicted: brain region, ontogeny, disease, 
age, sex, experimental procedures and species. The influence of these factors on the transcriptome 
converge in the center of the grey rim. This rim represents the imprint of these factors on the 
epigenome, which yet remains to be revealed.

Current studies have delineated the influences of several environmental events 
(Figure 2)	 on	 the	 microglial	 transcriptome.	 These	 findings	 indicated	 that	
microglia	“imprint”	different	events	on	their	(epi)genome	and	that	imprints	that	
occur early in life can possibly influence microglial phenotype over the entire 
lifespan of an animal. Although the precise microglial turn-over rate is not yet 
completely	clarified,	microglia	seem	to	be	quite	long-lived	cells	further	supporting	
a potential role of epigenetics in regulating microglial function. Investigation of 
the microglial epigenetic landscape under homeostasis has already provided 
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valuable insight in the (micro)environmental-induced dynamics of chromatin 
modifications	and	how	these	affect	gene	expression	(Gosselin	et al., 2014, 2017; 
Lavin et al., 2014). Although currently unknown, investigation of the microglial 
epigenetic landscape in context of CNS diseases, would reveal the link between 
the CNS-disease related microenvironment and the corresponding transcriptome 
and	would	definitely	contribute	to	a	better	understanding	of	the	role	of	microglia	
in the pathophysiology of CNS diseases. 
 One of the recent developments in sequencing technology is the ability to 
decipher transcriptomes and epigenomes at the resolution of a single cell (Clark 
et al.,	2016).	The	identification	of	single	cell	transcriptomes	and	epigenomes	will	
greatly facilitate the characterization of distinct microglial phenotypes under 
particular conditions, ranging from (ab)normal development to neurodegenerative 
disease,	and	allow	for	a	detailed	and	sophisticated	functional	classification	of	
microglial phenotypes.
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Abstract

Microglia	are	specialized	macrophages	of	the	central	nervous	system	and	first	
to	react	to	pathogens	or	injury.	Over	the	last	decade,	transcriptional	profiling	of	
microglia	significantly	contributed	to	our	understanding	of	their	functions.	In	the	
case of human CNS samples, either potential pathology in the case of surgery 
samples, or a post-mortem delay (PMD) in tissue access and collection, are 
potential	 factors	 that	 affect	 gene	expression	profiles.	To	determine	 the	 effect	
of	 PMD	 on	 the	 microglia	 transcriptome,	 we	 first	 analyzed	 mouse	 microglia,	
where genotype, ante-mortem conditions and PMD can be controlled. Microglia 
were isolated from mice after different PMDs using fluorescence-activated cell 
sorting.	The	 number	 of	 viable	microglia	 numbers	 significantly	 decreased	with	
increasing PMD, but even after a 12 h PMD, high-quality RNA could be obtained. 
PMD had very limited effect on mouse microglia gene expression, only 50 genes 
were differentially expressed between different PMDs. These genes were related 
to mitochondrial, ribosomal and protein binding functions. We examined the 
expression of the human homologs of these PMD-related mouse microglia genes 
in human microglia transcriptomes we previously generated. 31 of the 50 PMD-
associated mouse genes had human homologs, and an altered gene expression 
in human microglia in relation to PMD. This study provides a set of genes that 
shows genes expression changes in relation to PMD, both in mouse and human 
microglia. Although the gene expression changes detected are relatively subtle, 
these genes need to be accounted for when analyzing microglia transcriptomes 
generated from samples with different PMDs.
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Introduction

Post mortem human brain tissue is a valuable resource to study the etiology and 
pathology of neurological disorders and neurodegenerative diseases. However, 
when dealing with human brain tissue, variations in ante-mortem conditions and 
post-mortem delay (PMD) are inevitable. As degradation of RNA was shown to 
result in false positive observations in RNA sequencing (Gallego Romero et al., 
2014; Sigurgeirsson, Emanuelsson and Lundeberg, 2014), successfully isolating 
high quality mRNA is of paramount importance.
 Previous research showed conflicting results on how PMD affects 
the stability of RNA in brain tissue. In some studies, total RNA was shown to 
be well-preserved in the post-mortem brain tissue, and RNA degradation did 
not correlate with the PMD (Johnson, Morgan and Finch, 1986; Kobayashi et 
al., 1990; Cummings et al., 2001; Ervin et al., 2007; Robinson et al., 2016), but 
rather with other factors as tissue handling, brain pH (homogenate) and agonal 
state (Harrison et al., 1995; Preece and Cairns, 2003; Durrenberger et al., 2010; 
Robinson et al., 2016). In addition, degradation of selective gene transcripts was 
monitored from tissues with different post-mortem intervals by polymerase chain 
reaction	(PCR),	and	no	correlation	between	degradation	of	specific	mRNAs	and	
post-mortem interval were detected (Kobayashi et al., 1990; Heinrich et al., 2007; 
Koppelkamm et al., 2011).
 However, these studies were all based on the analysis of a restricted 
set of transcripts. Therefore, it is essential to address the effect of PMD on 
mRNAs genome-wide with microarrays or RNA-Seq, to determine whether 
PMD affects a subset of gene transcripts that are potentially more susceptible 
to PMD-related degradation. In a microarray study of PMD influence on mRNA 
degradation	in	mouse	brain	tissue,	Catts	et	al.	identified	a	subgroup	of	mRNAs	
with a 3’ untranslated region (3’UTR) AUUUA motif that were more susceptible 
to PMD-related RNA degradation (Catts et al., 2005). In a different microarray 
study, more than 8 h of PMD at room temperature (RT) was shown to affect the 
stability of isolated mRNA in mouse brain (Trotter, Brill and Bennett, 2002). For 
human brain tissue, Birdsill and coworkers used a PCR-based array to determine 
gene expression levels in 79 frozen cerebellar cortex samples with different post-
mortem intervals. The expression level of a great proportion of genes decreased 
with PMD (65 out of 89) (Birdsill et al., 2011). In contrast, several microarray studies 
showed	that	PMD	had	no	significant	effect	on	RNA	integrity	and	the	expression	
profile	 of	 human	 brain	 tissues	 (Tomita	et al., 2004; Popova et al., 2008). It is 
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postulated	that	PMD-related	mRNA	degradation	is	tissue-specific,	gene-specific,	
and even genotype-dependent (Zhu et al., 2017; Ferreira et al., 2018). Although 
the	specific	reason	is	unknown,	PMD	has	limited	impact	on	the	transcriptomes	
of human brain compared to other tissues (Zhu et al., 2017; Ferreira et al., 2018).

Microglia are the tissue-resident macrophages of the central nervous system 
(CNS)	and	the	first	to	respond	during	CNS	dysfunction	and	disease.	Fluorescence-
activated cell sorting (FACS) enables isolation of microglia from fresh post-
mortem	brain	tissue.	Over	the	last	decade,	gene	expression	profiling	of	microglia	
has greatly contributed to our understanding and characterization of these cells, 
both under normal and disease conditions (Gerrits et al., 2019). However, it is 
unknown whether PMD affects microglia transcriptomes and it is important 
to determine how faithfully microglia isolated from samples with PMD reflect 
acutely isolated microglia. Here, we isolated microglia using FACS from mice 
after different post-mortem intervals. PMD led to an extensive reduction in the 
number of viable (DAPIneg) microglia in mice. However, high quality of RNA was 
still isolated from the remaining microglia, irrespective of PMD. Overall, PMD 
had a limited effect on microglia gene expression in mice, but a set of genes 
was changed after PMD. This mouse PMD-related microglia gene set was 
further investigated in our previously generated post-mortem human microglia 
transcriptome dataset (Galatro, Holtman, et al., 2017). We observed that PMD also 
affected the expression of these genes in the human microglia transcriptome.
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Materials and methods

Animals
Male C57BL/6 mice (22-25 g; Envigo, the Netherlands) between 8 and 10 weeks 
of age were used in all experiments. Mice were raised on a 12 h light/dark cycle 
with food and water available ad libitum and were housed in group of 4 per cage. 
All experiments were performed in the Central Animal Facility of the UMCG, with 
protocol (15360-03-003) approved by the Animal Care and Use Committee of the 
University of Groningen. Mice were terminated by cervical dislocation and left at 
RT for 0, 4, 6, 12 and 24 h.

Microglia isolation from mouse brain
Microglia were isolated from adult mouse brain using the protocol as described 
before (Galatro, Vainchtein, et al., 2017). Briefly, brains were isolated and triturated 
using a tissue homogenizer. Homogenized brain samples were passed through 
a 70 µM cell strainer to obtain single cell suspensions. Cells were centrifuged 
at	 220	 g	 for	 10	min	 at	 4°C	 and	 the	 pellets	were	 resuspended	 in	 24%	 Percoll	
(GE Healthcare, 17-0891-01) gradient buffer. 3 mL dPBS was pipetted onto a 
gradient buffer and myelin was removed by centrifuging at 950 g for 20 min at 
4°C (accelerate 4 and brake 0). Cell pellets were incubated with the antibodies 
CD11b-PE (eBioscience, 12-0112-82), CD45-FITC (eBioscience, 11-0451-85), and 
Ly-6C-APC (Biolegend, 128025). Microglia were FACS-sorted as DAPIneg CD11bhigh 
CD45int Ly-6Cneg events. 

Library preparation
Total RNA was isolated from sorted microglia using the RNeasy Plus Micro Kit 
(Qiagen, 74034). RNA quantity and quality were analyzed using an Experion 
electrophoresis system (Bio-Rad Laboratories, Hercules, CA, USA). Sequencing 
libraries were prepared with the Quant Seq 3’ mRNA-Seq Library Prep Kit FWD 
(Lexogen, 015.96).

RNA-Seq data analysis
Read	 trimming	 was	 first	 performed	 with	 Trim	 Galore	 (version	 0.4.5).	 Next,	
trimmed reads were aligned to the mouse genome (reference genome GRCm38 
using the gene annotation from ensembl release 92) using HISAT2 (version 2.1.0) 
(Kim, Langmead and Salzberg, 2015; Kim et al., 2019). FeatureCounts of the 
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Subread	package	(version	1.6.2)	was	used	for	reads	quantification	(Liao,	Smyth	
and Shi, 2014). Raw read counts were imported into R and normalized using the 
Bioconductor package DESeq2 package (Love, Huber and Anders, 2014). Lowly 
expressed	genes	(rowSums	<	1)	were	filtered	out.	Since	mouse	samples	were	
generated from two separated isolations, data was normalized using ComBat 
(Johnson, Li and Rabinovic, 2007). This method uses an empirical Bayesian 
framework which can used to reduce known batch effects. Next, differentially 
expressed	genes	were	identified	with	the	rowttests	function	from	the	genefilter	
package (version 1.66.0), a function that compares two conditions and returns 
the mean difference and respective p-value. The function qvalue (version 2.16.0) 
was performed to calculate the q-value from the obtained p-values. Genes with 
a	q-value	<	0.1	were	considered	to	be	significant	and	were	used	to	be	visualized	
in a heatmap. Hierarchical clustering on the subset was used to determine the 
number of clusters. Gene ontology (GO) term enrichment analysis was performed 
using Metascape (http://www.metascape.org/). 

Statistical analysis
The analyses of the correlation between PMD time and median counts of PMD-
related genes (excluding MT-CYTB and MT-ND1), as well as the correlation 
between PMD time and average counts of MT-CYTB and MT-ND1, were done using 
Pearson correlation using Graphpad Prism v.6 (Graphpad Software, La Jolla, CA). 
For the comparisons between sample cluster 1 and cluster 2, unpaired t-test was 
used.	The	significance	level	for	all	tests	was	set	at p < 0.05.



81

The effect of post mortem delay on the microglial transcriptome

3

Results

The effect of post-mortem delay on mouse microglia numbers and RNA 
quality
Microglia were FACS-sorted as DAPIneg Ly-6Cneg CD11bhigh CD45int events from 
mice with PMDs of 0, 4, 6, 12 and 24 h (Figure 1A). The number of FACS-isolated 
microglia	significantly	decreased	with	increasing	PMD	(Figure 1B). The number 
of microglia isolated from mice 24 h after a 24 h PMD was so low (average 
number: 3.97 K), that this group was not included in subsequent gene expression 
profiling	and	analysis.	RNA	was	 isolated	from	0,	4,	6	and	12	h	PMD	microglia.	
Remarkably, PMD had no effect on the integrity of the RNA isolated from DAPIneg 
Ly-6Cneg CD11bhigh CD45int microglia (Figure 1C).
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Figure 1: The effects of PMD on FACS-sorted mouse microglia numbers and RNA quality: (A) FACS 
plots depicting the sorting strategy of DAPIneg Ly-6Cneg CD11bhigh CD45int microglia. A decreased in the 
percentage of microglia was observed in gate R5. (B) Dot plot depicting the number of microglia 
sorted from entire mouse brains at different PMD times (n = 4 mice per PMD). (C) Dot plot depicting 
RIN values of RNA extracted from sorted DAPIneg Ly-6Cneg CD11bhigh CD45int microglia at different PMD 
times (n = 4 mice per PMD). A one-way ANOVA followed by a Bonferroni correction for multiple 
comparisons	was	performed	to	assess	significance.	**,	p <	0.01;	***,	p < 0.001.
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The effect of post-mortem delay on the mouse microglia transcriptome
To determine the effect of PMD on microglia gene expression, we performed 
RNA-Seq on microglia RNA samples with four post-mortem time intervals: 0, 4, 
6 and 12 h. Principal component analysis (PCA) indicated that gene expression 
profiles	of	samples	with	a	PMD	of	0	and	4	h	were	similar,	but	the	6	and	12	h	PMD	
samples clearly segregated, indicative of an altered transcriptome (Figure 2A).
 Next, differential gene expression analysis by pairwise comparisons was 
performed.	Out	 of	 15,554	 detected	 genes,	 50	 genes	 significantly	 altered	 after	
PMD (q-value < 0.1). Complete linkage clustering of these 50 genes revealed 
three clusters (Figure 2b). Genes in cluster 1 were most abundantly expressed in 
the 0 h PMD samples (Figure 2B). GO analysis indicated these genes were related 
to membrane organization (GO:0061024). In addition, Them4, Irgm1, Dpy30, 
Zfp747 and Bbs10 expression decreased with increasing PMD and these genes 
are related to protein binding (GO:0005515). Sag is related to phosphoprotein 
binding (GO:0051219) and opsin binding (GO:0002046). Myo18a is related 
to	 actin	 filament	 binding	 (GO:0003779).	 Decreased	 expression	 of	 these	 gene	
suggested PMD influenced microglia membrane organization. 
 The expression of genes in cluster 2 increased with PMD (Figure 2b). This 
cluster consisted of many genes that are related to mitochondrial and ribosomal 
functions, such as Mrps36, Rpl41, mt-Cytb, mt-Nd1, Rps23. Interestingly, several 
genes	related	to	protein	binding	(GO:0005515)	were	also	identified	in	this	cluster	
but their expression increased with PMD: Ankrd39, Fkbp3, Ikbip, Cir1, Stk11, Tpt1. 
The expression levels of cluster 3 genes also decreased with increasing PMD 
progression and this decrease was most prominent at 12 h PMD (Figure 2B). Six 
out of eight genes in this cluster were related to protein binding (GO:0005515): 
Dnajb5, Smurf2, Vgll4, Pik3c2b, Stxbp1, Golph3l, Gna13.
 In summary, the expression levels of several genes were altered in 
microglia with increasing PMD. The expression of genes related to mitochondrial 
and ribosomal functions increased with PMD. Genes involved in protein binding 
were	also	significantly	affected,	and	their	expression	levels	either	 increased	or	
decreased with longer PMD.
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Figure 2: The effect of PMD on the mouse microglia transcriptome: (A) PCA analysis of microglia 
samples with different PMD. Each dot represents a mouse (n = 4 per PMD) B) Heatmap depicting row 
z-scores	of	50	microglia	PMD-related	genes	in	mouse	microglia	identified	by	pairwise	comparisons	
with a cutoff q-value < 0.1. These genes were unsupervised hierarchically clustered into 3 gene 
clusters.

Effect of post-mortem delay on human microglia transcriptome
A previously published RNA-Seq dataset was used to determine whether the 
expression	levels	of	these	PMD-associated	specific	genes	was	altered	in	human	
microglia transcriptomes generated from post mortem sample (Galatro, Holtman, 
et al., 2017). Of the 50 PMD-associated genes in mouse microglia, 31 human 
homologs	were	identified.	Hierarchical	clustering	of	these	31	genes	in	the	human	
microglia gene expression data resulted in 2 clusters (Figure 3A). Samples in 
cluster	1	showed	significantly	higher	expression	of	PMD-related	genes	compared	
to cluster 2 (Figure 3B) with the exception of MT-CYTB and MT-ND1 of which 
expression was	significantly	 lower	 in cluster 1 and higher in cluster 2 samples 
(Figure 3C). Gene expression changes in these clusters did not associate with 
the age of the donors. 
	 Cluster	1	contained	significantly	more	samples	with	shorter	PMD	than	
cluster 2 (Figure 3A and Figure 3D). Genes in clusters 1 and 3 had similar gene 
expression patterns in mouse and human microglia, with a lower expression level 
in samples with relatively longer PMDs (Figure 3A). However, expression level 
of genes in cluster 2, with the exception of MT-CYTB and MT-ND1, was lower in 
samples with relatively longer PMDs in humans, which is different from what was 
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Figure 3: The effects of PMD on the human microglia transcriptome: (A) Line and ribbon graphs 
depict expression pattern of mouse genes with a human homologue, divided into 3 gene clusters 
that	were	previously	identified	in	mouse	microglia	(left).	The	y-axis	indicates	expression	values,	and	
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samples were clustered into 2 groups, based on the gene expression of PMD-related homologs. (B,C) 
Bar plots depicting the median gene expression of PMD-related genes excluding MT-CYTB and MT-
ND1 (B) and mean expression of MT-CYTB and MT-ND1 (C) for each individual human sample. The 
PMD	for	each	human	sample	is	indicated.	An	unpaired	t-test	was	performed	to	assess	significance.	
***,	p	<	0.001;	****,	p	<	0.0001.	(D)	Dot	plot	depicting	the	PMD	of	the	samples	in	clusters	1	and	2.	An	
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CYTB	and	MT-ND1	(F)	to	PMD	time.	Results	show	linear	regression	lines	with	95	%	confidence	limits	
and	Pearson	r	values	with	p	values	indicating	degree	of	significance.	**,	p	<	0.01.
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observed in mice (Figure 3A). 
 Next, a correlation analysis between PMD time and PMD-related genes 
in the human dataset was performed. The MT-CYTB and MT-ND1 genes were 
analyzed separately from the other PMD-related genes in view of their reciprocal 
expression patterns (Figure 3A).	 A	 near-significant	 (p = 0.0578) negative 
correlation between the median counts of PMD-related genes (except MT-CYTB 
and MT-ND1) and PMD time was observed (Figure 3E).	In	contrast,	a	significant	
(p = 0.0052) positive correlation was observed for MT-CYTB and MT-ND1 (Figure 
3F). These data show that the expression of genes affected by PMD in mice 
were also altered by PMD in human microglia, however the directionality of these 
effects was only partly overlapping between human and mouse microglia.
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Discussion 

Microglia can be isolated from post-mortem human brain samples or from 
tissues	 obtained	 during	 surgery,	 but	 expression	 of	microglia-specific	 genes	 is	
rapidly lost in culture (Gosselin et al.,	2017).	Cultured	microglia	lack	brain-specific	
signals that are necessary to maintain microglia phenotypes (Gosselin et al., 
2017).	Therefore,	profiling	of	acutely	isolated	microglia	is	of	vital	importance	for	
understanding microglia transcriptional signatures both in health and disease. 
Acutely isolated microglia from human tissue is challenging to investigate, due to 
limited sample sizes, and ante-mortem effects like medical history, comorbidities, 
medication and technical variations in sample processing. Additionally, samples 
obtained from surgery or with PMD consists of other cofounding factors. Surgery 
obtained tissue consists of a pathology, and is often obtained from various tissue 
regions, and samples with a PMD is challenging due to post-mortem effects and 
tissue handling. Using mice with the same genetic background, we were able 
to determine the PMD effects on microglia, where ante-mortem conditions and 
post-mortem delay can be tightly controlled. To minimize ex vivo activation and 
related transcriptional changes, we performed the mechanical dissociation and 
Percoll gradient separation at low temperature (Galatro, Vainchtein, et al., 2017).
 Although the number of isolated microglia decreased with increasing 
PMD, high quality RNA was still obtained from microglia, even after 12 h PMD. 
Surprisingly, viable microglia (DAPIneg Ly-6Cneg CD11bhigh CD45int) could be 
isolated from the mouse brains even 24 h after death. But the number of viable 
microglia decreased sharply with increasing PMD. Microglia gene expression 
was	only	moderately	 affected	by	PMD,	 as	only	 50	genes	displayed	 significant	
PMD-associated changes in expression, out of 15,554 genes detected. Human 
homologs of these PMD-associated mouse genes were investigated in microglia 
transcriptomes generated from human post-mortem samples (Galatro, Holtman, 
et al., 2017). The expression of 31 homologs genes was also altered in human 
microglia in relation to PMD, although their directionality was not always as 
observed in mouse microglia. The observed discrepancies between human 
and mouse microglia in terms of PMD effects could be caused by unavoidable 
confounding factors of human post-mortem brain, different isolation methods, or 
intrinsic differences between human and mouse microglia.
 Although the effects of PMD on the microglia transcriptome have not 
been studied before, some studies showed that PMD had a limited effect on the 
brain transcriptome. Sobue and coworkers used microarrays to compare gene 
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expression	profiles	of	mouse	brain	and	 liver	samples	with	three	different	PMD	
conditions: i) immediately after death, ii) after 3 h at room temperature, and iii) 
after	 storage	at	 4	 °C	 for	 18	h.	They	 found	 that	 87.6%	of	 the	 transcripts	 (total	
45,141 genes/probes) were not affected by PMD (Sobue et al., 2016). In another 
study, mouse brain transcriptomes were analyzed immediately after death and 
after increasing PMD. Moderate changes were detected after 8-24 h PMD at room 
temperature: 365 of the 588 genes detected by the microarrays were unaffected 
by PMD (Trotter, Brill and Bennett, 2002). Two other studies systematically 
investigated the effects of PMD on gene expression in various human tissues 
and detected no effects of PMD on the cerebellum and very limited influence on 
the cerebral cortex; only 105 genes were differentially expressed with a cutoff 
FDR < 0.05 in the cerebral cortex (Zhu et al., 2017; Ferreira et al., 2018). Some 
of the genes that were affected during PMD in brain or other tissues were also 
identified	in	our	study.	Ikbip was shown to be upregulated with PMD, and Zfp617 
was shown to be downregulated with PMD in mouse brain (Figure 2B) (Sobue 
et al., 2016). For humans, Zhu and coworkers reported that SEPHS2 (in aorta 
artery), NT5DC3 (in thyroid), MYO18A (in lung and skeletal muscle), FKBP3 (in 
esophageal mucosa), IKBIP (in whole blood), TPT1 (in skeletal muscle), GNA13 
(in skeletal muscle) were downregulated with PMD (Zhu et al., 2017). However, 
no overlap was observed between our human microglia PMD-associated genes 
and their human brain PMD-associated genes.
	 Over	 the	 last	decade,	 transcriptional	analysis	of	purified	microglia	has	
greatly contributed to our understanding and characterization of these cells, both 
under normal and disease conditions (Gerrits et al., 2019). Thus, understanding 
common post-mortem changes in gene expression, as presented in this study, is 
of importance to identify biological changes rather than PMD effects on microglia 
gene	expression	profiles.
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Abstract

Microglia are tissue-resident macrophages of the central nervous system 
(CNS), and important for CNS development and homeostasis. In the adult CNS, 
microglia monitor environmental changes and react to tissue damage, cellular 
debris	 and	 pathogens.	 Here,	 we	 present	 a	 gene	 expression	 profile	 of	 purified	
microglia isolated from the rhesus macaque, a non-human primate, that consists 
of 666 transcripts. The macaque microglia transcriptome was intersected with 
the	 transcriptional	 programs	 of	 microglia	 from	mouse,	 zebrafish,	 and	 human	
CNS tissues, to determine (dis)similarities. This revealed an extensive overlap of 
342	genes	between	the	transcriptional	profile	of	macaque	and	human	microglia,	
and	showed	that	the	gene	expression	profile	of	zebrafish	is	most	distant	when	
compared to other species. Furthermore, a evolutionair core based on the 
overlapping	gene	expression	signature	from	all	four	species	was	identified.	This	
study	presents	a	macaque	microglia	transcriptomics	profile,	and	identifies	a	gene	
expression program in microglia that is conserved across species, underscoring 
their CNS-tailored tissue macrophage functions as innate immune cells with 
CNS-surveilling properties.
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Introduction

Microglia, the macrophages of the central nervous system (CNS), account for 
approximately	10%	of	the	cells	in	the	CNS	(Lawson	et	al.,	1990;	Mittelbronn	et	al.,	
2001), and are important for the maintenance of tissue homeostasis. Microglia 
scan their surrounding microenvironment and upon homeostatic disturbances or 
infection, they become activated, secrete inflammatory cytokines, phagocytose 
cellular debris, and support tissue remodeling (Kettenmann et al., 2011; Holtman 
et al., 2015). In case of an inflammatory insult or tissue damage, microglia can 
transition into a range of activation states, which are often accompanied by 
changes in both morphology and gene expression (Nimmerjahn, Kirchhoff and 
Helmchen, 2005; Block, Zecca and Hong, 2007; Hickman, Allison and El Khoury, 
2008; Gomes-Leal, 2012; Hickman et al., 2013). 
	 Genome-wide	gene	expression	profiling	of	mouse	microglia	revealed	a	
gene expression program distinct from other CNS cell types and other tissue-
resident macrophages (Hickman et al., 2013; Galatro, Holtman, et al., 2017). 
These	 microglia-specific	 genes	 reflect	 the	 functional	 properties	 of	 microglia	
like phagocytic activity and innate immunity but also CNS-tailored functions 
like neuronal support (Sierra et al., 2010; Cunningham, Martinez-Cerdeno and 
Noctor, 2013) and synaptic pruning (Wake et al., 2009; Paolicelli et al., 2011). 
Expression	 profiling	 studies	 of	 microglia	 primarily	 have	 been	 performed	 in	
humans and rodents. Transcriptome analysis of human microglia indicated an 
extensive	overlap	with	the	gene	expression	profile	of	mouse	microglia	(Galatro,	
Holtman, et al., 2017; Gosselin et al., 2017). However, there are also differences 
between microglia from humans and commonly used animal models, especially 
with regards to aging-associated changes in gene expression (Galatro, Holtman, 
et al., 2017; Gosselin et al., 2017). In mice, genes encoding proteins involved in 
the recognition of endogenous ligands are downregulated while genes required 
for microbe recognition and host defense were more abundantly expressed 
(Hickman et al., 2013). In humans, changes were observed in genes involved in 
cell adhesion, axonal guidance and actin (dis)assembly (Galatro, Holtman, et al., 
2017).	Recently,	an	extensive	study	reported	a	transcriptional	profile	of	microglia	
from species spanning 450 million years of evolution (Geirsdottir et al., 2019). 
Microglia in different species are considered to be quite similar and displayed 
relatively homogenous homeostatic states; but human microglia were reported to 
be most heterogeneous. Comparison of rodents and primate microglia revealed 
gene expression differences (Geirsdottir et al., 2019). 
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 Primates, like the rhesus macaque (Macaca mulatta), are phylogenetically 
closely related to humans (Evogenao, no date) and of value (Phillips et al., 2014). 
A detailed characterization of (dis)similarities between microglia from primate 
and other mammals or eukaryotes might lead to a better understanding of human 
biology and the vulnerability of the human CNS to pathology (Medical Research 
Council (MRC) and Wellcome Trust, no date). 
	 In	 this	 study,	microglia	 gene	 expression	profiles	 isolated	 from	healthy	
rhesus macaques were generated and compared to the human microglia (Homo 
sapiens) transcriptome (Galatro, Holtman, et al., 2017). Microglia gene expression 
profiles	 from	zebrafish	 (Danio	 rerio)	 (Oosterhof	 et	 al.,	 2017)	 and	mouse	 (Mus	
musculus) (Hickman et al., 2013) were used in a meta-analysis to identify a core 
microglia	profile	shared	by	these	four	species.
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Materials and Methods

Animals
Data reported in this study was acquired from the subcortical frontal brain region 
of rhesus macaques (Macaca mulatta) (Zuiderwijk-Sick et al., 2007). Brain tissues 
of donor monkeys were collected during necropsy from the out bred colony 
that is maintained at the Biomedical Primate Research Centre in Rijswijk, The 
Netherlands. This facility complies with the Dutch law on animal experiments. 
Detailed information on animals that were included in our study, such as age and 
sex, are listed in Suppl. Data 1.

Microglia isolation
Microglia were isolated as previously described (Galatro, Vainchtein, et al., 
2017). In brief, rhesus macaque brain tissues were collected in ice-cold HBSS 
(Lonza,	Switzerland)	supplemented	with	15	mM	HEPES	(Lonza)	and	0,6%	(wt/
vol) glucose (Sigma-Aldrich, USA). Brain tissues were minced and mechanically 
dissociated	using	a	glass	tissue	homogenizer	followed	by	a	filtering	step	using	a	
300 µm sieve and followed by a 106 µm sieve to obtain a single-cell suspension. 
Cells were pelleted by centrifugation at 220 x g for 10 min (acc: 9, brake 9, 4 °C). 
The	pellet	was	resuspended	in	a	solution	of	22%	Percoll	(GE	Healthcare,	UK),	40	
mM	NaCl	and	77%	myelin	gradient	buffer	(5,6	mM	NaH2PO4,	20	mM	Na2HPO4,	
140 mM NaCl, 5,4 mM KCl, 11 mM glucose, pH 7.4). A layer of PBS was added 
on top and this gradient was centrifuged at 950 x g for 20 min (acc: 4, brake: 
0, 4 °C) to separate the cells from the myelin. The myelin layer and remaining 
supernatant were carefully removed and the pellet was resuspended in a solution 
of	60%	Percoll,	which	was	overlaid	with	respectively	30%	Percoll	and	PBS,	and	
centrifuged at 800 x g for 25 min (acc: 4, brake 0, 4 °C). The cell layer at the 60–
30%	Percoll	 interface	was	collected	with	a	pre-wetted	Pasteur	pipette,	washed	
and cells were pelleted by centrifugation at 600 x g for 10 min (acc: 9, brake: 
9,	4	°C).	The	final	pellet	was	resuspended	 in	HBSS	without	phenol	red	(Lonza)	
supplemented	with	15	mM	HEPES	and	0.6%	glucose.

Staining procedure and fluorescence activated cell sorting (FACS)
Fc receptors were blocked with human Fc receptor binding inhibitor (eBioscience, 
14-9161-73, USA) for 10 min on ice. For sorting, cells were incubated for 20 min 
on ice with anti-human CD11B-PE (BioLegend, 301306, USA) or also with anti-non-
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human primate CD45-FITC (Miltenyi Biotech, 130-091-898, USA) and subsequently 
washed	with	HBSS	without	phenol	red.	The	cells	were	passed	through	a	35-μm	
nylon mesh (BD Biosciences, Switzerland), collected in round-bottom tubes 
(Corning, USA), and sorted with either MoFlow-XDP or MoFlo-Astrios (Beckman 
Coulter). Viable microglia were sorted based on either CD11Bhigh or CD11Bhigh and 
CD45int expression and exclusion for DAPI, and collected in Medium A (Qiagen, 
Germany). Sorted cells were centrifuged at 5000 x g for 10 min and cell pellets 
were lysed in RLT-Plus buffer (Qiagen) for RNA extraction. An important note 
regarding the division of samples into the two cohorts. Initially, the human anti-
antibody CD45 was used in macaque samples, however, this did not work. Later, 
after the release of an anti-non-human primate CD45 antibody, is was possible 
to sort CD11Bhigh/CD45int microglia. Ultimately, this led to the generation of two 
macaque cohorts: CD11Bhigh or CD11Bhigh and CD45int expression.

RNA isolation, library preparation and sequencing 
CD11Bhigh population: Total RNA from FACS-sorted microglia cells was extracted 
using an RNeasy Plus Micro Kit (Qiagen, 74034) and from total tissue using 
RNeasy Lipid Tissue Mini Kit (Qiagen, 74804), according to the manufacturer’s 
protocol. RNA quality and sequencing were similar to the procedures of human 
samples (Galatro, Holtman, et al., 2017). In short, the SMARTer Stranded Total 
RNA-Seq Kit – Pico Input Mammalian (Takara Bio USA, Mountain View, CA, USA). 
cDNA libraries were prepared for 25 macaque microglia samples starting with 
4 ng of total RNA. rRNA fragments were captured and degraded with RiboGone 
probes and enzyme. The remaining RNAs were fragmented by heat in the presence 
of	divalent	cations.	The	 transcript	 for	 the	first-strand	cDNA	was	prepared	with	
reverse transcriptase and random primers. The second-strand cDNA was 
ligated with adaptors and an index of unique sequence were added to cDNA 
fragments. The remaining library fragments were enriched by PCR. Final libraries 
were	quantified	by	Kapa	Sybr	Green	qPCR	Kit	 (Roche	Diagnostics,	Mannheim,	
Germany) and the median size of the libraries determined by TapeStation 2200 
(Agilent Technologies, Santa Clara, CA, USA), using the High Sensitivity D1000 
ScreenTape assay. Libraries were subjected to 2x75 bp paired-end sequencing in 
a NextSeq 500 system (Illumina, San Diego, CA, USA).
CD11Bhigh/CD45int population: Total RNA from FACS-sorted microglia cells were 
extracted using an RNeasy Plus Micro Kit (Qiagen, 74034), according to the 
manufacturer’s protocol. RNA quantity and quality were measured using the RNA 
6000 Pico Kit (Agilent Technologies, USA) or Experion RNA HighSens Analysis Kit 
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(Bio-Rad, USA). Based on RNA quality, 23 samples with a RIN value between 5.0 
and 9.3 were selected for further processing. To reduce ribosomal rRNA reads 
in	RNA	sequencing	 libraries	Poly(A)	selection	 (Bioo	Scientific,	#NOVA-512979,	
USA) was carried out according to the manufacturer’s protocol, using 40ng total 
RNA. Libraries were constructed from this Poly(A) Bead selected RNA using the 
NEXTflex™	 Rapid	 Directional	 qRNA-Seq	 Kit	 (Bioo	 Scientific,	 #NOVA-5130-01D,	
USA).	Libraries	were	quantified	using	the	2100	Bioanalyzer	and	High	Sensitivity	
dsDNA kit (Agilent). Subsequently, individual libraries were pooled in equimolar 
ratios and randomly distributed over two sequencing pools (11 and 12 microglia 
samples	per	pool).	Both	pools,	 including	PhiX	(5%)	as	an	internal	control,	were	
sequenced as a 75bp paired-end, dual index run on a NextSeq 500 system 
(Illumina) at the sequencing facility in the UMCG, Groningen.

Alignment of Rhesus macaque sequencing reads
Total tissue and CD11Bhigh population: The alignment procedure of these 
samples was similar to the procedures previously described (Galatro, Holtman, 
et al., 2017). Sequence quality was determined with FastQC (Andrews, 2015). 
Trimming of low-quality reads and adapters was performed with bbduk of the 
BBTools	suite	(Bushnell,	no	date).	Fastq	files	were	then	aligned	with	SUBREAD	
(version	1.5.1).	After	alignment,	the	sequences	of	the	samples	were	quantified	
with featureCounts (Liao, Smyth and Shi, 2014) (version 1.6.2).
CD11Bhigh/CD45int population:	 In	 the	 NEXTflex	 alignment	 procedure,	 the	 first	 9	
base	pairs,	consisting	of	a	8	base	pair	unique	molecular	identifier	(UMIs)	and	a	
thymine nucleotide, were removed using fastx_trimmer (Hannon Lab, no date) 
(version	0.0.14)	and	saved	 in	a	 separate	file	 that	was	used	 for	 removing	PCR	
duplicates.	Fastq	files	were	aligned	to	the	ensembl	macaque	reference	genome	
(Mmul_8.0.1) using gene annotation from Ensembl release 92 with HISAT2 (Kim, 
Langmead and Salzberg, 2015) (version 2.1.0, default parameters). Data was 
quantified	with	 featurecounts	 (Liao,	 Smyth	 and	 Shi,	 2014)	 (version	 1.6.2)	 and	
further	processed	with	the	NEXTflex	PCR	duplicate	removal	script	(Bioo	scientific,	
2014)	to	correct	for	counts	that	were	obtained	through	technical	amplification.	
The outcome of this step was used for further analysis.
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Analysis of macaque RNA-Seq data
Data was loaded into R and transformed into a DESeq2 (Love, Huber and Anders, 
2014)	 object.	 Not	 expressed	 genes	 were	 filtered	 out	 before	 differential	 gene	
expression analysis. Genes with an FDR < 0.001 and a logFC > 3 were regarded 
as differentially expressed.

Calculation delta percentile 
Quantified	 transcriptomic	 reads	 in	 microglia	 and	 total	 tissue	 samples	 were	
normalized to TPM values, and used to calculate a percentile value. The mean 
values of all samples in a cohort were obtained, that were used to compute an 
empirical distribution that ranges from 0 to 100). Similarities in gene expression 
between	the	two	microglia	cohorts	were	identified	by	calculating	the	Δ	percentile	
using the following formula: abs(distribution condition 1 - distribution condition 
2).	A	small	Δ	percentile	indicates	similarity	in	expression	level.

Macaque microglia profile
Percentile values in each cohort were calculated, and genes in the top 10 percentile 
were considered to be most abundantly expressed. These three lists were 
then compared to determine (i) the highest expressed genes in both microglia 
cohorts, and (ii) the genes most abundantly expressed in the CD11Bhigh/
CD45int	population.	Furthermore,	genes	that	had	a	Δ	percentile	<	20	(previously	
described)	were	retained.	Additionally,	an	expression	distribution	(in	%)	of	each	
gene over total tissue, CD11Bhigh and CD11Bhigh/CD45int was calculated and 
visualized	in	a	tertiary	plot.	Based	on	these	values,	a	60%	percentage	cut	off	was	
used	to	obtain	a	macaque	gene	cluster	with	microglia-specific	expression.	

Gene ontology
Gene ontology (GO) term enrichment was performed with a combination of 
the	clusterProfiler	 and	enrichplot	 libraries	 (Yu	et	 al.,	 2012).	Given	an	 input	 list	
with genes, gene functions with a p-value < 0.05 and q-value < 0.1 were kept 
for	further	analysis.	This	led	to	the	identification	of	various	GO	annotations	that	
were reduced in numbers through the combination of GO’s with a similar gene 
functions. A vector of children of the root node (GO:0008150) was generated with 
the get_child_nodes function of the GOfuncR package (Grote, 2019). Children with 
a distance of less than 3 were kept as a reference for the other GO annotations. 
For each GO that was found per organism, the parents (and grandparent) nodes 
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were obtained and returned as a matrix. The parent that matched with a reference 
GO was used for re-annotation and the corresponding gene numbers were saved 
in	an	adjusted	matrix	that	consisted	of	the	original	GO	identifier,	chosen	parent	
GO	identifier,	and	parent	GO	description.	The	second	part	of	this	adjustment	was	
to obtain genes of the original GO terms and to count them to determine the 
number of unique genes that where present in the re-annotated GO terms. This 
information was used as input for the circos plots.

Gene lists of other species
Mouse microglia transcriptomes from Hickman et al. (Hickman et al., 2013) were 
used, consisting of 2 microglia and 2 total tissue samples (5 months). These 
samples were processed with the aligning pipeline of BRAIN-SAT (Dubbelaar et 
al., no date), loaded in R, and analyzed with DESeq2 (Love, Huber and Anders, 
2014). Genes that were more highly expressed in microglia samples (FDR < 0.001 
and logFC > 3) were compared with different organisms. Genes expressed in 
microglia	(FDR	<	0.001	and	logFC	>	3)	from	zebrafish	(Oosterhof	et	al.,	2017)	and	
human (Galatro, Holtman, et al., 2017) were obtained similarly.
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Results

Acute isolation of microglia from rhesus macaque CNS using CD11B 
Rhesus macaque brain samples were collected during necropsy. From these 
samples, microglia were collected from the subcortical frontal brain regions 
by mechanical dissociation and viable cells were isolated by fluorescence-
activated cell sorting (FACS) using CD11Bhigh as a microglia marker (referred to 
as a CD11Bhigh population). Information regarding age and sex of the macaque 
samples are provided in Suppl. Data 1. RNA-sequencing was performed on 
14 microglial samples and 5 unsorted tissue samples that were compared to 
identify differentially expressed genes. To conform the purity of the CD11Bhigh 
microglia	 samples,	 the	 expression	 level	 of	 CNS	 cell-type-specific	 genes	 was	
assessed (Figure 1A). The expression levels of known microglial genes CX3CR1, 
P2RY12, ITGAM, TYROBP, and TMEM119	was	significantly	higher	in	the	CD11Bhigh 
microglia samples (depicted in green) compared to the total tissue samples 
(depicted in blue). In addition, known marker genes for neurons, astrocytes, 
and oligodendrocytes were more abundantly expressed in total tissue samples 
(Figure 1A). 
 Principal component analysis (PCA) was performed to determine variance 
among CD11Bhigh microglia and total tissue samples. The gene expression 
profiles	of	CD11Bhigh microglia and total tissue samples were very different, these 
samples	segregated	 in	PC1,	which	explained	78%	of	 the	variance	 (Figure 1B). 
PCA of only CD11Bhigh microglia samples with age and sex as variables revealed 
no obvious segregation based on these parameters (Suppl. Figure 1). 
 A differentially expression analysis was performed to reveal gene 
expression differences between microglia and total tissue samples. In total, 
1261 genes were higher expressed in microglia compared to total tissue samples 
(log fold change (FC) > 3, adjusted P < 0.001; Figure 1C). GO term enrichment 
was performed to determine functional properties associated with these 
microglia-enriched	 genes.	 Many	 significantly	 enriched	 terms	 were	 associated	
with	the	innate	immune	functions	of	microglia,	such	as	“innate	response”,	“cell	
activation”,	 “cytokine	production”	and	 “activation	of	 immune	 response”.	Genes	
highly expressed in microglia (log FC > 5), included several well-known microglia 
markers such as TYROBP, AIF1 (IBA1), CD52, GPR84, SOX4, CABLES1, and ITGAM 
(CD11B) (Zrzavy et al., 2017). In addition, genes that are viewed as markers of 
homeostatic microglia such as P2RY12 and GPR34 were also highly expressed 
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(Zrzavy et al., 2017).

Figure 1: Comparison of macaque CD11Bhigh microglia and total brain tissue gene expression 
profiles: (A) RNA-Seq expression of ex-vivo isolated microglia (n = 14) compared to brain tissue 
samples (n = 5) on known microglial, neuronal, astrocytic and oligodendrocytes markers. The boxes 
contain the interquartile range, white lines indicate the median (B) Principal component analysis of 
microglial (green) and unsorted total brain tissue (blue) samples. Each dot represents an individual 
sample. (C) Volcano plot depicting genes differentially expressed between microglia and total tissue 
samples (logFC > 3 and p-adjusted value < 0.001).
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Identification of a macaque microglial profile based on surface expression 
of both CD11B and CD45
As CD11B is not exclusively expressed by microglia but also by other myeloid 
cells, it cannot be excluded that the CD11Bhigh cell population also contained 
non-microglia cells. We implemented an additional cohort with the antibody for 
Macaca mulatta	 CD45	when	 it	 became	 available.	 Furthermore,	 to	 confirm	 our	
previous	data	and	establish	a	more	specific	macaque	microglia	profile,	we	FACS	
isolated microglia based on CD11Bhigh/ CD45int expression from 23 macaque 
samples. 
 We were unable to directly compare the two macaque cohorts due to 
differences in samples and computational procedures. Therefore, the similarity 
in gene expression levels between the CD11Bhigh and CD11Bhigh/CD45int microglia 
samples	 was	 determined	 using	 a	 Δ	 percentile	 approach.	 Genes	 were	 ranked	
based on their absolute expression level in each data set. Their respective 
percentiles	in	each	data	set	were	subtracted	to	obtain	the	change	in	percentile	(Δ	
percentile) (Figure 2A).	The	median	Δ	percentile	was	9.53,	indicating	that	many	
genes were comparably expressed between the CD11Bhigh and CD11Bhigh/CD45int 
samples. 
 A quantitative expression analysis approach was used to identify highly 
expressed genes in the CD11Bhigh/CD45int population. Genes were ranked using 
the percentiles in all three sample groups (total tissue, CD11Bhigh, and CD11Bhigh/
CD45int), genes in the top 10 percentile were considered to be highly expressed. 
Highly expressed genes in total tissue were removed from the microglia gene list 
to	generate	a	 “microglia	unique”	gene	set	 (Figure 2B). This approach resulted 
in 543 genes that were shared in both populations and 397 genes that were 
only highly expressed in the CD11Bhigh/CD45int samples. GO term enrichment 
was performed on these 940 genes that revealed functions as “activation of 
the	 immune	 response”,	 “cytokine	 production”	 and	 “innate	 response”.	 Highly	
expressed genes included marker genes like: IL1β, ITGAM (CD11B), TMEM119, 
TREM2, and VSIR.
	 A	 macaque	 microglia	 gene	 expression	 profile	 was	 generated	 by	
combining the genes that were more abundantly expressed (FDR < 0.001 and 
logFC > 3) in microglia compared to total tissue samples (Figure 1C) with the 940 
genes that were most abundantly expressed in microglia based on quantitative 
expression levels (Figure 2B, Suppl. Data 2). 
 Percentages of the microglia-enriched genes of all three sample groups 
(total tissue, CD11Bhigh and CD11Bhigh/CD45int), are depicted in a triangle plot 
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to	 determine	 if	 the	 identified	 genes	 are	microglia	 specific	 (Figure 2C). Genes 
that were more abundantly expressed in microglia based on differential gene 
expression analysis with total brain samples were combined with the highest 
expressed genes from two populations: i) the highest expressed genes in 
both microglia cohorts complemented with ii) the genes most abundantly 
expressed in the CD11Bhigh/CD45int population. Only genes with a Δ	percentile < 
20 were retained. In addition, a percentage distribution of each gene over total 
tissue, CD11bhigh and CD11bhigh/CD45int was calculated. Furthermore, the gene 
expression	needed	to	be	higher	in	microglia	then	in	total	tissue	(>	60%)	before	
it	was	considered	as	a	microglia	specific	gene.	Genes	with	a	Δ	percentile < 20 
and	a	microglia	percentage	>	60%	were	included	in	the	macaque	core	microglia	
profile,	which	consisted	of	666	genes,	and	is	indicated	by	dots	with	a	black	line	
(Figure 2C, Suppl. Figure 2).

Figure 2: Comparison of the CD11Bhigh and C11Bhigh/CD45int macaque microglia profiles: (A) Dot 
plot depicting the delta percentile in CD11B and CD11B/CD45 microglia for individual genes. The 
distribution of all detected macaque genes over the Δ percentile intervals is shown in the box plot. 
(B) Venn diagram with the number of highest expressed (percentile 0-10) genes for the indicated 
conditions. (C) Triangle plot depicting macaque microglia genes (represented by dots). The axes 
range from 0-100 percent, indicating the abundance of expression of a gene in each condition. The 
colors	of	the	dots	indicate	Δ	percentile	ranges.	Dots	with	black	circles	are	the	macaque	microglia	
profile	genes.
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Identification of a primate microglial gene profile
To	 identify	 a	 primate	 microglia	 gene	 expression	 profile,	 we	 compared	 the	
macaque	microglial	expression	profile	 to	a	published	 transcriptome	of	human	
cortical microglia (Galatro, Holtman, et al., 2017). The similarity between these 
two transcriptomes was determined by calculating Δ percentiles. The expression 
levels of many microglia genes were similar between macaques and humans, 
indicated	by	 a	median	Δ percentile of 13.89 (Suppl. Data 3, Suppl. Figure 3). 
Overlaying	the	transcriptional	profiles	of	human	and	macaque	microglia	revealed	
342 genes that were expressed in both species. GO terms associated with 
these	genes	are	related	to	typical	microglia	functions	such	as:	“phagocytosis”,	
“leukocyte	 cell-cell	 adhesion”	 and	 “pattern	 recognition	 receptor	 signaling	
pathway”,	and	included	several	known	microglial	genes	such	as	ITGAM, GPR56, 
and TMEM119.
	 Most	 of	 the	 genes	 that	 were	 found	 in	 the	 macaque	microglia	 profile	
but	 not	 in	 the	 human	 microglia	 profiles,	 are	 related	 to	 functions	 in:	 “antigen	
processing	 and	 presentation”,	 “positive	 regulation	 of	 the	 immune	 response”	
and	“T-cell	activation”.	These	functions	are	not	unique	for	macaque	but	this	lack	
in overlap was caused by a difference in annotations of antigens in the major 
histocompatibility complex (MHC). Furthermore, of the 324 non-overlapping 
genes, 112 transcripts did not have a gene symbol, are open reading frames 
(ORFs),	 or	 were	 annotated	 starting	 with	 ‘MAMU’	 or	 ‘LOC’,	 suggesting	 the	
functionality of these transcripts is not yet known.
 To investigate similarities in gene functions between these species, 
genes	of	both	microglia	profiles	were	annotated	 to	GO	 terms	 (Suppl. Data 4). 
For visualization purposes, GOs with a common parent were combined (Figure 
3). Several immune-related processes were shared between macaque and 
human	microglia,	such	as	“cell	activation”	and	“immune-response”.	 In	addition,	
homeostatic	 processes	 in	 microglia	 such	 as	 “cell-motility”	 and	 “regulation	 of	
biological	process”,	were	also	shared	between	these	species.	Some	GOs	were	
only associated with human or macaque microglia, however, these annotations 
generally consisted of a relatively low number of genes (see Suppl. Data 4). 
In	 short,	we	 created	 a	macaque	microglia	 profile	 that	 showed	 a	 considerable	
overlap	with	the	human	microglia	expression	profile	in	regards	of	homolog	genes	
and associated biological functions. 
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Figure 3: GOs associated with human and macaque microglia: Circos plot consisting of gene 
ontology parents were each gene ontology is represented by a color that ranges from purple to red. 
The size of the gene ontology block represents the number of annotated genes. Human and macaque 
gene ontology are indicated in grey and blue, respectively. The ribbons indicate the species (color) 
and relative contribution (width) to each gene ontology term. 

Identification of a core microglia gene expression profile that is preserved 
between species

Zebrafish	and	mice	are	well	 established	and	widely	 used	model	 organisms	 in	
biomedical research (Kalueff, Stewart and Gerlai, 2014; Gurumurthy and Lloyd, 
2019). However, these species are evolutionary more distant to humans than 
macaques. Accordingly, it is of interest to determine the transcriptional overlap 
between	 the	microglia	 profiles	of	macaques,	mice	and	 zebrafish	 to	 reveal	 the	
gene expression (dis)similarities of these animal models. The macaque microglia 
gene	expression	profile	reported	here	was	compared	to	published	3-month-old	
zebrafish	and	5-month-old	mouse	microglia	gene	expression	profiles	(Hickman	
et al., 2013; Oosterhof et al., 2017). Later, we include the human data to determine 
gene expression similarities among all species, and to reveal a mammalian, and 
evolutionary preserved core.
	 The	 macaque	 and	 zebrafish	 microglia	 profiles	 showed	 an	 overlap	 of	
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96 genes, such as TLR7, TMEM173, and C5AR1, most of which were involved 
in	immune	response	regulation.	However,	most	zebrafish	transcripts	were	non-
overlapping, which could be explained by the evolutionary distance between 
zebrafish	 and	 macaque.	 When	 macaque	 and	 mouse	 microglia	 profiles	 were	
compared, 186 overlapping genes were detected, including known microglia 
genes P2RY6, PYCARD, ITGAM, and TMEM119. However, several genes from the 
zebrafish	and	mice	microglia	profiles	did	not	overlap	as	these	transcripts	had	no	
or different gene symbol annotations, or were unique for the respective species. 
	 A	 mammalian	 microglia	 gene	 expression	 profile	 was	 generated	 by	
combining the expressed genes shared between mouse, macaque, and human. 
This	mammalian	profile	 consisted	of	145	genes	and	was	associated	with	 the	
immune	activity	of	microglia;	“immune	response-activating	signal	transduction”,	
“innate	immune	response”	and	“cytokine	production”	(54	+	91	=	145	mammalian	
microglia genes; Figure 4A). In addition, known genes associated with 
phagocytosis, such as TREM2 and CLEC7A, were also included. Recently, a cross-
species signature of mammalian microglia of 4714 genes was reported, divided 
into high, intermediate, and low expressed clusters (Geirsdottir et al.,	2019).	72%	
of	our	mammalian	microglia	profile	overlapped	with	this	cross-species	signature	
with	a	distribution	over	high,	intermediate,	and	low	expression	clusters	of	54%,	
14%,	and	3%,	respectively	(Geirsdottir	et al., 2019) (Figure 4B). Typical microglia 
genes were present in this overlap, such as ALOX5AP, DOCK8, IL1β, ITGAM 
(CD11B), PYCARD, SLA, TLR7, and TREM2 (Suppl. Data 5). 
 The	 inclusion	 of	 the	 zebrafish	 transcriptome	 reduced	 the	 number	 of	
overlapping	genes	between	primates,	mice	and	zebrafish	to	54.	This	evolutionary	
preserved	microglia	profile	(Figure 4A) contained several established microglia 
transcripts, such as TGFBR2, P2RY6, ITGAM (CD11B), and PYCARD. GO annotation 
of	 this	 preserved	profile	 associated	 these	genes	with	 immune	activity	 (Figure 
4C);	 “inflammatory	response”,	 “regulation	of	the	 innate	 immune	response”	and	
“cytokine	production”.	GO	annotation	(Suppl. Data 6) of the different microglia 
profile	 of	 each	 species	 were	 visualized	 in	 Figure 4D. Although the number 
of	 genes	 per	 GO	 varied,	 processes	 as	 “response	 to	 stimulus”,	 “regulation	 of	
biological	 processes”,	 “transport”	 and	 “cell	motility”	 were	 identified	 in	 all	 four	
species.	Summarizing,	 these	findings	 reveal	 a	 core	microglia	gene	expression	
profile	and	showed	that	a	majority	of	the	immune-related	processes	in	microglia	
were preserved during evolution. In addition, 25 genes were present in the highest 
expression cluster of the aforementioned cross-species signature (Suppl. Data 
4), including genes ALOX5AP, IL1β, ITGAM (CD11B), SLA, and TLR7, suggesting 
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that biological functions of these genes were conserved between mammals and 
fish.
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Figure 4: Comparison of the macaque, human, zebrafish, and mouse microglia transcriptomes: 
(A) Venn diagram depicting the overlap in genes between human (Galatro, Holtman, et al., 2017), 
macaque, mouse (Hickman et al.,	2013),	and	zebrafish	(Oosterhof	et al., 2017) microglia. (B) Gene 
ontology terms associated with the 54 genes overlapping among all 4 species. (C) Circos plot 
depicting the overlap with the high, intermediate, or low expressed genes reported in (Geirsdottir et 
al.,	2019)	with	the	145	genes	representing	our	gene	mammalian	microglia	profile.	(D)	Gene	functions	
associated with the gene ontology terms are depicted for all genes per organism. The size of the dot 
indicates the number of genes in the associated gene ontology term.
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Discussion

Here,	we	present	a	macaque	microglia	transcriptomic	profile,	which	is	compared	
to	the	microglia	transcriptome	profile	of	zebrafish,	mouse,	and	human.	Zebrafish	
and mice are often used for research purposes, however, there is a large 
evolutionary distance between these two species and humans. This chapter 
focusses	on	establishing	a	macaque	gene	expression	microglia	profile	and	 its	
comparison with microglia transcriptomes with other species.
	 The	 first	 aim	 of	 this	 study	 was	 to	 generate	 a	 macaque	 microglial	
transcriptomic	 profile.	 The	 combination	 of	 two	 macaque	 microglia	 cohorts,	
obtained using two different procedures (lab and bioinformatics), and stringent 
filter	 criteria	 led	 to	 the	 identification	 of	 a	 macaque	 microglia	 transcriptomic	
profile	 that	 is	highly	 specific.	Ultimately,	 this	 resulted	 in	 the	 identification	of	 a	
profile	based	on	expression	of	666	genes.	
 An extensive overlap between the human and macaque microglia 
transcriptomic	 profiles	 was	 observed.	 Overall,	 gene	 expression	 levels	 were	
relatively similar (Suppl. Figure 3),	and	51%	(342	genes)	of	the	macaque	microglia	
profile	could	also	be	identified	in	human	microglia,	of	which	several	genes	were	
previously	classified	as	‘human	microglia	specific	genes’	(Galatro,	Holtman,	et al., 
2017), and were not detected in mice. Notable examples are FCAR (CD89), which 
is involved in cytokine production, and many SIGLEC genes which are important 
for regulation of activation and phagocytosis (Galatro, Holtman, et al., 2017). 
Moreover,	GO	comparison	led	to	the	identification	of	shared	gene	functions	that	
are	related	to	the	immune	system	(“cell	adhesion”,	“cell	activation”	and	“response	
to	 bacterial	 components”)	 and	 “phagocytosis”.	 A	 substantial	 number	 of	 the	
49%	 (324	 genes)	 non-overlapping	 genes	 are	 involved	 in	 the	 activation	 of	 the	
immune response (signal transduction, antigen processing, and T-cell activation). 
Additionally,	 17%	 (112	genes)	 of	 this	 non-overlapping	 gene	 set	 lacked	 a	 gene	
symbol,	or	are	 identified	as	ORF,	specific	 locus	or	a	macaque	specific	antigen.	
Better annotation of the macaque genome is required to determine if these genes 
indeed	are	macaque-specific	or	that	they	have	yet	unidentified	human	homologs.	
	 To	identify	similarities	between	the	transcriptional	profiles	of	macaque	
and	other	species,	genes	in	the	macaque	microglia	profile	were	first	compared	
to	the	zebrafish	and	mouse	profiles,	revealing	an	overlap	of	96	and	186	genes,	
respectively. More genes overlapped with mice, which could be caused by a better 
annotation	of	mouse	genes	and	transcripts.	The	zebrafish	transcriptome	remains	
ambiguous due to the lower number of transcriptomic analysis performed 
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in this species. Similarities between macaque and mouse microglia include 
several known microglia genes and gene functions including immune response, 
phagocytosis, cytokine secretion, and myeloid cell differentiation. When the 
mouse	and	macaque	microglia	profile	are	compared,	we	can	observe	 that	 the	
macaque	microglia	profile	 roughly	consists	of	 the	same	number	of	genes.	As	
expected	 from	 an	 evolutionary	 point	 of	 view,	 the	 macaque	 microglia	 profile	
showed	a	higher	overlap	with	the	human	microglia	profile	(51%),	than	the	mouse	
microglia	 profile	 (43%)	 reference.	 This	 suggests	 that	 the	 macaque	 microglia	
profile	is	more	similar	to	the	human	microglia	profile.
	 A	conserved	mammalian	microglia	profile	of	145	genes	was	 identified	
by	overlaying	the	mouse,	macaque,	and	human	microglia	profiles.	Interestingly,	
72%	 (104	 genes)	 of	 our	 mammalian	 core	 overlapped	 with	 the	 cross-species	
signature	identified	by	Geirsdottir	et al,	of	which	54%	(78	genes)	was	detected	in	
their highest expression core set (Geirsdottir et al.,	2019).	Our	mammalian	profile	
contains fewer genes when compared to cross-species signature, that consist of 
4714 genes. This could be explained by strict criteria to establish our macaque 
microglia	profile.	The	cross-species	signature	consists	of	the	top	50	percentile,	
whereas the thresholds on our data is dependent on the top 10 percentile, gene 
expression	similarities	indicated	by	a	Δ	percentile	<	20,	and	needed	to	be	higher	
expression	 in	microglia	 when	 compared	 to	 total	 brain	 tissue.	We	 identified	 a	
conserved	core	of	54	genes	when	 including	zebrafish	microglia	and	25	genes	
of this preserved core were present in the highest core signature (Geirsdottir et 
al.,	2019),	confirming	that	these	genes	are	highly	expressed	by	microglia	across	
evolution and species. 
	 In	conclusion,	we	present	a	specific	macaque	microglia	gene	expression	
profile	 and	 intersecting	 this	 macaque	 profile	 with	 previously	 described	
transcriptomes	of	zebrafish,	mouse	and	human,	we	identified	a	core	of	54	genes	
conserved	 between	microglia	 in	mammals	 and	 fish,	 with	 functions	 typical	 of	
microglia as CNS macrophages. This will contribute to further exploration of the 
macaque	microglia	profile,	and	further	exploration	of	the	evolutionary	conserved	
microglia genes. 
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Abstract

Over the last decade, a large number of glia transcriptome studies has been 
published. New technologies and platforms have been developed to allow access 
and interrogation of the published data. The increase in large transcriptomic data 
sets allows for innovative in silico analyses to address biological questions. 
Here we present BRAIN-SAT, the follow-up of our previous database GOAD, with 
several new features available on an interactive platform that enables access to 
recent, high quality bulk and single cell RNA-Seq data. The combination of several 
functions including gene searches, differential and quantitative expression 
analysis and a single cell expression analysis feature enables the exploration of 
published data sets at different levels. These different functionalities can be used 
for	 researchers	 and	 research	 companies	 in	 the	neuroscience	field	 to	 evaluate	
and visualize gene expression levels in a set of relevant publications. Here, we 
present a new platform with easy access to published gene expression studies 
for data exploration and gene of interest searches.
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Introduction

Due to the large number of transcriptomic studies over the last few years and the 
generation of single-cell RNA sequencing data, a vast amount of transcriptome 
data has become available in various repositories. However, the available 
datasets are processed with a variety of sequencing techniques and materials, 
which	results	in	different	technological	batches	that	are	difficult	to	compare	and	
combine. Another complexity is caused by the often unprecise or even incomplete 
dataset descriptions that make it challenging to compare transcriptomic datasets 
and to perform meta-analyses. Using the guidelines for data management and 
storage as outlined in the FAIR concept (Wilkinson et al., 2016; Manzoni et al., 
2018) might lead to improved open accessibility of datasets, enabling re-usage 
of data.
 For the re-use of data, we previously created the glia open access 
database (GOAD) (Holtman, Noback, et al., 2015) to provide and harmonize 
previously published high-quality glia transcriptome datasets. GOAD contains a 
collection of selected studies where researchers can evaluate the differences 
in	gene	expression	by	selecting	predefined	comparisons.	To	improve	GOAD	and	
implement novel functionalities, we developed the BRAin INteractive Sequencing 
Analysis Tool (BRAIN-SAT) to introduce a user-friendly, interactive application 
to re-analyze published data. This application analyzes raw transcriptome data 
(bulk and single-cell) from available dataset (studies are represented in Table 
1). For proper harmonization, all datasets in BRAIN-SAT were preprocessed and 
stored in the same format. These harmonized data sets can then be used for 
different visualizations to interpret the data (Figure 1). 
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Table 1: Available studies in BRAIN-SAT: This table consists of all the current available studies that 
are	present	in	BRAIN-SAT.	Information	regarding	first	author,	publication	year,	species,	PubMed	id	and	
GEO number are annotated.

First author Year Species Pubmed ID GEO Nr

Butovsky 2015 Hs 25381879 GSE52946

Carbajosa 2018 Mm 29906661 GSE104381

Chiu 2013 Mm 23850290 GSE43366

Galatro 2017 Hs 28671693 GSE99074

Gosselin 2014 Mm 25480297 GSE62826

Hanamsagar 2017 Mm 28618077 GSE99622

Keren-Shaul 2017 Mm 28602351 GSE98971

Matcovitch-Natan 2016 Mm 27338705 GSE79818

Spitzer 2019 Mm 30654924 GSE121083

Srinivasan 2016 Mm 27097852 GSE75246

Tay 2018 Mm 30185219 GSE90975

Thion 2018 Mm 29275859 GSE108045

Vainchtein 2018 Mm 29420261 GSE109354

Voet 2018 Mm 29789522 GSE97536

Wendeln 2018 Mm 29643512 GSE104630

Xu 2018 Hs 30320555 GSE101913

Xu 2018 Mm 30320555 GSE101915

Xu 2018 Rn 30320555 GSE101917

Zhang 2014 Mm 25186741 GSE52564

Zhang 2015 Hs 26687838 GSE73721

BRAIN-SAT, as a successor of GOAD, contains more interactive functionalities for 
transcriptome analysis. BRAIN-SAT is built on the database structure of MOLecular 
GENetics Information Systems (MOLGENIS) (Swertz et al., 2010). Where BRAIN-
SAT utilizes the integrated database and R application programming interface 
(API) from MOLGENIS, to perform bulk and single-cell data analyses.
 The differential and quantitative expression analysis functions are, 
like	 in	GOAD,	 still	 available	but	modified	 into	a	more	user-friendly	 format.	The	
fast-interactive function is particularly noticeable in the differential expression 
analysis (DEA) utility, where the comparisons rely on raw counts, which are 
stored in the database. This setup enables us to add new studies faster, since 
now	they	only	need	to	be	aligned	and	quantified	before	 the	studies	are	stored	
in the database. A second interactive part of BRAIN-SAT are the images, which 
facilitate the outcome of the different analyses, additional information regarding 
the data can be observed when hovering over the visualization.
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 An improved feature of BRAIN-SAT is the gene search function. This 
functionality consists of data values of several studies (cross-study) and 
organisms in one analysis. The log2(counts per million) of the average expression 
values per condition were used as data values for this purpose. 
 In addition, BRAIN-SAT has a new feature i.e. a single-cell sequencing 
analysis function. Several single-cell glia studies have been selected to visualize 
single-cell expression data in interactive t-distributed stochastic neighbor 
embedding (tSNE) (van der Maarten and Hinton, 2008) plots where the quantitative 
expression values of genes are displayed.

QE
analysis

Search 
utility

DE
analysis

scRNA-Seq
analysis

Figure 1: Overview BRAIN-SAT: Raw data of published transcriptome data sets is used as input 
for	BRAIN-SAT	where	 the	alignment	and	quantification	are	done	 to	obtain	 the	gene	counts	of	 the	
various studies. BRAIN-SAT uses this information of different studies, to process this data with 
different analysis pipelines to visualize the outcome. The search utility enables the visualization of 
gene expression levels in different cell types among all available studies. Quantitative expression 
analysis	enables	 the	quantification	of	gene-expression	 levels.	Differential	expression	analysis	can	
be performed to determine changes in gene expression between two conditions. The scRNA-Seq 
analysis offers visualizations in the form of a tSNE plot to depict gene expression differences in the 
scRNA-Seq studies.
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Materials and Methods

MOLGENIS
MOLGENIS (Swertz et al., 2010) is a toolkit that consists of several bioinformatics 
structures and user interfaces that can be used for managing and processing 
scientific	data.	For	BRAIN-SAT,	several	MOLGENIS	components	were	used:	 the	
front end, data tables, and available scripting tools. The front end represents the 
BRAIN-SAT layout and is the starting point of various analyses. The MOLGENIS 
data tables store aligned reads that are used throughout the rest of BRAIN-SAT 
and can be accessed with the use of the representational state transfer (REST) 
API. The R API facilitates the interactive analyses for transcriptome data and the 
JavaScript	module	enables	features	that	are	specific	for	BRAIN-SAT.

Alignment pipeline
Raw	fastq	files	of	bulk	RNA-Seq	are	processed	through	a	standardized	pipeline,	
where	fastq	files	are	obtained	through	the	gene	expression	omnibus	(GEO)	(Edgar,	
Domrachev and Lash, 2002) or the European Nucleotide Archive (ENA) (EMBL-
EBI, 2019). Low-quality base pairs in the sequence are trimmed. Alignment is 
performed with the use of HiSat2 (Kim, Langmead and Salzberg, 2015). Sequences 
are aligned with the following genomes: human (GRCh38), mice (GRCm38), and 
rat (Rnor6.0). Samtools (H. Li et al., 2009)supporting short and long reads (up to 
128 Mbp and Picard (Broadinstitute, 2016) are used after the alignment, different 
functions and additional parameters used which are explained in Table 2. After 
the aforementioned steps listed in Table 2, HTSeq (Anders, Pyl and Huber, 2015) 
is	 used	 to	 quantify	 the	 reads	 into	 count	 files	 (with	 the	 function	 htseq-counts)	
which are used in R algorithms for further analysis. Currently, single-cell studies 
in	BRAIN-SAT	are	processed	from	the	raw	count	files	that	are	provided	by	GEO.
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Table 2: Explanation additional functions: The various steps and functions used in this paper are 
explained in	this	table,	where	the	additional	parameters	are	defined.	

Step Function Additional parameter(s)

1 samtools view

2 picard SortSam SO=coordinate
CREATE_INDEX=true

3 picard AddOrReplaceReadGroups SORT_ORDER=coordinate
CREATE_INDEX=true

4 picard MergeSamFiles SORT_ORDER=coordinate
CREATE_INDEX=true 
USE_THREADING=true

5 picard MarkDuplicates CREATE_INDEX=true

Bulk RNA-Seq analysis
After	 the	 alignment	 step,	 raw	 reads	 are	 filtered	 with	 the	 data-adaptive	 flag	
method for RNA-Seq data (DAFS) (George and Chang, 2014). This method uses 
a combination of the Kolmogorov-Smirnov statistics and multivariate adaptive 
regression splines to determine an optimal threshold value per sample to 
separate	high	and	low	expressed	genes.	The	outcome	of	this	filtering	was	stored	
in the MOLGENIS database. 
 The differential expression analysis function required two selected 
conditions, and is followed by procedures that are provided by the edgeR package 
(Robinson, McCarthy and Smyth, 2010), this analysis uses two selected conditions. 
The conditions are alphabetically ordered and based on this arrangement, the 
first	occurring	element	is	then	used	as	a	baseline	during	the	analysis.	This	first	
occurring element consists of a list of genes with a negative log fold change 
(FC). Whereas a positive log FC indicates an increase in gene expression for the 
other condition. Differentially expressed genes are represented in an interactive 
scatterplot, that is generated with Plotly (Plotly Technologies Inc., 2015), and is 
accompanied by a data table that consists of the gene symbol, log FC, and false 
discovery	rate	(FDR).	The	data	table	can	be	used	to	find	the	logFC	and	FDR	of	the	
gene of interest, and the interactive scatterplot displays the overall differences 
between the two conditions. These differences can be examined in more detail 
with the use of the zoom and hovering function that is available in the scatterplot.
 The quantitative expression analysis uses transcript per million (TPM) (B. 
Li et al., 2009) to transform the data for the bar graph visualization (D3js (Bostock, 
Ogievetsky and Heer, 2011)). TPM values show the number of transcription 
copies of a gene in a condition of interest in the selected studies.
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Single cell RNA analysis
Downloaded	 single-cell	 transcriptome	data	 sets	were	 exposed	 to	 two	 filtering	
steps.	First,	cells	with	less	than	500	expressed	genes	were	identified	as	empty	
cells and removed from the dataset. Second, quantiles were calculated based on 
the	gene	expression,	where	genes	in	the	first	quantile	range	(0-25th	percentile)	
were used for further analysis. From these genes, only the 100 most abundant 
genes	per	condition	were	obtained,	filtering	out	low	expressed	genes.	This	number	
is	altered	when	a	study	contains	more	than	five	different	conditions.	Ultimately,	
one matrix, with 500 columns and 10,000 rows, was created that could be used 
for downstream analysis  
 A SingleCellExperiment (Lun and Risso, 2019) object was created, from 
the count per million (CPM) values, and used for the rest of the process. The 
tSNE (van der Maarten and Hinton, 2008) is calculated with the highest possible 
perplexity; this value is dependent on the dataset. Values of the tSNE proceed to 
a Vue component (You, 2013) that calls on Plotly to generate an interactive plot. 
Searching a gene leads to the communication between the Vue component and 
the database. The counts are collected and passed to the Vue component, which 
uses this information to calculate the opacity for each dot (representing a cell).



117

BRAin Interactive Sequencing Analysis Tool

5

Results

Basic features
BRAIN-SAT is a platform that facilitates interactive analyses of published RNA-
Seq data from brain cells. By collecting various types of input data, we were able 
to create various visualizations that correspond with the belonging analysis. 
The homepage of BRAIN-SAT (Figure 2) contains the following elements: (5) the 
search engine, that visualizes a gene of interest in several datasets and (6) the 
publications tab, where the (meta)data of processed studies are located. The 
publication tab allows the performance of the DEA or QEA after selecting the 
study of interest in the available studies. The homepage contains three buttons 
(see	the	top	left	of	the	blue	bar).	The	“home”	button	(1)	is	used	to	return	to	the	
home screen. An important section of this application is the tutorial page, which 
can	be	accessed	when	the	“education	hat”	icon	is	clicked	(2).	The	“gear”	button	(3)	
redirects the user to the materials and methods page, which briefly explains the 
application that was used to create BRAIN-SAT and the workflow of the different 
analyses. The last button (the envelope) (4) leads to the contact information of 
the individuals that were most involved in the generation of BRAIN-SAT.

Figure 2: BRAIN-SAT homepage: Other pages can be accessed by using the available buttons: (1) 
homepage, (2) tutorial, (3) material and methods and (4) contact pages. The homepage of BRAIN-SAT 
contains two major functions: (5) the gene search bar and (6) the publications tab, which shows the 
available studies in BRAIN-SAT. 

Gene search
The BRAIN-SAT search engine on the homepage is used to illustrate the level 
of gene expression (log2(CPM)) based on different studies (cross-studies). An 
example of a search is represented in Figure 3, where the gene AXL was used. 
The dot plot visualizes the median (or mean when only two replicates were 
available) expression of the control conditions from each study. Where each 
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different color is an indication for a unique study and each shape (dot, square, or 
diamond) represents a different species. The dot plot in Figure 3 shows the gene 
expression levels in several cell types, indicated on the x-axis. Hovering over a 
shape	in	the	plot	activates	a	text	box	that	consists	of	more	information;	the	first	
line contains the actual log2(CPM) value, and the second line shows the name 
of	the	first	author	and	belonging	publication	year.	The	third	line	consists	of	other	
information, like the region of origin and/or strain.

Figure 3: Cross-laboratory search of AXL: The x-axis depicts different cell types, both glia and 
neuronal subtypes. The y-axis shows the abundance (log2(CPM)) of AXL, which is indicated by the 
median (or mean) value that that is observed in the conditional samples. The color of the dot plots 
represents different studies (indicated by the author and year) and the shape of the data points (dot, 
square or diamond) represent the different organism.

Quantitative expression analysis
The quantitative expression analysis (QEA) functionality is accessible through 
the publication section, which consists of a collection of different studies. This 
analysis is done for each study separately, were different percentile ranges are 
used to describe the expression. The percentile description is ranked from not 
expressed to very high expressed (percentile range 0-5). For demonstration 
purposes, the gene Aldh1l1, astrocytes marker, was searched in the dataset 
from Zhang and coworkers (Zhang et al., 2014). In Figure 4, a moderately high 
expression (percentile range 10-20) can be observed for the Aldh1l1 gene in 
astrocytes. The error bar indicates the highest and lowest TPM values concerning 
the median (or mean) of all samples. Indicating that the expression level of 
Aldh1l1 was very consistent between the different samples.
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Figure 4: Aldh1l1 search (Zhang et al., 2014): The x-axis represents different conditions that are 
present in the study. The y-axis shows the gene expression (TPM). The colors of the bar plots can 
be used to indicate the expression level of the gene in a condition. A description of the percentile is 
shown when hovering over the bar plot.

Differential expression analysis
The DEA functionality enables an interactive pairwise comparison between two 
conditions to reveal changes in gene expression. Figure 5 shows the DEA between 
newly formed oligodendrocytes (NFO) and myelinating oligodendrocytes (MO). 
The volcano plot can be separated into two parts. The left side of the plot shows 
genes that are more abundant in the MO condition (logFC < -1). Whereas, the right 
side of the plot shows genes that are more abundant in NFO cells (logFC > 1). The 
data table next to the plot depicts the -log10(FDR) and logFC of a gene of interest. 
A	 gene	 is	 only	 available	 in	 the	 table	 if	 the	 gene	 is	 significantly	 differentially	
expressed (FDR < 0.05 and an absolute logFC > 1). 
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Figure 5: DEA NFO vs MO (Zhang et al., 2014): The left side of the page represents a volcano 
plot where the x-axis represents the logFC values and the y-axis the -log10(FDR) values. Each dot 
represents a differentially expressed gene, where the top-most right (NFO) or top left (MO) corners 
represent	the	most	changed	and	significant	differences	between	the	conditions.	The	right	side	of	the	
page contains a data table with genes that were found to be differentially expressed with their logFC 
and -log10(FDR) values.

Single cell analysis
The newest feature is the analysis of single-cell data, which enables the 
visualization of the gene expression abundance in the cells with the highest 
expression level. The study of Matcovitch-Natan and coworkers is used to explain 
the features of the interactive tSNE (Figure 6a). Each dot represents a cell, and 
the color of the dot indicates a different condition. The x- and y-axes represent 
the two dimensions. The gene expression of Irf8 can be observed in Figure 6b 
with the use of three different visualizations, to indicate the gene expression. 
The	first	visualization	is	an	adaptation	to	the	tSNE.	The	transparency	of	the	dot	
is	dependent	on	the	gene	expression	in	the	cell.	A	more	“solid”	dot	indicates	high	
gene expression, whereas a transparent dot indicates low/no gene expression. 
Specific	differences	in	gene	expression,	based	on	the	condition,	can	be	seen	in	
the boxplot and pie chart. The boxplot shows that the highest expression of Irf8 
can	be	observed	in	the	condition	“brain	microglia	E12.5”.	The	pie	chart	indicates	
that half of the detected Irf8 expression was derived from the “brain microglia 
E12.5”	samples.
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Figure 6: Single cell feature (Matcovitch-Natan et al., 2016): The output of the single cell analysis 
feature,	which	 is	 divided	 into	 two	 parts.	 (A)	The	 tSNE	 is	 generated	 first,	where	 the	 x-	 and	 y-axes	
represent	 the	 first	 and	 second	 dimension.	 Each	 dot	 represents	 a	 cell	 and	 the	 colors	 are	 used	 to	
distinguish the conditions. (B) The dot transparency in the tSNE are altered after searching “Irf8”	in	
the data of Matcovitch-Natan et al. (2016). The boxplot (top right) and the pie chart (bottom right) are 
used to indicate the expression per condition for “Irf8”	in	more	detail.	
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Comparison of BRAIN-SAT with other web applications
To date, several online available applications can be used to perform a quantitative 
expression analysis. The most recent applications are: GOAD (Holtman, Noback, 
et al., 2015), the Brain RNA-Seq application from Barres’s lab (Barres Lab, no 
date), Neuroexpresso (Mancarci et al., 2017) and the microglia single-cell 
atlas (Hammond et al., 2019). These applications will be discussed below and 
summarized in Table 3.

Table 3: Functionalities applications: This table consists of a summary of various functions that are 
included	in	well-known	applications	in	the	current	research	field.

GOAD Brain RNA-Seq NeuroExpresso Microglia 
single cell

BRAIN-SAT

Gene search x x x x x

QEA x x x

DEA x x x

Single cell analysis x x

Multiple organism x x x

Cross library x x

Processing pipeline ? x x

Interactive figures x x x

Interactive analyses x

Fast platform x x x x

GOAD aimed to generate an accessible platform for glia biologists without the 
requirement of bioinformatics expertise. On this website, various studies were 
available that consisted of several glia subtypes in different neurodegenerative 
diseases.	 This	 information	 was	 obtained,	 aligned,	 quantified,	 saved	 into	 a	
database, and used for visualization purposes. Brain RNA-Seq (Barres Lab, no 
date) generated by Barres’s lab enables open access to the lab’s mouse and 
human data. The interface of the web application is easy to use. Besides, it 
is possible to access the quantitative expression of several datasets that are 
publicly available on the website. Neuroexpresso (Mancarci et al., 2017) is a cross-
laboratory database that combines data from GPL339 and GPL1261 micro-array 
chips with a single cell RNA-Seq dataset (Tasic et al., 2016). With this application, 
it is possible to identify novel genetic markers from homeostatic conditions of 
various cell types. The microglia single-cell atlas by the lab of Stevens, contains 
single-cell RNA-Seq data of microglia samples isolated at several ages across 
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the lifespan from both female and male mice. Furthermore, the data includes 
microglia from saline and lysolecithin injected white brain matter. A visualization 
aspect is available through the results from the search engine of the website.
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Discussion

The generation of BRAIN-SAT enabled the open accessibility of the data available 
from published studies. The FAIR principle was introduced to improve the 
available infrastructures and to encourage data reusage (Wilkinson et al., 2016). 
We aimed to create an application that followed these principles when feasible. 
BRAIN-SAT consists of (meta)data that are globally unique, the data is open 
access and contains author and study information. In addition, data is shared 
and could be further used for knowledge representation. Implementation of other 
principles might improve our application, where more (high quality) information 
concerning samples and (meta)data can be provided.
 Since the release of GOAD, several other applications became 
available for public use (Table 3). These applications offer a range of different 
functionalities to explore the available single-cell and bulk RNA-Seq data. BRAIN-
SAT was created to facilitate interactive transcriptome analyses, adding additional 
features such as performing the DEA and single-cell RNA-Seq data. To gather 
datasets	in	the	neuroscience	field,	we	introduce	a	platform	that	researchers	can	
use on open access data. The layout of BRAIN-SAT focuses on gene searches 
and enables open access to the available data sets. Furthermore, we can update 
the application much faster, generating a more up to date application. The future 
perspectives for this application are as follows.
 Fast incorporation of new studies in BRAIN-SAT, since data sets only 
need	 alignment	 and	 quantification.	 By	 limiting	 the	 number	 of	 studies,	we	 can	
create a collection of studies that showed major contributions within the glia 
field. Adaptations of the website can be made based on new developments 
in	 the	field,	an	example	of	 this	 is	 the	 inclusion	of	 the	single-cell	analysis.	With	
the implementations of the above-mentioned perspectives, we aim to generate 
an interactive platform that enables researchers to access published data and 
analyze it without extensive bioinformatics expertise. 
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This chapter is divided into two components; i), a summary and discussion that 
consist of a brief overview of the findings in this thesis which are discussed based 
on findings from other scientific contributions, and ii) future perspectives, where 
are prediction of the next developments in the research field are provided.  

Summary and discussion

Microglia are known as the resident macrophages in the CNS, that are involved in 
many processes to maintain a healthy microenvironment. In this thesis, several 
bioinformatic	procedures	that	allow	efficient	analysis	of	microglia	transcriptomes	
are	 presented,	 including	 the	 identification	 of	 a	 transcriptomic	 profile	 based	
on murine post mortem microglia, an introduction of a primate microglia 
transcriptomic	profile,	and	the	development	of	a	novel	microglia	transcriptome	
database that enables interactive analyses on high impact glia studies. 

Chapter 1 is an introduction on the history of the discovery of microglia: 
development, cellular functions, and important published features of mouse and 
human microglia. Additionally, the basics of transcriptome and epigenetics are 
presented.
 Chapter 2 contains a detailed description of the microglia transcriptome. 
Information	 regarding	 specific	 microglia	 gene	 expression	 related	 to	 gender,	
aging and neurodegenerative diseases is provided. We ultimately compared the 
microglia	 transcriptome	profile	with	 the	working	of	 a	 kaleidoscope,	where	 the	
position-dependent picture of the kaleidoscope matches the microenvironmental 
changes lead to acute changes in the microglia transcriptome.
 The lack of oxygen that occurs upon epilepsy, stroke and post mortem is 
a major microenvironmental change that affects cellular metabolism of all cells 
including microglia. For the study of microglia transcriptome isolated from post 
mortem brain it is important to know the effects of the ischemia, RNA instability, 
and pH changes that occurred after death (post mortem delay; PMD). In chapter 
3, the post mortem effect on microglia has been investigated in mice after 
increasing periods of PMD. Increase of PMD led to a decrease of the number 
of viable microglial cells that could be isolated from the mouse brain. RNA-
Seq	analysis	of	 postmortem	microglia	 led	 to	 the	 identification	of	 50	potential	
post mortem delay related genes. Additionally, gene expression of 31 human 
homologs showed an PMD effect in human microglia. However, the expression 
changes of these PMD-associated genes in mice and humans were only partially 
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overlapping. Altogether, these results show that there is a subtle gene expression 
change during PMD in mice and humans.
	 A	 transcriptional	microglia	profile	of	 the	non-human	primate	macaque	
(Macaca mulatta) was established in chapter 4. Microglia sorted from the 
macaque	brain	yielded	a	highly	specific	transcriptional	profile,	which	consists	of	
genes that were found to be expressed in two distinct microglia populations. As 
expected, an extensive overlap was observed between the macaque and human 
microglia	transcriptome	profile,	confirming	that	these	profiles	are	very	comparable.	
Furthermore,	we	compared	our	macaque	transcriptomic	microglia	profile	to	those	
of	zebrafish,	mouse,	and	human.	This	revealed	specific	(dis)similarities,	and	an	
evolutionary	 preserved	 gene	 expression	 profile.	 This	 evolutionary	 preserved	
profile	was	 further	 investigated	using	 the	cross-species	core,	a	 transcriptional	
profile	 that	 was	 identified	 by	 comparing	 microglia	 transcriptomes	 of	 various	
species (Geirsdottir et al., 2019). Ultimately, we show that the majority of the 
genes from our evolutionary conserved core were present in the highly expressed 
profile	of	the	cross-species	signature.
 Inspired by the increased amount of published glia transcriptome data, 
we followed up on our previous glia open access database: GOAD (Holtman, et 
al., 2015). In chapter 5, a description of the set up and use of a more advanced 
glia transcriptome database: the brain interactive sequencing analysis tool 
(BRAIN-SAT) is given. This web application enables data exploration of published 
datasets available in a uniform structured format for researchers in the glia 
research	 field.	 The	 BRAIN-SAT	 dataset	 can	 be	 accessed	 using	 a	 variety	 of	
analysis tools. Bulk RNA-Seq data can be accessed through the gene search 
module, where the gene expression of various data sets is visualized in one dot 
plot. Quantitative- and differentially expressed bulk transcriptome data can be 
accessed for every published dataset, showing the abundant or relative gene 
expression, respectively. The abundant gene expression can be explored for 
each condition in a dataset. The relative gene expression is generated when two 
conditions in a study are compared to each other. Exploration of scRNA-Seq data 
is possible with the belonging analysis module. This module initially generates a 
tSNE plot with a visualization of the cells and corresponding conditions. Usage 
of the gene search function in this module adjusts the transparency of the dots in 
the tSNE plot to the belonging gene expression and generates a boxplot and pie 
chart that further allow the determination of the condition with the highest gene 
expression.	Currently,	BRAIN-SAT	is	the	first	and	only	web	application	that	allows	
an interactive analysis of transcriptomes of glia cells based on large published 
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datasets. It is planned to continue incorporation of future research studies in 
this application thus creating a platform that consists and maintains high impact 
glia studies. Furthermore, the MOLGENIS backbone of this application facilitates 
the incorporation of data from novel analysis techniques such as the scRNA-Seq 
module.

The effects of external factors on the microglia transcriptome
The	 transcriptome	 is	 a	 snap-shot	 of	 the	 gene	 expression	 profile	 related	 to	 a	
‘current’	 cellular	 state.	 Transcriptomics	 has	 contributed	 substantially	 to	 the	
understanding of the cellular condition related to development, physiological 
function, stress and disease (chapter 2). 
 Exploration of gene expression data, associated with one of the above 
conditions in mind, may provide a detailed view on its influence on the microglial 
transcriptome. In case of PMD, various studies have provided evidence for gene 
expression changes during PMD in total brain tissue (Trotter, Brill and Bennett, 
2002; Birdsill et al., 2011) while other studies show otherwise (Tomita et al., 2004; 
Popova et al., 2008). This ambiguity can be explained through the subtle changes 
in PMD-associated gene expression in both mouse and human tissue (chapter 
3). Expression changes of these genes have not been observed under other 
conditions	such	as	disease	or	aging.	These	findings	show	that	the	investigation	
of external factors is of importance, since it can unknowingly alter the microglia 
gene	expression	profile.

The ‘true’ human microglia transcriptome
There has been substantial development in microglia research in the past two 
decades. The mobility of surveilling microglia was recorded with live imaging 
(Davalos et al., 2005; Nimmerjahn, Kirchhoff and Helmchen, 2005) and a 
detailed	gene	expression	profile,	related	to	the	microglia	sensing	machinery,	was	
described (Hickman et al., 2013). In addition, analysis of the epigenome led to the 
identification	of	transcription	factors	that	are	unique	for	microglia,	explaining	the	
difference between microglia and other myeloid cells (Gosselin et al., 2014; Lavin 
et al., 2014). Furthermore, the progression of microglia development has been 
described in terms of transcriptome and epigenetic regulation (Matcovitch-Natan 
et al., 2016). These studies provide valuable insight into the gene expression 
changes of murine microglia. Investigation of (dis)similarities between mouse 
and human revealed that there is an extensive overlap, but also differences 
based on the gene in expression (Galatro, Holtman, et al., 2017; Gosselin et al., 
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2017).	These	findings	are	supported	by	a	cross-species	analysis	 that	 reported	
noticeable gene expression differences between rodent and primates (Geirsdottir 
et	al.,	2019).	Identification	of	(dis)similarities	among	specific	microglia	profiles	of	
various species results in understanding how a gene expression core is preserved 
during evolution, and overlap between animal models and human transcriptome 
(chapter 4). These aforementioned studies provide valuable insight in the human 
microglia	 gene	 expression	 profile,	 and	 the	 associated	 epigenetic	 regulation.	
Further exploration of previously described and/or novel data with external 
factors in mind, might lead to the generation of an isolation procedure where 
unaffected healthy human microglia can be obtained. 

Bioinformatic aid for big data
Gordon Moore predicted in 1965 that the computational processing capacity per 
dollar	would	double	every	two	years	(November,	2018).	The	genomics	field	alone	
is already surpassing this prediction (Stephens et al., 2015), becoming a major 
player	in	the	big	data	research	field	(Goodwin,	McPherson	and	McCombie,	2016).	
One of the crucial accomplishments is the revolutionary decrease of the costs 
of whole-genome sequencing, allowing large scale studies (National Human 
Genome Research Institute, 2019). However, many scientists fail to extract the 
full potential from the data they acquired, as well as from data in other studies 
(Papageorgiou et al., 2018). A possible solution for this problem could be the 
development of interactive platforms that provide (meta)data of available studies, 
allowing effective analysis and visualization. For glia cells we have constructed 
such a database which provides a concise repository of available, standardized 
data to provide an answer to a hypothesis (chapter 5). 
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Future perspectives

Advancements in transcriptomic development
Initially,	 specific	 gene	 expression	 patterns	 related	 to	 complex	 traits	 were	
determined using gene expression microarray systems (Schena et al., 1995; 
Shalon,	Smith	and	Brown,	1996).	This	 technology	allowed	 the	first	exploration	
of differences in gene expression including in microglia. Since then, with 
increasingly improved technology and precision, the microglia transcriptome has 
been	 thoroughly	 investigated	under	 specific	 conditions	 including	development	
(Matcovitch-Natan et al., 2016), homeostasis (Gautier et al., 2012; Hickman et 
al., 2013; Galatro, Vainchtein, et al., 2017; Gosselin et al., 2017), different brain 
regions (Grabert et al., 2016), neurodegenerative diseases (Keren-Shaul et al., 
2017; Krasemann et al., 2017), aging (Orre et al., 2014; Raj et al., 2014), and 
various species (Geirsdottir et al., 2019), using RNA-Seq (Wang, Gerstein and 
Snyder, 2009) and scRNA-Seq (Tang et al., 2009). In this dissertation, we have 
analyzed several aspects with bulk RNA-Seq data sets to determine the effect 
of post mortem delay (chapter 3), and integrated the transcriptomes of two 
macaque	cohorts	to	create	a	macaque	microglia	gene	expression	profile	(chapter	
4). Based on these analyses, it becomes apparent that unknown aspects, such 
as	post-mortem	delay	and	lab	procedure,	can	alter	the	gene	expression	profile	
in microglia. Inclusion of external influences in the study design is necessary to 
correctly annotate a complete description of the microglia transcriptome under 
certain circumstances.
 Apart from the bulk and single-cell sequencing, advancements in 
sequencing technology have resulted in additional novel methods. Thus, DNA 
and RNA molecules can be sequenced simultaneously allowing to related 
genomic variants to transcriptional effects (Dey et al., 2015; Macaulay et al., 
2015). Furthermore, it is also possible to explore the epigenome in single-
cells (Schwartzman and Tanay, 2015), or to reveal chromatin interactions 
profiles	 (Ramani	 et	 al.,	 2020).	These	 novel	 techniques	 provide	 a	 very	 detailed	
characterization of cellular phenotypes.

Challenges accompanied with big data analyses
The development of biomedical technology is accompanied by dramatic increase 
in the size of datasets, which are too big to analyze with conventional statistics. 
This	 problem	was	 already	 recognized	when	 the	 first	 DNA-based	 genome	was	
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sequenced (Sanger et al., 1978). Indeed, the complete reference genomes of 
mice and humans are very large and comprise about 2,7 (Genome Reference 
Consortium, 2017) and 3,1 (Genome Reference Consortium, 2019) gigabases, 
respectively. The still increasing size of datasets requires a crucial change 
in computational biology, which are further discussed in the next paragraph. 
Furthermore, many researchers use and support an open access discipline 
where (meta)data, and programming codes are shared, allowing data (re)usage, 
and distribution (Murray-Rust, 2008).
 Divergent data formats, incomplete data descriptions and experimental 
batch effects are a major problem for the re-use of data. Clearly, platforms 
that combine research data repositories from different sources, preferentially 
in a standardized format may facilitate future research that makes use of data 
mining (chapter 5). A clear example was provided by the organization of protein 
data in a structured protein atlas that was published in 1965 (Dayhoff et al., 
1965).	This	 “atlas	of	protein	sequence	and	structure”	was	 the	first	attempt	 to	
manage and distribute known biological information by computers. Furthermore, 
a standardized data structure is necessary to promote (meta)data reusage, 
which can be achieved by utilizing a set of data management rules. Nowadays, 
it is possible to store and share data via online repositories (Edgar, Domrachev 
and Lash, 2002; Barrett et al., 2012; Athar et al., 2019). However, curation and 
annotation procedures of data in online repositories are currently not optimal 
and result in complications during data reusage (Wang, Lachmann and Ma’ayan, 
2019). FAIR principles provide four key principles for data, which needs to be 
findable,	 accessible,	 interoperable,	 and	 reusable	 (Wilkinson	 et	 al.,	 2016).	 This	
standard encourages reusage of (meta)data, resulting in open access and 
uniform processing of this data. It is expected that, in 2022, 1 million human 
genomes will be sequenced (European Commission, 2018, 2020). If this data and 
analyses are accessible using an open access principle, and saved according to 
the FAIR guidelines, effective investigation of these genomes could substantially 
contribute to acute as well as preventive medicine.

Involvement of machine learning
Machine learning approaches can elucidate very complex data patterns, resulting 
in observations that cannot be done manually. Currently, platforms like Amazon, 
Facebook,	Netflix,	 and	Google	are	well	 known	 for	 their	 efficient	 application	of	
machine learning approaches to predict user behavior. Clearly, this technology 
also provides a great opportunity in biomedicine (Krumholz, 2014; Ho et al., 2019), 
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and	‘omics’	research	approaches	(Eraslan	et	al.,	2019).	Compared	to	commercial	
data, biological data has an additional layer of complexity that includes an 
appropriate pre-processing, clearing, and selection of data (Holder, Haque and 
Skinner, 2017).
	 A	first-hand	example	of	an	machine	learning	approach,	that	is	commonly	
used in transcriptomic analyses, is the principal component analysis. This method 
exposes the relationships among data points by reducing the dimensionality, 
without preceding knowledge (Pearson, 1901; Hotelling, 1936; Schrider and Kern, 
2018). Another example is the hidden Markov model (Stratonovich, 1960), that 
can be applied during various bioinformatic analyses (Yoon, 2009). This model 
can be implemented on various data types to relate observation to hidden states.
 The advantages of machine learning, relative to conventional analysis, 
are related to the predictive accuracy of the algorithm: unknown information can 
be inserted into a model that can predict and report novel biological meanings 
(Schrider and Kern, 2018). Proper implementation of a machine learning 
workflows results in pattern recognition of data which can be optimized further 
by using more data and experience (Min, Lee and Yoon, 2016). Altogether, each 
machine learning algorithm has it’s (dis)advantages, and therefore, it is of 
importance to consider the appropriate model before implementing it on the 
biological data in question (Angermueller et al., 2016). However, when applied 
correctly, these machine learning methods can provide stunning novel insights on 
the biology of transcription start site recognition (Ohler et al., 2002), nucleosome 
organization (Segal et al., 2006), recognition of DNA-methylated regions (Haque, 
Holder and Skinner, 2015), and microscopy data (Eulenberg et al., 2017). 
Furthermore, with the growth of single-cell sequencing approaches, machine 
learning	could	be	beneficial	to	explain	biological	changes	between	healthy	and	
diseased conditions with machine learning (Angerer et al., 2017). Single-cell data 
is	 slowly	 developing	 into	 big	 data	 repositories	 that	will	 become	more	 difficult	
to analyze over time. Machine learning could provide a solution for effectively 
governance of the computational capacity required for the analysis. A drawback 
for machine learning strategies is the requirement for training of machine learning 
algorithms. This can be very demanding for computational facilities. Depending 
on the computational memory capacity, this process can last for hours or days. 
However, machine learning can make modeling assumptions much faster when 
the algorithm was subjected to the training data set (Schrider and Kern, 2018).
 Based on the rapid development of computational approaches, the 
combined	 use	 of	 various	 very	 large	 ‘omics’	 data	 types	 will	 occur	 very	 soon.	
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Additionally, the accumulation of data will result in novel approaches to analyze 
biological data. One of these concepts could be the implementation of machine 
learning approaches that can unravel the complexity and subtle diversity of the 
human genome and its relevance for function of gene products, pathways and 
systems.

Conclusion

One	century	ago,	microglia	were	identified	for	the	first	time	based	on	morphology.	
Due to the advancement of complex analyses in the genetic/transcription 
domain, the knowledge of biological function of microglia has increased 
considerably. Admitted, the effect of external circumstances, most importantly 
neurodegenerative and mental disease conditions, on the microglia is still not 
yet fully understood. Further analysis with improvements of analytical methods, 
will lead to an extensive map that explains the complete cellular response of 
microglia to environmental changes at a genomic scale.
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Overzicht

Het brein is een complex orgaan en is grotendeels opgebouwd uit zenuw- en 
gliacellen. Alhoewel gliacellen in eerste instantie werden beschouwd als lijm 
die zenuwcellen bijeenhoudt, is nu bekend dat deze cellen op diverse manieren 
ondersteuning bieden aan het netwerk van zenuwcellen. Gliacellen kunnen 
worden opgedeeld in drie celtypen: astrocyten, oligodendroglia en microglia. 
In dit proefschrift zijn diverse aspecten van microglia, de immuun cellen in het 
brein onderzocht. Microglia cellen zijn te herkennen aan hun kleine cellichaam 
met daaraan verschillende, beweeglijke aftakkingen, die de omliggende 
omgeving afspeuren om mogelijke veranderingen in de omgeving op te sporen. 
Wanneer er beschadigingen in het weefsel of ziekteverwekkers als bacteriën of 
virussen worden waargenomen, veranderen microglia: ze trekken hun uitlopers 
in en worden ronder van vorm. Dit gaat gepaard met een verandering van hun 
cellulaire functies. Microglia raken geactiveerd, een staat die wordt gekenmerkt 
door het uitvoeren immunologische functies om de verstoring in het weefsel te 
verhelpen. Een aantal van deze functies zijn het opnemen van beschadigde cellen 
of indringers als bacteriën door fagocytose, het presenteren van antigenen om 
andere cellen van het immuunsysteem in te schakelen en door het uitscheiden 
van anti- en pro- inflammatoire cytokines, deze signalering moleculen worden 
gebruikt om een verdere immunologische reactie te promoten. 

Onze genetische informatie, oftewel DNA, is opgeslagen in de kern van onze 
cellen. Hoewel het DNA in alle cellen binnen een organisme vrijwel gelijk is, 
heeft	elke	cel	zijn	eigen	specifieke	eigenschappen.	De	functies	van	een	cel	en	
de reactie op zijn omgeving worden bepaald door het epigenoom. Dit systeem 
is in staat om door middel van kleine chemische aanpassingen in het DNA, of 
door binding van eiwitten aan het DNA, eigenschappen van een cel vast te leggen 
zonder de DNA-sequentie te veranderen. Deze aanpassingen/eiwit bindingen 
bepalen	 de	 toegankelijkheid	 voor	 specifieke	 DNA-regio’s,	 waardoor	 enzymen	
kunnen binden om transcriptie te initiëren. Hierbij word het toegankelijke DNA 
een-op-een vertaalt naar een instabiel pre-mRNA-molecuul. Door het verwijderen 
van niet-coderende DNA-regio’s en het toevoegen van een beschermende laag 
aan beide uiteinden van het genetisch materiaal (een 5’ cap en een 3’ poly(A) 
staart) wordt er een stabiel mRNA molecuul gecreëerd die gebruikt kan worden 
voor met maken van het eiwit in het cytoplasma. De collectie van afgeschreven 
celtype-specifieke	 mRNA	 moleculen	 wordt	 het	 transcriptoom	 genoemd.	 Het	



139

7

Nederlandse samenvatting

transcriptoom is een cellulaire moment opname die gebruikt kan worden om 
te mate van genexpressie te beschrijven. Daarnaast kunnen transcriptoom 
profielen	 met	 elkaar	 worden	 vergeleken	 om	 genexpressie	 veranderingen	 te	
identificeren.	Onderzoek	 van	microglia	 transcriptoom	profielen	 onder	 gezonde	
en pathologische omstandigheden geeft inzicht in cellulaire condities als 
ontwikkeling, homeostase, stress en ziekte in het centrale zenuwstelsel. Hoewel 
er al intensief onderzoek is gedaan in microglia van muizen en mensen zijn 
er subtiele veranderingen tussen studies te vinden. De oorzaak hiervoor zijn 
de verschillen in kwaliteit van de hersenweefsels, laboratorium procedures en 
computationele methoden en/of analyses. Door een betere afstemming tussen 
onderzoeksgroepen te maken, is het mogelijk om een betere vertaling te maken 
naar het microglia transcriptoom in mensen. Verder is het van belang om binnen 
het onderzoek (meta)data zo compleet mogelijk te annoteren en openbaar te 
maken. 

In hoofdstuk 1 is een introductie gegeven over de achtergrond van microglia, 
ontwikkeling van microglia, cellulaire functies en belangrijke bevindingen die zijn 
gedaan in zowel muis als mens microglia. Ook is er aandacht besteed aan de 
ontwikkelingen	op	het	gebied	van	datawetenschap	en	artificiële	intelligentie.

Hoofdstuk 2 bespreekt het microglia transcriptoom verder, waarbij genexpressie 
veranderingen in verschillende sekse, veroudering en neurodegeneratieve ziektes 
in meer detail worden bekeken. Uiteindelijk wordt het microglia transcriptoom 
beschreven	als	een	‘caleidoscoop’,	waarbij	de	positiebepaling	van	een	afbeelding	
vergeleken kan worden met de veranderingen uit de omgeving.

In hoofdstuk 3 is gekeken naar de veranderingen in het microglia transcriptoom 
die zichtbaar zijn, enige uren na overlijden (post mortem). Het gebrek aan 
zuurstof in het post mortem brein beïnvloedt het cel metabolisme, waaronder dat 
van microglia. Om het effect hiervan te bepalen, is het microglia transcriptoom 
op verschillende tijdspunten na overlijden onderzocht. Het aantal microglia dat 
geïsoleerd kan worden uit het brein van een muis neemt af wanneer de tijd tussen 
overlijden en microglia isolatie toeneemt. Analyse van de transcriptoom data 
laat	zien	dat	er	een	subtiele	verandering	in	het	genexpressie	profiel	van	de	muis	
te vinden is. Waarbij menselijke homologen een gelijkwaardig effect bleken te 
hebben. Uit onze gegevens blijkt dat het effect van post mortem condities op het 
microglia transcriptoom vrij beperkt is. Verder onderzoek is nodig om te bepalen 
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in welke mate deze genexpressie de functionaliteit van microglia transcriptoom 
beïnvloedt. 

In hoofdstuk 4	 wordt	 een	 transcriptie	 profiel	 beschreven	 van	microglia	 uit	 de	
makaak,	een	niet-menselijke	primaat.	Vergelijking	van	dit	profiel	met	dat	van	de	
zebravis, muis en mens laat duidelijke verschillen zien tussen deze organismen. 
Verder werd door de overlap van alle organismen een evolutionair geconserveerd 
genexpressie	 profiel	 bepaald.	 Dit	 profiel	 is	 vergeleken	met	 een	 recente	 studie	
van microglia in een groot aantal diersoorten uit het dierenrijk (Geirsdottir et al., 
2019). Hieruit bleek dat de genen uit onze studie eveneens voorkomen in het 
geconserveerde	genexpressie	profiel	van	Geirsdottir	et	al.,	2019.	Daarnaast	is	er	
grotere overeenkomst tussen het transcriptoom van microglia van de makaak en 
de mens dan tussen het transcriptoom van de muis en mens. Deze observatie is 
logisch, aangezien de mens evolutionair gezien meer verwant is aan de makaak 
dan aan de muis. De overlap tussen de makaak en de mens bevat onder andere 
genen	die	geïdentificeerd	waren	als	 ‘mens	uniek’	binnen	het	humane	microglia	
profiel.	

In hoofdstuk 5 staat een omschrijving van de opzet en toepassing van een open 
access glia transcriptoom database: BRAin INteractive Sequencing Analysis 
Tool (BRAIN-SAT). Deze database is geïnspireerd op de sterke toename van 
de hoeveelheid en aantallen gepubliceerde transcriptoom data in het glia 
onderzoeksveld en is een vervolg op de glia open access database: GOAD 
(Holtman, et al., 2015). BRAIN-SAT is een webapplicatie die het mogelijk maakt 
om verder onderzoek te doen met gepubliceerde data door het aanbieden 
gestructureerde data en effectieve data-analyse tools. De gemiddelde 
genexpressie van glia cellen kan worden bekeken met de zoekmodule, hierbij 
worden beschikbare data sets gecombineerd om de genexpressie waardes van 
verschillende glia transcriptoom data sets te vergelijken. Een nieuw aspect van 
BRAIN-SAT is de visualisatie van de genexpressie op single-celniveau met behulp 
van de van de bijbehorende analyse module. Deze module creëert een visualisatie 
die in staat is om verschillende condities binnen de (meta)data te onderscheiden. 
De zoekfunctie van de module creëert boxplots en cirkeldiagrammen die gebruikt 
kunnen worden om de genexpressie van verschillende condities of celtypes weer 
te geven. Op dit moment is BRAIN-SAT een van de eerste webapplicaties die 
het mogelijk maakt om een interactieve analyse uit te voeren op gepubliceerde 
transcriptoom data binnen het glia onderzoekveld. Daarnaast is deze applicatie 
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in de toekomst makkelijker uit te breiden met nieuwe analysemethodes, zoals de 
single-cel module, door de onderliggende databank structuur die geboden wordt 
door MOLGENIS.

Ten slotte is in hoofdstuk 6, een samenvatting gegeven waarbij de belangrijkste 
bevindingen van dit proefschrift worden bediscussieerd. Daarnaast worden 
toekomstige aspecten in transcriptoom onderzoek en hergebruik van data 
besproken. Dit proefschrift laat zien dat het microglia transcriptoom erg gevoelig 
is voor externe factoren. Deze invloeden kunnen leiden tot een subtiele verandering 
van het microglia transcriptoom. Verder onderzoek zou duidelijk moet maken in 
welke mate deze subtiele effecten invloed hebben op een moment opname van 
het transcriptoom. Door het annoteren van mogelijke externe invloeden en het 
integreren van meer data, is het mogelijk om met behulp van meta-analyse te 
komen tot een nauwkeurige beschrijving van microglia functies. Dit zal uiteindelijk 
leiden tot een goede beschrijving van cellulaire reacties van microglia onder 
gezonde en pathologische omstandigheden. 

Voor	efficiënte	data	uitwisseling	en	hergebruik	is	het	belangrijk	dat	onderzoekers	
samenwerken onder toegankelijke en gestandaardiseerde omstandigheden. 
Hierbij is de data vindbaar, bereikbaar, herbruikbaar en kan het werken met andere 
procedures of data zonder beperkingen. Dit is een cruciaal concept zeker omdat 
er momenteel snelle vorderingen in techniek worden gemaakt. Om dit concept te 
bevorderen is het noodzakelijk om (meta)data en codes toegankelijk te maken 
om zo het biomedische onderzoek te stimuleren. 
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