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ABSTRACT	OF	THE	THESIS	

	

Transcriptome	dynamics	of	neurodegeneration	using	single-cell	and	long-read	approaches	
	

by	

Gabriela	Balderrama	Gutierrez	

PhD	in	Developmental	and	cell	biology	

University	of	California,	Irvine,	2020	

Professor	Ali	Mortazavi,	Chair	

	

	

Alzheimer’s	 disease	 is	 characterized	 by	 plaques	 and	 tangles	 that	 lead	 to	

neurodegeneration	and	dementia.	Clinical	 trials	 for	AD	drugs	have	a	high	failure	rate	and	

could	 benefit	 from	 better	 mouse	 models	 of	 late	 onset	 AD.	 Changes	 in	 gene	 expression,	

alternative	 splicing	 and	 chromatin	 profiles	 have	 been	 described	 as	 indicators	 of	 the	

pathology.	The	focus	of	this	thesis	is	to	characterize	already	available	models	of	AD	using	

single-cell	and	long-read	transcriptomics.	Chapter	2	is	a	time	course	of	neurodegeneration	

in	 the	3xTg-AD	mouse,	which	 is	 the	 only	mouse	AD	model	 that	 has	plaques	 and	 tangles,	

similar	 to	human	AD.	We	use	bulk	RNA-seq	 in	 the	hippocampus	of	3xTg	mice	 to	 identify	

distinct	 gene	modules	associated	with	microglia	 and	oligodendrocytes	 that	 increase	with	

aging	and	pathology.	We	 further	 investigate	 the	 changes	 in	 cell	populations	using	 single-

nucleus	RNA-seq	of	the	hippocampus	and	cortex	of	3xTg	and	5xFAD	mice	to	detect	major	

changes	in	astrocytes	and	oligodendrocytes	groups.	We	recover	a	common	path	of	astrocyte	

activation	with	 the	5xFAD	mouse	and	 find	 that	3xTg	derived	astrocytes	seem	to	be	at	an	

earlier	stage	of	activation.	In	order	to	investigate	the	activation	of	microglia	in	3xTG,	we	also	



 

xi 
 

generated	 a	 single-cell	 RNA-seq	 dataset	 of	microglial	 cells	 and	 found	multiple	 subtypes,	

including	 a	 set	 of	 microglia	 with	 distinct	 transcription	 factor	 expression	 profile	 that	 is	

associated	 with	 an	 early	 increase	 in	 Csf1	 expression	 before	 the	 full	 onset	 of	 DAM	 gene	

expression.	Finally,	 scATAC-seq	reveals	a	set	of	chromatin	accessible	areas	shared	across	

multiple	activation	states	 found	 in	 the	scRNA-seq	 that	matches	glial	activation	processes.		

Overall,	differences	between	the	main	glial	groups	point	to	a	slower	activation	process	in	the	

3xTg	model	when	 compared	 to	 the	5xFAD.	Our	 study	 contributes	 to	 the	 identification	of	

progressive	transcriptional	changes	of	glial	cells	in	a	model	that	has	plaques	and	tangles.	

Single-cell	microfluidic	systems	are	optimized	for	smaller	cell	types	than	most	cells	

in	the	brain,	which	are	also	difficult	to	dissociate.	The	Split-seq	barcode	strategy	without	any	

microfluidics	and	fixation	steps	before	cell	labeling	allows	for	multiplexed	cells	and	nuclei	to	

be	sequenced	at	the	same	time.	We	use	Split-seq	in	Chapter	3	to	sequence	the	transcriptome	

of	24,270	nuclei	as	well	as	 single-cell	microglia	 from	the	cortex	and	hippocampus	of	one	

24mo	female	3xTg-AD	mouse.	Comparison	of	Split-seq	cell	clusters	against	clusters	from	our	

existing	time	course	study	of	3xTg-AD	(Chapter	2),	we	recover	all	of	the	main	cell	types	and	

detect	genes	that	were	problematic,	such	as	Gfap	in	astrocytes.		However,	nuclei	from	derived	

microglia	lack	the	major	identifiers	of	DAM,	which	were	detectable	at	low	levels	in	single-

cells.	 	 Sub-clustering	 of	 Astrocytes	 recovers	 11	 distinct	 clusters	 including	 an	 activation	

cluster	that	overlaps	not	only	with	previously	identified	markers	such	as	Gfap	but	also	novel	

markers	such	as	Thy1	expression.	The	Split-seq	protocol	show	promise	for	scaling	up	future	

single-cell	transcriptomics	studies	of	AD.	
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	 AD	has	been	extensively	characterized	using	short-read	sequencing.	However,	most	

studies	focus	on	gene	expression	changes	and	rarely	analyze	isoform	changes.	Full-length,	

high-throughput	mRNA	sequencing	using	long-read	technologies	is	the	best	way	to	explore	

transcript	isoform	diversity,	as	regular	short-reads	do	not	provide	enough	information	about	

the	connectivity	between	distant	exons.		We	explore	in	Chapter	4	the	transcriptome	of	the	

mouse	C57BL6/J	and	5xFAD	cortex	and	hippocampus	at	8	months	of	age.	We	recover	>90%	

of	genes	previously	associated	with	 the	5xFAD	genotype.	We	 further	detect	244	and	471	

isoform	switches	in	cortex	and	hippocampus	respectively.	We	also	found	194	genes	with	TSS	

switches	 and	 714	 for	 TES	 switches	 relevant	 for	 the	 5xFAD	 genotype.	 Genes	 presenting	

isoform	changes	include	genes	such	as	Csf2ra,	Csf1	and	Lamp2.	 	 	Long-read	transcriptome	

analysis	 of	 mouse	 models	 of	 disease	 can	 provide	 additional	 insights	 into	 how	 isoform	

switches	can	alter	gene	activity	during	disease	progression.	
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Central	nervous	system	and	the	role	of	glial	cells	

While	all	animals	have	neurons	organized	in	a	nervous	system,	the	regulation	of	most	

activities	 in	 vertebrates	 is	 dictated	 by	 a	 highly	 organized	 central	 nervous	 system	 (CNS)	

consisting	of	the	brain	and	spinal	cord.		The	brain	is	composed	of	diverse	cell	types	that	are	

commonly	 divided	 into	 2	 major	 groups:	 neuronal	 and	 glial	 cells.	 Radial	 glia	 are	 the	

progenitor	cells	of	most	cell	types	present	in	the	adult	brain.		Symmetrical	and	asymmetrical	

division	of	radial	glia	are	precursors	to	neurons,	astrocytes,	oligodendrocytes	among	others.	

During	 development,	 radial	 glia	 help	 promote	 the	 migration	 of	 neurons	 and	 help	 with	

recovery	in	early	life	injuries(Jinnou	et	al.	2018)	.	The	general	misconception	that	the	mature	

brain	does	not	 regenerate	was	based	on	 the	assumption	 that	once	 the	brain	has	 reached	

maturity,	radial	glia	become	astrocytes	(Voigt	1989;	Jiang	and	Nardelli	2015).	We	know	now	

that	adult	neurogenesis	can	happen	in		subregions	of	the	hippocampus	such	as	the	dentate	

gyrus,	a	region	characterized	by	the	presence	of	radial	glia,	but	their	origin	is	still	unclear	

(Berg	et	al.	2018).	

The	core	component	of	the	brain	are	neurons.	They	are	composed	of	a	soma	holding	

the	nucleus,	an	axon	and	dendrites.	Neuron	sizes	can	vary	from	a	few	microns	to	100	um	

because	of	their	axons.	Each	neuron	can	form	multiple	synapses	to	communicate	electrical	

impulses	 that	 control	 an	 entire	 organism	 (Granger,	 Wallace,	 and	 Sabatini	 2017).	 The	

classification	of	neurons	started	based	on	their	morphology	when	Santiago	Ramon	y	Cajal	

described	them	for	the	first	time	(Llinás	2003).		We	classify	neurons	based	on	morphology,	

function,	 location	 or	 even	 gene	 expression	 (Holguera	 and	Desplan	 2018).	 Inhibitory	 and	

excitatory	neurons	are	major	division	of	neurons,	but	thanks	to	single-cell	studies,	we	know	

that	each	major	neuronal	group	has	multiple	subpopulations	(Saunders	et	al.	2018).	Despite	
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progress	developing	different	approaches	to	classify	neuronal	diversity	,	including	machine	

learning	based	on	different	 traits	 such	as	morphology	or	gene	expression,	 this	 remains	a	

challenging	task	(Vasques	et	al.	2016;	Fishell	and	Heintz	2013).		

Neurons	are	a	specialized	group	and	have	very	specific	metabolic	needs.	They	require	

a	significant	amount	of	energy,	but	glucose	storage	is	 limited	in	neurons	and	they	rely	on	

non-neuronal	cells,	also	known	as	glia,	to	regulate	it	(Erbslöh,	Bernsmeier,	and	Hillesheim	

1958)	.	The	role	of	glial	cells	is	to	provide	trophic	support	and	stability	to	the	brain	(F.	Leng	

and	 Edison	 2021).	 Based	 on	 their	 size,	 glial	 cells	 can	 be	 classified	 into	 2	major	 groups:	

macroglia,	which	includes	astrocytes	and	oligodendrocytes,	as	well	as	microglia,	which	are	

the	 resident	 macrophages	 of	 the	 brain.	 Each	 one	 of	 these	 cell	 types	 will	 provide	

environmental	cues	for	the	neurons	to	function	properly.	

Astrocytes	 receive	 their	 name	 because	 their	 ramifications	 resemble	 stars.	 During	

development,	 astrocyte	 maturation	 depends	 greatly	 on	 having	 interactions	 with	 other	

astrocytes	 (J.	 Li	 et	 al.	 2019).	 Along	 with	 microglia,	 astrocytes	 help	 to	 direct	 neuronal	

development.		Depending	on	their	appearance	and	location,	researchers	classify	astrocytes	

as	protoplasmic	or	fibrous.	Protoplasmic	astrocytes	are	located	in	areas	with	a	high	density	

of	 neuronal	 somas	 (Tabata	 2015)	 	 and	 have	 ramifications	 that	 regulate	 synapses	 by	

removing	glutamate	and	also	interact	with	endothelial	cells	to	form	the	blood	brain	barrier	

(BBB).	 Regulation	 of	 glucose	 and	 blood	 flow	 to	 the	 brain	 are	 functions	 of	 the	 BBB	with	

astrocytes	 being	 the	 major	 reservoir	 of	 glucose	 (Mergenthaler	 et	 al.	 2013).	 Fibrous	

astrocytes	are	located	in	brain	regions	rich	in	myelin	and	have	different	responses	to	injury	

when	compared	to	proteoplasmic	astrocytes,	including	the	overexpression	of	Gfap	(Sun	et	

al.	2010;	Iram	et	al.	2016).	Depending	on	their	development	and	life	stage,	there	are	general	
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markers	for	astrocytes	at	gene	expression	level.	Astrocyte	markers	innclude	Gfap	,	Clu,	Vim,	

S100b,	Eaat-1	and	Eaat-2,	Aqp4,	Cx30	and	Cx43,	Aldh1l1	 (Verkhratsky,	Zorec,	and	Parpura	

2017).	 The	 diversity	 of	 astrocytic	 populations	 can	 be	 influenced	 by	 neurons	 via	 SHH	

signaling	(Farmer et al. 2016). Neurotoxic astrocytes (A1) are triggered by Il-1α, TNF and C1q 

that are secreted by microglial cells. These astrocytes will promote neuronal and oligodendrocyte 

death under different conditions and pathologies, including AD. A2 astrocytes are their 

neuroprotective counterpart. (Liddelow et al. 2017a) and are present in homeostatic conditions. 

Astrocytes have a critical role, either as protective (A2) or as agents that react to disease (A1) and 

each one can have multiple subpopulations (Habib et al. 2020; Olah et al. 2020). 

The	 main	 function	 of	 oligodendrocytes	 is	 to	 produce	 myelin	 that	 will	 cover	 the	

neuronal	axons	and	allow	for	transmission	of	synaptic	potentials.	Like	astrocytes,	they	are	

derived	from	radial	glial	that	become	oligodendrocyte	precursor	cells	(OPCs),	which	will	in	

turn	generate	mature	oligodendrocytes.		Interestingly,	OPCs	can	express	neuronal	regulation	

markers	such	as	Ptgds	and	Nptx2/Narp	(Sakry	et	al.	2015)	and	can	re-enter	the	cell	cycle	to	

proliferate	under	different	stimuli		(Simon,	Götz,	and	Dimou	2011).	Mature	oligodendrocytes	

express	Mbp,	Mag,	Mog	and	Plp1(Dugas	et	al.	2006)	to	cover	neuronal	axons	with	myelin.	

The	distribution	and	lifespan	of	oligodendrocytes	varies,	with	the	corpus	callosum	being	the	

brain	region	where	oligodendrocytes	are	more	concentrated	and	live	the	longest	(up	to	10	

years),	which	 implies	 that	 there	 is	 a	myelination	 process	 still	 present	 in	 the	 adult	 brain	

(Tripathi	et	al.	2017).	Demyelination	happens	with	aging,	but	this	process	is	accelerated	in	

the	case	of	AD	(Cai	and	Xiao	2016).	Other	alterations	in	myelination	patterns	during	early	

stages	of	AD	include	oligodendrocyte	developmental	issues	such	as	premature	thickening	of	
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myelin	sheaths	(Y.	Wu	et	al.	2017),	and		while	impairment	of	oligodendrocyte	functions	is	

not	exclusive	to	AD	(Dimou	and	Simons	2017),	it	is	one	of	the	hallmarks	of	the	disease.	 

Microglia	 do	 not	 originate	 from	 radial	 glia,	 but	 from	 the	 yolk	 sack.	 At	 the	 latest	

embryonic	stages,	microglia	travel	to	the	brain	and	colonize	it	(Masuda	et	al.	2020).	Later,	

they	proliferate	and	find	their	places	in	different	regions	of	the	brain,	becoming	the	resident	

macrophages	(Thion	and	Garel	2017).	Only	half	of	the	microglia	will	survive	the	entire	mouse	

lifespan	(Füger	et	al.	2017).	During	development,	microglia	help	with	synaptic	pruning	and	

getting	 rid	 of	 debris	 (Allen	 and	 Lyons	 2018).	 Microglia	 heterogeneity	 and	 distribution	

continue	 to	 intrigue	 the	 scientific	 field	 (Lawson	 et	 al.	 1990).	While	 studies	were	 initially	

based	 on	morphology	 and	 a	 few	markers	 such	 as	 F4/80,	 current	 technology	 allow	us	 to	

describe	microglial	populations	based	on	their	transcriptional	and	spatial	profiles	(Masuda	

et	al.	2019;	Davis	et	al.	2017).	Microglia	plasticity	is	present	during	homeostatic	conditions	

as	 well.	 Microglia	 change	 their	 soma	 volume,	 the	 speed	 of	 the	 process	 and	 their	 tissue	

distribution	during	aging	 in	WT	mice.	(Hefendehl	et	al.	2014).	Mature	microglial	cells	are	

characterized	by	the	expression	of	Csf1r,	C3xcr1,	Csf1	and	Hexb.	Csf1r	is	needed	for	microglial	

viability	 and	 diversity	 (Erblich	 et	 al.	 2011),	 but	 it	 can	 also	 change	 under	 physiological	

challenges.	 In	 some	 types	 of	 dementia,	 Csf1r	 deficiencies	 can	 trigger	 microgliosis	 via	

Csf2/Csf1,	impacting	cognition	and	myelination	events	(Chitu	et	al.	2020).	

Broad	classifications	of	microglia	 label	 them	as	neurotoxic	or	neuroprotective,	but	

this	classification	was	based	on	the	already	described	macrophage	polarization	into	M1	and	

M2	(C.	Li	et	al.	2018).		Characterization	of	microglia	showing	neuroprotective	mechanisms	

described	expression	IL-4	decreases	class	II	major	histocompatibility	proteins	and	increases	

insulin	like	growth	factor	I	(Butovsky	et	al.	2005).	Whereas	microglial	neurotoxic	roles	are	
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activated	in	a	gradual	manner	and	it	has	been	shown	that	the	presence	of	the	antigen	by	itself	

does	not	cause	damage,	but	the	presence	of	microglia	that	secrete	reactive	oxygen	species	

(ROS)	does	(H.-M.	Gao	et	al.	2002;	Gibbons	and	Dragunow	2006).	While	microglia	are	often	

seen	as	independent	cell	entities,	it	is	important	to	remember	that	communication	with	other	

cells	types,	including	neurons	is	important	for	regulating	their	responses	(Biber	et	al.	2007).	

	

Alzheimer’s	disease	

Alzheimer’s	disease	is	a	neurodegenerative	disease.	It	is	the	main	cause	of	dementia	

and	 it	 is	 characterized	by	 the	presence	of	amyloid	b	plaques	and	 tau	 tangles	 that	 lead	 to	

neuronal	death	through	diverse	pathways	(Mucke	2009).	In	humans,	the	definitive	diagnosis	

come	post-mortem	when	the	presence	and	plaques	in	the	brain	is	confirmed	by	IHC.	Risk	

factors	for	AD	include	genetic	predisposition,	especially	the	APOE-e4	allele,	family	history	of	

dementia,	cardiovascular	issues	as	well	as	diet	and	access	to	education	(“2018	Alzheimer’s	

Disease	 Facts	 and	 Figures”	 2018).	 	 Environmental	 factors	 play	 an	 important	 role	 in	 the	

development	of	AD,	people	can	have	the	APOE-e4	allele	but	not	show	pathology.		Most	AD	

cases	are	sporadic,	but	there	is	a	small	subset	that	are	known	as	familial	AD,	where	mutations	

in	 APP,	 PSEN1	 and	 PSEN2	 have	 been	 identified	 (LaFerla	 and	 Oddo	 2005).	 Not	 all	 brain	

regions	 are	 affected	 the	 same	way	 by	 AD,	with	 cortex	 and	 hippocampus	 being	 the	most	

affected.	Cortex	 is	 the	executive	center	of	 the	brain	(Leisman,	Moustafa,	and	Shafir	2016)	

while	 the	 hippocampus	 is	 the	 center	 for	 learning	 and	 memory,	 explaining	 cognitive	

impairment	as	well	as	memory	loss	in	AD.	In	humans,	cortex	shows	a	higher	atrophy	rate	

than	 hippocampus	 (Du	 et	 al.	 2004),	 but	 because	 of	 its	 plasticity,	 the	 hippocampus	 is	 a	

particularly	susceptible	area	to	aging	and	disease	(Bartsch	and	Wulff	2015).	
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There	are	multiple	 theories	of	 	 the	 specific	 trigger	 for	AD	such	as	oxidative	 stress	

(Cheignon	 et	 al.	 2018),	 hormonal	 variations(Merlo,	 Spampinato,	 and	 Sortino	 2017)	 and	

metal	 accumulation	 in	 amyloid	 b	 deposits	 (Bush	 and	 Tanzi	 2008).	 But	 the	 most	 widely	

subscribed	theories	in	the	field	are	the	amyloid	cascade	and	Tau	hypotheses.		In	the	amyloid	

cascade	hypothesis,	amyloid	beta	plaques	are	suggested	as	the	cause	of	AD	(Karran	and	De	

Strooper	2016).	Extracellular	accumulation	of	Ab	starts	with	the	presence	of	Ab	monomers	

(G.	 Chen	 et	 al.	 2017)	 that	 later	 will	 oligomerize	 starting	 the	 aggregation	 and	 plaque	

deposition	 leading	 to	 cell	death	by	disturbing	 synaptic	and	cellular	processes	 (Castellani,	

Plascencia-Villa,	and	Perry	2019;	Golde	2003)	.	The	Tau	hypothesis	states	that	Mapt,	which	

is	the	gene	that	encodes	for	the	microtubule	associated	protein	Tau	is	responsible	for	the	

appearance	of	AD	 (Lo	 and	Sachs	2020).	Tau	 is	 responsible	of	 stabilizing	neuronal	 axons.	

Synthesis,	truncation	and	release	of	Tau	from	neurons	has	a	3-day	turnover	as	observed	in	

iPSCs	derived	neurons	(C.	Sato	et	al.	2018).	The	presence	of	Tau	is	non-toxic	in	a	monomeric	

state,	but	hyperphosphorylation	of	the	protein	can	trigger	fibrillogenesis	converting	the	non-

toxic	monomers	into	oligomers	and	neurofibrillary	tangles	(Cárdenas-Aguayo	et	al.	2014).	

The	newly	formed	toxic	Tau	species	can	be	transmitted	from	cell	to	cell	allowing	for	seeded	

oligomerization	 or	 aggregation	 in	 healthy	 neighboring	 cells	 causing	 neurodegeneration	

expansion	(DeVos	et	al.	2018).			

Both	hypotheses	reveal	different	 insights	about	AD	appearance,	but	recent	studies	

and	deeper	consideration	motivate	the	field	to	approach	AD	from	an	systems	biology	point	

of	view:	Plaques	and	tangles	are	both	necessary	for	appearance	of	AD	pathology	(Kametani	

and	Hasegawa	2018;	Karran	and	De	Strooper	2016).	This	change	in	paradigms	comes	from	

clinical	trials	results,	where	drugs	that	seemed	promising	in	mouse	models	have	repeatedly	
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failed	when	tested	in	humans.	For	example,	administration	of	Ab	peptides	antibodies	in	a	

mouse	model	of	APP	showed	reduction	of	the	amyloid	beta	peptide	levels	(Bard	et	al.	2000),	

but	later	the	lack	of	correlation	with	the	amount	of	plaques	and	cognitive	behavior	raised	

questions	about	the	validity	of	the	amyloid	hypothesis	(Benilova,	Karran,	and	De	Strooper	

2012).	Tau	based	therapies	are	focused	on	inhibiting	kinases	 involved	in	APP	processing,	

such	as	CDK5, GSK3β and ERK2 (Mazanetz and Fischer 2007) ,	but	similar	issues	to	amyloid	

therapies	were	observed.	Semorinemab,	which	is	an	antibody	targeting	Tau	aggregates	did	

not	give	positive	results	 for	clinical	trials	either,	but	the	development	of	at	 least	other	11	

drugs	targeting	Tau	are	still	in	the	process	(Congdon	and	Sigurdsson	2018).	

	

Mouse	models	of	AD	

The	development	of	animal	models	to	understand	biological	process	is	essential	for	

medical	advances.	The	inference	of		equivalent	‘life/developmental	stages’	between	human	

and	mouse	has	been	done	based	on	metabolism	and	aging	(Chini	and	Hanganu-Opatz	2021),	

but	a	perfect	match	is	not	possible	because	of	multiple	factors	such	as	cell	diversity	(Eze	et	

al.	2021)	and	genetic	variability	among	other	factors	(Sigmund	2000).	Mouse	models	should	

be	used	with	a	dose	of	skepticism	and	with	the	understanding	that	the	‘perfect’	mouse	model	

is	the	one	that	is	able	to	give	us	the	closest	answer	to	our	problem,	ie	is	the	question	that	I	

am	asking	going	to	be	solved	by	this	particular	model?	

There	are	at	least	189	mouse	models	of	AD	that	have	been	generated	mostly	on	the	

premise	 of	 the	 amyloid	 hypothesis	 (Hardy	 2017).	 Familial	mutations	 of	APP,	 PSEN1	 and	

PSEN2	are	among	the	best	characterized	because	their	relationship	with	FAD	and	plaques	

formation,	but	Tau	based	mouse	models	are	also	available.		
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One	of	the	most	used	AD	mouse	models	is	the	5xFAD.		The	overall	design	is	a	mouse	

with C57BL/6 x SJL	background	that	is	a	double	transgenic	for	the	APP/PS1	genes	using	the	

Thy1	promoter	and	coexpresses	five	FAD	mutations,	therefore	5xFAD	(Oakley	et	al.	2006).	

5xFAD	displays	an	aggressive	appearance	of	plaques,	with	Ab42	accumulation	happening	at	

1.5	months	and	amyloid	deposition	as	early	as	2	months,	which	is	directly	correlated	with	a	

significant	loss	of	neurons	(Eimer	and	Vassar	2013).	Impairments	in	cognition	and	synaptic	

transmission	are	reported	at	4	months	(Girard	et	al.	2013;	Forner	et	al.	2021).	Gene	networks	

analysis	on	the	5xFAD,	as	well	as	other	studies		describe	upregulation	of	immune	genes	that	

are	also	detected	 in	human	AD	studies	 (Forner	et	 al.	 2021;	Wan	et	 al.	 2020).	Changes	 in	

microglia	can	happen	as	early	as	1	–	6	weeks	old	by	increasing	cytokine	production	in	the	

5xFAD	(Boza-Serrano	et	al.	2018).	At	4	months	of	age,	activated	astrocytes	are	 located	 in	

vicinity	 of	 plaques	 labeled	 by	 overexpression	 of	Gfap,	 and	 by	 6	months	 astrocytes	 start	

showing	accelerated	senescence	when	compared	to	their	correspondent	WT	(Amram	et	al.	

2019).	Loss	of	oligodendrocytes	cells	leading	to	myelin	loss	has	been	reported	as	early	as	1	

month	and	keeps	 increasing	as	 the	mice	age,	having	a	positive	correlation	with	cognitive	

decline	because	of	the	role	it	has	in	the	speed	of	action	potentials	(Gu	et	al.	2018).			However,	

5xFAD	does	not	have	tangles,	which	are	the	other	hallmark	of	AD.	

The	3xTg	mouse	 is	 the	only	mouse	model	 that	 has	 reported	 to	 show	plaques	 and	

tangles	 (Myers	 and	 McGonigle	 2019).	 As	 its	 name	 indicates,	 it	 hosts	 3	 transgenes	 with	

familial	mutations:	PS1M146V,	APPSwe,	and	tauP301L	using	the	Thy1	and	APP	promoters	in	

a	 C7BL/6;129X1/SvJ;129S1/Sv background.	 	 The	 accumulation	 of	 Ab	 happens	 before	

appearance	of	tangles	(Oddo	et	al.	2003).	Appearance	of	Ab	is	reported	to	start	at	6	months	

while	 tangles	 appear	 after	 12	 months.	 Other	 indicators	 of	 the	 pathology	 such	 as	 lipid	
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peroxidation	 increase	 as	 early	 as	 3-5	 months	 while	 the	 antioxidants,	 vitamin	 E	 and	

glutathione,		decrease(Resende	et	al.	2008)	.	Sensory	deficits	are	also	a	characteristic	of	AD,	

and	 the	3xTg	mouse	shows	other	effects	not	 related	 to	cognition	such	as	decreased	odor	

detection	 in	 females	 at	6	months(Roddick	 et	 al.	 2016).	At	 a	 cellular	 level,	OPCs	numbers	

decrease	during	early	stages	of	the	pathology	(Vanzulli	et	al.	2020).	In	the	case	of	astrocytes,	

these	mice	 showed	an	 reactive	profile	as	well	 as	deficits	 in	working	memory	but	normal	

levels	of	anxiety	and	no	detectable	levels	of	Ab40	at	16	months	(Ceyzériat	et	al.	2018).		There	

is	no	decrease	in	number	of	neurons	in	this	particular	model,	but	it	has	been	observed	that	

changes	in	dendrite	number	appear	in	a	tissue	and	age	specific	way	(Zhang	et	al.	2020).	

Both	 of	 these	 transgenic	mice	 are	 used	 as	models	 of	 dementia	 since	 they	 display	

behaviors	associated	with	age	as	social	withdrawal,	increased	aggression	apathy	or	anxiety	

along	 with	 the	 some	 histopathological	 hallmarks	 for	 the	 disease	 that	 include	 protein	

aggregates	as	well	as	cellular	changes(Kosel,	Pelley,	and	Franklin	2020).	We	should	take	into	

account,	 that	 while	 both	 models	 work	 under	 the	 Thy1	 promoter	 to	 associate	 the	

development	of	plaques	based	on	a	neuronal	pattern,	Thy1	can	also	be	expressed	in	other	

cell	 types	 such	 as	 astrocytes	 (Livet	 et	 al.	 2007).	Additionally,	 differences	 in	 their	 genetic	

backgrounds	as	well	as	the	speed	at	which	they	develop	the	protein	aggregates	and	show	

behavioral	changes	can	make	the	direct	comparison	of	both	models	inherently	difficult.		

	

Single-cell	studies	in	AD	

Single-cell	 omic	 approaches	 allow	 us	 to	 explore	 AD	 from	 many	 perspectives	

(Strzelecka,	 Ranzoni,	 and	 Cvejic	 2018).	 	 scRNA-seq	 is	 the	 most	 popular	 technology	 to	

understand	 cell	 heterogeneity	 and	 it	 has	 been	 used	 to	 describe	 cell	 populations	 during	
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development	and	aging	 (Suijuan	Zhong	et	al.	2018;	Ximerakis	et	al.	2019).	 In	 the	mature	

brain,	 there	 is	 at	 least	 47	molecular	 distinct	 subclasses	 of	 cells	 described	 in	 cortex	 and	

hippocampus	of	mice	alone	(Zeisel	et	al.	2015).	Each	of	these	cell	subclassses	have	a	different	

response	during	AD,	especially	at	the	latest	stages.	Hippocampal	neurons	of	an	APP	mouse	

model	 showed	 changes	 related	 to	 cytoskeleton	 regulation,	 positive	 regulation	 of	 TNF	

production	and	cholesterol	biosynthesis	(Shan	Zhong	et	al.	2020).		Studies	related	to	the	role	

of	glial	cells	in	AD	have	expanded	in	recent	years	(Burda	and	Sofroniew	2014)	to	address	the	

role	of	 these	 cells	 in	AD.	 	Disease	Associated	astrocytes	 (DAA)	express	genes	 involved	 in	

endocytosis,	complement	cascade	and	aging. DAA marker genes include	Serpina3n	and	Ctsb.	

Some	of	these	genes	such	as	Apoe	and	Clu	are	expressed	in	transitional	states	as	well.	DAA	

are	not	exclusive	to	AD	and	are	also	expressed	during	aging	and	are	conserved	in	human	

(Habib	et	al.	2020).  

Thanks	to	their	size,	characterization	of	microglial	has	been	possible	using	scRNA-

seq.	 During	 neurodegeneration	 and	 inflammation,	 microglia	 have	 a	 distinct	 signature	

referred	to	as	Disease	Associated	Microglia	(DAM).		Expression	of	Cst7,	Trem2	and	Axl	are	

characteristic	of	DAM,	along	with	changes	in	morphology.	The	DAM	signature	is	conserved	

in	human	and	across	different	mouse	models	of	neurodegeneration	(Keren-Shaul	et	al.	2017;	

Mathys	et	al.	2019),	and	also	shows	different	subtypes	such	as		pro-inflammatory	and	anti-

inflammatory	 (Rangaraju	 et	 al.	 2018).	 During	 neurodegeneration,	 DAM	 eliminate	 dying	

neurons,	amyloid	beta	(Ab)	plaques	and	other	debris	generated	in	the	process.	While	debris	

elimination	 is	part	of	 the	homeostatic	 state	of	 the	brain,	 it	 can	be	 the	 cause	of	 enhanced	

pathology,	 as	 in	 the	 case	 of	 AD	 (Song	 and	 Colonna	 2018).	 Microglia	 enhance	

neurodegeneration	 not	 only	 by	 eliminating	 injured	 neurons,	 but	 also	 by	 secreting	
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macrovesicles	that	can	be	toxic	for	neurons(Joshi	et	al.	2014).	These	vesicles	can	arise	from	

the	soluble	forms	of	Ab	and	are	enriched	in	patients	with	AD	and	mild	cognitive	impairment	

(MCI).	 Due	 to	 their	 importance,	 DAM	 are	 constantly	 being	 characterized	 under	 different	

conditions	and	models,	and	thanks	to	these	studies	we	also	know	about	other	classes	such	

as	homeostatic,	resting,	inflammation	and	neurodegeneration	microglia	(Sousa	et	al.	2018).	

A	study	for	comparison	of	human	and	mouse	single-cell	signatures	in	response	to	AD	

has	made	clear,	that	glial	signatures	in	mouse	and	human	are	different	(Yingyue	Zhou	et	al.	

2020).	 Oligodendrocytes	 and	 astrocyte	 impairment	 signatures	 related	 to	 neuronal	

degeneration	were	confirmed.	The	most	 surprising	differences	were	related	 to	microglia.	

Although	both	species	showed	microglial	activated	profiles,	human	responses	are	associated	

with	 regulation	 of	 homeostatic	 markers	 (TMEM119, P2RY12, CX3CR1)	 while	 displaying	

some	DAM	signature	genes	(TREM2, CD68 and APOE) (Yingyue	Zhou	et	al.	2020).	

Integration	of	 scRNA-seq	with	 spatial	 information	 as	well	 as	 chromatin	 landscape	

allows	 a	 better	 understanding	 of	 AD.	 Chromatin	 accessibility	 sites	 harbor	 transcription	

binding	 sites	 or	 might	 be	 susceptible	 to	 epigenetic	 marks	 promoting	 or	 silencing	

transcriptional	processes	(Z.	Li	et	al.	2019).	Spatial	transcriptomics	allows	the	description	of	

astrocyte	interactions	with	microglial	cells	around	plaques	and	allows	the	identification	of	

Plaque-induced	Genes	(PIGs),	which	include	genes	associated	with	DAM	signature,	astrocyte	

activation	and	oligodendrocyte	response	genes(W.-T.	Chen	et	al.	2020).		In	addition	to	gene	

expression,	 chromatin	 accessibility	 information	 can	 expand	 our	 understanding	 of	

transcription	regulation	and	allows	to	describe	cell	clusters	using	open	chromatin	patters	

and	infers	gene	expression	(Verheijen	and	Sleegers	2018).	
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The	 availability	 of	 frozen	 human	 brains	 has	 allowed	 the	 exploration	 of	 human	

responses	 to	AD.	Postmortem	human	tissues	 tend	to	be	difficult	 to	work	with,	due	to	 the	

fixation	and	storage	methods	traditionally	used.	Technical	 limitations	due	to	using	frozen	

tissue	can	affect	the	identification	of	AD	enriched	cell	populations	(Alsema	et	al.	2020).	This	

is	also	true	at	the	level	of	single-cell	DNA	analysis,	where	detection	of	typical	aneuploidies	

do	not	show	changes	between	controls	and	AD	(Kunkle	et	al.	2019).	Nevertheless,	we	have	

learnt	about	AD	biological	responses,	their	similitudes	and	differences	with	mouse	or	in	vitro	

studies.		

Patterns	 of	 gene	 expression	 are	 cell	 type	 specific,	 for	 example,	 downregulation	 of	

APOE	is	reported	in	OPCs	and	astrocytes	at	the	same	time	as	upregulation	in	subpopulations	

of	microglia	(Grubman	et	al.	2019).	Other	studies	have	observed	decrease	in	the	number	of	

astrocytes	and	increase	in	endothelial	proliferating	populations	while	agreeing	in	a	decrease	

in	oligodendrocytes	populations	in	AD	patients	(Lau	et	al.	2020).	Isolation	of	microglia	from	

fresh	 human	 tissue	 have	 identified	 a	 subset	 of	 9	 microglial	 cell	 types	 that	 include	

homeostatic,	 interferon	 response	 and	 antigen	 presenting	 cells.	 Interestingly	 they	 do	 not	

capture	 cluster	 specific	 for	 the	 DAM	 signature,	 (Olah	 et	 al.	 2020)	 with	 other	 studies	

confirming	that	human	AD	microglia	(HAM)	barely	show	the	DAM	signature	observed	in	AD	

mouse	models,	and	instead	the	strong	aging	pattern	is	present	(Srinivasan	et	al.	2020).	In	an	

effort	 to	 understand	 the	 changes	 in	 cell	 populations	 other	 than	 neurons	 and	

oligodendrocytes,	a	study	described	microglial	population	associated	either	with	plaques	or	

tangles	that	found	plaque	associated	microglia	had	an	increase	in	TREM2	before	APOE	while	

the	 cells	 associated	with	plaque	 showed	CD163	 expression.	 In	 that	 same	 study	 astrocyte	

populations	did	not	show	any	changes	associated	with	the	pathology	(Gerrits	et	al.	2021).	
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Most	 studies	 focus	 on	 glial	 cells	 because	 of	 their	 clearly	 defined	 transcriptomic	

profiles,	but	subpopulations	of	excitatory	and	inhibitory	neurons	are	included	into	a	group	

of	 6	 major	 subtypes	 described	 as	 enriched	 in	 AD	 and	 have	 an	 overrepresentation	 from	

females	samples (Mathys	et	al.	2019).	Identification	of	excitatory	neurons	that	are	vulnerable	

during	AD	at	different	stages	of	the	disease	(Braak	stages)	expressed	RORB	as	marker,	which	

is	a	transcription	factor	associated	with	development	of	layer	IV	neurons	in	the	cortex	(K.	

Leng	et	al.	2021)	.	

Alternative	techniques	to	scRNA-seq	can	provide	a	different	perspective.	Labeling	of	

microglial	genes	of	interest	in	tissues	of	AD	patients	showed	that	the	abundance	of	microglia	

was	correlated	with	the	presence	of	tau,	but	not	with	Ab	load	in	AD.	Interestingly,	they	could	

not	 confirm	previously	 reported	 increase	of	 homeostatic	markers	 (Swanson	et	 al.	 2020).		

Computational	 analysis	 to	deconvolute	 cell	 types	 from	single-cells	obtained	 from	already	

available	 Computational	 analysis	 can	 be	 used	 to	 deconvolute	 cell	 types	 from	 single-cells	

obtained	 from	 already	 available	 scRNA-seq	 datasets	 by	mapping	 them	 to	 available	 brain	

atlases,	supplementing	spatial	information	(Johnson	et	al.	2020).	

While	the	transcriptome	is	highly	variable,	DNA	studies	at	single-cell	level	have	also	

been	performed	to	understand	AD.	Understanding	genomic	mosaicism	can	help	elucidate	

some	of	the	claims	about	the	main	differences	of	sporadic	versus	familial	AD.	For	example,	

there	is	evidence	for	copy	number	variation	(CNV)	of	the	APP	gene	in	neurons.	While	samples	

from	AD	patients	show	an	increase	in	CNV,	this	differences	could	have	been	lost	in	previous	

studies,	claiming	that	sporadic	cases	of	AD	had	a	normal	copy	number,	while	in	reality	maybe	

a	subset	of	neurons	had	the	anomalies		(Bushman	et	al.	2015).	Analysis	of	open	chromatin	
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regions	recover	clusters	that	are	changing	with	AD,	especially	oligodendrocyte	proliferative	

clusters	(Morabito	et	al.	2020)	as	described	at	transcriptome	level.	

	

Alternative	splicing	in	AD	

Alternative	splicing	(AS)	is	a	source	of	diversity	in	the	eukaryotic	transcriptome(Ast	

2004).	As	with	many	other	biological	processes,	it	is	highly	regulated	and	it	can	be	in	a	cell-

type-	as	well	as	developmental-stage-specific	(Park	et	al.	2018;	Holly	et	al.	2013).	AS	patterns	

include	 exon	 skipping,	 mutually	 exclusive	 exons,	 alternative	 5’	 donor	 sites	 and	 intron	

retention.		The	brain	is	an	organ	with	a	high	ratio	of	AS	when	compared	to	other	tissues	(Yeo	

et	 al.	 2004).	 The	 contributions	 of	 AS	 in	 brain	 development	 include	 cell-fate	 decisions,	

neuronal	migration,	axonal	guidance	and	synaptogenesis	(Su,	D,	and	Tarn	2018).	 It	 is	not	

surprising	 that	 AS	 plays	 a	 role	 in	 AD	 as	well.	 Alterative	 spliced	 versions	 of	 APP,	 PSEN1,	

PSEN2	and	APOE	involve	exon	inclusion	events	that	 lead	to	an	 increase	 in	Ab	deposition,	

while	an	exon	inclusion	event	in	Tau	will	generate	neurofibrillary	tangles(Love,	2015).	

Some	of	 these	AS	 events	 fit	 the	 amyloid	 cascade	hypothesis,	ApoE	binds	Aβ	 in	 an	

isoform-specific	manner	and	correlates	with	development	of	AD	(Aleshkov,	Abraham,	and	

Zannis	1997).		While	hyperphosphorylation	of	Tau	is	the	main	sources	of	tangles,	imbalance	

of	its	isoforms	is	an	underlying	cause	for	this.	Mapt	has	16	exons	in	mouse	with	alternative	

inclusion	of	exons	2,3	and	10	generating	6	different	isoforms.	Major	classification	of	the	Mapt	

isoforms	divide	them	into	3R	and	4R,	based	on	the	number	of	microtubule-binding	domains	

in	the	C-terminal	determined	by	exon	10	(X.-L.	Wu	et	al.	2017).	In	mature	brains,	the	ratio	of	

isoforms	is	1:1,	but	in	AD,	the	4R	isoform	dominates.	It	has	been	showed	that	the	4R	isoform	

has	a	faster	turnover	than	3R	and	this	correlates	with	the	accumulation	of	amyloid	plaques	
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when	compared	to	3R	(C.	Sato	et	al.	2018).	 	While	these	are	clear	examples	of	the	role	of	

alternative	splicing	in	AD,	our	understanding	of	the	role	of	isoforms	in	AD	has	faced	technical	

limitations.	Because	of	the	length	of	the	reads	when	using	illumina	sequencing,	most	of	the	

work	pointing	to	alternative	usage	of	exons	is	based	on	mathematical	inferences	about	the	

presence	or	absence	of	combination	of	exons.	Now,	thanks	to	long-read	technologies	we	have	

isoform	certainty	and	it	allows	to	discover	new	isoforms	as	well.	

	

Theme	of	thesis		

In	this	dissertation,	I	describe	the	transcriptomic	profiles	of	different	mouse	models	

of	AD	hoping	to	provide	the	first	steps	for	the	evaluation	of	the	future	novel	mouse	models	

that	are	being	produced	by	the	MODEL-AD	consortium	(https://www.model-ad.org	).		

In	Chapter	2,	I	describe	the	transcriptome	of	3xTg	mouse	cortex	and	hippocampus	in	

a	 time	 course	 using	 bulk	 and	 single-cell	 RNA-seq	 to	 understand	 the	 process	 of	

neurodegeneration.	 I	 compare	 the	gene	expression	modules	detected	 in	 the	3xTg	against	

modules	found	in	human	and	5xFAD	studies.		We	show	that	oligodendrocyte	and	microglial	

signatures	are	conserved	across	the	different	studies.	To	expand	our	understanding	of	cell	

heterogeneity	in	AD,	we	performed	a	time	course	of	single	nuclei	RNA-seq	in	3xTg	mice	while	

adding	 a	 timepoint	 of	 the	 5xFAD	 as	 a	 reference	 for	 neurodegeneration.	 Astrocyte	

populations	 were	 enriched	 in	 the	 hippocampus	 of	 the	 5xFAD,	 while	 different	 astrocyte	

populations	with	little	to	no	inflammation	markers	where	enriched	in	3xTg	mice.	Microglial	

cells	were	underrepresented	in	the	single-nuclei	study	and	we	therefore	performed	single-

cell	on	only	microglial	cells	at	the	same	timepoints	as	the	single-nuclei	study.	We	describe	at	

least	 5	 different	 activation	 clusters	 characterized	 by	 Cst7	 expression.	 Additionally,	 we	
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observed	2	microglial	clusters	associated	with	AD	that	show	no	Cst7	expression	but	S100a8	

and	S100a9	as	their	driver	markers.	Using	pseudotime	analysis,	we	inferred	the	trajectory	

of	inflammation	for	microglia.	Expression	of	TFs	such	as	Nrf4a1	appear	before	inflammation	

and	 could	 be	 used	 to	 understand	 the	 progress	 of	 the	 pathology.	 Finally,	 to	 complement	

transcriptional	 information,	 we	 performed	 scATAC-seq	 in	 the	 cortex	 of	 a	 24-month-old	

female	 3xTg	 mouse	 to	 identify	 chromatin	 regions	 associated	 with	 neurodegenerative	

process.	We	were	able	to	recover	a	cluster	that	corresponds	to	activation	states	in	the	scRNA-

seq	study	and	GO	term	enrichment	revealed	that	inflammation	and	immune	response	terms	

were	enriched	in	this	cluster.		

In	 Chapter	 3,	 I	 describe	 the	 results	 of	 using	 an	 alternative	 single-cell	 RNA-seq	

technology	called	Split-seq	to	improve	the	exploration	of	AD	transcriptomes.	To	show	the	

advantages	of	 the	 technology,	we	used	a	3xTg	24-month	 female	mouse	where	half	of	 the	

cortex	and	hippocampus	were	used	for	single-nucleus	analysis	while	the	other	half	was	used	

to	enrich	for	microglia.	Thanks	to	its	flexibility,	we	are	able	to	analyze	single-cells	and	single-

nuclei	in	the	same	experiment.	Because	this	technique	does	not	face	the	technical	limitations	

linked	to	microfluidics,	we	are	able	to	detect	multiple	astrocyte	populations	that	were	not	

recovered	in	previous	experiments	such	as	astrocytes	expressing	Gfap	as	well	as	a	subset	

that	 expresses	 Thy1,	 which	 is	 a	 marker	 thought	 to	 be	 only	 expressed	 in	 neurons	 when	

designing	mouse	models	of	AD.		Microglia	capture	when	compared	with	our	previous	studies	

shows	an	improvement	and	distinctions	between	frozen	and	fresh	microglia	can	be	made.	

For	example,	the	DAM	signature	is	only	detected	in	the	freshly	isolated	microglia.	Application	

of	Split-seq	for	multiplexed	experiments	of	different	number	of	animals	and	models	can	help	

decrease	batch	effect	and	improve	the	detection	of	significant	biological	events.		
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We	explore	in	Chapter	4	the	full-length	transcriptome	of	the	5xFAD	mouse	model	at	

8	months	using	PacBio	Sequencing.	Classification	and	quantification	of	 isoforms	 in	cortex	

and	 hippocampus	 of	 females	 and	 male	 allowed	 us	 to	 perform	 differential	 transcript	

expression	analysis	as	well	as	to	identify	novel	isoforms	associated	with	the	5xFAD	genotype.	

We	 also	 compared	 the	 differentially	 expressed	 transcripts	with	modules	 associated	with	

neuronal	loss	and	immune	response	in	5xFAD	mice.		

In	Chapter	5,	 I	discuss	 the	 future	applications	of	using	sequencing	 technologies	 to	

improve	the	generation	and	evaluation	of	novel	mouse	models	of	AD.		
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CHAPTER	2	

Analyzing	gene	expression	during	neurodegeneration	in	a	mouse	model	of	AD	with	

plaques	and	tangles	at	single-cell	resolution		
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ABSTRACT	

	 The	3xTg-AD	mouse	model	is	the	only	AD	model	that	presents	plaques	and	tangles.	

While	 the	 3xTg	 shows	 changes	 in	 behavior,	 the	 transcriptomic	 response	 of	 the	 different	

subtypes	 of	 neurons	 and	 glia	 during	 neurodegeneration	 has	 not	 been	 comprehensively	

characterized.	We	use	bulk	RNA-seq	in	the	hippocampus	of	3xTg	mice	to	 identify	distinct	

gene	modules	associated	with	microglia	and	oligodendrocytes	that	increase	with	aging	and	

pathology.	We	further	investigate	the	changes	in	cell	populations	using	single-nucleus	RNA-

seq	 of	 the	 hippocampus	 and	 cortex	 of	 3xTg	 and	 5xFAD	mice	 to	 detect	major	 changes	 in	

astrocytes	and	oligodendrocytes	groups.	We	recover	a	common	path	of	astrocyte	activation	

with	the	5xFAD	mouse	and	find	that	3xTg	derived	astrocytes	seem	to	be	at	an	earlier	stage	

of	activation.	In	order	to	investigate	the	activation	of	microglia	in	3xTG,	we	also	generated	a	

single-cell	RNA-seq	dataset	of	microglial	cells	and	found	multiple	subtypes,	including	a	set	of	

microglia	with	distinct	transcription	factor	expression	profile	that	is	associated	with	an	early	

increase	in	CSF1	expression	before	the	full	onset	of	DAM	gene	expression.	Finally,	scATAC-

seq	reveals	a	set	of	chromatin	accessible	areas	shared	across	multiple	activation	states	found	

in	the	scRNA-seq	that	matches	glial	activation	processes.		Overall,	differences	between	the	

main	glial	groups	point	to	a	slower	activation	process	in	the	3xTg	model	when	compared	to	

the	5xFAD.	Our	study	contributes	to	the	identification	of	progressive	transcriptional	changes	

of	glial	cells	in	a	model	that	has	plaques	and	tangles.	
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INTRODUCTION	

Alzheimer’s	disease	(AD)	is	a	neurodegenerative	disease	that	is	characterized	by	the	

accumulation	of	amyloid	beta	plaques	and	tau	tangles	in	the	brain	that	 lead	to	the	loss	of	

neurons.	The	resulting	substantial	tissue	loss	 in	cortex	and	hippocampus	over	time	cause	

cognitive	impairment	and	memory	loss	(Mucke	2009).	Clinical	trials	have	tried	to	identify	

drugs	that	could	potentially	delay	the	onset	of	AD,	but	the	failure	rate	of	these	trials	to	date	

has	been	extremely	high	(Huang,	Chao,	and	Hu	2020).	A	prerequisite	for	preclinical	work	is	

the	 use	 of	 animal	 models	 when	 available.	 While	 many	 mouse	 models	 of	 AD	 have	 been	

developed	using	mutations	 found	 in	 early-onset,	 familial	AD,	 they	 fail	 to	 recapitulate	 the	

pathology	 observed	 in	 humans	 in	 several	 ways.	 The	 5xFAD	 mouse	 model	 has	 been	

extensively	 characterized.	 Its	 main	 characteristics	 are	 early	 presence	 of	 plaques	 after	 2	

months	 (the	 equivalent	 of	 an	 18-year-old	 human)	 with	 an	 aggressive	 pathology	 and	 no	

tangles	(Oakley	et	al.	2006),	which	makes	5xFAD	a	great	model	for	amylodoisis	but	does	not		

recapitulate	AD.	The	lack	of	tangles	is	not	exclusive	to	the	5xFAD	as	most	mouse	models	do	

not	present	plaques	and	tangles	at	the	same	time	(Chan	and	Agca	2008).		

Glial	cells	show	distinct	responses	to	the	presence	of	plaques	and	tangles	in	the	brain.	

Glial	cells	play	an	important	role	during	development,	disease	and	homeostasis	in	the	central	

nervous	system	(CNS)	(Allen	and	Lyons	2018).	Besides	neurons,	glial	cells	have	proved	to	be	

key	players	in	several	neurodegenerative	diseases,	 including	AD	(Orre	et	al.	2014).	GWAS	

studies	done	in	populations	of	patients	with	late	onset	AD	(LOAD),	described	loci	associated	

with	glial	cell	specific	genes	(Kunkle	et	al.	2019;	Tansey,	Cameron,	and	Hill	2018).	TREM2,	

CR1,	 HLA-DQA1	 are	 microglial	 genes	 derived	 from	 the	 GWAS	 studies.	 Microglia	 are	 the	
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resident	macrophages	of	the	brain	and	show	morphological	changes	as	well	as	upregulation	

of	genes	such	as	Cst7,	Trem2	and	Tyrobp.	Classifications	for	different	microglial	states	during	

a	 variety	 of	 challenges	 include:	 disease	 associated	 microglia	 (DAM),	 homeostasis,	

proliferative-region	and	variations	of	DAMs	(Keren-Shaul	et	al.	2017;	Q.	Li	et	al.	2019;	Young	

et	 al.	 2019).	 Each	 one	 of	 these	 microglial	 subtypes	 displays	 a	 unique	 transcriptional	

signature.			

CLU,	also	known	as	APOJ,	is	another	glial	gene	associated	with	LOAD	and	belongs	to	

the	 same	 apolipoprotein	 family	 as	APOE.	 CLU	 is	 expressed	 in	 neurons	 and	 astrocytes	 of	

human	and	mouse,	but	 its	expression	 is	much	higher	 in	astrocytes,	especially	after	 injury	

(Zwain,	Grima,	and	Cheng	1994).	Clu	is	one	of	the	first	markers	of	astrocyte	activation	after	

injury	(Troakes	et	al.	2017)	and	its	overexpression	results	in	reduction	of	A�	plaques	in	the	

APP/PS1	model.	Like	microglia,	astrocytes	have	multiple	activation	states,	including	states	

associated	directly	with	AD	(Habib	et	al.	2020).	Other	genes	such	as	Gfap	show	an	increase	

in		disease	associated	astrocytes	(DAA),	but	others	such	as	Serpina3n	can	be	part	of	a	general	

inflammation	 response	 to	 LPS	 (Liddelow	 et	 al.	 2017a).	 During	 AD,	 astrocyte	 activation	

affects	interactions	with	other	cell	types,	including	oligodendrocytes.	The	main	function	of	

oligodendrocytes	is	the	wrapping	of	neuronal	axons	with	myelin	to	increase	the	efficiency	of	

action	potentials,	and	they	are	capable	of	remyelination	(Emery	2010;	Duncan	et	al.	2018).	

In	the	5xFAD	model,	a	decrease	in	astrocyte-oligodendrocyte	interactions	is	explained	by	the	

decrease	of	OPC’s	starting	at	3	months	(Angeli	et	al.	2020).	 In	a	similar	 fashion,	 the	3xTg	

mouse	displays	a	loss	of	OPC’s	at	6	months	of	age	(Angeli	et	al.	2020;	Vanzulli	et	al.	2020)	

and	contributes	to	AD	pathology.	3xTg	mice	display	changes	in	oligodendrocyte	populations	
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even	before	the	appearance	of	plaques	(Desai	et	al.	2010).		In	humans,	loss	of	white	matter	

(WM)	is	present	even	in	healthy	elderly	people	(Salat,	Kaye,	and	Janowsky	1999).		

Identification	of	transcriptional	profiles	in	susceptible	or	reactive	brain	cells	in	AD	is	

not	 only	 restricted	 to	 AD	 mouse	 models.	 Transcriptomic	 profiles	 in	 AD	 human	 brains	

uncovered	gene	modules	highly	correlated	with	inflammation	(e.g.	microglial	markers)	or	

with	neuronal	functions	(Wan	et	al.	2020).	The	brain	is	a	challenging	tissue	for	most	single-

cell	 platforms.	 The	 size	 of	 neurons	 and	 astrocytes,	 as	 well	 as	 the	 myelin	 generated	 by	

oligodendrocytes	are	an	issue	for	most	microfluidics	systems.	Because	of	this,	single-nucleus	

is	a	solution	to	address	diversity	in	cells	of	larger	sizes	(Jew	et	al.	2020).	Misrepresentation	

of	the	microglial	cells	in	mouse	and	human	are	reported	when	using	this	approach,	which	

can	 be	 attributed	 to	 library	 preparation	 (Thrupp	 et	 al.	 2020).	 Microglial	 enrichment	 in	

single-cell	experiments	have	been	done	mostly	from	whole	AD	mouse	brains,	and	region-

specific	datasets	are	focused	on	development	or	early	life	stages	(Cembrowski	et	al.	2016).		

Time	courses	describing	microglial	diversity,	while	useful,	are	derived	from	mouse	models	

with	 only	 plaques	 (Yingyue	 Zhou	 et	 al.	 2020).	 Longitudinal	 studies	 describing	

neuropathology	 progression	 in	 a	 model	 with	 plaques	 and	 tangles	 are	 still	 poorly	

characterized.	

Transcriptional	 profile	 information	 can	 be	 enriched	 by	 analyzing	 chromatin	 state	

using	ATAC-seq.	Chromatin	accessibility	 is	one	of	 the	 regulators	of	 transcription	and	can	

predict	 gene	 expression	 patterns	 (Stuart	 et	 al.	 2019).	 Studies	 in	 neurons	 derived	 from	

induced	pluripotent	stem	cell	from	EOAD	patients	observed	that	chromatin	patterns	affect	

differentiation	events	and	mirror	gene	expression	signatures	(Caldwell	et	al.	2020).	Human	
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and	mouse	microglia	have	similarly	conserved	transcriptomic	and	epigenomic	phenotypes	

(Gosselin	 et	 al.	 2017).	 Studies	 done	 in	 isogenic	 human	 ESC–derived	 microglia-like	 cells	

harboring	 the	 TREM2	 variant	 showed	 the	 most	 changes	 compared	 to	 their	 control,	 and	

recognized	a	‘primed’	AD	state	,	including	changes	at	chromatin	levels	(Liu	et	al.	2020).	The	

influence	of	chromatin	during	microglial	activation	and	cell	predisposition	to	AD	enhanced	

by	low	risk	variants	can	deliver	further	insights	to	the	field.		

Here	we	present	 for	 the	 first	 time	the	characterization	of	 the	transcriptome	in	the	

cortex	and	hippocampus	of	 the	3xTg	mouse	model	during	 in	a	 time	course	done	 in	older	

animals.	Bulk	RNA-seq	in	the	hippocampus	of	4,	12	and	18-month-old	3xTg	mice	identifies	

modules	related	to	the	immune	system,	synaptic	activity	and	myelination,	which	we	compare	

to	existing	gene	sets	in	human	and	the	5xFAD	mouse	model.	We	then	use	single-nucleus	RNA-

seq	time	course	at	12,	18	and	24	months	in	cortex	and	hippocampus	of	3xTg	mice	to	identify	

affected	cell	types.	Because	of	the	low	prevalence	of	microglia	in	our	snRNA-seq	dataset,	we	

also	performed	single-cell	RNA-seq	of	microglia	at	matching	time	points	in	order	to	identify	

activated	subtypes.	Finally,	we	assay	using	scATAC-seq	the	chromatin	profiles	of	microglia	

from	the	cortex	of	a	24-month	female	3xTg	mouse	in	order	to	identify	a	distinct	chromatin	

accessibility	profile	for	activated	microglia.		

	

RESULTS	

Bulk	RNA-seq	data	reveals	distinct	signatures	during	time	course		
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We	first	analyzed	a	bulk	RNA-seq	time	course	using	the	hippocampus	of	in	3xTg	mice	

at	4,	12	and	18	months	to	understand	the	transcriptional	changes	during	neurodegeneration	

in	the	3xTg	mouse	model.		Females	are	known	to	have	a	higher	pathology	when	compared	

to	males,	therefore	we	expected	a	more	defined	AD	gene	related	patterns	in	females.	We	used	

at	 least	5	 replicates	per	 time	point	 and	genotype.	We	only	detected	higher	expression	of	

known	DAM	markers	 such	 as	Cst7	 in	 females	 and	 therefore	 focused	 the	 rest	 of	 our	bulk	

analysis	on	females.	Correlation	of	samples	was	done	to	check	for	outliers	(Figure	2.1),	most	

samples	show	high	correlation,	but	3	samples	from	4	month-old	and	12month	are	around	

~0.6	Pearson	correlation.	Weighted	Gene	Correlation	Network	Analysis	(WGCNA)	was	done	

using	only	hippocampus	samples	(Figure	2.2A).	15	modules	were	identified	and	correlation	

for	each	module	with	 traits	 such	as	age	and	genotype	were	calculated.	Modules	with	 the	

highest	 correlation	 with	 the	 3xTg	 genotype	 were	 paleturquoise,	 magenta	 and	

darkolivegreen	modules	(Fig	2.2B).	The	paleturquoise	module	had	the	highest	correlation	

and	 most	 significant	 p-value	 with	 the	 3xTg	 genotype.	 It	 consists	 of	 111	 genes	 and	 the	

eigengene	profile	shows	an	 increase	with	aging.	 It	contains	typical	 inflammation	markers	

such	as	Cst7,	Ctss,	Tyrobp,	Gfap	and	Trem2	(Fig	2.2C)	that	agree	with	glial	activation	states	

including	astrocytes	and	microglia	(Liddelow	et	al.	2017a).	The	magenta	module	has	409	

genes,	with	highest	expression	at	18	months,	as	shown	in	their	eigengene	profile	(Fig	2.2D).	

Myelin	related	genes	appear	in	this	module	(Mal,	Myrf,	Sox10,	Cspg4/Ng2	and	Plp1).	A	set	of	

93	genes	are	highly	expressed	 in	 the	darkolivegreen	module	 including	Slc17a6,	Rora	 and	

Adra1b,	 which	 are	 all	 highly	 expressed	 in	 neurons	 (Thompson	 et	 al.	 2014).	 The	

darkolivegreen	eigengene	profile	 is	positively	associated	with	 the	earliest	 time	point	and	

decreases	with	aging	in	the	3xTg	(Figure	2.2D),	genes	present	in	this	module	could	be		an	
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early	response	to	the	3xTg	genotype	but	not	the	WT.	When	doing	the	same	analysis	including	

cortex	and	male	samples,	we	could	not	find	a	significant	correlation	with	genotype,	implying	

that	the	changes	in	the	cortex	and	males	are	delayed	and	can	hide	the	changes	observed	in	

female	hippocampus	(Figure	2.3)	Gene	Ontology	(GO)	analysis	was	done	on	the	three	3xTG-

associated	modules	(Figure	2.2F).	The	darkoliveGreen	had	only	one	biological	process,	that	

did	 not	 pass	 the	 FDR	 cut	 (Figure	 2.4).	 The	 paleturquoise	 module	 was	 enriched	 for	

inflammation-related	GO	terms	such	as	neutrophil	degranulation	and	activation	as	expected.	

The	magenta	module	had	GO	terms	associated	with	myelination	processes,	such	as	glial	cell	

differentiation	and	oligodendrocyte	development.	While	the	cyan	and	darkred	module	had	a	

high	 correlation	 with	 the	 latest	 timepoint,	 they	 did	 not	 show	 association	 with	 the	 3xTg	

genotype.	 In	 summary,	 we	 detect	 two	 distinct	 expression	 modules	 of	 microglial	

inflammation	 genes,	 one	 of	 which	 was	 associated	 with	 oligodendrocytic	 genes	 in	 3xTG	

females.		

Consortiums	such	as	AMP-AD	and	Model-AD	have	described	modules	associated	with	

AD	in	humans	and	5xFAD	mice	respectively	(Wan	et	al.	2020;	Forner	et	al.	2021).	To	compare	

the	modules	obtained	in	our	3xTg	time	course	with	already	available	modules,	we	calculated	

the	gene	list	overlap,	including	significance	values	against	the	human	and	5xFAD	modules	

(Figure	 2.2G).	 The	 paleturquoise	 and	 magenta	 module	 show	 high	 resemblance	 to	 the	

inflammation	(in	green)	and	the	myelination/neuron/glial	development	human	modules	(in	

turquoise)	respectively.	Lower	overlaps	of	those	modules	extend	to	neuronal	systems	(only	

magenta)	 and	 cell	 cycle/	 repair.	 The	 5xFAD	 blue	 module	 is	 the	 equivalent	 of	 the	

inflammation	 response	and	has	 the	highest	overlap	with	 the	3xTg	paleturquoise	module.	

Interestingly,	 some	of	 the	genes	present	 in	 the	paleturquoise	module	are	 in	 the	dark	red	
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5xFAD	module,	which	was	not	 associated	with	 the	AD	genotype	 in	our	previous	analysis	

(Forner	et	al.	2021).		

Comparison	of	the	3xTg	darkolivegreen	module	with	human	data	shows	significant	

overlap	with	AMP-AD	neuronal	systems,	specifically	the	CBEyellow	module	as	well	as	to	the	

AMP-AD	 cell	 cycle	 and	 DNA	 repair	 modules.	 	 The	 3xTG	 darkolivegreen	 module	 had	 a	

significant	overlap	with	the	5xFAD	darkolivegreen	module,	both	of	which	are	associated	with	

the	AD	genotype	as	well	as	decrease	with	age.	Taken	together,	these	findings	confirm	that	

the	3xTg	show	the	expected	inflammation	responses	and	changes	attributed	to	glial	cells	but	

also	 suggests	 that	 the	 3xTg	 might	 be	 showing	 a	 subtle	 neuronal	 loss	 (darkolivegreeen	

module).		

	

Single-	nucleus	identifies	distinct	cell	population	enrichments	in	the	3xTg	and	5xFAD	mice	

While	modules	produced	by	bulk	RNA-seq	are	useful	to	get	an	overall	understanding	

of	 the	 pathology,	 they	 do	 not	 address	 fully	 the	 heterogeneity	 present	 in	 the	 tissue.	 We	

performed	snRNA-seq	to	analyze	the	changes	during	neurodegeneration	in	different	brain	

cell	types	of	the	3xTg	model	as	well	as	matching	wild-types	in	cortex	and	hippocampus	at	12,	

18	 and	 24	 months	 (Table	 2.1).	 We	 also	 included	 5xFAD	 18-month	 female	 samples	 for	

comparative	 purposes.	 	 A	 total	 of	 16,482	 nuclei	 were	 classified	 into	 31	 distinct	 clusters	

(Figure	2.5A)	 and	main	 cell	 types	 such	 as	neurons,	 astrocytes,	microglia	were	 annotated	

(Figure	2.5B).	Expression	of	marker	genes	from	microglia,	astrocytes	and	neurons	were	used	

to	identify	main	populations	(Table	2.2).	Microglia	fall	within	cluster	N26	and	represent	a	
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very	low	fraction	of	the	cells	obtained	recovered,	similar	to	what	has	been	observed	in	other	

single-nucleus	 studies.	 	We	 found	 that	 astrocytes	 represent	~20%,	oligodendrocytes	 and	

OPC’s	~12%	and	microglia	1%	of	the	nuclei	in	our	study,	with	the	remainder	being	neurons.	

Comparison	 of	 genes	 driving	 the	 formation	 of	 clusters	 against	 our	 3xTg	WGCNA	

modules	was	done	(Figure	2.5C).	N15	and	N26	had	a	high	overlap	and	significance	with	the	

3xTg	magenta	and	paleturquoise	modules	respectively.	The	overlap	results	confirm	the	cell	

identities	assigned	as	oligodendrocytes	and	microglia.	On	the	other	hand,	the	darkolivegreen	

module	did	not	show	any	significant	overlap,	as	might	be	expected	of	a	module	primarily	

expressed	in	younger	mice.	In	addition,	the	3xTg	darkred	module	significantly	overlaps	with	

eleven	neuronal	clusters	and	the	black	module	with	6	other	neuronal	clusters.	Whereas	these	

modules	did	not	show	a	particular	set	of	biological	functions	in	the	5xFAD	paper,	our	results	

suggest	that	they	might	be	harboring	genes	relevant	 for	pathology	in	the	3xTg,	especially	

related	to	neuronal	functions.	

To	 identify	potential	 clusters	enriched	 in	3xTg	and	5xFAD	mice,	we	calculated	 the	

ratio	of	AD/WT	for	all	clusters	in	cortex	and	hippocampus	of	female	samples,	expecting	to	

see	a	clearer	pattern	for	the	pathology	in	the	3xTg	(Fig	2.5D-E).	When	adding	male	samples	

we	did	not	observe	significant	changes,	likely	due	to	the	fact	that	females	are	over	presented	

in	our	dataset	(Figure	2.6).	We	observed	a	substantial	increase	in	microglia	(N26)	in	5xFAD	

cortex	and	hippocampus,	while	we	only	observed	this	in	the	hippocampus	of	24	month	3xTG.	

There	 is	 no	 significant	 enrichment	 of	 neuronal	 clusters	 during	 neurodegeneration,	 but	

astrocytes	showed	an	increase	in	the	5xFAD	with	this	most	pronounced	for	clusters	N2	and	

N6,	 which	 mostly	 originated	 from	 the	 hippocampus	 (Figure2.5E).	 	 The	 increase	 of	
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oligodendrocytes	(N15)	in	an	age-dependent	manner	was	observed	in	the	hippocampus	of	

3xTg,	but	not	in	the	5xFAD.	This	could	be	a	potential	explanation	for	the	increase	in	gene	

expression	patterns	of	the	3xTg	magenta	module	genes,	which	is	related	to	myelination,	but	

does	not	explain	the	underrepresentation	in	the	5xFAD.		

	

Glial	trajectories	show	common	paths	between	3xTg	and	5xFAD	

Given	 that	 the	 astrocyte	 and	 oligodendrocytes/OPC’s	 clusters	 showed	 the	 most	

changes	 in	 our	 single-nucleus	 data,	 we	 focused	 on	 identifying	 changes	 relevant	 to	 the	

progression	 of	 AD.	 We	 performed	 a	 pseudotime	 analysis	 on	 astrocyte	 and	

oligodendrocyte/OPC’s	clusters	using	monocle2	(Qiu	et	al.	2017).	After	removing	potential	

doublets	 using	 the	 package	 scD	 (Bais	 and	 Kostka	 2020),	 cell	 ordering	 located	 astrocyte	

populations	at	the	beginning	of	the	trajectory	while	oligodendrocytes/OPCs	at	the	end.	From	

this	 trajectory	 identification	 of	 multiple	 states	 was	 done,	 showing	 at	 least	 5	 different	

potential	astrocyte	states	(Figure	2.7A-B).	Markers	relevant	to	oligodendrocytes,	astrocytes	

and	DAA	were	used	to	calculate	their	smooth	expression	across	pseudo	time	(Figure	2.7C).		

Mobp,	Mog,	Cspg4	and	Pdgfra	had	the	highest	expression	at	the	end	of	the	pseudotime	where	

the	 Oligodendrocytes/OPC’s	 are	 located.	 Other	 genes	 found	 in	 our	 bulk	 oligodendrocyte	

module	(magenta)	such	as	Klk6,	Mal,	Plp1,	Sox10	and	Myrf	were	shown	to	 increase	 in	the	

oligodendrocyte	 pseudotime.	 Neuronal	 loss	 has	 been	 associated	 with	 overexpression	 of	

oligodendrocyte	markers,	such	as	Plp1(Tatar	et	al.	2010).	Astrocytic	markers	Aqp4	and	Clu	

appear	at	the	beginning	of	the	pseudotime	and	3xTg	is	the	major	genotype	nuclei	contributor	

for	the	SG1	state.	As	the	cells	advance	in	pseudotime	an	increase	for	markers	associated	with	
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disease	 associated	 astrocytes	 (DAA)	 such	 as	 Cd9,	 Lcn2,	 Vim,	 Cd44	 and	 Cstb	 is	 observed,	

especially	in	the	end	of	SG1	and	beginning	of	SG7.	This	transition	state	of	activation	related	

to	 genotypes	 shows	 a	 distinct	 transcriptional	 profile	 between	 the	 two	 models.	 5xFAD	

derived	 nuclei	 from	 astrocytic	 clusters	 N2	 and	 N6	 are	 enriched	 in	 SG7	 and	 surprisingly	

showed	expression	of	Thy1	in	similar	pattern	to	the	activation	markers	Serpina3n,	Cstb	and	

Serping1.	 We	 thus	 find	 that,	 unlike	 5xFAD,	 fewer	 3xTG	 astrocytes	 show	 evidence	 of	

activation.		

	

Microglial	profiles	and	trajectories	during	neurodegeneration.	

Underrepresentation	 of	 microglia	 and	 of	 their	 inflammation	 markers	 in	 single-

nucleus	datasets	 is	common	(Thrupp	et	al.	2020).		We	therefore	analyzed	the	diversity	of	

microglial	populations	during	neurodegeneration	by	separately	isolating	and	characterizing	

microglial	cells	from	the	cortex	and	hippocampus	of	12,	18	and	24-month	3xTg	animals	as	

well	 as	 an	 18-month-old	 5xFAD	 female.	 Single-cell	 analysis	 of	 23,666	 cells	 identified	 23	

clusters	 that	 also	 included	 two	 non-microglial	 clusters	 representing	 astrocytes	 and	

endothelial	cells	(Figure	2.8).	We	identified	5	DAM	clusters	based	on	high	Cst7	expression,	

but	subsets	of	these	clusters	also	expressed	subsets	of	DAM	genes	such	as	Itgax	(Figure	2.9).	

Itgax	also	known	as	Cd11c,	has	higher	expression	not	only	during	disease,	but	also	during	

early	development.	Along	with	Clec7a,	 Itgax	 labels	proliferating	microglia	 that	 are	highly	

phagocytic	during	development	(Q.	Li	et	al.	2019)	.		We	observed	that	two	clusters	(C14	and	

C16)	that	were	enriched	in	the	3xTg	model	that	do	not	show	typical	DAM	genes	as	driving	

the	 formation	 of	 these	 clusters	 (Table	 2.3).	 These	 two	 clusters	 express	 combinations	 of	
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S100a6,	S100a9	and	S100a8.	S100a9	and	S100a8	have	been	reported	as	general	microglia	

markers	in	human	AD	data,	but	they	are	not	described	as	labelling	specific	sub-populations	

clusters	 (Yingyue	 Zhou	 et	 al.	 2020).	 These	 clusters	 could	 potentially	 represent	microglia	

specific	reacting	to	changes	to	achieve	the	3xTg	model.	

	 The	DAM	signature	is	the	culmination	of	microglia	being	stimulated	during	disease	

progression.	While	we	expect	high	level	expression	of	Cst7,	Clec7a,	Spp1	and	Gpnmb	in	those	

cells,	seek	to	 identify	genes	that	are	expressed	in	progression	that	could	 lead	to	the	DAM	

signature.	 To	 identify	 the	 different	 paths	 that	 microglia	 can	 take	 during	 AD,	 we	 used	

Monocle2	to	infer	trajectories	in	the	3xTg	time	course	and	5xFAD	timepoint	microglia	time	

course	after	removing	all	non-microglial	cells.	We	found	most	of	the	microglia	fall	along	a	

main	 trunk	but	 can	diverge	 into	 four	paths	 (Figure	2.8B).	 In	 addition,	we	 identified	nine	

different	 states	 along	 the	 pseudotime	 (Figure	 2.8C),	 SM6	 and	 SM7	 were	 identified	 as	

enriched	by	the	3xTg	and	the	5xFAD	genotype	(Figure	2.10).	To	analyze	the	paths	microglia	

can	 take	during	AD,	we	plotted	 the	expression	of	homeostatic	and	DAM	genes	across	 the	

pseudotime	 along	 the	main	 trunk.	Genes	 associated	with	homeostasis	 such	as	Tmem119,	

Csf1r	and	Irf1	show	highest	expression	at	the	beginning	of	the	pseudotime.	Transcriptional	

factors	 that	 are	 involved	 in	microglial	 function	 such	 as	Cebpb,	Maf	 and	 Atf4	were	 highly	

expressed	 at	 the	 beginning	 of	 the	 trajectory,	 but	 their	 expression	 decreased	 along	 the	

pseudotime.	We	found	that	the	latest	pseudotime	corresponds	to	increased	expression	for	

DAM	 signature	 genes	 (Figure	 2.8D)	 and	 was	 divided	 into	 two	 states,	 SM6	 and	 SM7.	

Interestingly,	 Csf1r	 and	 its	 ligand	 Csf1	 showed	 opposite	 patterns.	 In	 particular,	 Csf1	

increases	along	the	pseudotime	well	before	DAM	gene	expression	increase.	Because	of	 its	

interactions	with	Csf1r,	Csf1	 is	described	as	a	gene	involved	in	homeostasis	by	promoting	
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microglial	 proliferation(Elmore	 et	 al.	 2014).	 The	 release	 efficiency	 of	 Csf1,	 depends	 on	

alternative	splicing	products	(G.-Q.	Yao	et	al.	2017).	Inclusion	of	a	longer	version	of	exon	6	

makes	 the	 cytoplasmic	 release	 faster,	while	 a	 shorter	 version	 is	more	 slowly	 processed.	

Human	AD	samples	show	an	 increase	 in	Csf1	 expression,	 suggesting	an	 imbalance	 in	 this	

signaling	pathways	during	AD.	Another	distinctive	 feature	of	 this	early	stage	 is	 increased	

expression	of	the	cytokine	IL1B.	We	also	see	the	increase	of	multiple	TFs	such	as	Nr4a1and	

Id2	before	cells	show	the	full	DAM	profile,	at	which	point	the	expression	of	several	of	these	

TF	drop	in	expression	with	the	notable	exception	of	Cebpb,	known	to	regulate	immune	genes,	

including	genes	critical	for	glial	activation	after	LPS	stimulation	(Ejarque-Ortiz	et	al.	2007).	

Higher	expression	of	Cebpb	at	the	beginning	of	the	trajectory	in	the	3xTg	could	potentially	

indicate	 a	 response	 to	 subtle	 neuroinflammation,	 and	 the	 decrease	 at	 the	 end	 of	 the	

trajectory	might	be	a	product	of	a	negative	regulatory	loop.	

	 We	 were	 interested	 in	 understanding	 the	 distinctions	 between	 the	 two	 main	

activated	 states	 (SM6	 and	 SM7)	 by	 performing	 a	 differential	 marker	 analysis.	 Pathways	

involved	in	SM6	include	terms	mostly	associated	Interlukin	signaling,	apoptosis	and	toll-like	

receptors,	whereas	SM7	shows	oxidative	phosphorylation,	phagosome	and	lysosome	terms	

(Figure	2.8E-F).	Overall,	we	observed	homeostatic	and	activated	clusters	that	are	part	of	a	

main	trajectory	towards	neurodegeneration.	The	5xFAD	derived	microglial	cells	are	the	ones	

with	 the	 highest	 DAM	 signature	 while	 the	 3xTg	 genotype	 was	 enriching	 for	 more	

intermediate	 states	 on	 its	way	 to	 neurodegeneration.	We	 found	 that	 the	main	 difference	

between	the	two	states	involved	cytokine	stimuli	and	oxidative	phosphorylation,	being	SM6	

(highest	activation)	the	main	path	during	neurodengeration.	These	findings	might	indicate	

once	again	a	slower	pace	of	activation	in	the	3xTg	when	compared	to	the	5xFAD.	
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scATAC	reveals	DAM	specific	chromatin	accessible	sites.	

Changes	 in	 chromatin	 associated	with	 AD	 have	 been	 described	 in	 human	 healthy	

brains	(Fullard	et	al.	2018).	To	understand	whether	we	could	detect	microglial	activation	at	

the	 level	of	 chromatin	accessibility,	we	performed	scATAC-seq	 in	 the	half	 cortex	of	 a	24-

month-old	3xTg	mouse.	4,451	cells	were	recovered	that	formed	10	distinct	clusters	using	

Signac	(Figure	2.11A).	Open	chromatin	regions	driving	the	formation	of	each	cluster	were	

identified	(Figure	2.11B).	Mapping	scATAC	clusters	 to	 their	equivalents	 in	 the	scRNA-seq	

dataset	was	 done	 using	 the	 Seurat	 anchor	 finding	 function	 (Figure	 2.11C).	 	 	Most	 of	 the	

clusters	found	in	the	scRNA-seq	dataset	are	distributed	across	2	main	branches	in	the	UMAP.	

RNA	cluster	C14	is	the	only	cluster	that	has	a	clear	correspondence	to	scATAC	cluster	A8	

(2.11A,C).	Interestingly,	all	of	our	activated	microglial	clusters	from	scRNA-seq	mapped	into	

A2.	This	could	mean	that,	while	there	are	multiple	activation	states	at	expression	level,	the	

chromatin	behavior	is	conserved	among	them.	Open	chromatin	regions	specific	for	A2	were	

analyzed	 using	 GREAT	 (McLean	 et	 al.	 2010),	 which	 recovered	 significant	 enrichment	 in	

genes	related	to	response	to	external	stimulus,	LPS	and	defense	response	(Figure	2.11D).	

Immune	 terms	 are	 expected	 to	 be	 enriched	 in	 our	microglial	 clusters,	 but	 LPS	 response	

points	 to	 the	 opening	 of	 chromatin	 regions	 near	 to	 genes	 associated	 with	 microglial	

activation.	One	of	the	genes	associated	with	A2	is	an	element	that	is	18	kb	upstream	of	Csf1.		

Predicted	expression	levels	of	Csf1	are	higher	for	A2,	matching	the	observed	pattern	in	our	

scRNA-seq	where	 activated	microglia	 show	an	 increase	 in	Csf1	 at	 the	 end	of	 pseudotime	
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(Figure	 2.11E).	We	 thus	 see	 that	 our	 activated	microglia	 have	 a	 distinct	 open	 chromatin	

profile	compared	to	homeostatic	microglia.		

	

DISCUSSION	

In	this	work	we	described	the	progression	of	AD-like	pathology	in	a	3xTg	time	course	

using	multiple	functional	genomics	approaches.	Transcriptomic	profiles	at	bulk	level	in	the	

hippocampus	of	3xTg	female	mice	show	an	overlap	with	gene	modules	previously	described	

in	human	and	the	5xFAD	model.	The	importance	of	glial	cells	is	confirmed	when	signatures	

related	to	myelination	and	immune	response	are	conserved	between	species	and/or	models.	

One	 of	 the	AD	 characteristics	 is	 the	 loss	 of	myelination,	 yet	 the	 oligodendrocyte	module	

(magenta)	 shows	 an	 increase	 over	 time	 in	 the	 3xTg	 genotype.	 The	 increase	 in	 gene	

expression	does	not	necessarily	mean	an	increase	in	cell	numbers	but	could	also	suggest	that	

oligodendrocytes	 might	 be	 attempting	 to	 remyelinate	 neurons.	 	 While	 3xTg	 mice	 show	

minimal	 neuronal	 loss,	 some	 of	 the	 genes	 in	 the	 oligodendrocyte	 (magenta),	 neurona	

(darkolivegreen)	and	glial	(paleturquoise)	modules	overlap	slightly	with	neuronal	system	

modules	described	in	AD	samples.	This	suggest	that	changes	related	to	neuronal	 function	

could	be	affected,	which	would	account	for	the	behavioral	phenotypes	of	these	mice.		

We	can	deconvolve	the	bulk	gene	modules	using	the	single	nucleus	data	from	cortex	

and	 hippocampus	 of	 3xTg	 mice,	 such	 as	 microglia	 and	 oligodendrocyte/OPC’s	 modules	

showing	a	high	overlap	with	snRNA	clusters	microglial	 (N26)	and	oligodendrocyte	(N15)	

respectively.	 As	 we	 observed	 in	 our	 bulk	 data,	 oligodendrocytes	 were	 enriched	 in	 3xTg	

hippocampus	 nuclei	 and	 increased	with	 age,	 whereas	 the	 5xFAD	 nuclei	 do	 not	 show	 an	
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increase.	Whereas	 this	 findings	 contradicts	 the	 reported	decrease	 in	 the	oligodendrocyte	

population	of	the	3xTg	model	(Vanzulli	et	al.	2020),	it	agrees	with	increase	of	OPCs	observed	

int	 the	 APP/PS1	model	 (Behrendt	 et	 al.	 2013).	 	 Models	 overexpressing	 Plp1	 attribute	 a	

decrease	in	exacerbating	the	neuronal	loss	process	(Tatar	et	al.	2010),	implying	that	increase	

of	cell	markers	do	not	mean	higher	presence	of	the	cell	type.	The	reason	for	this	discrepancy	

of	oligodendrocytes	in	AD	models	is	still	unknown	but	might	relate	to	the	speed	at	which	the	

pathology	appears	in	different	models.		Both	microglia	and	oligodendrocytes	increase	over	

time	in	the	hippocampus	of	the	3xTg	model	and	might	agree	with	the	description	that	this	

model	a	slower	neurodegeneration	onset.		

	 Astrocyte	clusters	N2	and	N6	were	highly	enriched	in	the	5xFAD	hippocampus	did	

not	match	any	of	the	3xTg	AD-enriched	modules.	We	found	in	our	pseudo	time	analysis	of	

astrocytes	and	oligodendrocytes	that	cells	from	these	clusters	showed	high	Thy1	expression	

that	was	also	detected	in	a	few	3xTg	astrocytes.	Thy1	expression	is	normally	attributed	to	be	

neuronal	only,	but	other	studies	have	shown	it	can	be	expressed	in	glial	cells	(Livet	et	al.	

2007).	Both,	 the	5xFAD	and	3xTg	models	utilize	the	Thy1	promoter	 in	the	transgene,	and	

while	 this	could	be	due	to	the	mis-expression	of	 the	transgene	 in	both	models,	we	detect	

these	Thy1	astrocytes	substantially	more	 in	the	5xFAD	models,	which	are	known	to	have	

increased	astrocytes.	The	intensity	of	the	pathological	traits	such	as	presence	of	plaques	and	

gliosis	 in	the	5xFAD	are	higher/faster	when	compared	to	the	3xTg	and	might	serve	as	an	

additional	marker	of	astrocyte	activation.		

		From	our	microglial	single-cell	dataset,	we	are	able	to	recover	different	microglial	

clusters	that	share	a	common	trajectory	of	activation,	with	5xfAD	microglial	cells	being	the	



 

36 
 

most	activated.	We	observed	an	 interesting	dynamic	between	Csf1r	and	 its	 ligand.	While	

Csf1r	 is	 highly	 expressed	 in	 homeostatic	 conditions,	 Csf1	 shows	 the	 opposite	 pattern.	

Imbalance	 in	Csf1	and	Cfs2,	which	are	 the	 ligands	of	Csf1r,	has	been	described	as	crucial	

players	 for	 inflammation	 on	 other	 neurodegenerative	 diseases	 (Chitu	 et	 al.	 2020).	 The	

expression	 of	 transcription	 factors	 such	 as	 Nr4a1	 and	 Atf4,	 in	 the	 non-activated	 states	

suggests	 that	 they	 are	more	 involved	with	 intermediate	 states.	Cebpb	 and	 Id2	 are	 highly	

expressed	 at	 the	 beginning	 of	 the	 activated	 state	 SM6.	 	 However,	 Cebpb	 is	 also	 highly	

expressed	in	Tmem119-high	homeostatic	microglia,	whereas	Id2	is	lowly	expressed	in	those.	

Cebpb	has	been	described	as	upregulated	in	microglia	of	AD	samples	(Roddick	et	al.	2016)	

whereas	Id2	has	been	described	as	a	transcription	factor	for	circulating	macrophages	(Tay,	

Hagemeyer,	and	Prinz	2016),	which	might	imply	that	Id2	plays	a	different	role	in	microglia	

during	 	 neurodegeneration.	 Thanks	 to	 our	 comprehensive	 time	 course	 in	 3xTg	 and	 the	

inclusion	of	5xFAD,	we	are	able	to	see	that	3xTg	derived	microglial	cells	are	 in	an	earlier	

activation	 states	 when	 compared	 to	 the	 5xFAD	 mouse.	 The	 debate	 about	 macrophage	

activation	 can	 extend	 to	 our	 data	 as	well,	 in	 the	 context	 of	microglia	 and	 their	 different	

reactions.	While	microglia	activation	has	a	clear	signature	(DAM),	the	responses	to	different	

combination	 of	 factors	 such	 as	 plaques	 and/or	 tangles	might	 be	 just	 a	 continuum	of	 the	

already	described	activation	pattern.		

	 The	addition	of	chromatin	data	from	a	24-month	old	3xTg	female	cortex	provides	a	

different	 layer	 of	 information.	While	we	only	have	one	 time	point	 and	we	do	not	 have	 a	

matching	WT,	we	still	were	able	to	identify	a	specific	cluster	of	cells	for	most	of	the	activated	

microglial	clusters.	Clusters	identified	as	activated	in	the	scRNA-seq	dataset	are	found	in	the	

area	 of	 the	 A2	 cluster,	 meaning	 that	 the	 diverse	 activated	 responses	 share	 a	 similar	
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chromatin	profile	and	it’s	different	from	the	other	scATAC	clusters	found	in	our	scRNA-seq.	

This	 suggest	 that	most	 activated	microglia	 share	 a	 very	 similar	 chromatin	 profile	 that	 is	

distinct	from	homeostatic	microglia.	Association	of	ATAC-seq	data	from	human	AD	samples	

with	targets	obtained	from	GWAS	studies	showed	that	some	of	the	relevant	AD	SNP’s	are	

present	in	open	chromatin	regions	of	glial	cells	(Corces	et	al.	2020).	The	full	characterization	

of	open	chromatin	regions	can	help	identify	additional	AD	risks.	Our	contribution	of	not	only	

transcriptome	 but	 also	 chromatin	 profiles	 in	 the	 3xTg	 mice	 are	 valuable	 resources	 to	

elucidate	the	progression	of	neurodegeneration	in	presence	of	plaques	and	tangles.	
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FIGURES	

	

	

Figure	 2.1	 Correlation	matrix	 per	 sample	 used	 in	 the	WGCNA	analysis.	Each	 row	 and	
column	represent	each	one	of	the	samples	used	for	the	analysis.	Age	and	genotype	are	denoted	
by	the	colored	bars.	The	highest	positive	Pearson	correlation	between	samples	is	represented	
in	bright	red.				
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Figure	2.2.		Bulk	RNA-seq	analysis	reveals	multiple	3xTg	gene	modules	are	also	enriched	
in	 AMP-AD	modules.	A)	 Number	 of	 samples	we	 have	 for	 each	 type	 of	mouse	model.	 B)	
Module	 Trait	 Relationships	 (MTRs)	 correlation	 heatmap	 and	 corresponding	 p-values	
between	 the	 detected	 modules	 (y-axis)	 and	 sample	 features	 (x-axis).	 C-E)	 Bar	 plot	 of	
Eigengene	 expression	 across	 samples	 and	 heatmap	 of	 gene	 expression	 matrix	 in	 C)	
paleturquoise	module,	 D)	 darkolivegreen	module	 and	 E)	magenta	module.	 F)	 significant	
gene	ontology	(GO)	(adjusted	p-value	<	0.05)	for	magenta	and	darkolivegreen	modules.	G)	
Comparison	of	3xTg-AD	modules	against	AMP-AD	and	5xFAD	modules.		
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Figure	 2.3	 Module	 trait	 correlation	 including	 male	 samples	 from	 hippocampus	 and	
cortex.	Rows	represent	the	different	gene	modules	and	columns	represent	different	traits.	
Correlation	 values	 are	 presented	 by	 color	 and	 the	 first	 numerical	 value	 in	 each	 box.	
Significance	values	are	represented	inside	of	parenthesis.			
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Figure	2.4	Enrichment	analysis	of	 the	darkolivegreen	3xTg	module.	 	GO	term	for	 the	
darkolivegreen	module.	The	significance	in	-log2(p-value).	Size	of	the	circle	represents	number	
of	genes	in	the	GO	Term	and	color	represents	the	false	discovery	rate.	
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Figure	 2.5	 Single-nucleus	 RNA-seq	 uncovers	 Astrocytic	 diversity	 during	
neurodegeneration.	A)	UMAP	of	16,482	nuclei	colored	by	clusters.	B)	Gene	expression	of	cell	type	
markers	for	microglia,	astrocytes	and	neurons.	C)	Comparison	of	single-cell	clusters	with	3xTg	RNA-
seq	modules.	Size	of	the	circles	represents	percentage	of	overlap	and	color	indicates	significance	of	
the	overlap,	where	grey	is	not	significant.	Enrichment	of	the	genotypes	contributing	for	each	cluster	
in	D)	cortex	and	E)	hippocampus.		
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Figure	2.6	Ratio	enrichment	in	cortex	and	hippocampus	of	female	and	male	3xTg	mice	
in	 relative	 to	WT.	 Each	 column	 represents	 a	 genotype	 and	 age.	 Rows	 represent	 single-nuclei	
clusters.	Positive	enrichment	for	the	AD	genotype	is	in	red	and	for	WT	in	blue.		
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Figure	 2.7	 Glial	 trajectories	 in	 AD	mouse	models	 find	 a	 common	 path	 for	 astrocyte	
response.	A)	Cell	trajectory	as	ordered	by	monocle	in	5,391	glial	cells.	B)	States	identified	within	the	
glial	 trajectory.	 C)	 Expression	 of	 marker	 genes	 of	 oligodendrocytes	 and	 astrocytes	 across	
pseudotime.	
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Figure	2.8	Microglial	response	trajectories	during	neurodegeneration.	A)	UMAP	for	23,666	
cells	across	23	clusters.	B)	Ordering	of	microglial	cells	across	pseudotime.	C)	States	identified	across	
the	microglial	 trajectories.	 	D)	Smooth	expression	of	genes	differentially	expressed	across	pseudo	
time.		Top	5	biological	processes	associated	with	the	differentially	expressed	genes	in	E)	SM6	and	F)	
SM7.	Intermediate	states	are	delimited	by	a	dashed	black	box.	
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Figure	 2.9	 Microglia	 and	 activation	 subtype	 markers	 in	 scRNA-seq	 clusters.	 Gene	
expression	for	microglia	(Csf1r)	and	activation	(Cst7	and	Itgax).	
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Figure	2.10	Genotype	enrichment	plot	in	microglial	states.	States	as	described	in	Figure	2.8.	
Enrichment	of	AD/WT	is	plotted	as	log2(Ratio)	per	timepoint	and	state.	
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Figure	2.11	Activated	microglia	chromatin	signatures	in	the	3xTg	model.	A)	UMAP	of	4,451	
microglial	cells	chromatin	profiles.	Activated	microglia	are	circled	in	black	and	labeled.	B)	Chromatin	
accessible	regions	per	cluster.	C)	UMAP	labeled	by	predicted	labels	from	scRNA-seq	microglial	data	
(Figure	2.8A).	Activated	microglia	are	circled	in	black	and	labeled.	D)	GO	Term	enrichment	for	cluster	
A2	specific	chromatin	regions.	Light	color	represents	higher	number	of	genes.	D)	Csf1	coverage	plot	
in	ATAC-seq	clusters.	Violin	plots	represent	the	predicted	expression.	Red	box	highlights	a	candidate	
regulatory	regions	potentially	contributing	to	predicted	gene	expression	activity.	
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TABLES	

Table	2.1.	Animals	used	per	experiment	for	single-cell	and	single-nucleus	

Animal	 Genotype/Age	 Sex	 Single-cell	 Single-nucleus	
	 	 	 Cortex	 Hippocampus	 Cortex	 Hippocampus	

5x011	 5xFAD/	18	mo	 Female	 Yes	 Yes	 Yes	 Yes	
5x012	 5xFAD/	18	mo	 Female	 Yes	 Yes	 Yes	 Yes	
3x013	 3xTg	/	12	mo	 Male	 Yes	 No		 Yes	 Yes	
3x014	 3xTg	/	12	mo	 Female	 Yes	 No	 Yes	 Yes	
3x015	 3xTg	/	12	mo	 Male	 Yes	 Yes	 Yes	 Yes	
3x016	 3xTg	/	12	mo	 Female	 Yes	 Yes	 Yes	 Yes	
3x017	 3xTg	/	18	mo	 Female	 Yes	 Yes	 Yes	 Yes	
3x018	 3xTg	/	18	mo	 Male	 Yes	 Yes	 Yes	 Yes	
3x019	 3xTg	/	18	mo	 Female	 Yes	 Yes	 Yes	 Yes	
3x020	 3xTg	/	18	mo	 Male	 Yes	 Yes	 Yes	 Yes	
3x021	 3xTg	/	18	mo	 Female	 Yes	 Yes	 No	 No	
3x022	 3xTg	/	18	mo	 Male	 Yes	 Yes	 No	 No	
3x023	 3xTg	/	12	mo	 Male	 Yes	 Yes	 No	 No	
3x024	 3xTg	/	12	mo	 Female	 Yes	 No	 No	 No	
3x025	 3xTg	/	12	mo	 Male	 Yes	 Yes	 No	 No	
3x026	 3xTg	/	12	mo	 Female	 Yes	 Yes	 No	 No	
3x027	 3xTg	/	24	mo	 Female	 Yes	 Yes	 Yes	 Yes	
3x028	 3xTg	/	24	mo	 Female	 Yes	 Yes	 Yes	 Yes	
3x029	 3xTg	/	24	mo	 Female	 Yes	 Yes	 Yes	 Yes	
WT013	 WT	/	18	mo	 Female		 Yes	 Yes	 Yes	 Yes	
WT014	 WT	/	18	mo	 Male	 Yes	 Yes	 Yes	 Yes	
WT015	 WT	/	12	mo	 Male	 Yes	 Yes	 Yes	 Yes	
WT016	 WT	/	12	mo	 Female	 Yes	 Yes	 Yes	 Yes	
WT017	 WT	/	12	mo	 Male	 Yes	 No	 No	 No	
WT018	 WT	/	12	mo	 Female	 Yes	 No	 No	 No	
WT019	 WT	/	18	mo	 Female	 Yes	 Yes	 Yes	 Yes	
WT020	 WT	/	18	mo	 Female	 Yes	 Yes	 Yes	 Yes	
WT021	 WT	/	12	mo	 Female	 Yes	 Yes	 No	 No	
WT022	 WT	/	12	mo	 Male	 Yes	 Yes	 No	 No	
WT027	 WT	/	14	mo	 Female	 Yes	 Yes	 Yes	 Yes	
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Table	2.2.	Top	30	marker	genes	per	cell	type	in	the	snRNA-seq	data	

Astrocyte	 Endothelial	 Microglia	 Oligo/OPC's	 Neurons	
Thy1	 Flt1	 Apbb1ip	 Thy1	 Kcnh7	
Cst3	 Ly6c1	 Unc93b1	 mt-Cytb	 Erbb4	
Atp6v0c	 Rgs5	 Cfh	 mt-Rnr2	 Adarb2	
Hspa8	 Itm2a	 Csf1r	 mt-Nd4	 Camk2n1	
Atp1b1	 Igfbp7	 Tgfbr1	 mt-Co1	 Kif5a	
Nsg2	 Bsg	 Plxdc2	 Atp1b1	 Thy1	
Clu	 Ly6a	 Ctss	 Cdh23	 Cst3	
Plpp3	 Slco1a4	 Trem2	 Pde1c	 Zfp263	
Gja1	 Cxcl12	 C1qc	 Wdr72	 Lrrtm4	
Aqp4	 Epas1	 Hexb	 Mirg	 Rfx3	
Apoe	 Vtn	 C1qb	 Mcm4	 Epha6	
Slc1a3	 Pltp	 Srgap2	 Ttr	 Fam19a1	
Rgs9	 Ptprb	 Mertk	 Pde4b	 Ptprd	
Pde10a	 Abcb1a	 Elmo1	 St18	 Lingo2	
Pde7b	 Cldn5	 Qk	 Plp1	 Fam19a1	
Adcy5	 Id1	 Mbnl1	 Mag	 Zfp365	
Phactr1	 Hspb1	 Numb	 Prr5l	 Kif5a	
Penk	 Adgrf5	 Ldlrad4	 Ugt8a	 Miat	
Phkg1	 Adgrl4	 Ints6l	 Ptprz1	 Adgrb1	
Gja1	 Slco1c1	 Csmd3	 Lhfpl3	 Cdh23	
Gpc5	 Klf2	 Tbc1d5	 Gpc5	 Wdr72	
Wdr17	 Fn1	 Mir99ahg	 Pcdh15	 Ctsc	
Npas3	 Esam	 Zeb2	 Brinp3	 Slfn9	
Gm3764	 Ramp2	 Wnk1	 Tnr	 Zfp263	
mt-Nd4	 Vwa1	 Tanc2	 Mbp	 Sgcz	
mt-Nd1	 Apcdd1	 Serinc3	 Hpca	 Stk39	
mt-Nd2	 Kdr	 Fam49b	 Cplx1	 Ctsc	
mt-Cytb	 Sox18	 Rapgef5	 Ptgds	 Pde1c	
mt-Rnr2	 Car4	 Slc8a1	 Chgb	 Inpp5f	
mt-Rnr1	 Ly6e	 Sfi1	 Ttr	 Rfx6	
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Table	2.3.	Top	10	marker	genes	per	cluster	in	the	scRNA-seq	data	

Cluster	 Genes	
C1	 Actb,	Ctss,	CT010467.1,	Kctd12,	Zfp36,	Hexb,	Rgs2,	Sat1,	Ivns1abp,	Ddx5	
C2	 Slc2a5,	Adgrg1,	Olfml3,	Nav2,	Ifngr1,	Fscn1,	Plcl1,	Entpd1,	Cmtm6,	Tmem119	
C3	 Csmd3,	Jmjd1c,	Nav2,	Tanc2,	Nav3,	Ldlrad4,	Dennd4a,	Dock4,	Csf1r,	Zswim6	
C4	 Cst3,	Sparc,	Csf1r,	Selplg,	Cx3cr1,	Tmem119,	Lgmn,	Cmtm6,	Slc2a5,	Adgrg1	
C5	 Itgb5,	Selplg,	Ier2,	Csf1r,	Eef2,	Junb,	Marcksl1,	Psap,	Fosb,	Tmem119	
C6	 Tmsb4x,	Cst3,	Rplp1,	Eef1a1,	Tpt1,	Actb,	Rps9,	Rps3,	Rps4x,	Rpl32	
C7	 Cdh23,	Nkain2,	Zfp36,	Actb,	Pde1c,	Hspa1b,	Kctd12,	Wdr72,	Mirg,	Egr1	
C8	 Fam189a1,	Pde1c,	Wdr72,	Actb,	Mirg,	Sema3c,	Ccl3,	Ccl4,	Serinc3,	C1qa	
C9	 Tanc2,	Csmd3,	Nav3,	Nav2,	Jmjd1c,	Zfhx3,	Srgap2,	Rapgef5,	Man1a,	Btaf1	
C10	 Cst7,	Apoe,	Gpnmb,	Fth1,	Spp1,	Igf1,	Lyz2,	Clec7a,	Ctsb,	Lpl	
C11	 Cst7,	Apoe,	Fth1,	Spp1,	Tyrobp,	Lyz2,	Ctsb,	Gpnmb,	Trem2,	Eef1a1	
C12	 Csf1r,	Selplg,	Ier2,	mt-Cytb,	Fosb,	mt-Nd1,	Fos,	Itgb5,	Lgmn,	Marcks	
C13	 Cst7,	Gpnmb,	Lpl,	Apoe,	Igf1,	Itgax,	Clec7a,	Axl,	Lgals3bp,	Csf1	
C14	 S100a6,	Plac8,	Ifitm6,	Hp,	Itgal,	Cytip,	Flna,	Ifitm3,	Lgals3,	Cybb	
C15	 Cst7,	Spp1,	Csf1,	Ccl3,	Apoe,	Zfp36,	H2-K1,	Ccl4,	Clec7a,	Il1b	
C16	 Il1r2,	Saa3,	Pla2g7,	Chil3,	S100a9,	S100a8,	Mt2,	Lgals3,	Msrb1,	Apoe	
C17	 Apoe,	Itgax,	Gpnmb,	Cst7,	Spp1,	Csf1,	Axl,	Clic4,	Lgals3bp,	Osbpl8	
C18	 Slc1a3,	Clu,	Aldoc,	Plpp3,	Sparcl1,	Gpr37l1,	Gja1,	Mfge8,	Cpe,	Gpm6a	
C19	 Nlgn1,	Mgmt,	Mirg,	Fam189a1,	Focad,	Wdr72,	Mcm4,	Olfr1062,	AC141639.4,	Pde1c	
C20	 Zc3h7a,	Rgs1,	Camk1d,	Adam10,	Ly6c1,	Flt1,	Epas1,	Itm2a,	Ly6a,	Sptbn1	
C21	 Catspere1,	Nfasc,	Myzap,	Gm3383,	Rab7,	Slc15a2,	Tsga10ip,	Gm17501,	Gm26917,	Gm10406	
C22	 Catspere1,	Nkain2,	Recql4,	Slc5a1,	Tsga10ip,	Actb,	Cdh23,	Chl1,	Dnm3,	Camk2b	
C23	 Gm12295,	Fgf14,	Zbtb16,	Negr1,	Lamc3,	Cacna2d3,	Myh11,	5330417C22Rik,	Malrd1,	Cplx2	
	

	

METHODS	

Animals	

All	animal	experiments	were	approved	by	the	UC	Irvine	Institutional	Animal	Care	and	

Use	Committee	and	were	conducted	in	compliance	with	all	relevant	ethical	regulations	for	

animal	 testing	 and	 research.		 3xTg	 mice	 (B6;129-
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Psen1tm1MpmTg(APPSwe,tauP301L)1Lfa/	Mmjax,		JAX	MMRRC	Stock#	034830)	and	their	

WT	littermates	were	bred,	housed	and	taken	care	by	the	animal	facility	at	UCI.	For	bulk	RNA-

seq	 the	 animals	were	 via	 CO2	 inhalation	 and	 transcardially	 perfused	with	 1X	 phosphate	

buffered	saline	(PBS).	For	single-cell	experiments	animals	were	sacrificed	and	perfused	as	

previously	described.	Half	brain	was	kept	in	and	HBSS	without	Ca+	and	Mg+	fresh	for	single-

cell	experiments	while	the	other	half	was	snap	frozen	and	stored	for	single-nucleus	isolation.	

RNA-sequencing	

Bulk	RNA-seq	libraries	were	prepared	as	described	previously	(Forner	et	al.	2021)	

	

WGCNA	analysis	

A	gene	expression	matrix	which	was	created	by	the	RSEM	tool	(B.	Li	and	Dewey	2011)	

and	 filtered	 by	 genes	 with	 more	 than	 1	 TPM	 was	 used	 as	 an	 input	 of	 weighted	 gene	

correlation	 network	 analysis	 (WGCNA)(Langfelder	 and	 Horvath	 2008).	 After	 removing	

outliers	from	samples,	power	14	was	chosen	to	reach	a	scale	free	network.	So,	we	are	able	to	

detect	15	modules	which	each	of	them	has	a	set	of	genes	that	have	similar	gene	expression.	

By	using	sample	information,	we	can	calculate	the	Pearson	correlation	of	genes	that	rely	on	

each	module	 and	 then	 calculates	 Fisher's	 asymptotic	 p-value	 for	 given	 correlations.	 The	

modules	 which	 have	 significant	 correlations	 (p-value	 <	 0.05)	 in	 mouse	 line	 (magenta,	

darkolivegreen	and	paleturquoise)	are	going	to	be	analyzed	deeply	by	plotting	a	eigengene	

profile	in	which	a	heatmap	each	column	represents	the	samples	and	each	rows	represent	the	

genes	and	eigengene	barplot.	EnrichR	(E.	Y.	Chen	et	al.	2013)	was	used	for	GO	term	analysis	
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in	significant	3xTgAD	modules	(magenta,	darkolivegreen	and	paleturquoise)	with	Adjusted	

P-value	<	0.05.	

	

Comparison	with	human	AMP-AD	modules	and	5xFAD	modules	

The	modules	we	 got	 from	WGCNA	 analysis	 were	 compared	with	 5xFAD	modules	

(Forner	et	al.	2021)	and	AMP-AD	(Wan	et	al.	2020)	modules	by	calculation	overlap	and	p-

value	as	described	in	the	5xFAD	phenotyping	paper	(Forner	et	al.	2021).	

	

Single-nucleus	RNA-seq	

Half	cortex	and	half	hippocampus	were	snap	frozen	and	used	to	obtain	single	nucleus.	

Nuclei	were	extracted	as	described	in	the	section	of	Nuclei	Extraction	(Optional)	of	SPLiT-

seq	Protocol	V3.0	 (Rosenberg	et	 al.	 2018)	and	adjusting	buffer	volumes	according	 to	 the	

tissues	used.	Homogenates	were	filtered	with	30um	MACS	SmartStrainers	(Cat#	130-098-

458).	 The	 nuclei	 were	 resuspended	 in	 0.05%	 BSA	 in	 PBS	 to	 reach	 10,000	 nuclei	 per	

microliter	and	were	counted	using	the	BioRad	TC20™	Automated	Cell	Counter.	Each	single-

nucleus	was	 lysed	and	barcoded	 in	 the	nanodroplets	 generated	by	 the	ddSEQ	Single-Cell	

Isolator.	cDNA	synthesis	and	tagmentation	to	generate	libraries	was	done	using	the	Illumina	

Bio-Rad	SureCell	WTA	3'	Library	Prep	Kit	(Cat#	20014280).	cDNA	concentration	and	size	

distribution	were	assessed	using	the	Agilent	2100	Bioanalyzer.	Tagmentation	mix	of	each	

sample	was	modified	according	to	the	bioanalyzer	results,	leading	to	900-1100	average	base	

pairs	libraries.	Single-nucleus	libraries	were	sequenced	using	a	150-cycle	NextSeq	500/550	
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High	 Output	 Kit	 v2.5	 (Cat#	 20024907)	 on	 an	 Illumina	 NextSeq500	 between	 2.0-2.4pM	

loading	concentration	using	a	custom	primer,	and	each	library	has	a	minimum	depth	of	50	

million	reads.	

	

Microglia	single-cell	RNA-seq	

Perfused	 samples,	 half	 cortex	 or	 half	 hippocampus,	 were	 dissociated	 while	 fresh,	

using	 Miltenyi	 Adult	 Brain	 dissociation	 kit	 (Cat#	 130-107-677)	 on	 gentleMACS™	 Octo	

Dissociator	 with	 Heaters.	 The	 dissociated	 tissues	 were	 filtered	 with	 70um	 MACS	

SmartStrainers	(Cat#	130-110-916).	After	debris	removal	and	myelin	removal	using	myelin	

beads	 II	 (130-096-733)	 from	 the	 single-cell	 suspension,	 from	 the	 remaining	 cells	 we	

enriched	for	microglia	with	magnetic	labeling	using	CD11b	MicroBeads	(Cat#	130-093-634).	

Labeled	 cells	 were	 resuspended	 in	 10-15	 ul	 of	 buffer	 (0.05%	 BSA	 in	 DPBS)	 for	 half	

hippocampus	samples	and	20-30ul	of	buffer	for	half	cortex	samples	to	reach	a	minimum	of	

1,000	 cells	 per	 microliter	 up	 to	 around	 7,000	 cells.	 After	 cell	 counting	 and	 viability	

measurement	using	TC20™	Automated	Cell	Counter,	we	profile	transcriptomes	of	microglial	

single	cells	and	quality	check	each	single-cell	sample	the	same	way	as	previously	described	

for	single-nucleus	samples.			

	

Single-cell	and	single-nucleus	processing	

Fastq	files	were	processed	using	the	KB_python	pipeline,	which	is	based	on	kallisto	

bustools	(Melsted	et	al.	2021)	using	the	parameters:	kb	count	-x	SURECELL	--h5ad	-t	20.	Cells	
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with	more	than	200	genes	and	less	than	10%	mitochondrial	reads	were	kept	for	analysis.	

For	clustering	and	further	analysis,	samples	with	more	than	100	cells	were	used.	Seurat	V4	

(Hao	et	al.	2020)	was	used	to	perform	normalization,	regression	and	analysis	of	single-cell	

data	using	the	Leiden	algorithm	for	clustering.		

Ratio	comparisons	were	done	calculating	the	proportion	in	which	each	genotype/age	

contributes	 to	 each	 cluster.	 The	 proportion	 of	 AD	 genotype	 was	 then	 divided	 by	 the	

proportion	of	their	corresponding	WT.		

	

scATAC	experiment	

Microglial	cells	were	isolated	as	described	for	the	single-cell	RNA-seq	from	half	cortex	

of	a	3xTg	female	mouse.	Cells	were	collected	at	the	bottom	of	an	Eppendorf	tube	and	after	

removing	all	supernatant	they	were	snap	frozen	to	be	stored	at	-80	until	use.	Resuspension	

of	the	cells	into	PBS	+	0.1%	BSA	and	were	lysed	with	ATAC-Lysis	buffer	containing	digitonin	

that	 was	 added	 separately,	 then	 the	 nuclei	 were	 washed	 with	 ATAC-Tween	 buffer.	 To	

corroborate	 the	 cells	 were	 lysed	 we	 stained	 them	 with	 Trypan	 Blue	 (Bio-Rad).	 Around	

60,000	nuclei	were	used	in	each	Tn5	tagmentation	reaction	per	sample.	After	tagmentation,	

we	proceed	to	amplify	the	fragments,	by	loading	the	tagmented	nuclei	into	the	ddSeq	were	

barcoded	beads	are	added	to	each	nucleus.	Leftover	tagmented	nuclei	that	were	not	loaded	

in	the	first	round	of	barcoding	were	frozen	and	stored	for	a	second	replicate.	Library	building	

following	 the	vendor	 instructions.	Libraries	were	assessed	 in	a	bioloanalyzer	 to	measure	

concentration	and	size	distribution	before	being	loaded	onto	the	NextSeq500.		
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scATAC	processing	

Raw	fastqs	were	processed	using	the	Biorad	scATAC	pipeline.	A	custom	script	was	

used	 to	 generate	 count	 matrices	 that	 were	 processed	 with	 Sinto	

(https://github.com/timoast/sinto)	to	generate	fragment	files	used	as	input	for	Signac	(Hao	

et	al.	2020).	After	asking	for	a	minimum	of	1	cell	to	present	the	chromatin	regions	we	used	

the	 paraments	 as	 follows:	 nCount_peaks	 >	 3000	 &	 nCount_peaks	 <	 100000	 &	

nucleosome_signal	<	4	&	TSS.enrichment	>	2.	We	 then	 ran	 standar	processing	 steps	 that	

include	RunTFIDF,	RunSVD	and	dimension	reduction	by	‘lsi’.		
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CHAPTER	3	

	

Scaling	single-cell	studies	of	AD	mouse	models	using	Split-seq	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

This	 work	 was	 done	 as	 part	 of	 MODEL-AD.	 Stefania	 Forner	 prepared	 the	 tissues,	 I	 built	 the	
libraries/analyzed	the	data	and	Heidi	Liang	was	in	charge	of	library	QC	and	sequencing.	
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ABSTRACT	

Characterizing	 the	 heterogeneity	 of	 neurons	 and	 glia	 is	 of	 great	 importance	 for	

understanding	the	progression	of	Alzheimer’s	disease	(AD).	Single-cell	microfluidic	systems	

are	optimized	for	smaller	cell	types	than	most	cells	in	the	brain,	which	are	also	difficult	to	

dissociate.	The	Split-seq	barcode	strategy	without	any	microfluidics	and	fixation	steps	before	

cell	labeling	allows	for	multiplexed	cells	and	nuclei	to	be	sequenced	at	the	same	time.	We	use	

Split-seq	to	sequence	the	transcriptome	of	24,270	nuclei	as	well	as	single-cell	microglia	from	

the	cortex	and	hippocampus	of	one	24mo	female	3xTG-AD	mouse.	Comparison	of	Split-seq	

cell	clusters	against	clusters	from	our	existing	time	course	study	of	3xTG-AD	(Chapter	2),	we	

recover	all	of	the	main	cell	types	and	detect	genes	that	were	problematic,	such	as	Gfap	 in	

astrocytes.		However,	nuclei	from	derived	microglia	lack	the	major	identifiers	of	DAM,	which	

were	detectable	at	low	levels	in	single	cells.		Sub-clustering	of	Astrocytes	recovers	11	distinct	

clusters	 including	 an	 activation	 cluster	 that	 overlaps	 not	 only	with	 previously	 identified	

markers	such	as	Gfap	but	also	novel	markers	such	as	Thy1	expression.	The	Split-seq	protocol	

show	promise	for	scaling	up	future	single-cell	transcriptomics	studies	of	AD.	

	

INTRODUCTION	

The	brain	is	a	very	diverse	tissue	because	of	its	specialized	functions.	From	microglia	

to	neurons,	each	cell	population	in	the	brain	has	different	functional	subpopulations	that	are	

distinguishable	by	their	transcriptomic	patterns(Saunders	et	al.	2018).	Thanks	to	single-cell	

technologies,	 we	 can	 explore	 cell	 heterogeneity	 at	 the	 transcriptomic,	 epigenomic,	 and	

spatial	level	(Thornton	et	al.	2021).	The	first	single-cell	studies,	included	manual	selection	
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or	cell	sorting	into	96	or	384	well	plates,	 followed	by	manual	cDNA	synthesis	and	library	

preparation.	 These	 methods	 had	 a	 low	 throughput	 of	 cells	 with	 high	 number	 of	 genes	

detected	(Picelli	et	al.	2014;	Svensson,	Vento-Tormo,	and	Teichmann	2018).	More	recently,	

labeling	of	single	cells	is	achieved	by	using	a	microfluidic	system	that	forms	oil	droplets	to	

encapsulate,	 in	 theory,	 one	barcode	and	one	 cell.	Drop-seq,	10x	genomics	 and	ddSeq	are	

some	of	the	most	popular	microfluidic	platforms	for	generating	high-throughput	single-cell	

transcriptomic	and	chromatin	information.	Limitations	in	the	size	of	the	microfluidics	are	an	

issue	when	working	with	 brain	 samples.	 Astrocyte	 and	neurons	 can	 often	 be	 as	 large	 as	

100um,	making	it	difficult	to	pass	through	the	microfluidics	without	clogging.			

	

Since	the	problem	of	cell	size	is	related	to	the	soma,	single	nucleus	is	an	alternative	

for	transcriptomics	of	large	cells	(Lake	et	al.	2017).	In	some	neurons,	the	nucleus	contains	

from	 20	 to	 50%	 of	 the	 messenger	 RNA	 and	 is	 enough	 to	 distinguish	 cell	 types	 and	

transcriptional	signatures	(Bakken	et	al.	2018).	Interestingly,	in	brain,	single-nucleus	solves	

one	issue	but	brings	up	another:	microglial	underrepresentation.	Low	numbers	of	microglia	

are	found	in	single-nucleus	studies	and	they	lack	typical	activation	markers	when	compared	

to	fresh	microglia	profiles	(Jew	et	al.	2020;	Thrupp	et	al.	2020).	Enrichment	of	populations	

of	 interest	 is	routinely	done	using	 flowcytometry,	but	 it	 is	a	 time-consuming	process	and	

might	 affect	 the	 cell	 transcriptional	 profiles	 if	 preparation	 times	 are	 too	 long.	 Use	 of	

methanol	as	a	fixation	agent	to	keep	unperturbed	cells	has	been	shown	to	be	effective	for	

multiple	platforms	(Alles	et	al.	2017;	J.	Chen	et	al.	2018).	Fixed	cells	give	more	flexibility	to	

organize	experiments.	In	particular,	fixation	allows	working	with	a	high	number	of	samples	
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by	 completing	 the	 collection	 and	 selecting	 for	 samples	 with	 the	 best	 profiles	 before	

proceeding	with	subsequent	experimental	steps.	Multiplexing	single-cell	samples	is	also	less	

straightforward.	 	 Furthermore,	 homogeneous	 sequencing	 library	 preparation	 is	

recommended	 to	 avoid	 sequencing	 disparities.	 In	 situ	 single-cell	 barcoding	 offers	 an	

alternative	to	microfluidics	single-cell	platforms.	It	allows	multiplexing	of	a	high	number	of	

samples	 and	 control	 over	 cell	 input	 per	 library.	 In-situ	 barcoding	 of	 single-cells	 was	

developed	first	for	assay	of	transposome	chromatin	accessibility	(scATAC)	(Cusanovich	et	al.	

2015),	and	 later	adapted	 to	scRNA-seq	and	named	Split-seq	(Rosenberg	et	al.	2018).	The	

modular	design	of	Split-seq	allows	the	user	to	fix	all	samples	first,	regardless	of	their	source.	

Up	to	48	different	samples	can	be	barcoded	in	one	experiment	and	analyzed	at	the	same	time,	

reducing	batch	effects.	In	addition,	these	combinatorial	protocols	can	potentially	scale	up	to	

100,000	cells,	which	is	beyond	the	reach	of	current	microfluidics	platforms.	

	

Here	 we	 tested	 the	 Split-seq	 kit	 from	 Parse	 biosciences	 using	 the	 cortex	 and	

hippocampus	of	 a	24-month	3xTg-AD	 female	mouse.	Nuclei	 from	both	 regions	as	well	 as	

microglial	cells	were	used	as	input	and	compared	to	our	ddSeq	single-nuclei	clusters	from	

Chapter	2,	where	major	cell	types	match	accordingly.		But	microglial	nuclei	from	fresh	tissues	

did	 not	 match	 with	 our	 ddSeq	 single-cell	 microglial	 cluster,	 suggesting	 that	 the	 DAM	

signature	 comes	 from	 cytoplasmic	 transcripts.	 The	 number	 of	 astrocytes	 and	 microglia	

cells/nuclei	was	enough	to	generate	sub-clusters	to	identify	activation	states	in	the	two	cell	

types.	A	cluster	of	activated	microglia	do	not	show	Cst7	expression,	but	we	are	able	to	use	

additional	markers	such	as	Cd9	and	Cdx1.	For	astrocytic	subpopulation	we	describe	how	Gfap	
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and	 Thy	 share	 expression	 patterns	 in	 astrocyte	 sub-clusters,	 which	 match	 the	 markers	

already	 reported	 for	 astrocyte	 activation.	 Generation	 of	 Split-seq	 libraries	 is	 a	 suitable	

technique	even	from	reduced	amount	of	tissues	that	allows	higher	multiplexing	for	future	

AD	model	evaluation.	

	

RESULTS	

Identification	of	cell	sub-types	in	the	3xTg	mouse	model	using	an	In	situ	barcoding	approach	

Chapter	2	analyzed	a	time	course	of	brain	neurodegeneration	in	the	3xTG-AD	mice	

using	 microfluidic	 technologies	 to	 detect	 cell	 heterogeneity	 using	 single-cell	 and	 single-

nucleus	 approaches.	 Yet,	 separate	 sequencing	 experiments	 had	 to	 be	 done	 in	 order	 to	

analyze	 different	 sample	 preparations,	 creating	 potential	 batch	 effects	 besides	 sample	

preparation.	We	decided	to	test	Split-seq	in	cortex	and	hippocampus	of	a	single	3xTg	24-

month	female.	Halves	of	the	tissues	were	assigned	to	single-nucleus	or	single-cell	microglia	

isolation	preps,	followed	by	fixation	and	storage.	Microglial	cells	and	nuclei	from	cortex	and	

hippocampus	were	loaded	in	the	same	barcoding	plate.	We	successfully	generated	4	libraries	

with	an	estimated	12,500	cells	for	each,	which	we	then	sequenced	on	a	NextSeq	500.	A	total	

of	 854,053,623	 reads	 for	 all	 samples	was	used	as	 input	 for	 the	 analysis.	We	 recovered	a	

median	3,558	UMI	median	per	cell	and	a	mean	of	1,652	genes	per	cell.	We	recovered	24,270	

cells	and	nuclei	after	filtering	for	a	minimum	of	200	genes.	We	identified	30	distinct	clusters	

representing	 all	 of	 the	major	 cell	 types	 in	 the	 brain	 (Figure	 3.1A).	We	 failed	 to	 recover	

microglial	 cells	 from	 half	 hippocampus	 that	 passed	 our	 bioinformatic	 filters,	 but	 other	

samples	are	well	represented,	including	microglia	cells	from	cortex	(Figure	3.1B,	Table	3.1).	
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Cell	 type	 identities	 were	 assigned	 using	 canonical	 markers.	 Microglia,	 oligodendrocytes,	

astrocytes	and	neurons	were	the	major	groups	found	(Table	3.2).	Further	identification	of	

disease	 associated	 astrocytes	 (DAA)	 in	 cluster	 23	 was	 possible	 as	 a	 result	 of	 group	

representation	(Figure	3.1C).		

	

Comparison	across	ddSeq	clusters	and	split-seq	

Representation	of	cell	types	in	different	platforms	can	differ,	especially	when	using	

microfluidic	systems.	Single-nucleus	sample	preparations	claim	to	have	solved	 that	 issue,	

but	still	underrepresent	particular	populations	(Ding	et	al.	2020).	Although	in	situ	barcoding	

does	not	show	the	 technical	 limitations	of	microfluidics,	 the	general	 recommendation	 for	

brain	samples	is	to	use	single-nucleus	preps	for	loading,	due	to	complications	fresh	cells	with	

myelin	could	have	at	the	moment	of	being	prepared	for	fixation.		In	our	experimental	layout,	

46	out	of	48	wells	were	loaded	with	single	nuclei	from	frozen	cortex	and	hippocampus,	the	

remaining	were	 loaded	with	microglial	 cells.	 To	 assess	 the	 differences	 in	 cell	 population	

representation	 across	 platforms,	 we	 compared	 our	 Split-seq	 clusters	 against	 the	 single-

nucleus	clusters	found	in	our	ddSeq	data	from	Chapter	2.		The	average	UMI	count	for	ddSeq	

nuclei	was	974	with	 an	 average	 gene	 recovery	of	 600	genes	per	nuclei,	which	 are	 lower	

compared	to	the	Split-seq	results.	Both	datasets	achieve	the	identification	of	major	cell	types	

(Figure	 3.2).	 	 Oligodendrocytes/OPCs,	 multiple	 populations	 of	 astrocytes	 and	 neurons	

mostly	agree.	Astrocyte	clusters	N2	from	Chapter	2	does	not	match	significantly	any	of	the	

astrocyte	clusters	in	our	Split-seq	data.	However,	this	could	be	due	to	this	particular	cluster	

being	highly	enriched	in	5xFAD	rather	than	3xTG	cells	(Chapter	2).	
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Because	of	sample	preparation,	2	microglial	clusters	were	identified	in	the	Split-seq	

data.	 Cluster	20,	which	 corresponds	 to	 the	microglia	 from	 the	 single-nucleus	prep,	 has	 a	

significant	overlap	with	the	ddSeq	microglial	cluster	(N26).	This	overlap	shows	that	fixation	

steps,	 which	 are	 part	 of	 the	 Split-seq	 sample	 preparation	 but	 not	 in	 the	 ddSeq	 sample	

preparation,	 does	 not	 change	 overall	 gene	 detection	 profiles	 when	 using	 single-nucleus.	

Whereas	cluster	11,	which	is	derived	from	isolated	cortical	microglia	(Figure	3.1),	does	not	

show	correlation	with	any	of	the	ddSeq	single-nucleus	clusters.	The	explanation	being	that	

most	of	 the	 transcript	differences	 that	 could	be	driving	 the	 formation	of	 cluster	11	were	

transcripts	in	the	cytoplasm.	we	used	22	animals	used	for	ddSeq	in	Chapter	2	to	generate	

~16,000	 nuclei.	 Split-seq	 generated	 almost	 10,000	 nuclei/cells	more	 than	 ddSeq	 from	 a	

single-animal.	Higher	sample	recovery	and	similar	representation	of	cell	types	is	achieved	

by	using	Split-seq,	making	it	a	superior	single-cell	technique	in	terms	of	reads	per	cell,	cell	

recovery	per	mouse	and	sample	processing.		

	

Technical	differences	between	fresh	and	frozen	microglial	cells	

There	have	been	multiple	studies	on	gene	detection	changes	between	samples	from	

frozen	or	 fresh	 tissues	 (Bakken	et	al.	2018),	as	human	samples	are	normally	available	as	

frozen	tissues	and	access	to	fresh	human	tissues	are	limited.	In	the	case	of	microglia,	were	

the	DAM	signature	is	expected	in	AD	samples,	detection	of	reliable	markers	is	crucial.	When	

comparing	 fresh	versus	 frozen	microglial	preparation,	 concerns	about	detection	of	 genes	

relevant	to	inflammation	in	frozen	samples	has	been	studied	and	highlighted	the	importance	

of	sample	preparation	(Thrupp	et	al.	2020).	Fixation	of	samples	before	loading	on	the	Split-
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seq	barcoding	plate	allowed	us	to	compare	gene	expression	of	microglial	cells	obtained	from	

fresh	tissue	to	microglia	recovered	in	single-nuclei.	We	identified	953	cells	as	microglia	with	

660	 isolated	 as	 cells	 from	 fresh	 tissue	 and	 293	 from	 nuclei	 preparation.	 The	 original	

clustering	divides	microglial	populations	based	on	their	sample	of	origin	(Figure	3.1A).	To	

identify	different	microglial	signatures,	we	re-clustered	only	microglial	cells	and	nuclei.	Cells	

and	nuclei	formed	separate	clusters	after	reprocessing	(Figure	3.3A).	We	then	plotted	genes	

that	 change	 expression	 patterns	 during	 activation.	Markers	 used	 to	 identify	 homeostatic	

(Tmem119)	and	activated	microglia	 (Cst7	 and	Apoe)	had	 increased	expression	 in	clusters	

derived	from	fresh	tissues	(Figure	3.3B-D).	In	the	case	of	nuclei	derived	microglia,	cluster	1	

is	the	one	with	the	highest	amount	of	Tmem119.	This	data	agrees	with	the	reported	DAM	

signature	depletion	in	microglial	nuclei	preps	derived	from	frozen	tissues.		

To	 comprehend	 the	 gene	 detection	 changes	 derived	 from	 different	 sample	

preparations,	we	asked	which	genes	were	driving	the	formation	of	all	7	microglial	clusters.	

Cst7	gene	expression	pattern	in	clusters	5	and	6	is	clear.	However	Cst7	does	not	break	into	

the	top15	markers	driving	these	clusters,	but	Cd9,	which	is	also	reported	as	an	activation	

marker(McQuade	 et	 al.	 2020),	 appear	 on	 both,	 confirming	 the	 DAM	 state.	 GO	 term	

enrichment	analysis,	did	not	show	relevant	biological	processes	to	these	subpopulations.	But	

cluster	1,	which	is	derived	from	nuclei,	seems	to	be	enriched	for	olfactory	receptor	genes	and	

GO	terms	(Figure	3.4).		While	we	would	expect	for	immune	related	terms	to	appear,	the	fact	

that	we	were	looking	at	only	one	cell	type	probably	drove	out	of	the	calculations	the	classical	

microglial	genes.	Furthermore,	trying	to	make	statistical	calculations	using	than	1000	cells	

could	miss	specific	patterns	because	of	lack	of	representation.	Microglial	recovery	from	an	
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individual	mouse	was	substantially	higher	than	the	recovery	obtained	using	the	ddSeq	and	

provides	the	opportunity	for	comparing	different	library	preps.		

	

Astrocyte	diversity	and	Thy	expression	in	activated	subpopulations	

Astrocytes	are	also	known	to	be	affected	in	AD.	In	the	original	clustering	(Figure	3.1),	

we	were	able	to	recover	at	least	3	different	astrocyte	populations	(clusters	9,	22,	23),	one	of	

which	has	markers	of	Disease	Associated	Astrocytes	(“DAA”,	cluster	23).	Astrocytes	can	be	

reactive	during	neuroinflammation	of	any	kind.		While	we	have	mentioned	DAA,	astrocytes	

can	present	pan	reactive	markers,	even	during	regular	aging	and	can	be	further	classified	

into	A1	or	A2	whether	their	role	is	potentially	harmful	or	protective	(Liddelow	et	al.	2017b).	

As	 in	 our	 previous	microglial	 analysis,	 we	wondered	 if	 additional	 astrocyte	 reclustering	

could	 identify	 astrocyte	 activation	 subpopulations.	 Based	 on	 their	 position	 in	 the	 UMAP	

(Figure	 3.1A)	 and	 clustering	 on	 the	 cell	 type	 marker	 heatmap	 (Figure	 3.1C)	 astrocytic	

clusters	were	isolated	and	re	clustered.	1,137	nuclei	were	divided	into	11	different	clusters	

and	mapped	to	their	cluster	of	origin	(Figure	3.5A-B).	The	top	15	genes	driving	the	clusters	

were	 identified	 across	 the	 astrocyte	 clusters	 (Figure	 3.5E).	 Unlike	 the	 situation	 for	 our	

microglial	sub	clustering,	we	are	able	to	recover	the	best	characterized	marker	of	astrocyte	

activation,	Gfap	as	a	driver	for	cluster	1.	 	Clusters	7	and	8	contains	genes	associated	with	

oligodendrocytes	(Plp1	and	Mbp)	and	microglia	(C1qb	and	Runx1)	respectively,	 indicating	

possible	 doublets.	 The	patterns	 observed	 in	 our	 first	 clustering	pointed	 to	 dominance	 of	

astrocyte	markers,	but	the	extra	clustering	steps	allowed	us	to	discern	additional	differences.	

Interestingly	these	clusters	still	showed	expression	of	astrocytic	markers	such	as	Slc1a3	and	
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Aldh1l1	 (Figure	 3.5).	 Biological	 process	 enrichment	 for	 the	 remaining	 astrocyte	 clusters	

showed	GO	Terms	associated	with	differentiation	and	development	(Figure	3.6).	This	could	

be	 explained	 by	 the	 OPC’s	 population	 present	 in	 our	 re-cluster.	 Astrocytes	 and	

oligodendrocytes	come	from	radial	glia	and	can	share	markers	such	as	Ng2	in	early	stages	

(Zhu,	Bergles,	and	Nishiyama	2008).	

Slc1a3,	Aldh1l1,	Clu	and	Aqp4	were	plotted	to	confirm	that	most	nuclei	had	markers	

that	are	distinctive	of	astrocytes.	Slc1a3	is	a	broader	astrocyte	marker	(Figure3.7A).	When	

plotting	astrocyte	activation	markers,	Gfap	and	C4b	are	present	primarily	in	cluster1	(Figure	

3.7B).	 In	Chapter	2,	we	discussed	the	presence	of	Thy1	as	a	potential	putative	marker	for	

activated	astrocytes	in	our	ddSeq	astrocyte	clusters.	We	noticed	that	the	expression	of	Thy1	

is	 segregating	 to	 the	 same	 cluster	 as	 Gfap.	 These	 observations	 support	 our	 findings	 in	

Chapter	2	that	we	can	infer	astrocyte	activation	using	Thy1.	This	is	similar	to	using	Cd9	as	a	

marker	of	microglia	activation	when	Cst7	was	not	called	as	a	top	marker.		

Reactive	astrocytes	have	different	functions	depending	on	the	stimuli.	As	previously	

discussed,	astrocyte	cluster	1	shows	clear	evidence	of	activation.	In	particular,	this	cluster	

presents	 panreactive	 markers	 (Osmr,	 Steap4,Amigo2	 and	 Vim)	 plus	 7	 genes	 of	 the	 A2	

signature	 (Clcf1,	 Tgm1,	 Ptx3,	 S100a10,	 Cd109,	 Emp1	and	 B3gnt5),	which	 are	 identified	 as	

neurptrophic	 factors,	 aiding	 in	 neuron	 growth	 and	 survival	 (Liddelow	 and	Barres	 2017)	

(Figure	3.7C).	Other	clusters	showed	a	mixture	of	A1	and	A2	markers.	Not	having	a	clear	

distinction	between	states	 could	be	attributed	 to	astrocyte	 representation	being	 low.	We	

should	keep	in	mind	that,	as	much	as	A1	and	A2	states	are	described,	there	is	a	continuous	
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of	gene	expression	profiles	in	between.	Overall,	astrocyte	diversity	can	be	evaluated	using	

Split-seq	revealing	potential	novel	markers	missed	by	3’	biased	technologies.		

	

DISCUSSSION	

In	this	chapter,	we	performed	a	pilot	study	using	Split-seq	in	the	mouse	brain	from	

cortex	and	hippocampus	of	a	single	3xTg-AD	mouse.	The	original	protocol	was	published	

using	juvenile	mouse	brain	samples,	but	our	approach	was	different.		As	many	other	single-

cell	studies	done	in	mouse	brains,	the	original	Split-seq	study	was	done	using	whole	brain	

and	 brain	 stem.	 Our	 pilot	 study	 focused	 on	 analyzing	 the	 viability	 of	 using	 cortex	 and	

hippocampus	 from	 a	 24-month	 female	 divided	 into	 halves	 for	 different	 purposes.	 Our	

experimental	 design	 allowed	 us	 to	 retrieve	 complementary	 information	 from	 the	 same	

animal.	Capturing	cell	diversity	with	single-nucleus	for	one	half	and	enriching	for	microglia	

from	 the	 other	 half.	 Moreover,	 when	 compared	 with	 our	 previous	 ddSeq	 microfluidic	

platform,	 Split-seq	 has	 a	 better	 overall	 performance.	 The	 use	 of	 different	 fixatives	when	

preparing	single-cell	 samples	can	bring	concerns	about	 the	 impact	 this	 could	have	 in	 the	

effectiveness	of	enzymes	used	to	barcode	and	synthetize	cDNA	from	single-cells.	When	we	

compared	fixed	(Split-seq)	versus	unfixed	(ddSeq)	nuclei,	we	saw	an	overlap	of	marker	genes	

for	 the	 major	 cell	 types.	 In	 the	 case	 of	 both	 microglia	 clusters,	 only	 the	 single-nucleus	

microglial	 cluster	 (20	 in	 Figure	 3.1)	matched	 our	microglial	 clusters	 from	 ddSeq	 single-

nucleus.	 These	 results	 suggest	 that	 the	 use	 of	 paraformaldehyde	 derived	 solutions	 to	 fix	

samples	 does	 not	 change	 in	 substantial	 manner	 the	 detection	 of	 genes	 driving	 clusters	

formation.			
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	 Analysis	 of	 frozen	versus	 fresh	microglia	 recapitulate	 the	decrease	 in	detection	of	

DAM	 signatures	 genes	 in	 samples	 derived	 from	 single-nucleus	 preparations.	 Ideally	 this	

problem	can	be	solved	by	using	microglial	cells	as	input	but	because	of	the	low	number	of	

microglial	cells	relative	to	other	clusters,	Cst7	was	not	called	as	a	marker	for	a	microglial	sub	

cluster.	Still	we	are	able	to	find	additional	other	activation	markers	such	as	Cd9	and	Cdx1.	

Differences	in	the	sample	preparation	before	fixation	matter	for	gene	detection.	Both,	nuclei	

and	cells	from	microglia	were	fixated	before	being	loaded	for	barcoding	

Astrocytes	show	a	wide	spectrum	of	gene	expression	even	from	reported	homeostatic	

markers.	While	some	of	them	seem	to	have	increased	expression	in	cluster	1,	identified	as	

activated	 showing	 mostly	 markers	 corresponding	 to	 A2	 activation,	 including	 genes	

promoting	 ani-inflamatory	 effects.	 The	 A2	 states	 is	 characterized	 by	 neurotrophic	 genes	

(Clcf1,	Tgm1,	Ptx3	and	Cd109),	by	promoting	growth	and	survival	of	neurons.				Expression	

of	classical	activation	markers	such	as	Gfap,	C4b	and	 Igbpf5	mostly	match	cluster	1	along	

with	Thy1.	 Thy1	 is	 widely	 used	 as	 a	 driver	 for	 the	 expression	 of	 constructs	 following	 a	

neuronal	pattern.	A	group	using	combinatorial	expression	of	fluorescent	proteins	in	brain	

using	the	Thy1	promoter	to	label	neurons,	described	labeling	of	astrocytes	as	well	(Livet	et	

al.	 2007).	 We	 observed	 Thy1	 expression	 in	 activated	 astrocyte	 populations	 across	 two	

different	platforms.	Thy1	 in	split-seq	data	had	a	similar	distribution	 to	Gfap	 (Figure	3.6),	

however	we	cannot	discard	that	the	detection	for	Thy1	comes	from	the	trans-genes	used	to	

generate	the	model	misexpressing	in	the	astrocytes.	The	limitations	on	single-cell	data	such	

as	the	size	of	the	fragments	and	barcoding	strategies	are	part	of	the	challenges	in	trying	to	

answer	this	question.	Factors	such	as	polyA	length	might	interfere	in	gene	detection	in	3’-

based	platforms.	The	reads	obtained	from	the	ddSeq	might	be	facing	reads	that	are	mostly	
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polyA	and	the	rest	of	the	sequence	is	not	enough	to	map	to	a	gene	such	as	may	be	the	case	

for	Gfap.	In	contrast,	Split-seq	includes	random	hexamer	(nucleotides	sequences)	priming,	

which	can	hybridize	anywhere	within	genes,	thus	increasing	our	probabilities	of	assigning	

transcript	identities.			

We	recognize	that	the	sample	in	our	pilot	study	is	insufficient	to	determine	clusters	

changing	under	AD	conditions.	Regardless,	we	are	able	to	identify	activation	signatures	and	

capture	glial	diversity	crucial	for	characterization	of	upcoming	AD	models.	More	importantly	

the	flexibility	provided	by	this	single-cell/single-nucleus	tagging	strategy	opens	the	door	for	

an	 expansion	 of	 samples	 being	 evaluated	 at	 once.	 The	 implementation	 of	 higher	 sample	

multiplexing	will	benefit	the	analysis	of	multiple	variables	in	a	single	sequencing	experiment.	

Testing	different	samples	with	different	backgrounds	mutations	and	sex	differences	could	

be	achieved	in	less	time,	allowing	to	generate	a	more	insightful	analysis.		
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FIGURES	

Figure	3.1.	In	situ	barcoding	allows	different	samples	to	be	analyzed	in	the	same	
experiment.	A)	UMAP	of	24,270	cells	and	nuclei	from	3xTg	cortex	and	hippocampus	with	cell	type	
annotation.	B)	Samples	of	origin.	C)	Major	cell	type	markers.	Expression	of	markers	used	to	identify	
cell	types.	Hierarchical	clustering	of	the	columns	was	done	based	on	Leiden	clusters.	
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Figure	 3.2	 Correlation	 between	 ddSeq	 single-nucleus	 and	 Split-seq	 clusters.	 Dot	 size	
represents	overlap	percentage	with	each	other,	and	color	represents	the	significance	of	the	overlap	
(bright	green	is	the	most	significant	one	and	dark	blue	is	the	least,	grey	is	not	significant).		
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Figure	3.3	Different	signatures	between	nuclei	or	whole	cell	microglia.	A)	UMAP	of	only	
microglial	cells	and	nuclei.	Gene	expression	for	B)	Homeostatic,	C-D)	activated	microglia.	E)	Top	15	
markers	for	each	microglial	cluster.		
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Figure	 3.4	 GO	 Term	 enrichment	 for	 microglia	 sub-clusters	 without	 other	 cell	 type	
markers.		Terms	were	hierarchically	organized	by	rows	and	columns.	Significance	is	plotted	as	the	
log2(p-value).	
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Figure	3.5	Astrocyte	sub-clusters.	A)	UMAP	for	astrocytes	colored	by	new	cluster	identities.	B)	
UMAP	colored	by	original	cluster	identities.	C)	Top	15	markers	for	each	astrocyte	cluster.	
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Figure	3.6	GO	Term	enrichment	for	astrocyte	clusters	without	other	cell	type	markers.		
Each	column	represents	an	astrocyte	cluster.	The	color	indicates	the	significance	of	the	p-value.	Grey	
is	not	significant,	while	light	yellow	represents	a	lower	significance	value	and	brown	represents	the	
highest	significance.	
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Figure	 3.7	 Astrocyte	 markers	 and	 identification	 of	 astrocyte	 activation	 subtypes.	 A)	
General	markers	of	 astrocytes.	B)	Activation	markers.	C)	Expression	patterns	 for	markers	of	pan	
reactive,	 A1	 and	 A2	 activation	 in	 astrocytes.	 Blue	 indicates	 lowest	 expression	 and	 red	 indicates	
highest	expression.			
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TABLES	

Table	3.1.	Recovery	of	cells	or	nuclei	per	sample.	

Sample	of	origin	 #	cells	or	nuclei	recovered	

Cortex	microglia	 908	

Cortex	nuclei	 13,3999	

Hippocampus	microglia	 6	

Hippocampus	nuclei	 9957	

	

Table	3.2.	Top	20	genes	per	cell	type.	
Microglia	nuclei	 Microglial	cells	 Oligodendrocytes	 OPC's	 Astrocytes	 Endothelial	 Neurons	

Gm38331	 Lrmda		 Pde4b		 Lhfpl3		 Slc1a2		 Kcnk5		 Hs6st3		

1810028F09Rik		 Plxdc2		 Plp1		 Tnr		 Gpc5		 Apod		 Eif2s3y		

Olfr670		 Tmcc3		 Plcl1		 Xylt1		 Npas3		 Gm37812		 Gm28928		

Mageb3		 Zfhx3		 Slc24a2		 Dscam		 Ntm		 Gm15984		 Gm38265		

Gm45462		 Dock2		 Nkain2		 Sox6		 Trpm3		 Gm39329		 Rergl		

Runx2os3		 Inpp5d		 Mbp		 Ptprz1		 Htr2c		 Kis2		 Erbb4		

Gm6316		 Maml3		 St18		 Gpc5		 Enpp2		 Gm37858		 Ntng2		

Cyp2d37		 Tgfbr1		 Rnf220		 Sox2ot		 Stk39		 Akr1b8		 Galntl6		

Gm11234		 Nav2		 Prr5l		 Nxph1		 Msi2		 Gm30708		 Phactr1		

Gm29135		 Srgap2		 St6galnac3		 Nckap5		 Lsamp		 C1rb		 Gm4961		

Gm27208		 Pag1		 Qk		 Megf11		 Nrxn1		 Cidec		 Trpm3		

Olfr1253		 Elmo1		 Pcdh9		 Chst11		 Slc1a3		 Exoc3l2		 Gm28928		

Lmod2		 Mertk		 Dock10		 Pcdh15		 Farp1		 Tfap2b		 Grip1		

Gm16511		 Rreb1		 Edil3		 Maml2		 Nfia		 Gm35940		 Meis2		

Gbp2		 Gab2		 Tmeff2		 Lrrc4c		 Plpp3		 Slc34a2		 Hs3st4		

Gm18337		 Mbnl1		 Magi2		 Epn2		 Dtna		 Acox2		 Erbb4		

Gm22402		 Runx1		 Phlpp1		 Gm4876		 Gabrb1		 4933408J17Rik		 Sgcd		

Gm26620		 Lyn		 Mobp		 Adarb2		 Ptprz1		 Nts		 Ntng2		

Gm30132		 Apbb1ip		 Arhgap23		 Arhgap31		 Rora		 170064M15Rik		 Tshz2		

Mmp7		 Hexb		 Frmd5		 Itpr2		 Mir99ahg		 Adam25		 Synpo2		
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METHODS	

Animals	and	tissue	collection	

A	3xTg	female	mouse	24	months	was	housed	and	taken	care	by	the	animal	facility	at	UCI	(B6;129-

Psen1tm1MpmTg(APPSwe,tauP301L)1Lfa/Mmjax,		 JAX	MMRRC	Stock#	034830).	The	mouse	was.	

sacrificed	via	CO2	inhalation	and	transcardially	perfused	with	1X	phosphate	buffered	saline	(PBS).	

Cortex	and	hippocampus	were	dissected	and	divided	into	halves.	Tissue	halves	for	microglia	isolation	

were	placed	in	HBSS	solution	(cat	num)	and	process	immediately.	Tissues	for	single	nucleus	were	

flash	frozen	and	kept	at	-80	degrees	until	processing.		

	

Microglia	isolation	

Tissue	dissociation	before	microglia	selection	was	done	using	the	Adult	brain	dissociation	kit	from	

Militeniy	 (Cat#	 130-107-677).	 Cd11b	 beads	 from	 Militenyi	 (Cat#	 130-093-634)	 were	 used	 to	

positively	select	for	microglia	as	described	in	Chapter	2.	

	

Single-nuclei	extraction	

Single-nuclei	extraction	was	done	following	a	modified	version	of	the	Split-seq	protocol	(Rosenberg	

et	al.	2018).	Dilution	buffer	volumes	and	solutions	were	adjusted	based	on	tissue	size.	Homogenates	

were	filtered	with	30um	MACS	SmartStrainers	(Cat#	130-098-458).	The	nuclei	were	resuspended	in	

0.05%	BSA	in	PBS	to	reach	10,000	nuclei	per	microliter	and	were	counted	using	the	BioRad	TC20™	

Automated	Cell	Counter.		
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Sample	fixation	and	library	preparation	

Microglia	and	nuclei	were	 fixated	 immediately	after	extraction.	Parse	Biosciences	 fixation	kits	 for	

cells	and	nuclei	were	used	following	the	vendor	instructions.	Samples	were	stored	at	-80	degrees	

until	 sample	 collection	 was	 finished.	 Fixated	 cells	 and	 nuclei	 were	 used	 as	 input	 for	 library	

preparation	using	the	Single	Cell	Whole	Transcriptome	Kit.		

	

Data	processing	and	analysis	

Raw	fastqs	were	processed	using	the	Split-seq	pipeline	provided	by	the	vendor.	Unfiltered	matrices	

containing	all	the	barcodes	were	used	as	input	for	Scanpy	(Wolf,	Angerer,	and	Theis	2018).	Cells	were	

defined	as	barcodes	with	more	 than	200	genes.	Cell	 clustering	was	done	using	Leiden	algorithm.	

Analysis	 and	 visualization	 were	 done	 as	 in	 described	 in	 the	 Scanpy	 website	

(https://scanpy.readthedocs.io/en/stable/index.html).	 GO	 term	 enrichment	 was	 done	 using	

Metascape	v3.5	(Yingyao	Zhou	et	al.	2019).		
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CHAPTER	4	

Characterizing	isoform	changes	in	the	5xFAD	transcriptome	using	long-read	

sequencing	

	

	

	

	

	

	

	

	

	

	

	
	
	
	
	
	
This	work	was	done	with	samples	from	MODEL-AD	but	the	sequencing	was	done	as	part	of	
ENCODE	using	the	Sequel	II	sequencer	at	the	UCI	GHTF.	Cassandra	McGill	built	the	libraries,	
Fairlie	Resee	provided	scripts	for	DIE,	TSS	and	TES	analysis.	Analysis	was	done	by	me.	
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ABSTRACT	

Alzheimer’s	 disease	 (AD)	 has	 been	 extensively	 characterized	 using	 short-read	

sequencing.	However,	most	 studies	 focus	on	gene	expression	 changes	and	 rarely	analyze	

isoform	 changes.	 Full-length,	 high-throughput	 mRNA	 sequencing	 using	 long-read	

technologies	is	the	best	way	to	explore	transcript	isoform	diversity,	as	regular	short-reads	

do	not	provide	enough	information	about	the	connectivity	between	distant	exons.		

In	 this	 chapter	we	 explore	 the	 transcriptome	 of	 the	mouse	 C57BL6/J	 and	 5xFAD	

cortex	 and	 hippocampus	 at	 8	 months	 of	 age.	 We	 recover	 >90%	 of	 genes	 previously	

associated	with	 the	5xFAD	genotype.	We	 further	detect	244	and	471	 isoform	switches	 in	

cortex	and	hippocampus	respectively.	We	also	found	194	genes	with	TSS	switches	and	714	

for	TES	switches	relevant	for	the	5xFAD	genotype.	Genes	presenting	isoform	changes	include	

genes	such	as	Csf2ra,	Csf1	and	Lamp2.			Long-read	transcriptome	analysis	of	mouse	models	

of	 disease	 can	 provide	 additional	 insights	 into	 how	 isoform	 switches	 can	 alter	 protein	

function	during	disease	progression.	

	

INTRODUCTION	

Alternative	splicing	generates	tissue	and	condition-specific	transcript	isoforms	that	

impact	functional	and	anatomical	diversity	to	match	the	proteome	and	organism	(Sahraeian	

et	al.	2017)	.	Mammals	in	particular	have	a	high	rate	of	alternative	splicing	with	more	than	

95%	 of	 the	 human	 genes	 having	 at	 least	 two	 isoforms	 (Pan	 et	 al.	 2008).	 Regulators	 of	

alternative	splicing	can	be	cis-	and	trans-	acting	nucleotide	sequences	as	well	as	molecular	

features	 such	 as	 chromatin	 and	 RNA	 structure,	 alternative	 transcription	 initiation	 or	
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termination	 (Ast	 2004).	 Any	modification	 in	 the	 transcriptome	 can	 lead	 to	 disruption	 of	

normal	cell	function.	In	highly	complex	organs	such	as	the	brain,	neuronal	and	glial	subtype	

specialization	 is	 associated	 with	 more	 prevalent	 alternative	 splicing	 when	 compared	 to	

other	 tissues	 (Vuong,	 Black,	 and	 Zheng	 2016;	 Kadakkuzha	 and	 Puthanveettil	 2013).	 The	

brain	is	therefore	an	area	of	great	interest	for	transcriptome	diversity	studies.	

Transcriptomics	came	of	age	during	the	initial	sequencing	of	the	human	and	mouse	

genomes.	 Studies	 of	 gene	 expression	were	 performed	 using	microarrays	 in	 parallel	with	

large-scale	transcript	discovery	using	sanger	sequencing	of	expressed	sequenced	tags	(EST).	

The	subsequent	development	of	sequencing	by	synthesis	using	short	reads	by	companies	

such	 as	 Illumina	 opened	 the	 door	 for	 high-throughput	 sequencing	 of	 the	 transcriptome	

(Mortazavi	et	al.	2008).	The	sequencing	field	has	been	dominated	ever	since	by	short-read	

technologies	 that	 work	 well	 for	 gene	 quantification	 but	 are	 problematic	 for	 accurately	

measuring	isoform	diversity	(Sedlazeck	et	al.	2018).	Multiple	consortia	such	as	the	ENCODE	

project	have	collected	large	numbers	of	RNA-seq	datasets	and	made	them	available	to	the	

scientific	community.		Since	2012,	full-length	mRNA	sequencing	has	become	possible	thanks	

to	long-read	technologies	such	as	Pacific	Biosciences	(PacBio)	SMRT	and	Oxford	Nanopore	

MinIon,	 the	 latter	being	 capable	of	 sequencing	RNA	directly	 (Garalde	et	 al.	 2018).	Unlike	

Illumina	 sequencing,	 long-read	 technologies	 are	 single	molecule	 based	with	 higher	 error	

rates	(around	~15%).	In	the	case	of	PacBio,	this	problem	was	solved	by	adding	SMRT-bell	

adapters	that	allow	the	same	molecule	to	be	sequenced	with	multiple	passes,	which	allows	

for	 correction	 of	 stochastic	 errors(Rhoads	 and	 Au	 2015).	 PacBio	 has	 experienced	 a	

substantial	 increase	 in	 yield	 and	 read	 length	 as	 the	 technology	matured,	 and	 is	 now	 the	

preferred	method	for	sequencing	of	novel	genomes,	structural	variants,	haplotype	phasing,	
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and	transcriptome	discovery	(van	Dijk	et	al.	2018).	However,	transcript	quantification	is	a	

less	common	practice	using	 long-read	“Iso-seq”	because	of	 the	 low	number	of	reads	until	

recently.	 Whereas	 most	 PacBio	 tools	 are	 focused	 primarily	 on	 genome	 assembly	 or	

transcript	discovery,	 the	 increased	sequencing	output	 and	development	of	 transcriptome	

annotation	and	quantification	tools	such	as	SQANTI	(Verheggen	et	al.	2018)	and	TALON	have	

expanded	 the	 applicability	 of	 long-read	 transcriptomes.	The	 SQANTI	pipeline,	which	was	

published	 in	 2018,	 was	 the	 first	 to	 combine	 annotation	 and	 quantification	 as	 well	 as	 a	

machine	 learning	 algorithm	 to	 filter	 artifacts.	 However,	 SQANTI	 requires	 PacBio-specific	

processing	steps	for	detection	of	known	and	novel	isoforms	that	are	time	consuming.	TALON,	

which	has	been	developed	in	the	Mortazavi	lab,	is	agnostic	to	different	platforms	and	can	be	

used	 on	 PacBio	 as	well	 as	Oxford	Nanopore	 long	 reads.	 TALON	 filters	 potential	 artifacts	

based	on	biological	replicates.	

Alzheimer’s	 disease	 (AD)	 is	 a	 neurodegenerative	 disease	 that	 is	 characterized	 by	

memory	loss	and	impaired	cognitive	function	associated	with	the	accumulation	of	plaques	

and	tangles	in	the	brain.	An	estimated	120	million	people	will	have	dementia	by	2050,	and	

AD	will	account	for	2/3	of	these	cases	(Drew	2018).	The	organ	affected	by	AD	is	the	brain,	

which	 is	 the	 center	 for	 integration	 of	 sensory	 information	 and	 motor	 responses	 in	 all	

animals.	In	higher	vertebrates,	the	brain	is	also	responsible	for	acquiring	and/or	modifying	

behavior,	 skills,	 references	 and	 knowledge	 (Leisman,	 Moustafa,	 and	 Shafir	 2016).		

Accumulation	of	Ab	and	hyperphosphorylated-Tau	proteins	causes	the	presence	of	plaques	

and	 tangles,	 respectively	 (Buée	et	al.	2000).	The	amyloid	hypothesis,	which	has	been	 the	

most	 popular	 explanation	 for	 AD	 pathology,	 states	 that	 the	 accumulation	 of	 Ab	 plaques	

eventually	 leads	 to	 the	 formation	of	 tangles	 (Drew	2018).	However,	when	mouse	models	
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were	developed	to	test	this	hypothesis,	the	findings	along	with	human	clinical	data	suggested	

that	the	presence	of	plaques	by	themselves	was	not	enough	to	trigger	AD,	and	instead	that	

plaque	formation	was	just	a	part	of	normal	aging	(Kametani	and	Hasegawa	2018).	Recent	

GWAS	 studies	 of	 late-onset	 AD	 suggest	 alternatives	 to	 the	 amyloid	 hypothesis,	 since	 the	

associations	 detected	 in	 patients	with	 AD	 point	 to	 genes	 expressed	 in	 glial	 cells	 such	 as	

astrocytes	 and	microglia.	Microglia	 are	 the	 resident	macrophages	 of	 the	 brain,	 and	 their	

function	 involves	 sensing	 the	 environment	 and	 promoting	 neuronal	 homeostasis	 and	

neuroprotection.	 In	order	 to	maintain	homeostasis,	microglia	can	damage	or	kill	neurons	

with	 abnormal	 profiles	 (Hickman	 et	 al.	 2018).	 During	 neurodegeneration	 and	 other	

physiological	challenges,	microglia	alter	their	gene	expression	and	morphology	to	a	distinct	

profile	called	disease-associated	microglia	(DAM)(Song	and	Colonna	2018)	 .	DAMs	can	be	

induced	by	typical	AD	aggregates	such	as	myelin	debris,	apoptotic	cells,	and	APOE,	among	

others.	The	transcriptional	signature	of	DAM	includes	genes	that	are	part	of	the	type	I	and	

type	II	interferon	response.	The	signature	of	these	genes	is	inverse,	i.e.	when	genes	of	type	I	

interferon	response	are	high,	the	type	2	response	are	down	in	that	specific	microglial	cell.	

Independently	of	 the	activation	signal,	TREM2	 (triggering	 receptor	expressed	on	myeloid	

cells)	is	responsible	for	the	signature	activation	of	microglia	and	APOE	is	known	to	act	as	a	

ligand	 for	 this	 receptor.	 Variants	 of	TREM2	 and	APOE	 are	 associated	with	 late-onset	 AD	

(Kunkle	et	al.	2019).		

The	cortex	and	hippocampus	are	critical	regions	of	the	brain	for	learning	because	of	

their	 functions	of	neural	 integration	 and	memory	 respectively	 (Cembrowski	 et	 al.	 2018).	

Therefore,	 these	regions	have	been	characterized	exhaustively	under	different	conditions	

and	models	in	order	to	understand	the	cell	subtypes	involved	(Keil,	Qalieh,	and	Kwan	2018).	
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Regulation	of	cell	diversity	is	key	during	processes	such	as	development,	aging	and	disease	

and	 it	 is	 carefully	 orchestrated	 by	 multiple	 factors	 that	 will	 generate	 changes	 in	 gene	

expression	and	isoforms(Keil,	Qalieh,	and	Kwan	2018).	An	example	of	this	is	the	Mapt	gene,	

which	encodes	the	microtubule-associated	protein	Tau.	Mapt	transcripts	are	differentially	

expressed	in	the	nervous	system,	depending	on	stage	of	neuronal	maturation	and	neuron	

type.	The	ratio	of	MAPT	isoforms	in	the	normal	adult	brain	is	balanced,	but	in	Alzheimer’s	

disease,	 the	 ratio	 of	 the	 isoforms	 is	 altered	 substantially,	 which	 ultimately	 leads	 to	 the	

formation	of	 characteristic	 tangles	 that	kill	 neurons	and	are	associated	with	 the	onset	of	

cognitive	decline	(J.-Z.	Wang,	Gao,	and	Wang	2014;	Julia	E.	Love	2015)	.	Other	genes	relevant	

for	AD	also	have	functionally	different	isoforms	such	as	the	Csf1	differences	in	the	length	of	

exon	6	determining	the	speed	and	efficiency	at	which	the	protein	is	released	to	the	cytoplasm	

(G.-Q.	Yao	et	al.	2017).		

	 In	this	chapter	we	analyzed	the	cortex	and	hippocampus	transcriptomes	of	8-month		

5xFAD	mice	using	PacBio	sequencing	 	to	analyze	isoform-level	changes	in	expression.	We	

focus	on	detecting	known	and	novel	isoforms	that	change	between	5xFAD	and	C57BL6/J.	We	

compare	our	results	to	genes	previously	identified	as	part	of	a	5xFAD	inflammatory	module	

as	well	as	 in	short-read	based	 isoforms	analyses	 in	humans	 to	 identify	 shared	genes.	We	

further	analyze	changes	in	TSS	and	TES	usage	as	well	as	analyze	isoforms	showing	evidence	

of	intron	retention/exon	skipping	between	5xFAD	and	its	matching	wild	type.		

RESULTS	

Annotating	the	5xFAD	transcriptome	and	AD	related	genes	
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We	 generated	 full-length	 transcriptome	 libraries	 from	 8-month-old	 5xFAD	 mice	

cortex	and	hippocampus	with	2	replicates	per	sex,	and	tissue.	Libraries	were	sequenced	in	

the	Sequel	II	platform	with	a	minimum	depth	of	5	million	raw	reads	per	sample	with	average	

length	of	2.4	kb.	We	compared	these	to	similarly	prepared	and	sequenced	C57BL6J	libraries	

(Wyman	et	al.	2019).	Annotation	and	quantification	was	done	using	TALON	(Wyman	et	al.	

2019).	 All	 libraries	 were	 processed	 in	 the	 same	 database,	 which	 allows	 to	 track	 novel	

isoforms	across	different	samples.	We	analyzed~100	M	reads	with	~38.9	M	of	which	that	

were	Full-length	non-chimeric	(FLNC)	and	~39.8	M	mapped	onto	the	mm10	genome.	We	

identified	 64,790	 and	 64,439	 transcripts	 in	 cortex	 (Figure	 4.1)	 and	 hippocampus	

respectively.	 	About	 64	%	 (40,900	 isoforms)	 of	 the	 transcripts	 found	 are	 present	 in	 the	

annotation	(Known)	and	show	very	similar	numbers	across	tissues.	The	number	of	known	

genes	detected	varied	from	9,000	to	20,000	per	sample	depending	on	the	sequencing	depth	

(Table	1).		About	11%	of	our	transcripts	were	categorized	as	novel	in	catalogue	(NIC	–	novel	

combination	of	known	exon)	and	another	4.4%	as	novel	not	in	catalogue	(NNC	–	novel	exon).	

While	we	count	ISMs	as	part	of	our	gene-level	expression	quantification,	we	focus	on	known,	

NIC,	 and	 NNC	 transcripts	 for	 all	 subsequent	 analyses	 unless	 otherwise	 noted.	We	 asked	

whether	there	were	genes	where	the	novel	isoforms	were	more	predominant	that	the	known	

ones	in	a	genotype	dependent	manner	for	each	tissue.	Cortex	had	684	genes	with	more	gene	

novelty	 counts	 regardless	 of	 the	 genotype	 than	 known	 and	 hippocampus	 had	 727.	 In	

hippocampus	54	novel	isoforms	were	enriched	in	5xFAD	wile	cortex	had	65	(Figure	4.1C-D).	

From	 these	 genes,	 we	 found	 AD	 associated	 genes	 (Table	 2).	 	 These	 are	 particularly	

interesting,	 as	higher	 counts	 for	a	novel	 isoform	would	 indicate	 that	 current	annotations	

might	be	missing	important	spliced	variants	that	are	relevant	to	AD	pathology.	
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We	compared	the	genes		detected	in	our	complete	long	read	dataset,	including	known	

and	novel	categories	with	the	“Blue”	Inflammation	module	that	we	previously	identified	in	

the	 Illumina-based	 5xFAD	 study	 by	 the	 Model-AD	 consortium	 (Forner	 et	 al.	 2021).	 We	

capture	652	of	679	genes	in	the	blue	module	across	1,989	total	transcripts	in	our	long-read	

data.	The	average	number	of	isoforms	per	gene	is	2.3	and	515	genes	had	2	or	more	isoforms.	

As	expected,	most	of	the	transcripts	detected	were	in	the	known	category	(1,684)	followed	

by	185	NIC	and	120	NNC.	We	found	that	504	genes	had	only	known	isoforms	(Figure	4.2).	

One	of	the	best	microglial	inflammation	markers,	Cst7,	only	has	one	isoform.	For	these	single-

transcript	genes,	their	role	in	AD	pathology	does	not	depend	on	transcript	isoform	changes.	

There	were	83	genes	that	included	at	least	one	NIC	and	known	transcripts,	including	Irf1,	

Ctss,	Ly6e,	C4b	and	Csf2ra,	most	of	which	are	involved	in	microglial	processes.	For	example,	

Irf1	stands	out	because	of	its	role	as	a	regulator	of	pro-inflammatory	responses	in	microglial	

cells	(T.	Gao	et	al.	2019)	and	shows	higher	expression	in	the	5xFAD	genotype,	especially	in	

hippocampus	(Figure	4.3).	Another	35	genes	had	only	NNC	transcripts	in	addition	to	known	

transcripts.	These	 include	genes	such	as	Csf1r,	Ctsz,	Serpina3n,	C1qc,	Cd83.	Serpina3n	 and	

C1qc	are	well	known	upregulated	genes	in	activated	astrocytes	and	microglia,	respectively.	

We	also	found	30	genes	with	known	as	well	as	both	novelty	categories,	including	Clu,	which	

is	involved	in	complement	regulation	and	transportation	of	lipids	(Rosenberg	et	al.	2018).		

We	detected	2	known	Clu	isoforms	and	9	NIC/NNC	isoforms,	but	only	one	known	and	two	

novel	isoforms	were	highly	expressed.	The	differences	between	the	isoforms	are	in	the	first	

exon	and	might	impact	recruitment	of	transcriptional	machinery	(Figure	4.4).		

Detection	of	differential	transcript	expression	in	the	5xFAD	immune	response	related	genes	
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Previous	AD	studies	done	using	long-read	sequencing	have	a	low	number	of	human	

samples	that	look	at	genome	level	differences	rather	than	analyzing	transcriptomes	(X.	Zhou	

et	al.	2019).	Analysis	of	gene	expression	levels	are	useful	for	identifying	dynamic	genes	under	

different	 conditions,	 including	 AD.	 To	 confirm	 that	 we	 are	 capturing	 AD-relevant	 genes	

expression	changes,	we	performed	a	differential	gene	expression	analysis	using	our	 long-

read	data	with	 Swan(Reese	 and	Mortazavi	 2020).	We	 found	406	differentially	 expressed	

genes	in	cortex	and	386	in	hippocampus.	As	expected	Cst7,	Gfap	and	Clu	were	more	highly	

expressed	 in	 the	5xFAD	genotype	and	are	 indicators	of	glial	activation.	Once	we	detected	

genes	changes,	we	asked	whether	we	can	detect	isoform	switches	associated	with	the	5xFAD	

genotype.	 To	 answer	 this,	 we	 calculated	 the	 differential	 isoform	 expression	 (DIE)	 as	

described	by	the	Tilgner	group	(Joglekar	et	al.	2021).	We	ran	a	DIE	analysis	comparing	the	

observed	5xFAD	transcriptome	versus	their	corresponding	WT	for	cortex	and	hippocampus	

separately.	We	observed	471	DIE	genes	in	hippocampus	and	244	in	cortex.		

We	then	proceeded	to	check	whether	any	of	 the	genes	 that	had	an	 isoform	switch	

were	already	associated	with	the	5xFAD	blue	module	(Forner	et	al.	2021).	We	found	that	two	

blue	module	genes	that	overlapped	our	DIE	genes	in	both	cortex	and	hippocampus,	another	

29	genes	were	overlapping	only	with	hippocampus	and	7	genes	overlapping	only	with	cortex	

(Figure	4.5).	Genes	that	were	reported	in	the	DIE	analysis	as	significant	in	both	tissues	as	

well	as	in	the	blue	module	include	Csf1,	Capg,	Lamp2,	Csf2ra,	Ifit2,	and	H2-T22	among	others	

(Table	4.3).	Csf1	is	the	colony	stimulation	factor	1,	and	it	is	known	to	be	crucial	for	microglial	

viability	and	proliferation	by	binding	to	the	Csf1r	receptor.	The	Csf1	gene	contains	9	exons	

and	variations	in	exon	6	are	responsible	for	regulating	the	speed	and	efficiency	of	its	release	

from	the	cell	surface	as	shorter	versions	of	exon	6	will	be	released	in	a	slow	and	inefficient	
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manner	(G.-Q.	Yao	et	al.	2017).	Similar	to	what	we	described	in	Chapter2,	Csf1	increased	in	

the	5xfAD	genotype,	but	thanks	to	the	resolution	of	long-reads	we	observe	that	the	isoforms	

containing	the	complete	version	of	exon	6	are	the	ones	being	enriched	in	the	5xFAD	genotype	

(Figure	4.6).	WT	samples,	 especially	 in	hippocampus	express	 the	 slower	 release	 isoform.	

These	patterns	might	be	explained	from	the	pathology	context,	where	Csf1	 is	needed	in	a	

more	immediate	manner	to	help	with	possible	microglial	proliferation	needed	to	respond	to	

plaques,	tangles	and	neuronal	death.		

	

Comparison	of	AS	events	detected	in	human	data	and	the	5xFAD	model	

Alternative	splicing	studies	done	in	AD	human	samples	using	short-read	sequencing	

have	identified	APP	and	BIN1	amongst	genes	with	alternative	splicing	events	related	to	AD	

that	have	been	also	 identified	 in	GWAS	 studies	 (Marques-Coelho	et	 al.	 2021).	To	 identify	

common	alternative	events	between	human	and	the	5xFAD	model,	we	compared	our	dataset	

to	 the	 alternative	 splicing	 events	 from	 human	 AD	 short-read	 data.	 Results	 from	 the	 DIE	

analysis	were	compared	against	the	genes	that	showed	differential	transcript	usage	(DTU).	

We	recovered	a	set	of	25	genes	that	agree	in	human	and	5xFAD	(Table	4),	including	Lamp2,	

Slc25a25	 and	 Elmo1.	 To	 understand	 the	 impact	 of	 the	 isoforms	 at	 the	 protein	 level,	 we	

analyzed	 the	protein	 classification	 for	 these	 isoforms	using	Panther	 (Mi	et	 al.	2021).	The	

isoforms	 were	 divided	 into	 13	 different	 categories,	 including	 membrane	 trafficking	

processing	(Lamp2),	transporter	(Slc25a25)	and	scaffold/adaptor	protein	(Elmo1).	Lamp2	,	

which	is	lysosomal	associated	membrane	protein-2	(Saftig,	Beertsen,	and	Eskelinen	2008),	

also	 appears	 as	 part	 the	 blue	 module	 from	 the	 5xFAD	 study.	 It	 is	 part	 of	 the	 lysosome	
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membrane	and	has	9	exons	with	3	different	isoforms,	which	are	highly	conserved	in	human	

and	mouse.	Exon	9	has	3	variants,	exons	9a	and	9c,	which	will	generate	protein	products	that	

contain	transmembrane	and	cytosolic	domains,	while	the	exon	9b	will	not	have	them.	Lamp2	

is	 part	 of	 chaperone-mediated	 autophagy	 process,	 where	 the	 membrane	 and	 cytosolic	

domains	are	relevant	for	detection	of	proteins	labeled	for	degradation	by	a	specific	amino	

acid	 motif.	 	 The	 isoform	 Lamp2b	 shows	 an	 increase	 in	 the	 5xFAD	 genotype	 in	 our	 DIE	

analysis.	The	top	3	expressed	isoforms	are	known,	but	we	also	recover	a	novel	(NIC)	isoform	

(Figure	4.7).	A	switch	to	an	isoform	that	does	not	contain	the	domains	that	could	interact	

with	the	degradation	products	suggests	an	impairment	for	elimination	of	protein	products,	

which	could	be	produced	as	a	consequence	of	AD.	

	

Alternative	usage	of	TES	and	TES	

	 As	described	in	previous	sections,	examples	of	novel	isoforms	that	we	detect	can	be	

attributed	to	changes	in	in	the	transcription	starting	(TSS)	or	ending	sites	(TES).	To	evaluate	

how	many	changes	 in	our	data	were	attributed	TSS	or	ending	TES,	we	 followed	a	similar	

analysis	to	DIE	but	applied	to	reads	called	at	the	beginning	or	end	of	reads.		Besides	Lamp2	

we	detected	714	genes	with	TES	switch	events.	163	TES	events	were	shared	between	cortex	

and	hippocampus	that	resulted	in	2,509	known	transcripts,	429	NIC	and	170	NNC.	Only	17	

TES	events	were	found	in	genes	present	in	the	blue	module	(Table	5)	such	as	Gusb,	which	is	

a	gene	found	in	lysosomes.	The	shorter	annotated	Gusb	isoforms	have	higher	expression	in	

the	cortex	of	WT	mice	(Figure	4.8).	
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We	 found	 194	 TSS	 switches	 that	 included	 Irf1	 and	 Capg,	 which	 are	 both	 genes	

involved	in	microglial	functions.	Irf1	is	a	transcription	factor	that	regulates	genes	involved	

in	the	DAM	signature,	such	as	Apoe,	Clec7a	Tyrobp	and	Trem2	(T.	Gao	et	al.	2019).	The	highest	

expressed	isoform	in	in	the	5xFAD	genotype	as	an	earlier	transcription	starting	site,	while	

WT	mice	expressed	the	delayed	TSS.	We	also	observed	a	novel	isoform	with	a	slightly	longer	

first	exon,	but	due	to	the	way	TALON	handles	novelty	categories,	the	differences	came	from	

splice	junctions	and	not	ends.		Capg	is	the	macrophage	capping	protein	and	it	is	a	common	

gene	in	other	neurodegenerative	diseases,	not	only	AD	(Tseveleki	et	al.	2010),	which	is	not	

surprising	since	we	found	it	in	our	blue	module,	but	we	are	able	to	observe	a	clear	isoform	

switch	 at	 TSS	 level	 (Figure	 4.9).	 	 	 Differences	 in	 TSS	 sites	 can	 promote	 recruitment	 of	

different	transcription	factors.		

	

Exon	skipping	events	and	intron	retention	

Events	such	as	intron	retention	and	exon	skipping	are	part	of	alternative	splicing	that	

can	substantially	alter	protein	products	of	genes	when	they	occur	in	the	coding	sequence.	

We	can	find	these	events	using	genome	annotations	alone,	but	we	can	discover	new	exon	

skipping	 or	 intron	 retention	 events	 using	 Swan.	 We	 observed	 novel	 1,586	 novel	 exon	

skipping	events	across	1,751	transcripts	and	715	intron	retention	events	in	838	transcripts.	

Cd83	is	a	gene	with	2	known	isoforms	-	one	that	is	protein	coding	(Cd83-201)	and	a	second	

one	that	 is	non-coding	because	of	an	intron	retention	event	between	the	first	and	second	

exon	(Cd83-202)	in	addition	to	differences	in	the	length	of	their	first	exon.	Interestingly	our	

data	recovers	an	NIC	transcript,	the	correct	spliced	version	of	Cd83-202,	similar	to	Cd83-201	
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is	increased	in	the	5xFAD	tissues,	indication	that	is	most	likely	to	generate	a	protein	product	

(Figure	4.10).			Csf2ra	is	other	gene	with	intron	retention	events	present	in	the	annotation.	

Csf2ra	is	a	receptor	for	the	colony	stimulating	factor	2	(Csf2)	is	part	of	the	genes	required	for	

mediating	microglial	homeostasis	(Chitu	et	al.	2020).	We	observed	5	known	transcripts	and	

2	 NIC	 (Figure	 11).	 The	 highest	 expressed	 transcript	 that	 is	 also	 upregulated	 in	 5xFAD	

contains	12	exons,	while	the	other	isoforms	are	subsets	of	the	exons,	which	in	several	cases	

include	intron	retention	events.	The	second	and	third	most	highly	expressed	isoforms	are	

NIC	that	start	at	exon	5	and	show	novel	intron	retention	events	in	exons	7	and	8.				

An	example	of	exon	skipping	in	our	data	is	Gpam,	which	is	another	gene	is	relevant	to	

AD	because	it	is	involved	in	lipid	metabolism	including	regulation	and	has	been	showed	to	

follow	similar	patterns	to	Apoe	in	liver.	Gpam	has	24	exons,	with	alternative	usage	of	exon	2	

in	transcripts	starting	at	exon	1	are	present	in	the	annotation	along	with	an	isoform	starting	

at	exon	4.	We	observed	that	the	highest	expressed	Gpam	isoform	in	our	data	is	an	NIC	that	

skips	 exons	 2	 and	3,	while	 including	 exon	1	 (Figure	 4.12).	While	 the	 active	 domains	 are	

encoded	in	exon	5	and	later,	the	implication	of	skipping	exons	2	and	3	in	the	same	transcript	

are	not	clear	or	reported	in	literature.	While	they	do	not	seem	to	affect	the	active	domain	

exons,	 they	might	play	a	role	 in	fiving	the	protein	product	the	3D	structure	necessary	for	

proper	function,	especially	because	we	observed	this	transcript	as	enriched	in	our	5xFAD	

samples.		

	

DISCUSSION	

	 Long-read	RNA	sequencing	opens	the	door	for	identification	of	thousands	of	isoforms,	
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allowing	for	testing	different	conditions.	Changes	at	isoform	level	relevant	to	AD	have	been	

reported	using	short-read	sequencing,	or	using	low	throughput	approaches,	such	as	PCR	for	

specific	genes.	Additional	elements	relevant	for	transcript	regulation	such	as	TES,	TSS,	exon	

skipping,	and	intron	retention	can	be	retrieved	without	the	need	of	inference	algorithms	and	

enables	us	to	evaluate	the	impact	of	AD	pathology	in	transcript	usage.	LR-	RNA	complements	

gene	level	expression	studies	done	in	AD	is	crucial	to	generate	better	AD	models.	

	 Differences	 in	 transcription	 starting	 sites	 influence	 the	 binding	 of	 transcription	

machinery,	because	of	 their	size	or	binding	motifs	 in	them.	Short-read	TSS	analysis	using	

outdated	 isoform	 inference	 packages	 such	 as	 cufflinks	 (Trapnell	 et	 al.	 2012)	 detect	

transcripts	being	differentially	expressed	in	human	AD	samples,	and	point	to	changes	int	the	

TSS	starting	site	of	APOE	(Twine	et	al.	2011)	.	While	we	do	not	detect	any	type	of	changes	for	

Apoe	in	our	data,	we	did	observe	4	NNC	isoforms.	In	the	Csf2ra	example,	we	emphasized	the	

intron	retention	events,	but	we	also	observed	a	difference	on	the	first	exon	usage.	TSS	length	

has	an	impact	on	the	translation	efficiency	as	described	in	muscle	cells	(X.	Wang	et	al.	2016).	

Clu	 did	 not	 have	 an	 isoform	 switch,	 since	 the	 highest	 expressed	 isoforms	 were	 always	

upregulated	 in	 the	 5xFAD	 genotype,	 but	 we	 noticed	 that	 novel	 isoforms	 show	 different	

lengths	on	the	UTR’s	(Figure	4.4).	It	is	important	to	still	look	at	isoforms	that	were	not	called	

as	DIE,	as	different	isoforms	could	potentially	be	expressed	in	different	cell	types	requiring	

different	processing	 instructions.	An	example	of	 this	 is	Camk2b,	where	different	neuronal	

cell	types	express	different	isoforms	(Joglekar	et	al.	2021).		

Our	comparison	to	other	human	AD	alternative	splicing	studies	 identified	relevant	

isoform	expression	patterns	with	changes	in	TES	present	in	lysosome	genes.	The	changes	



 

94 
 

observed	 for	 TES	 sites	 in	 Lamp2	 isoforms	 point	 to	 possible	 deficiencies	 in	 protein	

degradation	in	5xFAD	mice.	Alternative	usage	of	TES	in	App	was	observed	(not	shown);	WT	

samples	show	a	slight	upregulation	of	an	isoform	with	a	slightly	longer	3’	end.	TES	do	not	

only	alter	the	protein	products;	they	can	harbor	SNP’s	that	promote	AD,	as	observed	for	the	

gene	SORL1	,where	at	least	one	SNP’s	associated	with	AD	is	located	by	the	3’end	(Meng	et	al.	

2007).	To	help	us	expand	our	understanding	of	the	importance	of	alternative	TES	and	TSS	

sites,	further	analysis	around	these	sites	is	necessary.	Identification	of	potential	binding	sites	

for	 transcription	 factors	 promoting	 activation	 or	 regulating	 the	 expression	 of	 different	

isoforms	in	an	AD	dependent	manner	could	be	described.	

	

	 Gpam	was	an	example	on	how	the	inclusion	or	exclusion	of	a	single	exon	can	affect	

processes	that	might	lead	to	AD.	Difference	between	constitutive	and	alternative	exons	in	

isoforms	is	determined	by	specific	motifs	(Miriami,	Margalit,	and	Sperling	2003).	Mutations	

affecting	those	motifs	are	potential	factors	to	promote	AD	as	well.		On	the	other	hand	intron	

retention	 events	 in	 human	 are	 associated	 with	 weaker	 splice	 sites,	 intron	 lengths	 and	

variations	in	expression	and	density	of	exon	splicing	silencers	(Sakabe	and	de	Souza	2007).	

These	attributes	help	introns	to	be	skipped	by	splicing	machinery	and	being	integrated	in	

the	final	isoform.	Intron	retention	analysis	in	AD	samples	from	the	Mayo	Clinic,	showed	an	

enrichment	for	intron	retention	events,	where	retained	introns	were	shorter	in	length	when	

compared	to	their	controls	(Adusumalli	et	al.	2019).	Our	data	focuses	mostly	in	detection	of	

novel	intron	retention	and	exon	skipping	events,	and	while	we	did	not	make	a	differential	

intron	 retention	 analysis,	 our	 DIE	 analysis	 pointed	 us	 to	 isoforms	 that	 had	 these	
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modifications.	Characterization	of	exon	and	 introns	 in	these	novel	events	 is	a	required	to	

understand	cis	elements	affecting	splicing,	other	than	the	ends	of	the	transcripts.	

We	are	able	 to	 recover	main	gene	expression	changes	 relevant	 for	AD	using	 long-

reads.		While	we	detect	less	genes	as	differentially	expressed	compared	to	studies	done	using	

short	reads,	this	could	be	due	to	lower	sequencing	depth	as	long-read	technologies	such	as	

PacBio	 produce	 fewer	 reads	 per	 sequencing	 run.	 This	 limitation	 did	 not	 stop	 us	 from	

detecting	relevant	isoforms	changes	for	AD.	We	believe	that	as	long-read	technologies	keep	

increasing	 their	 yield,	 they	 already	provide	valuable	 information	 for	 studying	 changes	 in	

transcript	isoform	expression	during	disease	progression.		
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FIGURES	

	

Figure	4.1.	Cortex	and	hippocampus	isoform	classification.	A)	Isoform	quantification	per	
isoform	novelty	type	in	A)	Cortex	and	Hippocampus.	B)	Isoforms	with	higher	novelty	counts	
than	known	in	C)	Cortex	and	D)	Hippocampus.	
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Figure	4.2	Gene	detection	and	categorization	of	genes	found	in	the	blue	module	from	the	
5xFAD	short-read	study.	Euler	diagram	were	overlap	of	circles	represents	concordance	in	
genes.	Colors	are	assigned	per	transcript	novelty	category.		
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Figure	4.3	Irf1	transcript	representation.	Swan	reports	plotting	each	transcript	detected	
in	our	data.	Novelty	categories	are	present	in	the	first	column.	Colors	in	heatmap	are	showing	
expression	in	log2(TPM).	
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Figure	 4.4	 Clusterin	 transcript	 representation.	 Swan	 reports	 plotting	 each	 transcript	
detected	in	our	data.	Novelty	categories	are	present	in	the	first	column.	Colors	in	heatmap	
are	showing	expression	in	log2(TPM).	
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Figure	4.5	Intersection	of	genes	found	the	blue	module	with	differential	isoform	
expression	genes	from	cortex	and	hippocampus.	Connected	circles	represented	shared	
categories.	Horizontal	bars	represent	the	total	number	of	genes	from	the	differential	
isoforms	detected	in	each	set.		Intersections	of	gene	lists	is	represented	by	vertical	bars.	
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Figure	4.6	Csf1	alternative	exon	usage.	Swan	reports	plotting	each	transcript	detected	in	
our	data.	Novelty	categories	are	present	in	the	first	column.	Colors	in	heatmap	are	showing	
expression	in	log2(TPM).	Red	box	indicates	exon	6.	Annotations	near	the	transcript	models	
indicate	the	version	of	Csf1.	
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Figure	4.7	Lamp2	differential	isoform	usage	in	the	5xFAD.	Swan	reports	plotting	each	
transcript	detected	in	our	data.	Novelty	categories	are	present	in	the	first	column.	Colors	in	
heatmap	are	the	proportions	of	isoform	use,	while	their	values	are	indicated	inside	of	each	
sample.	Red	box	highlights	the	isoform	enriched	in	AD.	Annotation	by	the	transcript	
models,	indicate	the	domains	present	in	the	protein	product.	
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Figure	4.8	Gusb	transcript	representation.	Swan	reports	plotting	each	transcript	
detected	in	our	data.	Novelty	categories	are	present	in	the	first	column.	Colors	in	heatmap	
are	showing	expression	in	Log2(TPM).	
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Figure	 4.9	 Capg	 isoform	 switch	 in	 the	 5xFAD.	 Swan	 reports	 plotting	 each	 transcript	
detected	in	our	data.	Novelty	categories	are	indicated	in	the	first	column.	Colors	in	heatmap	
are	the	proportions	of	isoform	use	per	condition.	
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Figure	 4.10	 Cd83	 transcript	 representation.	 A)	 Ensemble	 representation	 of	 the	 Cd83	
transcripts.	 In	 green,	 protein	 coding	 sequences.	 Yellow	 indicate	 the	 exons	present	 in	 the	
protein	coding	version	of	transcript.	Blue	represents	the	non-coding	version	due	to	an	intron	
retention	event.	Boxes	without	color	fill	represent	non-coding	sequences.	B)	Swan	report	for	
observed	Cd83	transcripts.	Transcript	expression	in	log2(TPM).	
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Figure	 4.11	 Csf2ra	 Known	 and	 novel	 transcripts	 containing	 intron	 retention	 events.	
Swan	reports	plotting	each	transcript	detected	in	our	data.	Proportions	of	isoform	used	by	
condition.	 Red	 box	 indicates	 the	 area	 of	 novel	 intron	 retention	 events	 in	 the	 novel	
transcripts.	
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Figure	4.12	Gpam	transcript	representation	with	novel	exon	skipping.	Swan	reports	
plotting	each	transcript	detected	in	our	data.	Novelty	categories	are	present	in	the	first	
column.	Colors	in	heatmap	are	the	proportions	of	isoform	use	while	their	values	are	
indicated	inside	of	each	sample.	Red	box	points	to	the	novel	exon	skipping	event	present	in	
the	novel	isoform.	
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TABLES	

Table	4.1.	Sample	description	and	metrics.	

Dataset	
Tissue_genotype_sex	

ENCODE	
accession	ID	

reads_annotated	 known_genes	 known_transcripts	

Cortex_5x_M_Rep1	 ENCLB818SSI	 3,232,977	 20,016	 29,548	

Cortex_5x_M_Rep2	 ENCLB005LYV	 932,268	 8,413	 11,697	
Hippocampus_5x_M_Rep1	

ENCLB771GFC	
1,454,433	 9,271	 13,046	

Hippocampus_5x_M_Rep2	
ENCLB202DYG	

2,932,593	 18,648	 26,695	

Cortex_5x_F_Rep1	 ENCLB407FIA	 1,987,812	 18,542	 26,039	

Cortex_5x_F_Rep2	 ENCLB937RMU	 1,517,038	 17,550	 23,889	

Hippocampus_5x_F_Rep1	
ENCLB528IFE	

1,860,983	 17,916	 24,876	

Hippocampus_5x_F_Rep2	
ENCLB713YAL	

1,701,026	 19,053	 26,354	

Cortex_WT_M_Rep1	
ENCLB287KUK	

2,758,142	 18,922	 27,053	

Cortex_WT_M_Rep2	
ENCLB440QNX	

2,558,808	 18,506	 26,256	

Hippocampus_WT_M_Rep1	
ENCLB722NJT	

2,879,024	 18,615	 26,078	

Hippocampus_WT_M_Rep2	
ENCLB186LWF	

2,838,889	 17,477	 25,239	

Cortex_WT_F_Rep1	
ENCLB728AIA	

2,274,239	 18,498	 25,803	

Cortex_WT_F_Rep2	
ENCLB629QSH	

2,030,837	 18,337	 25,162	

Hippocampus_WT_F_Rep1	
ENCLB780UPA	

2,012,810	 18,688	 25,832	

Hippocampus_WT_F_Rep2	
ENCLB498TZI	

1,793,909	 17,220	 22,841	

	

Table	4.2	

Genes	symbol	

Rrbp1,	Cyp4f14,	Gm13293,	Angpt1,	Sbno2,	AI506816,	Epb41l2,	Ppfia4,	Srebf1,	Dennd1c,	Bco2,	Slc44a2,	

Lat2,	Csf2ra,	Csf3r,	Rcbtb2,	Ifit2,	Gpam,	Tmc6,	Aldh3b1,	Lrmp,	Lsp1,	Mapkapk3	
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Table	4.3	–	Genes	from	differential	isoform	expression	that	are	in	the	5xFAD	short-
read	blue	module	

Gene	symbol	

Chil1,	Ppfia4,	Tmem206,	Pfkfb3,	Ptgs1,	Serping1,	Ctsa,	P2ry12,	Csf1,	Mknk1,	Rps6ka1,	Necap2,	Acox3,	

Spp1,	Crlf2,	P2rx4,	Gusb,	Lat2,	Gal3st4,	Capg,	Rinl,	Prcp,	Rgs10,	Tspan4,	Slc44a2,	Thy1,	Myo1e,	Plek,	Irf1,	

Sparc,	Pmp22,	Evi2a,	Naglu,	Slc16a3,	Serpina3n,	Cd83,	S1pr3,	Rcbtb2,	Myc,	Sla,	Eef1d,	Cyth4,	H2-DMa,	

H2-T22,	Slc14a1,	Ifit2,	Gpam,	Csf2ra,	Lamp2,	Lsp1,	Epb41l2,	Dhx58,	Lcp1,	Ifnar2,	Atp6v0e,	Trem2	

	

Table	4.4	–	Protein	classifications	for	genes	with	alternative	splicing	events	in	
human	short-read	data	and	the	5xFAD	long-read	data.	

Gene	symbol	 Panther	Protein	class	

Olfm2	 structural	protein	
	

N/A	
Lamp2	 membrane	trafficking	regulatory	

protein	
Elmo1	 scaffold/adaptor	protein	
Usp16	 cysteine	protease	
Rpn2	 glycosyltransferase	
Pkm	 kinase	
Usp5	 cysteine	protease	
Med22	 general	transcription	factor	
Pfkfb3	 carbohydrate	phosphatase	
Rps6ka1	 protein	modifying	enzyme	
Slc25a25	 mitochondrial	carrier	protein	
Sec11c	 serine	protease	
Ablim1	 actin	or	actin-binding	cytoskeletal	

protein	
Arpp19,Ddx24,	Ttc14,	Zdhhc4,	
Aftph,	Ifit2,	Rsrp1,	Dpm2,	Ergic3,	
Cck,	Rtn4,	Dkk3	

N/A	

	

	

	



 

110 
 

Table	4.5	–	TES	and	TSS	switches	from	genes	found	in	the	blue	module	

TES		 TSS	

Ppfia4,	Soat1,	Creg1,	Gusb,	Lat2,	Siglech,		Pycard	

,	Scrg1,		Lpl,		Ormdl2,	Sparc,	Stat3,	Npc2,	

Tmed10,	Hacd2,	Ifnar2,	Lamp2		

Chil1,	Ppfia4,	Ifih1,	Ube2l6,	Rin2,	Ctsa,			Rps6ka1,	

Lat2,	Gpnmb,	Capg,	Lair1,		Tmem219,	Rgs10,	

Tspan4,	Lsp1,	Cmtm3,	Thy1,	Sbno2,	Irf1,	Pmp22,	

Dhx58,	S1pr3,	Rcbtb2,	Sla,	Parp9,	H2-DMa,	

Myl12a,	Ifit2	,	Sorbs1,	Nfkb2,	Gpam,	Csf2ra	

	

METHODS	

PacBio	library	preparation	

The	RNA	material	 is	an	aliquot	from	the	one	presented	in	a	previous	5xFAD	paper	

(Forner	et	al.	2021).	cDNA	synthesis	and	library	preparation	using	the	SMRTbell	Template	

Prep	 Kit	 (PacBio,	 100-938-900)	 were	 performed	 as	 described	 on	 the	 ENCODE	 portal	

(https://www.encodeproject.org/documents/77db752f-abf7-4c93-a460-510464134f52).	

We	sequenced	one	SMRT	cell	per	replicate	on	the	Sequel	II	platform.	

	

PacBio	data	processing		

Raw	 reads	 from	 Sequel	 II	 machine	 were	 processed	 by	 PacBio	 circular	 consensus	

package	(CCS	v4.0.0)	to	filter	any	reads	with	less	than	3	passes	(parameters:	--noPolish	--

minLength=10	--	minPasses=3	–min-rq=0.9	–min-snr=2.5).	Then	reads	with	misconfigured	

adapters	 were	 filtered	 using	 PacBio	 lima	 package	 (v1.10.0;	 parameters:	 --isoseq	 --num-
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threads	12	--min-score	0	 --min-	end-score	0	 --min-signal-increase	10	--min-score-lead	0).	

Finally,	 full-length	 non-chimeric	 (FLNC)	 reads	 were	 extracted	 using	 the	 PacBio	 Refine	

package	(v3.2.2;	parameters:	--min-polya-	length	20	--require-polya)	

Reads	 were	 mapped	 to	 the	 mouse	 genome	 (mm10).	 Error	 correction	 for	 splice	

junctions	and	indels	was	done	with	TranscriptClean	(Wyman	et	al.	2019).	Reads	were	then	

flagged	for	internal	priming	and	annotated	using	TALON	and	the	GENCODE	v21	annotation.	

Generation	of	abundance	table,	annotation	files	and	GTF	were	done	using	TALON	accessory	

scripts	as	indicated	(https://github.com/mortazavilab/TALON).		

	

PacBio	data	analysis	and	visualization	

The	 generated	 GTF	 as	 used	 as	 input	 for	 SWAN	 (Reese	 and	 Mortazavi	 2020).	

Differential	gene	expression	analysis,	intron	retention	and	isoform	switching	analysis	as	well	

as	 transcript	 visualization	 reports	 were	 done	 following	 the	 tutorials	

(https://freese.gitbook.io/swan/).	Visualization	of	tests	such	as	differential	expression	and	

comparison	plots	were	done	in	R	(version	4.03).	ggplot2	and	UpsetR	packages	were	used	to	

plot	the	graphs.		

	

DIE	analysis	

Differential	test	of	isoform	switches	was	done	following	the	described	methods	by	the	

TIlgner	group,	with	minimal	modifications	 for	bulk-data	(Joglekar	et	al.	2021).	We	tested	

Cortex	 and	 hippocampus	 separately	 comparing	 their	 5xFAD	 vs	 correspondent	 WT.	 We	
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required	to	have	a	corrected	p-val	≤0.05	and	a	change	in	percent	isoform	usage	per	condition	

of	≥10,	and	a	minimum	number	of	reads	per	gene	per	tested	condition	of	10.	

	

Identification	of	TSSs	and	TESs	from	long-read	data	

Bam	reads	were	filtered	for	those	that	were	annotated	by	TALON	as	belonging	to	the	

known,	novel	in	catalogue	(NIC),	novel	not	in	catalogue	(NNC),	and	prefix-ISM	(TSS)or	suffix-

ISM	(TES)	novelty	categories	as	the	starts	of	reads	belonging	to	these	novelty	categories	is	

likely	to	be	either	from	a	real	5’	or	3’	end.	TSSs	were	called	on	the	filtered	bams	using	the	

ENCODE	 PacBio	 TSS	 caller	 (https://github.com/ENCODE-

AWG/tssannotation/blob/master/long_read/pacbio_to_tss.py)	 TSS	 (--window-size=50	 --

raw-counts	 --expression-threshold=2	 -r	 -0),	 TSS	 (--window-size=50	 --raw-counts	 --

expression-threshold=2	–0	 -tes	 -r	 )	yielding	a	bed	entry	 for	each	TSS/TES	consisting	of	a	

wide	peak,	narrow	peak,	and	a	summit	for	each	TSS/TES.	Then	the	files	were	filtered	

first	by	requiring	each	one	to	be	supported	by	at	least	2	reads,	and	subsequently	on	the	

gene	level,	where	each	called	TSS	was	required	to	have	a	number	of	reads	>10%	of	the	

number	of	reads	that	supported	the	most	highly	expressed	TSS	for	the	same	gene.	
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CHAPTER	5	

Future	Directions	
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Improvements	for	analyzing	cell	heterogeneity	in	the	brains	of	AD	mouse	models	

In	this	dissertation,	I	used	bulk	and	single	cell	sequencing	to	understand	cell	heterogeneity	

during	 neurodegeneration	 in	 the	 cortex	 and	 hippocampus	 of	 two	 mouse	 model	 of	 Alzheimer’s	

disease.	Our	approach	in	Chapter	2	consisted	of	characterizing	cellular	clusters	relevant	to	the	AD	

genotype	in	the	3xTg	mouse,	but	we	also	included	a	5xFAD	timepoint	as	a	reference	for	inflammation	

signature.		While	it	was	helpful	to	identify	a	high	inflammation	signature,	matching	timepoints	from	

5xFAD	mice	for	all	of	the	3xTg	timepoints	would	have	clarified	the	distinct	signatures	at	each	stage.		

To	understand	microglial	diversity,	we	used	Monocle	2,	which	 is	a	bioinformatic	 tool	 that	

allows	for	the	inference	of	trajectories	based	on	gene	expression	patterns.	Pseudo-time	inference	can	

be	done	in	different	ways.	For	example,	RNA	velocity	(La	Manno	et	al.	2018)	calculates	the	ratio	of	

spliced	 (mature)	 and	 unspliced	 (nascent)	 transcripts.	 Nascent	 transcripts,	 in	 theory,	 have	 more	

unspliced	regions,	whereas	mature	transcripts	are	fully	spliced.	Our	pseudo-mapping	approach	using	

KB_python	 (Melsted	 et	 al.	 2021)	 allows	 for	 mapping	 intronic	 and	 exonic	 regions	 in	 single	 cells.	

Further	analysis	of	cell	splicing	patterns	could	be	done	to	complement	the	pseudo-time	trajectories,	

using	not	only	the	original	RNA	velocity	protocol,	but	also	implementing	enhanced	versions	such	as	

scVelo	(Bergen	et	al.	2020),	which	takes	dynamic	populations	into	account.	

	 Chromatin	 accessibility	 profiles	 are	 key	 to	 understanding	 transcriptional	 regulation.	

Evaluating	the	changes	in	chromatin	during	a	timecourse	of	neurodegeneration	can	provide	useful	

information	about	changes	in	gene	regulation	even	before	changes	in	gene	expression.	In	our	study,	

we	focused	on	chromatin	profiles	from	a	3xTg	24-month	old	female	cortex.	We	identified	scATAC	

clusters	that	resemble	the	activated	clusters	in	the	scRNA-seq	data,	but	the	addition	of	replicates	as	

well	as	other	tissues	will	 increase	the	resolution	about	chromatin	landscape	heterogeneity	during	

neurodegeneration.	
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	 Similar	scRNA-seq	time	courses	targeting	additional	glial	cell	types	are	worthy	additions.	For	

example,	 bulk	 RNA-seq	 revealed	 that	 oligodendrocytes	 were	 affected	 in	 a	 genotype-associated	

manner.	 Besides	 experimental	 validations	 that	 could	 include	 immunofluorescence	 or	

immunohistochemistry,	single-cell	studies	can	help	identify	susceptible	AD	cell	groups.		

	

Improvements	and	advancements	to	long-reads	and	Split-seq		

Our	single-cell	data	in	Chapter	2	was	collected	using	the	SureCell	WTA	3’	Library	Prep	Kit	

from	Bio-Rad/Illumina,	which	has	since	been	discontinued.	However,	we	were	already	keenly	aware	

that	the	SureCell	approach	did	not	detect	well	 important	genes	such	as	Gfap	and	did	not	produce	

enough	 cells/sample.	 Split-seq	 is	 a	 promising	 approach	 to	 evaluate	 multiple	 samples	 from	 cells	

and/or	nuclei	at	a	higher	throughput	due	to	its	In-situ	barcoding	strategy	(Rosenberg	et	al.	2018).	

Higher	multiplexing	and	control	over	the	cells	in	each	library	are	additional	benefits	of	Split-seq	that	

would	 allow	us	 to	 accommodate	 large-scale	 studies	of	 additional	mouse	models.	While	 there	 are	

technical	 challenges,	 such	 as	 the	 requirement	 loading	 for	 a	 high	 number	 of	 cells/nuclei	 as	 input	

because	 of	 the	 cell	 loss	 in	 each	 pooling	 and	 splitting	 step,	 these	 can	 be	 overcome	 by	 doing	

multiplexing	of	more	samples	per	well.	In	addition,	barcoded	cells	that	were	not	included	in	the	final	

libraries	are	often	leftover.	In	a	regular	experiment,	the	leftover	barcoded	cells	are	discarded	due	to	

the	lack	of	reagents	available	to	repeat	the	tagmentation	and	library	preparation.	The	first	Split-seq	

protocol	was	available	 to	 the	public	but	has	been	 improved	and	privatized	 to	be	 sold	as	a	kit	by	

startup	 company	 Parse	 Biosciences.	 We	 can	 still	 modify	 the	 original	 protocol	 to	 repurpose	 the	

leftover	material	and	keep	generating	libraries	from	the	same	samples.	The	yield	in	cDNA	synthesis	

can	 be	 high	 if	 the	 samples	 are	 handled	 in	 an	 optimal	manner.	 If	 the	 cDNA	 amount	 exceeds	 the	

minimum	 for	 preparing	 an	 Illumina	 library,	 the	 leftover	 cDNA	 can	 also	 be	 used	 to	 build	 PacBio	

libraries	 as	 in	 Chapter	 4.	 Single-cell	 full-length	 transcriptomes	 are	 useful	 to	 recover	 isoform	
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information	relevant	in	brain,	as	showed	in	other	studies	(Gupta	et	al.	2018;	Sahraeian	et	al.	2017),	

but	require	a	high	number	of	PacBio	SMRT	cells,	which	can	be	expensive	if	one	is	looking	to	have	

good	representation	of	cell	diversity.	While	in	the	Mortazavi	lab,	I	participated		in	the	development	

of	LR-Split-seq,	which	combines	Split-seq	with	PacBio	in	a	time	course	of	myogenesis.	(Rebboah	et	

al.	2021).		

Long-read	sequencing	has	rapidly	improved	over	the	past	11	years.	The	5xFAD	full-length	

transcriptome	described	in	Chapter	4	was	done	using	PacBio	sequencing.	While	PacBio	sequencing	

has	proved	informative	and	descriptive	of	the	isoforms	present	in	our	dataset,	we	acknowledge	that	

the	sequencing	depth	can	lead	to	underrepresentation	of	lowly	expressed	genes	in	rare	cell	types.	As	

long-read	 technologies	 improve,	 a	 more	 complete	 survey	 of	 the	 transcriptome	 can	 be	 done	 per	

sample.	

Most	 of	 the	 studies	 claiming	 isoform	 changes	 at	 a	 global	 level	 are	 done	 using	 short-read	

sequencing.	The	use	of	mathematical	algorithms	like	rMATS	(Shen	et	al.	2014)	can	infer	alternative	

splicing	events	from	short-read	data,	still	further	validation	of	exon	connectivity	is	needed.	To	our	

knowledge	there	is	not	a	published	full-length	transcriptome	for	any	AD	model,	and	the	few	human	

AD	 datasets	 available	 were	 released	 but	 not	 published	

(https://downloads.pacbcloud.com/public/dataset/Alzheimer2019_IsoSeq/).	The	use	of	 long-read	

sequencing	to	identify	which	isoforms	changes	are	specific	to	AD,	but	also	the	cell	types	in	which	they	

are	 expressed	 is	 an	 important	 step	 to	 understand	 the	 disease.	 Genes	 that	 do	 not	 appear	 as	

differentially	expressed	in	short-read	studies	can	still	undergo	isoform	switches	such	as	is	the	case	

for	MAPT.	Isoforms	that	are	increased	in	or	specific	to	AD	can	help	identify	subpopulations	of	cells	

that	are	more	affected	or	contributing	to	the	pathology.	We	then	can	design	probes	that	can	recognize	

these	isoforms	for	spatial	transcriptomics.	Questions	that	we	can	then	address	include	whether	the	

AD	related	isoforms	are	not	only	in	specific	cell-types,	but	also	whether	they	are	expressed	in	the	

vicinity	of	plaques	and	tangles?	Also,	we	need	to	further	compare	our	results	in	the	mouse	to	data	
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from	real	AD	patients.	MAPT	humanized	mice	are	expected	to	produce	the	expected	1:1	ratio	of	R3	

and	R4	isoforms,	yet,	they	mostly	express	the	R3	isoform	(McMillan	et	al.	2008).	What	is	the	role	of	

the	 MAPT	 isoforms	 in	 human,	 which	 has	 been	 difficult	 to	 recapitulate	 in	 mice	 to	 date?	 Maybe	

alternative	splicing	machinery	for	very	subtle	biological	events	relevant	to	AD	are	not	as	obvious	as	

other	AD	signature	events	such	as	gene	expression.	Full-length	transcriptomes	have	been	overlooked	

but	 should	 be	 integrated	 as	 part	 of	 our	 AD	model	 evaluation	 in	 order	 to	 understand	 additional	

features	 such	 as	 the	 use	 of	 transcriptional	 starting	 and	 ending	 sites,	 discovery	 or	 correction	 of	

misannotated	genes,	therapeutic	targets	and	more.	

	

Leveraging	genomic	data	to	design	better	mouse	models	of	AD	

High-throughput	 multi-omic	 approaches	 are	 being	 heavily	 mined	 to	 identify	 promising	

therapeutic	targets	that	could	slow	down	the	progression	of	AD.	However,	these	therapeutics	would	

benefit	from	better	mouse	models	of	late-onset	AD	(LOAD),	which	would	model	the	disease	pathology	

that	occurs	in	individuals	older	than	65.	Current	AD	models	are	based	on	mutations	found	in	familial	

cohorts	of	early	onset	of	Alzheimer’s	disease	(EOAD).	Variations	of	mutations	on	APP,	PSEN1	and	

PSEN2	were	identified	as	causes	of	EOAD	by	causing	an	increase	in	Ab	polymers.	However,	EOAD	

only	accounts	for	2%	of	overall	cases.		APOE	is	the	best	characterized	risk	locus	for	LOAD,	specifically	

the	APOE*ε4	allele,	which	promotes	earlier	Ab	pathology	(Yamazaki	et	al.	2019).	Additional	variants	

in	the	genes	CLU	(also	known	as	APOJ)	and	CR1	were	associated	with	the	appearance	of	AD	because	

of	their		role	in	clearance	of	Ab	(Lambert	et	al.	2009).		

The	 new	 AD	 models	 will	 be	 based	 in	 data	 obtained	 from	 genomic	 approaches,	 such	 as	

combining	GWAS	hits	found	in	human	AD	cohorts.	At	 least	24	variants	have	been	associated	with	

LOAD	 (Kunkle	 et	 al.	 2019).	 Inclusion	of	 these	 variants	 in	 different	AD	models	 is	 critical	 to	 begin	

understanding	 the	 different	 mechanisms	 between	 EOAD	 and	 LOAD.	 	 To	 serve	 this	 purpose,	
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humanization	of	AD	models	is	necessary.	Replacement	of	mouse	genes	by	their	human	homologues	

has	 already	 been	 done	 in	 a	 few	 genes,	 including	Mapt	 (Saito	 et	 al.	 2019).	Researchers	made	 an	

additional	cross	with	an	APP	knock	in	mice	expecting	to	see	tauopathies.	Surprisingly,	they	did	not	

observe	NFT	or	neurodegeneration	(Saito	et	al.	2019).	 Integration	of	risk	variants	 is	not	 the	only	

factor	 to	 generate	 a	 successful	 mouse	model.	 A	 successful	 knock	 in	 of	 human	 genes	 should	 not	

present	aberrant	splicing	events,	as	the	one	observed	in	the	Trem2	R47H	mouse	model	(Xiang	et	al.	

2018).	 This	 particular	 variant	was	 detected	 as	 an	AD	 risk	 factor	 in	 human,	 but	when	 generating	

mouse	models	with	the	variation,	there	was	a	decrease	in	Trem2	expression	derived	from	aberrant	

splicing	events	(Xiang	et	al.	2018).	Expression	levels	and	distribution	of	the	protein	products	should	

not	change	in	comparison	to	wild-type,	including	other	AD-related	genes.	Furthermore,	when	testing	

GWAS	hits,	 it	 is	 important	to	remember	that	AD	shares	some	pathology	traits	with	other	types	of	

dementia	(Chiu	et	al.	2006).	The	specificity	of	the	variants	compared	to	other	dementias	should	be	

carefully	evaluated	(Farfel	et	al.	2016).			

Control	 over	 the	 genetic	 background	 in	 mice	 has	 been	 helpful	 to	 understand	 biological	

processes	in	different	diseases	when	generating	genetically	modify	mouse	models	(Silva	et	al.	1997).	

Unlike	 mice	 strains,	 human	 populations	 have	 a	 rich	 genetic	 background	 that	 influence	 disease	

progression.	Metal	metabolism	is	decreased	in	mice	overexpressing	APP	or	Ab.	B6/SJL	mice	showed	

a	higher	accumulation	of	metals	compared	to	the	B6/DBA	mice	during	aging	which	might	contribute	

to	AD	pathogenesis	(Maynard	et	al.	2006).	Collaborative	cross	(CC)	mice	strains	derived	from	the	

eight	 most	 used	mice	 strains	 for	 research	 are	 available	 ( Collaborative	 CrossConsortium	 2012).	

Generation	of	CC	line-specific	reference	genomes	is	highly	impactful	to	understand	the	impact	of	the	

different	SNPs	in	synergy	with	AD	variants.	To	begin	to	understand		additional	crosses	with	already	

existent	mouse	models	such	as	the	5xFAD	or	humanized	models	is	useful.	Finding		and	avoiding	cis	

elements	in	the	genome	that	can	interact	with	the	AD	variants	will	improve	the	overall	mouse	design.		
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Library	preparation	methods	for	RNA	sequencing	enrich	for	coding	transcripts	by	selecting	

polyadenylated	transcripts.	Non-coding	RNAs	do	not	encode	for	proteins	and	some	of	them	are	not	

polyadenylated.	 Long-noncoding	 RNAs	 participate	 in	 regulating	 gene	 expression,	 chromatin	

interactions,	chromatin	remodeling	and	nuclear	architecture	(R.-W.	Yao,	Wang,	and	Chen	2019).	Due	

to	their	roles	in	disease,	they	have	been	proposed	as	potential	targets	to	modulate	gene	expression	

of	coding	RNAs	driving	different	pathologies	(Esteller	2011).	In	the	case	of	AD,	the	antisense	version	

of	BDNF,	a	gene	involved	in	synaptic	function	and	protection	of	neuron	to	injuries,	shows	changes	in	

expression	when	 exposed	 to	 Ab	 and	 can	 promote	 protection	 to	 cells	 (Guo,	 Jiao,	 and	 Gao	 2018).	

Myelination	 events	 are	 controlled	 by	 interactions	 with	 27000046G09Rik,	which	 is	 regulated	 by	

another	non-coding	RNA,	miR-23a.	miRNA-146a	is	abundant	in	the	brain	and	is	upregulated	in	AD	

mouse	models	such	as	3xTg,	5xFAD,	Tg2576,	TgCRND8,	and	PSAPP.	These	results	are	also	observed	

in	humans	(Y.	Y.	Li	et	al.	2011).	Some	non-coding	RNAs	are	captured	in	RNA-seq	data,	and	additional	

analysis	 focusing	 on	 their	 impact	 should	 be	 integrated	 when	 characterizing	 new	 AD	 models.	

Alternative	 protocols	 for	 detecting	 other	 non-coding	 RNAs	 such	 as	miRNA,	 piRNAs	 and	 snoRNA	

should	be	implemented	to	trace	their	roles	in	post	transcriptional	regulation	of	AD	models.		

Most	 of	 the	 LOAD	 variants	 are	 low	 risk	 and	 can	 be	 influenced	 by	 environmental	 factors.	

Education,	socio-economic	status	and	diet	have	showed	correlation	with	AD	(Ohm	et	al.	1995).	Gut	

microbiota	 take	 xenobiotics	 and	 turn	 them	 into	 different	 molecules.	 These	 molecules	 can	 be	

absorbed	 by	 the	 body	 to	 serve	 different	 purposes.	 After	 chemical	modifications,	 the	microbiota-

derived	molecules	will	have	effects	on	disease	risk,	bioavailability,	efficacy	or	even	toxicity	depending	

on	the	source	(Koppel,	Maini	Rekdal,	and	Balskus	2017).		Metagenomic	studies	describe	changes	in	

microbiota	 related	 to	 APOE	 and	 BIN1	 variants	 in	 human	 cohorts.	 AD	 patients	 had	 13	 taxas	

differentially	altered,	including	Megamonas,		known	for	production	of	short-chain	fatty	acids	(Hou	et	

al.	2021).		In	vitro	studies	observed	inhibition	of	Ab	aggregates	when	using	short-chain	fatty	acids,	

proposing	them	as	an	additional	factor	that	could	prevent	AD	(Ho	et	al.	2018).	Metagenomic	studies	
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should	be	extended	to	 the	new	AD	models	 in	combination	with	diverse	backgrounds.	Sequencing	

techniques	with	a	focus	on	ribosomal	subunits	are	often	used	to	profile	diversity	on	multiple	tissues	

and	conditions.	Diet	changes	in	AD	models	can	alter	the	microbiota.	Profiling	of	microbiota	should	be	

extended	to	also	understand	the	importance	of	diets	as	a	risk	factor	for	AD.		

Genomics	data	are	driving	the	prediction	of	factors	promoting	AD	pathology	in	populations	

with	low	risk	variants.	Post-translational	omics	enhance	the	correlation	of	transcriptional	patterns	

with	 their	 products.	 One	 of	 the	 major	 AD	 hallmarks	 is	 the	 accumulation	 of	 protein	 aggregates,	

specifically	 Tau	 and	 Ab	 plaques.	 Differential	 proteome	 analysis	 in	 human	 AD	 samples	 describe	

proteins	involved	in	biological	processes	related	to	oxidative	stress	and	molecular	functions	related	

to	 protein	 and	 nucleotide	 binding	 (Korolainen	 et	 al.	 2010).	 	More	 specifically,	 proteomic	 studies	

focused	 on	 redox	 modifications	 during	 AD	 showed	 that	 in	 humans,	 proteins	 related	 to	 energy	

production,	 neurotransmitters,	 proteasome,	 cholinergic	 system,	 pH	 regulation,	 synaptic	 and	

mitochondrial	abnormalities	are	enriched	besides	the	typical	Tau	cell	cycle	and	phosphorylation	of	

Ab	(Butterfield,	Perluigi,	and	Sultana	2006).	Changes	at	other	genomic,	transcriptomic	and	proteomic	

level	can	be	traced	by	the	product	of	enzymatic	reactions	using	metabolomics.	Lipids	in	plasma	of	AD	

patients	 are	 predictors	 of	 the	 pathology	 and	 helped	 identify	membrane	 lipid	 remodeling	 during	

disease	progression	(Orešič	et	al.	2011).	Metabolite	analysis	in	human	AD	cohorts	can	be	extended	

to	 identified	potential	biomarkers	of	AD.	For	example,	a	 study	with	a	modest	number	of	patients	

observed	 a	 decrease	 in	 desmosterol	 in	 plasma	 from	 AD	 patients	 that	 also	 correlates	 with	 mild	

cognitive	impairment	(Y.	Sato	et	al.	2012).	Correlation	of	protein	and	metabolic	measurements	with	

genomic	 and	 transcriptomic	 analysis	 will	 aid	 distinguishing	 unique	 combinations	 of	 factors	

promoting	AD.	

While	 the	 generation	 of	 data	 is	 always	 valuable,	 the	 use	 of	 already	 available	 datasets	 in	

combination	 with	 predictive	 algorithms	 can	 help	 clarify	 paths	 and	 generate	 new	 hypotheses	 to	
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consider	 when	 generating	 new	 AD	 models.	 I	 expect	 that	 new	 mouse	 models	 will	 be	 routinely	

compared	to	already	available	studies	with	EOAD	models	and	have	a	metric	to	predict	their	success	

in	different	areas,	such	as	gene	expression	changes,	proteome	and	metabolite	abnormalities.		

Altogether,	 the	successful	generation	of	new	AD	models	 that	present	pathology	similar	 to	

humans	in	terms	of	histology,	aging,	onset	of	AD,	gene	expression	patterns	and	other	features	will	be	

achieved	using	a	 systems	biology	approach.	 Ideal	mouse	models	harboring	 low	risk	variants	 that	

produce	plaques	and	tangles	in	an	aging-dependent	manner	after	interacting	with	key	environmental	

factors	will	be	used	to	compare	against	clinical	data.	Alignment	of	the	AD	model	pathophysiological	

traits	with	human	clinical	data	allows	the	discovery	of	robust	biomarkers	to	facilitate	the	diagnosis	

and	prognosis	of	AD.		
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