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Goal of lecture


1.  To	give	an	understanding	of	how	genomic	data	is	
analyzed	in	order	
•  to	evaluate	a	genomic	analysis	in	a	manuscript	
•  to	get	started	on	one’s	own	analysis	

2.  To	give	real	data	examples	of	some	techniques	
already	seen	in	this	class	such	as	unsupervised	
learning	and	cross-valida3on	

3.  To	teach	some	new,	simple	analysis	techniques	
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Genomic analyses are special because:


• p	(variables)	>>	n	(samples),	with	p	in	the	tens	of	
thousands	or	more	and	n	in	the	tens	

• Design	is	oSen	subop3mal	for	financial	reasons,	
lack	of	available	material,	or	other	reasons	

•  There	are	oSen	systema3c	biases	in	the	data	due	
to	“batch”	effects	

•  Scien3fic	valida3on	is	possible	through	lab	work,	
model	systems	or	other	means	
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Genomic analyses are special because:


•  Interpretability	of	analysis	is	usually	required	

• Pure	black	box	solu3ons	are	discouraged	

• An	a[empt	is	oSen	made	to	discover	the	biology	
behind	the	results	
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Outline


•  Study	design,	batch	adjustment	and	normaliza3on	
• Visualiza3on/unsupervised	learning	
•  Issues	related	to	classifica3on	and	a	couple	simple	
classifica3on	methods	

• Biological	interpreta3on	and	gene	theme	analysis	
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Genomics data is o<en displayed via heatmaps
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Breast cancer blood biomarkers: A true story


• Goal:	Develop	a	diagnos3c	for	breast	cancer	from	
blood	samples	

• Blood	samples	were	collected	from	hundreds	of	
breast	cancer	cases	and	hundreds	of	controls	

•  Samples	were	analyzed	in	batches	of	24	
•   Early	results	showed	consistent	gene	expression	
differences	between	cases	and	controls!	
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An opAmally poor design


•  The	analyst	(me)	asked	to	see	which	samples	were	
run	in	which	batches	

•  Early	batches	were	all	controls	and	later	batches	
were	all	cases!	

•  This	is	problema3c	for	two	reasons:	
•  Cannot	separate	batch	and	case/control	effects	
•  Cannot	determine	if	shiS	over	3me		

•  I	suggested	running	future	batches	mixing	cases	
and	controls	and	differences	disappeared 	
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An opAmally poor design (the lesson)


• One	should	not	apply	machine	learning	without	
understanding	the	data	genera3on	mechanism	

• Common	sense	reasoning	can	be	used	to	evaluate	
the	quality	of	an	experiment	

•  Have	the	correct	samples	been	collected?	
•  Are	there	enough	samples	to	have	power	to	detect	
differences?	

•  Search	for	batch	effects	in	data	and	correct	for	
them	if	possible	
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NormalizaAon


• Normaliza3on	is	the	process	of	making	comparable	
data	from	different	samples	

•  Sample	prepara3on	or	measuring	devices	may	lead	to	
shiSs	in	data,	outliers	or	other	changes	

• Normaliza3on	is	very	specific	to	technology,	but	a	
couple	types	are:	

•  Light	–	adjust	data	to	make	average	values	the	same	
•  Severe	–	adjust	data	to	make	whole	distribu3ons	the	same		
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Batch effects


• Batch	effects	are	systema3c	biases	in	data	that	can	
result	from	collec3on	or	processing	of	samples	
occurring	in	groups	

•  They	can	be	corrected	using	regression	methods	like	
ComBat	(Johnson	et	al.)	and	SVA	(Leek)	

•  They	are	oSen	iden3fied	using	principal	components	
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NormalizaAon does not prevent 
batch effects


•  8	samples	are	shown	in	
Figure	(a)	

•  They	are	normalized	in	
Figure	(b)	

•  Figure	(c)	shows	10	genes	
vulnerable	to	batch	effects	

•  The	samples	cluster	by	
batch	in	Figure	(d)			

Taken	from	Leek	et	al.	Nature	Reviews	Gene3cs	volume	11,	pages	733–739	(2010)	
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Example data
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Central dogma of molecular biology

Figure	taken	from	wikipedia:	Original	work	by	Mike	Jones	
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MethylaAon blocks gene expression 


Figure	taken	from	wikipedia:	Original	work	by	Mike	Jones	
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Example data


•  Juvenile	myelomonocy3c	leukemia	(JMML)	is	a	rare	
and	serious	form	of	childhood	leukemia	

• Outcomes	in	JMML	vary	from	spontaneous	
resolu3on	to	rapid	relapse	aSer	hematopoie3c	
stem	cell	transplanta3on	

•  The	authors	believe	that	DNA	methyla3on	pa[erns	
would	help	predict	disease	outcome	

•  	The	data	are	genome-wide	DNA	methyla3on	
•  39	pa3ent	training	set	(from	UCSF)	
•  40	pa3ent	test	set	(from	Germany)	
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MethylaAon measured using microarrays


Step	1	 Step	2	

JMML	samples	taken	at	diagnosis	
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Markers, genes and variables


•  I	will	refer	to	the	methyla3on	measurements	as	markers	
•  Later	in	the	talks	I	will	refer	to	measurements	as	genes	
•  I	may	also	use	the	word	variables	to	refer	to	either	
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VisualizaAon


• ASer	normaliza3on	and	adjus3ng	for	batch	effects	
my	next	step	is	to	look	at	the	data	

• A	common	method	for	data	visualiza3on	is	
agglomera3ve	hierarchical	clustering	
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Hierarchical Clustering Algorithm 


•  Start	with	each	point/object	in	its	own	cluster	
•  Iden3fy	the	closest	two	clusters	and	merge	them	
•  Repeat	
•  Ends	when	all	points	are	in	a	single	cluster	
•  Decide	how	many	clusters	there	are	
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Dendogram of methylaAon training in both direcAons 
with heatmap has massive amounts of informaAon


•  39	samples,	1500	markers	
•  Lower	methyla3on	more	blue,	
higher	methyla3on	more	red	

•  Samples	naturally	split	into	
low,	intermediate	and	high	
methyla3on	groups	

•  Sample	groups	appear	related	
to	survival	and	other	factors	

•  Markers	split	into	four	or	so	
groups	
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Clustering of methylaAon test


•  40	samples,	same	1500	markers	
•  Samples	again	cluster	into	low,	
intermediate	and	high	clusters	

•  Predic3on	based	on	nearest	
training	set	centroid	

•  Rela3onship	to	survival	repeated	
•  Such	luck	is	not	oSen	the	case!	
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PCA details
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AddiAonal PC’s
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PCA of methylaAon training data 
leads to similar groupings to AHC
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Clustering vs. PCA


• Clustering	op3mizes	for	homogeneous	subgroups	
among	the	observa3ons		

• PCA	op3mizes	for	a	low-dimensional	
representa3on	of	the	observa3ons	that	explains	a	
good	frac3on	of	the	variance		

• PCA	solu3ons	can	appear	like	clusters	
• PCA	useful	for	finding	batch	effects	
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PredicAve Modeling/ClassificaAon 


•  Suppose	one	wants	to	predict	some	categorical	
feature	

•  Long	or	short	survivors	
•  Responds	to	therapy	or	not	
•  Cluster	membership	

• Many	methods	exits	for	such	predic3ons	
•  Tree-based	such	as	CART/Random	Forests	
•  Support	vector	machines	
•  “Deep	learning”	
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PredicAve Modeling/ClassificaAon 


I	will	focus	on	a	few	simple	methods	because:	
•  Small	sample	sizes	lead	to	inability	to	dis3nguish	
•  Noisy	data	makes	different	methods	give	similar	
answers	

•  	Interpretability	is	oSen	a	key	considera3on	
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p (markers) >>n (samples), why n small?


There	are	many	reasons	why	n	is	usually	small:	
•  The	cost	of	the	assay	is	hundreds	or	thousands	of	dollars	each	
•  For	a	respec3ve	study	there	are	few	3ssues	in	a	3ssue	bank	
•  For	a	perspec3ve	study	few	samples	can	be	accrued	per	month	
•  There	is	a	mistaken	belief	among	inves3gators	that	because	p	is	
large	n	can	be	small	
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Model building for n small


•  Ideally	models	are	built	on	a	training	set	and	evaluated	on	a	test/
valida3on	set	

•  In	genomics	models	are	oSen	evaluated	using	cross-valida3on	

•  In	the	JMML	methyla3on	example	the	data	being	taken	from	two	
sites	led	to	a	natural	grouping	of	training	and	test	despite	small	size	
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Training/test
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Training/test
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Training/test
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Training/test
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Training/test


Data 

Predictions 

Y	 N	

Results Known 

Training set 

Test set 

Model	Builder	
Evaluate 

+	
-	
+	
-	

+ 
+ 
- 
- 
+ 

+ 
+ 
- 

This	is	great	if	you	have	a	lot	of	data	to	be	able	to	reserve	a	tes3ng	set,	but	what	if	you	don’t?	
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Cross-validaAon for training/test


•  Cross-valida3on		
•  First	step:	data	is	split	into	k	subsets	of	equal	size	
•  Second	step:	each	subset	is	used	in	turn	for	valida3on	and	the	remainder	
for	training	

•  This	is	called	k-fold	cross-valida3on	(10-fold	is	common	choice,	
also	5-fold	for	smaller	datasets	approx.	<200	and	even	N-fold	for	
very	small	datasets,	called	leave-one-out	or	loocv)	

•  OSen	the	subsets	are	stra3fied	before	the	cross-valida3on	is	
performed	–	e.g.	same	propor3on	of	each	diagnos3c	class	in	
each	fold	

•  The	error	es3mates	are	averaged	across	folds	to	yield	an	overall	
error	es3mate	
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E.g. 5-fold cross-validaAon

•  Break	up	data	into	5	groups	of	the	same	size		
•  Hold	aside	one	group	for	tes3ng	and	use	the	rest	to	build	model	
•  Repeat	

•  When	every	group	has	had	a	turn	at	being	the	test	set	then	you	can	
es3mate	the	accuracy	(MSE	or	classifica3on)	based	on	the	combined	
Test	data	(i.e.	the	5	test-sets)			
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p>>n, what happens with p large?


• p	is	large	because	there	are	20k	genes,	millions	of	CpG	
sites,	and	human	DNA	spans	3	billion	bases	

•  Standard	methods	such	as	linear	discriminant	analysis	
and	logis3c	regression	are	literally	not	possible	for	p>n	

•  Even	for	methods	that	are	possible	we	prefer	a	reduc3on	
in	noisy	probes	to	improve	performance	
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How do we handle large p?


1.  Shrinkage	such	as	the	lasso	method	
2.  Dimensionality	reduc3on	such	as	PCA		
3.  Selec3ng	the	best	subset	by	a	sta3s3cal	measure	
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SelecAng the best subset of markers 
by a staAsAcal measure


•  Suppose	the	problem	is	to	
dis3nguishing	long	and	short	
survivors	in	methyla3on	data	

•  Algorithm:	
•  Choose	best	subset	with	t-
test,	Wilcoxon	test,	or	
other	measure	

•  Use	tree,	SVM,	or	other	
classifier	with	subset	
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There are the 255 best markers by 
the Wilcoxon rank sum test


•  Suppose	the	problem	is	to	
dis3nguish	long	and	short	
survivors	in	methyla3on	data	

•  Algorithm:	
•  Choose	the	best	subset	
with	t-test,	Wilcoxon	test,	
or	other	measure	

•  Use	tree,	SVM,	or	other	
classifier	with	subset	
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The k-nearest-neighbor rule for 
classificaAon works well in many contexts


•  Compute	the	distance	
between	the	unknown	
sample	and	all	samples	in	the	
training	set	

•  Iden3fy	the	k	nearest	
neighbors	via	distance	

•  Classify	the	unknown	sample	
based	on	the	majority	class	of	
the	k	nearest	neighbors		

•  k	should	be	odd	and	at	least	3	
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The k-nearest-neighbor rule


•  Compute	the	distance	
between	the	unknown	
sample	and	all	samples	in	the	
training	set	

•  Iden3fy	the	k	nearest	
neighbors	via	distance	

•  Classify	the	unknown	sample	
based	on	the	majority	class	of	
the	k	nearest	neighbors		

•  k	should	be	odd	and	at	least	3	
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The k-nearest-neighbor rule


•  Compute	the	distance	
between	the	unknown	
sample	and	all	samples	in	the	
training	set	

•  Iden3fy	the	k	nearest	
neighbors	via	distance	

•  Classify	the	unknown	sample	
based	on	the	majority	class	of	
the	k	nearest	neighbors		

•  k	should	be	odd	and	at	least	3	
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The k-nearest-neighbor rule


•  Compute	the	distance	
between	the	unknown	
sample	and	all	samples	in	the	
training	set	

•  Iden3fy	the	k	nearest	
neighbors	via	distance	

•  Classify	the	unknown	sample	
based	on	the	majority	class	of	
the	k	nearest	neighbors		

•  k	should	be	odd	and	at	least	3	

L

L

L

L L

L

L

LL

L

L

L

L
L

L

L
L L

L

L

L

L

L

L

L

L

L

L

L

L

L

L
L

L

L

LL

L

L

L

Marker 1

M
ar

ke
r 2

S
S

S

S

S

S

S

S

S

S

S

S
S

S

S

SS

S

S

S

SS

S

S

S

S

S

SS

S

S

S
S

S

SS

S

S
S

S
L

L

L

L L

L

L

LL

L

L

L

L
L

L

L
L L

L

L

L

L

L

L

L

L

L

L

L

L

L

L
L

L

L

LL

L

L

L

k=3

Marker 1

M
ar

ke
r 2

S
S

S

S

S

S

S

S

S

S

S

S
S

S

S

SS

S

S

S

SS

S

S

S

S

S

SS

S

S

S
S

S

SS

S

S
S

S

T

T

T



46 

The k-nearest-neighbor rule on 
methylaAon test data


•  Using	k=7	
•  16	out	of	18	short	survivors	
accurately	called	

•  14	out	of	22	long	survivors	
accurately	called	
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Errors in predicAon as k varies


●
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Choice of k
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17•  The	success	of	the	classifier	varies	

substan3ally	with	k	
•  Choosing	the	best	k	could	lead	to	a	

biased	success	es3mate	
•  Two	choices	to	deal	with	this	issue:	

1.  Choose	k	by	cross-valida3on	
of	training	set	and	live	with	
results	

2.  Choose	many	values	of	k	and	
have	predic3ons	vote	and	
classify	by	the	majority	vote	
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Developing a scoring system


•  The	k-nearest-neighbor	method	and	other	methods	
assign	new	samples	to	a	class	

•  Suppose	one	wants	to	es3mate	to	what	degree	a	sample	
belongs	to	a	class		

•  Some	idea	of	degree	could	be	es3mated	by	varying	k	and	
calcula3ng	propor3on	a	sample	is	classified	correctly	

• Alterna3vely,	a	score	could	be	developed	to	represent	
degree	directly		
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Scores depend on weighted top markers


An	algorithm:	
1.  Choose	the	top	S	markers	by	the	p-values	of	an	appropriate	

test.		Call	these	marker	values	for	the	ith	sample	Mi1,…,Mis	

2.  Weight	these	markers	using	t-sta3s3cs,	principal	components,	
or	another	weigh3ng	scheme.		Call	these	weights	W1,…,Ws	
and	use	for	all	samples	

3.  Call	the	score	for	a	sample	Siini3al=W1Mi1+..+WsMis	

4.  Sifinal=	100	x	(Siini3al	-	min(Siini3al))/(max(Siini3al)-min(Siini3al)),	with	
min	and	max	across	samples		to	put	on	0	to	100	scale.			
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Scoring methylaAon test data


	

•  Scoring	method	has	been	
added	to	KNN	predic3ons	

•  The	lighter	the	box	the	more	
likely	to	have	an	event	(orange)	

•  Note	the	knn	and	scoring	
methods	are	not	the	same	so	
the	predic3ons	may	vary		
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ROC Curve based on scores


False positive rate
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•  True	posi3ve	rate	=	sensi3vity	is	
propor3on	of	samples	with	events	
predicted	to	have	events	

•  False	posi3ve	rate	=	1-	specificity	is	
propor3on	of	samples	without	
events	predicted	to	have	events	

•  ROC	curve	traces	the	tradeoff	
between	these	two	quan33es	

•  Area	under	the	ROC	curve	(AUC)	is	a	
measure	of	the	quality	of	the	rule,	
with	0.5	random	and	1	best	
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Summary of JMML methylaAon research


•  The	three	methyla3on	subtypes	also	found	by	
inves3gators	in	Germany	and	Japan		

•  Each	site	has	been	developing	assays	simpler	than	
microarrays	to	classify	new	pa3ents	into	subtypes	

•  The	hope	is	to	have	a	subtype	classifier	in	the	clinic	
in	the	new	few	years	to	help	guide	treatment	
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Downstream analysis


•  For	the	rest	of	the	lecture	we	leave	what	I	think	of	as	
machine	learning	and	discuss	biological	interpreta3on	

•  The	two	methods	discussed	involve	sta3s3cal	analysis	
of	machine	learning	results	
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Biological analysis of results


•  Start	with	a	list	of	markers	that	are	in	a	cluster	or	
have	found	to	be	differen3ally	expressed	

•  If	the	marker	list	is	related	to	a	biological	process	it	
could	mean	that	process	is	important	to	the	findings	

•  For	example	if	a	group	of	related	genes	has	higher	
expression	in	cancer	pa3ents	with	poorer	outcomes	
the	corresponding	biological	process	may	be	part	of	
the	cause	of	the	poorer	outcome		
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Over-representaAon analysis


• Over-representa3on	analysis	iden3fies	biological	
processes	that	are	over-represented	in	a	gene	list	

•  Suppose	we	have	this	setup:	
•  n11	be	genes	in	a	gene	list	and	in	a	biological	process	list	
•  n12	be	genes	in	a	gene	list	and	not	in	a	biological	process	list	
•  n21	be	genes	not	in	a	gene	list	and	in	a	biological	process	list	
•  n22	be	genes	not	in	a	gene	list	and	not	in	a	biological	process	list	

	
	 n11	 n12	

n21	 n22	
Gene	list	 +	

-	

Biological	process	
+													-	

2	by	2	table	assessed	by	Fisher	exact	test	
Is	n11	big	given	other	counts?	
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Over-representaAon analysis


•  Cluster	on	x-axis	
•  Biological	process	on	the	
y-axis	

•  Only	significant	
processes	plo[ed	

•  Taken	from	clusterprofiler	manuscript	
(Yu	et	al.	OMICS:	A	Journal	of	
Integra3ve	Biology,	16(5),	284-287.)	
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Gene set enrichment analysis


• Gene	set	enrichment	analysis	(GSEA)	is	another	
common	method	for	assessing	a	list	of	differen3ally	
expressed	genes	

• Here	one	orders	genes	by	p-value	or	other	method	
•  Then	one	can	assess	whether	genes	from	a	
biological	process	are	earlier	in	the	ordering	than	
expected			
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Gene set enrichment analysis 
(Subramanian et al. PNAS October 25, 2005 102 (43) 15545-15550)


•  GSEA	analysis	of	three	pathways	
•  Running	enrichment	score	compares	ranks	of	genes	to	expected	

ranks	
•  Arrows	correspond	to	maximum	devia3on	from	expected	ranks		
•  Analysis	based	on	a	weighted	Kolmogorov-Smirnov	test	
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Concluding remarks


•  I	introduced	pre-processing	steps	including	
normaliza3on	and	batch	effect	adjustment	

•  Through	an	extended	data	example	we	saw	
•  Unsupervised	methods	like	AHC	and	PCA	
•  Simple	supervised	methods	like	KNN	and	scoring	

• We	saw	how	to	biologically	evaluate	machine	
learning	results	

•  You	should	be	more	prepared	to	evaluate	genomic	
manuscripts	and	maybe	approach	your	own	analyses	
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R libraries and funcAons


•  For	clustering	heatmap.2()	from	gplots	package	
•  For	principal	components	prcomp()	from	core	package	
•  For	k-nearest-neighbor	knn()	from	class	package	
•  For	biological	interpreta3on	clusterProfiler	package		


