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•  bacterial	gene	annota'on	
•  a	primer	in	Hidden	Markov	Models	
•  eukaryo'c	gene	annota'on	



Overview	of	Bacterial	Annota'on	

how	to	iden'fy	bacterial	coding	genes:	

•  annota'on	aims	to	iden'fy	true	start	(ATG)	sites	
•  “long”	open	reading	frames	(ORFs)	

–  lots	of	“short”	ORFs	missed	
•  homology	to	known	proteins	(BLAST/FASTA)	
•  Ribosomal	binding	sites	(RBS)	

–  canonical	Shine-Dalgarno	vs.	species-specific	16S	ribosome		
–  SD	sequence	not	required	for	ribosomal	S1	binding	at	
upstream	AU	sites;	requires	op'ons	

•  protein	coding	poten'al	(codon	usage,	amino-acid	frequency)	
–  3rd-order	or	6th-order	Hidden	Markov	Models	(HMMs)	

	

5’ ATG......ATG..................TGA 3’ 



ab	ini2o	bacterial	gene	finding	

•  Glimmer,	GeneMark,	GeneMark.hmm,	
GeneMarkS,	ORPHEUS,	CRITICA	

•  all	ab	ini2o	methods	use	some	form	of	
sta's'cal	models	to	represent	
expected	microbial	gene	structures.	

5’ ATG......ATG..................TGA 3’ 

GeneMark.hmm’s	
microbial	gene	grammar		

more about Hidden Markov Models (HMMs) soon! 



GeneMark.hmm’s	grammar	for	
overlapping/operon	genes	

bacterial	gene	finders	are	mostly	accurate	

Glimmer generally more sensitive (false positives?) 



bacterial	gene	finders	are	mostly	accurate	



orthology-dependent	annota'on	





take	home:	bacterial	gene	annota'on	
•  5’	ATG	start	sites	harder	to	get	right	than	3’	stop	
sites	

•  homology-based	methods	are	complementary	to	
ab	ini2o	tools	

•  func'onal	predic'on	driven	by	homology	and	
exis'ng	annota'ons:	“guilt	by	associa'on”	

•  integrated	annota'on	pipelines	(AGeS,	RAST,	PIPA,	
MaGe,	Prokka,	JCVI/IGS	annota'on	service)	are	the	
modern	standard	

•  incomplete/metagenomic	assemblies	s'll	rife	with	
sequencing+assembly	errors	…	impact	on	ORFs	

•  OK,	but	what	is	this	HMM	stuff	all	about?	



Hidden	Markov	Models	(HMMs)	
•  a	sta's'cal	model	that	relates	observa2ons	to	
underlying,	explanatory	variables	
– a	linear	model	relates	y	to	x1,	x2,	…,	xn	with:	

y	=	a	+	b1x1	+	b2x2	+	…	+	bnxn	+	ε	

•  the	observa'ons	D	are	sequen'al	(Markov),	
exhibit	Kth-order	(e.g.	1st-order)	correla'ons	
– usually	shown	as	edges	between	nodes	in	a	graph	

•  all	xi’s	(for	some	subset	of	i	in	n)	are	
structurally	unobserved,	latent,	i.e.	hidden	
– not	the	same	as	“missing	data”	
– only	categorical	variables,	i.e.	“labels”	

HMMs	for	sequen'al	inference	

•  four	aspects/parts	to	all	HMMs:	
– observed	sequen'al	data	(D)	
– hidden/unobserved	labels	(L)	
– state-graph	topology/structure	(G)	

•  enumerated	states	(nodes)	
•  allowed	transmissions	(edges)	between	states	
•  labeled	state	emissions	(observa'ons)	

– model	parameters	(θG)	
•  transmission	&	emission	probabili'es	



HMMs	for	sequen'al	inference	

•  four	aspects/parts	to	all	HMMs:	
– observed	sequen'al	data	(D)	
– hidden/unobserved	labels	(L)	
– state-graph	topology/structure	(G)	
– model	parameters	(θG)	

•  four	issues	answered	with	HMMs:	
– given	G,D,L,θG;	how	likely	is	D	(scoring)?	
– given	G,D,θG;	what	is	the	best	L?	(labeling)	
– given	G,D,L;	what	is	the	best	θG?	(training)	
– given	G,D;	what	is	the	best	θG?	(training)	

HMM	example:	the	sick	child	

•  a	child	feels	either	�cold�,	�dizzy�	or	
�normal�	at	any	given	'me	(observed)	

•  the	parent	is	trying	to	figure	out	
whether	the	child	is	�healthy�	or	
�feverish��(hidden	labels)	

•  being	�cold�,	�dizzy�,	or	�normal�	
does	not	directly	indicate	health/fever,	
but	is	correlated	

•  health/fever	episodes	are	sequen2ally	
correlated	



completely	specified	sick	child	HMM:	

four	aspects/parts	to	all	HMMs:	
•  observed	sequen'al	data	(D)	
•  hidden/unobserved	labels	(L)	
•  state-graph	topology/

structure	(G)	
•  model	parameters	(θG)	

•  emission	alphabet	
(Dizzy,	Cold,	Normal)	

•  state-specific	emission	
probabili'es	(red	and	
blue	numbers)	

•  state-to-state	transi'on	
probabili'es	(black	
numbers)	

(hidden) labels(L): H H H F F H H H H F F F H H H H 
          data (D): C N N C D N N D C N C D N C N N 
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possible state emissions 

HMMs	for	sequen'al	inference	
•  given	G,D,L,θG;	how	likely	is	D?	(scoring)	

–  calculate	P(D|L)	using	Markov	chain	rule	

•  given	G,D,θG;	what	is	the	best	L?	(labeling)	
–  employ	Viterbi	along	state/observa'on	�trellis�	

•  given	G,D,L;	what	is	the	best	θG?	
(training	with	labels/truth:	supervised)	
–  maximum	likelihood	(ML):	find	θG		that	op'mizes	P(D|L)	

•  given	G,D;	what	is	the	best	θG?	
(training	without	labels/truth:	unsupervised)	
–  Baum-Welch	(EM):	iterate	between	expected	labeling	
(forward/backward)	and	training	(ML)	un'l	convergence	



HMM	scoring:	Markov	chain	rule	
                         1 1 1 1 1 1 1 
  idx: 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 
truth: H H H F F H H H H F F F H H H H 
 data: C N N C D N N D C N C D N C N N 

P(D|L)= 
  P(N|H) * P(H16|H15) * 
  P(N|H) * P(H15|H14) * 
  P(C|H) * P(H14|H13) * 
  P(N|H) * P(H13|F12) * 
  P(D|F) * P(F12|F11) * 
  P(C|F) * P(F11|F10) * 
         [ ... ] 
  P(N|H) * P(H2|H1) * 
  P(C|H) * P(H1) 



HMM	scoring:	Markov	chain	rule	
                         1 1 1 1 1 1 1 
  idx: 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 
truth: H H H F F H H H H F F F H H H H 
 data: C N N C D N N D C N C D N C N N 

P(D|L)= 
  P(N|H) * P(H|H) * 
  P(N|H) * P(H|H) * 
  P(C|H) * P(H|H) * 
  P(N|H) * P(H|F) * 
  P(D|F) * P(F|F) * 
  P(C|F) * P(F|F) * 
         [ ... ] 
  P(N|H) * P(H|H) * 
  P(C|H) * P(H) 
     

HMM	scoring:	Markov	chain	rule	
                         1 1 1 1 1 1 1 
  idx: 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 
truth: H H H F F H H H H F F F H H H H 
 data: C N N C D N N D C N C D N C N N 

P(D|L)= 
  0.5 * 0.7 * 
  0.5 * 0.7 * 
  0.4 * 0.7 * 
  0.5 * 0.4 * 
  0.6 * 0.6 * 
  0.3 * 0.6 * 
         [ ... ] 
  0.5 * 0.7 * 
  0.4 * 0.6 
    = 1.7e-11  



High	Scoring	!=	High	Probability	

1.7e-11	is	not	very	probable;	how	
“remarkable”	is	this	par'cular	set	of	
observa'ons,	compared	to	a	more	“expected”	
series	of	observa'ons?	
	
	
(this	is	the	“perfect”	series	of	observa'ons	with	
maximal	correla'on	to	the	underlying	truth)	

truth: H H H F F H H H H F F F H H H H 
 data: C N N C D N N D C N C D N C N N 

truth: H H H F F H H H H F F F H H H H 
 data: N N N D D N N N N D D D N N N N 

High	Scoring	!=	High	Probability	

1.7e-11	is	not	very	probable;	how	
“remarkable”	is	this	par'cular	set	of	
observa'ons,	compared	to	a	more	“expected”	
series	of	observa'ons?	
	
	
Answer:	4.1e-09	–	more	than	200x	more	likely	
that	the	observed	data,	but	not	itself	high	
probability	->	large	combinatoric	space	of	
possible	sequences	

truth: H H H F F H H H H F F F H H H H 
 data: C N N C D N N D C N C D N C N N 

truth: H H H F F H H H H F F F H H H H 
 data: N N N D D N N N N D D D N N N N 



overall	probability	of	a	sequence	

•  instead	of	P(D|L,	G,	θG),	we	could	ask	
P(D|G,	θG)	–	i.e.	independent	of	any	
“true”	labeling,	what’s	the	chance	of	
this	exact	sequence	to	arise	from	this	
HMM?	

•  the	“forward”	algorithm	calculates	this	
probability:	
– original	sequence:	P(D|G,	θG)	=	1.9e-08	
– “expected”	sequence:	2.5e-08	

HMMs	for	sequen'al	inference	
•  given	G,D,L,θG;	how	likely	is	D?	(scoring)	

–  calculate	P(D|L)	using	Markov	chain	rule	

•  given	G,D,θG;	what	is	the	best	L?	(labeling)	
–  employ	Viterbi	along	state/observa'on	�trellis�	

•  given	G,D,L;	what	is	the	best	θG?	
(training	with	labels/truth:	supervised)	
–  maximum	likelihood	(ML):	find	θG		that	op'mizes	P(D|L)	

•  given	G,D;	what	is	the	best	θG?	
(training	without	labels/truth:	unsupervised)	
–  Baum-Welch	(EM):	iterate	between	expected	labeling	
(forward/backward)	and	training	(ML)	un'l	convergence	



State/Observa'on	�trellis�	

HMM	labeling:	Viterbi	

Data: C N N C D N N D C N C D N … 

Healthy P(C|H)*P(H) 

Fever P(C|F)*P(F) 

Label: ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

                         1 1 1 1 1 1 1 
  idx: 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 
truth: H H H F F H H H H F F F H H H H 
 data: C N N C D N N D C N C D N C N N 

P1, j = P L1 | S1, j( )P S1, j( )
Pi, j =maxk∈K

P Li | Si, j( )P Si, j | Si−1,k( )Pi−1,k{ }



HMM	labeling:	Viterbi	

Data: C N N C D N N D C N C D N … 

Healthy 0.4*0.6 

Fever 0.3*0.4 

Label: ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

                         1 1 1 1 1 1 1 
  idx: 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 
truth: H H H F F H H H H F F F H H H H 
 data: C N N C D N N D C N C D N C N N 

P1, j = P L1 | S1, j( )P S1, j( )
Pi, j =maxk∈K

P Li | Si, j( )P Si, j | Si−1,k( )Pi−1,k{ }

HMM	labeling:	Viterbi	

Data: C N N C D N N D C N C D N … 

Healthy 0.24 

Fever 0.12 

Label: ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

                         1 1 1 1 1 1 1 
  idx: 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 
truth: H H H F F H H H H F F F H H H H 
 data: C N N C D N N D C N C D N C N N 

P1, j = P L1 | S1, j( )P S1, j( )
Pi, j =maxk∈K

P Li | Si, j( )P Si, j | Si−1,k( )Pi−1,k{ }



HMM	labeling:	Viterbi	

Data: C N N C D N N D C N C D N … 

Healthy 0.24 
P(N|H)*P(H|H)*0.24 
P(N|H)*P(H|F)*0.12 

Fever 0.12 
P(N|F)*P(F|H)*0.24 
P(N|F)*P(F|F)*0.12 

Label: ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

                         1 1 1 1 1 1 1 
  idx: 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 
truth: H H H F F H H H H F F F H H H H 
 data: C N N C D N N D C N C D N C N N 

P1, j = P L1 | S1, j( )P S1, j( )
Pi, j =maxk∈K

P Li | Si, j( )P Si, j | Si−1,k( )Pi−1,k{ }

HMM	labeling:	Viterbi	

Data: C N N C D N N D C N C D N … 

Healthy 0.24 
0.5*0.7*0.24=0.084 
0.5*0.4*0.12=0.024 

Fever 0.12 
0.1*0.3*0.24=0.0072 
0.1*0.6*0.12=0.0072 

Label: ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

                         1 1 1 1 1 1 1 
  idx: 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 
truth: H H H F F H H H H F F F H H H H 
 data: C N N C D N N D C N C D N C N N 

P1, j = P L1 | S1, j( )P S1, j( )
Pi, j =maxk∈K

P Li | Si, j( )P Si, j | Si−1,k( )Pi−1,k{ }



HMM	labeling:	Viterbi	

Data: C N N C D N N D C N C D N … 

Healthy 0.24 0.084 
(H) 

P(N|H)*P(H|H)*0.084 
P(N|H)*P(H|F)*0.0072 

Fever 0.12 
0.0072 
(F|H) 

P(N|F)*P(F|H)*0.084 
P(N|F)*P(F|F)*0.0072 

Label: H H H H F H H F H H ? ? ? ? 

                           1 1 1 1 1 1 1 
    idx: 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 
  truth: H H H F F H H H H F F F H H H H 
   data: C N N C D N N D C N C D N C N N 

P1, j = P L1 | S1, j( )P S1, j( )
Pi, j =maxk∈K

P Li | Si, j( )P Si, j | Si−1,k( )Pi−1,k{ }

HMM	labeling:	Viterbi	

Data: C N N C D N N D C N C D N …

Healthy 0.24 0.084 
(H) 

0.029 
(H) 

0.0082 
(H) 

5.8e-04 
(H) 

3e-04 
(F) 

1e-04 
(H) 

7.3e-06 
(H) 

3e-06 
(F) 

1e-06 
(H) 

2.9e-07 
(H) 

2e-08 
(H) 

1.1e-08 
(F) 

Fever 0.12 
0.0072 
(F|H) 

0.0025 
(H) 

0.0026 
(H) 

0.0015 
(H) 

8.9e-05 
(F) 

8.9e-06 
(H) 

1.9e-05 
(H) 

3.4e-06 
(F) 

2e-07 
(H) 

9.4e-08 
(H) 

5.3e-08 
(H) 

3.2e-09 
(F) 

Label: H H H H F H H F H H H F H …

                           1 1 1 1 1 1 1 
    idx: 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 
  truth: H H H F F H H H H F F F H H H H 
   data: C N N C D N N D C N C D N C N N 
viterbi: H H H H F H H F H H H F H H H H 

P1, j = P L1 | S1, j( )P S1, j( )
Pi, j =maxk∈K

P Li | Si, j( )P Si, j | Si−1,k( )Pi−1,k{ }

traceback highest scoring path … 



The	occasionally	dishonest	casino	

A	casino	uses	a	fair	die	most	of	the	'me,	but	
occasionally	switches	to	a	loaded	one:	

– Fair	die:	Prob(1)	=	Prob(2)	=	.	.	.	=	Prob(6)	=	1/6	
– Loaded:	Prob(1)	=	Prob(2)	=	.	.	.	=	Prob(5)	=	1/10,	
but	Prob(6)	=	½	

0 500 1000 1500 2000

Fair and unfair die

Throw nr.

1
2

3
4

5
6

True: green = fair die

Most probable path

Difference

Difference by posterior−probabilityDifference by posterior−probability > .95



0 500 1000 1500 2000

Fair and unfair die

Throw nr.

1
2

3
4

5
6

True: green = fair die

Most probable path

Difference

Difference by posterior−probabilityDifference by posterior−probability > .95

HMMs	for	sequen'al	inference	
•  given	G,D,L,θG;	how	likely	is	D?	(scoring)	

–  calculate	P(D|L)	using	Markov	chain	rule	

•  given	G,D,θG;	what	is	the	best	L?	(labeling)	
–  employ	Viterbi	along	state/observa'on	�trellis�	

•  given	G,D,L;	what	is	the	best	θG?	
(training	with	labels/truth:	supervised)	
–  maximum	likelihood	(ML):	find	θG		that	op'mizes	P(D|L)	

•  given	G,D;	what	is	the	best	θG?	
(training	without	labels/truth:	unsupervised)	
–  Baum-Welch	(EM):	iterate	between	expected	labeling	
(forward/backward)	and	training	(ML)	un'l	convergence	



HMMs	in	computa'onal	genomics	
•  protein	domain/sequence	alignment	
•  mul'ple	sequence	alignment	
•  CNV	inference	
•  SNP/haplotype	inference	
•  CpG-methyla'on	inference	
•  many,	many,	many	others	

eukaryo'c	gene	structure	



Intron	Sequence	Paserns	
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a	simple	HMM	for	eukaryo'c	genes	

the	GenScan/SNAP	HMM	topology	



Compara've	ab	ini2o	methods	

DoubleScan	



TwinScan/N-Scan	



“combiners”	

“combiners”	–	just	another	HMM	



combiners	improve	accuracy	a	bit	

Ensembl	and	UCSC	pipelines	



Alterna've	Splicing	

ExAlt	–	yep,	another	HMM	



manual	(re)annota'on	tools	

•  prokaryo'c:	Manatee/Erga's,	MaGe/
MicroScape,	…	

•  eukaryo'c:	Apollo,	Artemis,	ZMAP/
Oserlace,	ACEdb,	…	

ncRNA	gene	finding:	Infernal	



ncRNA	gene	finding:	Infernal	

RFAM	



recap:	eukaryo'c	gene	predic'on	

•  s'll	a	hard	problem	to	dis'nguish	genes	
from	genome	

•  challenges	to	consider:	alterna've	splicing,	
pseudogenes,	incomplete	UTRs,	cis/trans-
splicing,	…	

•  ncRNA	limited	by	length,	unknown	families	
•  euk	annota'on	pipelines	(Ensembl,	UCSC,	
MAKER,	etc.)	integrate	many	algorithms	

•  will	RNAseq	eliminate	our	need	for	such	
tools?	…	tune	in	Friday	


