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Enzyme class:
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Number of tm’s
(PRED-TMR2): 8

Number of tm’s
(SwissProt): 8

520001 bp 560000 bp

GGAGGGCTTGC TCTEC TTTGG TG T T IGGGATARTAGC TAAGGAGGTAGTTCT TGS [ |
AAGTTTGGCAATGTTATATGGGAC TGEAGAGGAAAATC TUTCATCTGTTATTGTT
18 CATGCATTCTCTCCAGTATCTGC CTATGCATTTATGGCATTTTC TTTAATTTACC
TCCCATGTATTGCAACATTAGCAGTTATAARGCAAGAAA TTGEGTGEAAL TGGEEC
GTTATT TG AGTAAC TTATGAGATCATATTAGC TTATGTTGTAGC TTTTAATE
TCCGTTATTGGAAATC TATTATTTTAR

FEOB_METJA
- FUNCTION: PROBABLE GTP-DRIVEM TRAMSPORTER OF FERROUS |OMN (BY
SIMILARITY). - SUBCELLULAR LOCATION: INTEGRAL MEMERAME PROTEIN
(FROBABLE). Hypothetical protein; Iron transport, Transport, Transmembrane;
GTP-hinding.
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ATCAATTGCCCCTATAAARGCTTATGTTC TECCGTTGG TTARTARAAGATGATATG [
CCAARAATAGE TAAAGARATAGAGCARATGTTGAGAGAAAATGGTATTATAGCT G
.j”: AGTATGATGAC AGTGGAGC TAT TG CAAGGAGATATATGAGAGU TEGATCALATTGG
”;: AGTTCCATTC TG TATAACAGTAGATGGACARACATTAGAGGATAGAACTGTAACT
GTTAGGGAGAGALATACAAGAGAACARGTTAGAGTTAAA ATAGATCAGC TCETT >
ATTATTTAARAGAAAGATTGAARAGAATAN

Ntp://www.cam.ac.ukK/

SYG_METJA

ATP-hinding.

- CATALYTIC ACTIMTY: ATP + L-GLYCIME + TRMA{GLY) = AMP +
PYROPHOSPHATE + L-GLYCYL-TRMNA(GLY) (BY SIMILARITY). -- SUBCELLULAR
LOCATION, CYTOPLASMIC.I- SIMILARITY:: BEELONGS TO CLASS-|| AMINOACYL-TRNA
SYMTHETASE FAMILY, Aminoacyl-tRMA synthetase; Protein biosynthesis, Ligase;
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GTGTTTAAGCACGCAGTGCGAC GAATGGAGTTTGCTGE CAAGACTTGCATTACAG
AAGCTGGGCTECAAGAAA AAGATATAGATTGGTTAGTTCCTCATCAGGCAAATGA
GCGTATTATCGATGC TATTGCAAAACGTTTTGC TG TTAAAGACTC TC GGGTATTT
AAARCTCTTGC TAAGTATGETAACACAGCAGCC TUTTC TGTGEGGATTGC TTTAG
ACGAACTTTTAC GTACACATGATATCCATGTTGC GEAGE GETTETTGTTAGTAGT
TTTTGEGGEEAGGC TTATC TTGGEEAGCAGTGATTTTACAGCAAGTETARL

Fis
770
L
‘gen
835
890

I GOVERMIMG THE TOTAL RATE OF FATTY ACID PRODUCTION, POSSESSES
BOTH ACETOACETYL-ACE SYNTHASE AND ACETYL TRAMSACYLASE ACTMITIES
(BY SIMILARITY), - CATALYTIC ACTMTY: ACYL-[ACYL-CARRIER PROTEIM] +

MALORNYL-[ACYL- CARRIER PROTEIN] = 3-0XOACYL-[ACYL-CARRIER PROTEIMN] +

CO(2) + [ACYL-CARRIER PROTEIN]. .- PATHWAY: FATTY ACID BIOSYNTHESIS-L-
SIMILARITY:: BELONGS TO THE FABH FAMILY. Fatty acid hiosynthesis;
= | Transferase; Acyltransferase; Multifunctional enzyme.
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AAGCTGGGCTECAAGAAA AAGATATAGATTGGTTAGTTCCTCATCAGGCAAATGA
GCGTATTATCGATGC TATTGCAAAACGTTTTGC TG TTAAAGACTC TC GGGTATTT

TTTTGEGGEEAGGC TTATC TTGGEEAGCAGTGATTTTACAGCAAGTETARL

I GOVERMIMG THE TOTAL RATE OF FATTY ACID PRODUCTION, POSSESSES
BOTH ACETOACETYL-ACE SYNTHASE AND ACETYL TRAMSACYLASE ACTMITIES

: (BY SIMILARITY). - CATALYTIC ACTMITY: ACYL-[ACYL-CARRIER PROTEIN] +
.HQS AAARCTCTTGC TAAGTATGETAACACAGCAGCC TUTTC TGTGEGGATTGC TTTAG MALONYL-[ACYL- CARRIER PROTEIN] = 3-OXDACYL-[ACYL-CARRIER PROTEIN] +
880 ACGAACTTTTACGTACACATGATATCCATGTTGCGGAGCGETTETTETTASTASC [ ca(3) + [ACYL-CARRIER PROTEIN) L PATHWAY: FATTY ACID BIOSYNTHESIS L

| SIMILARITY:: EELONGS TO THE FABH FAMILY. Fatty acid hiosynthesis;
= | Transferase; Acyltransferase; Multifunctional enzyme.
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Biological Sequence Analysis

1. Sequence Alignment

2. Markov Chains & Hidden Markov Models

Biological
sequence
analysis

3. Phylogenetic Trees

4. Sparse Bayesian Learning & The Relevance
Vector Machine

—

Probabilistic models
of proteins and
nucleic acids

R. Durbin

S. Eddy

A. Krogh

G. Mitchison
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... at the high school level

A First Attempt to Bring Computational Biology into
Advanced High School Biology Classrooms
(http://dx.doi.org/doi:10.1371/journal.pcbi.1002244)
Suzanne Gallagher, William Coon, Kristin Donley, Abby
Scott, Debra Goldberg. PLoS Comput Biol, Vol. 7, No.
10. (27 October 2011), e1002244.

Ten Simple Rules for Teaching Bioinformatics at the High
School Level
(http://dx.doi.org/doi:10.1371/journal.pcbi.1002243)
David Form, Fran Lewitter. PLoS Comput Biol, Vol. 7,
No. 10. (27 October 2011), e1002243.

Teaching Bioinformatics at the Secondary School Level
(http://dx.doi.org/doi:10.1371/journal.pcbi.1002242)
Fran Lewitter, Philip Bourne. PLoS Comput Biol, Vol. 7,
No. 10. (27 October 2011), e1002242.




ctacgaatccagcccggttacgatcatagctatttaaggaattttattgcgtccttcctttccggcggecgaacgccagegegtcatgatageccatggegcetga
ttgaggaccatctgcgctttcatgcagcgctcatgtatcgattgccacaaatgtctttaccggtctcgtacatcgcagcaatgatctcatcgagcgaaataca
gggttcgcttacgcgactcatcgccatcgtcgecgcegtttatcgctttcacggcagagatggcatttetctctatgcagggaatttgtaccgacccagttcage
gtatgcaggccgcgataaagcatccgtagctcagctggatagagtactcggctacgaaccgagcggtcggaggtticgaatcctccecggatgcaccage
tgcatcacgtcccatatttgcgccagataattctgcaacgtctgtggcgagtggecggcacagctcatttttcatcatcagcgccgeccacggacaggcecgtta
cgccgacacagcgccagcaactgcgcggcatgactaaattcaaagggcatgegtgcatcttctgecggtcgetgecgaagaggtgtgcccgaacggaga
tcgacattctccggctggcaacccagcagcccaagatacagggeggtatccacattgtggcacttgecggcttaacgataacgcgcecatacagcetcgatttt
gatgggctgcaggccgagcgtgagcagggcattactattgacgtcgcggtgcgtctaaaagcgcggtatcaactggattatgccttttcgaatacggttga
aatacgcgataacgttctgacggataacattaccttgccgattatgaacgccgcaaacaaaaaacagacgctggttgacctggctgeccggttaaatatt
gccacggagaatattattgcctgecggtgatggcgccaacgatctgattcccgtggegtaactgtagataaaatgactgaactgcegtgccgatgttagaaca

tgctggcaccggtattgcctggaaagcgaagecggttgtacgggaaaaaatccaccatcagattaattatcacggtttcgaattgcttctttttcttattgaaga
ggcgctattatcttcggtcgtgcgaccccggtagagcetgtaccattaaagatcgtcccggtacgttaggtttgcccaacgtggggcagtggegtaacgacc
cgacggaactggcccaggtcaaggccagcccggtcaacctgagcettctggcagatttttgtgaaatatatcctgaccaatccactggtatggatcattattat
atctttatcctggtggaaggggactccgcgggcggegceccacgttcag




ctacgaatccagcccggttacgatcatagctattiaaggaattttattgcgtcctteciticcggcggcgaacgccagegegtcatgatagecatggegcetga
ttgaggaccatctgcgctttcatgcagcgctcatgtatcgatigccacaaatgtctttaccggtctcgtacatcgcagcaatgatctcatcgagcgaaataca
gggttcgcttacgcgactcatcgccatcgtcgecgcegtttatcgcetttcacggcagagatggcatttctctctatgcagggaatttgtaccgacccagttcagce
gtatgcaggccgcgataaagcatccgtagctcagcetggatagagtactcggctacgaaccgagegatcggagaticgaatcctcccggatgcaccage
tgcatcacgtcccatatttgcgccagataattctgcaacgtctgtggcgagtggecggcacagctcatttttcatcatcagcgeccgeccacggacaggcecgtta
cgccgacacagcgccagcaactgcgcggcatgactaaattcaaagggcatgegigcaictictgcggticgetgecgaagaggtagtgcccgaacggaga
tcgacattctccggctggcaacccagcagcccaagatacagggeggtatccacattgtggcacttgecggcttaacgataacgcgcecatacagcetcgatttt
gatgggctgcaggccgagcatgagcagggceattactatigacgtcgcaggtgegtctaaaagecgeggtatcaactggattatgecttttcgaatacggttga
aatacgcgataacgttctgacggataacattaccttgccgattatgaacgccgcaaacaaaaaacagacgctggttgacctggctgeccggttaaatatt
gccacggagaatattattgcctgcggtgatggcgccaacgatctgaticccgtgacataactgtagataaaatgactgaactgcatgecgatgttagaaca

tgctggcaccggtattgcctggaaagcgaagcecggttgtacgggaaaaaatccaccatcagattaattatcacggtttcgaattgcttctttttcttattgaaga
ggcgctattatciicggtcgtgcgacccecggtagagcetgtaccattaaagatcgtcccggtacgttaggtttgcccaacgtggggcagtggegtaacgacc
cgacggaactggcccaggtcaaggccagcccggtcaacctgagcettctggcagatttttgtgaaatatatcctgaccaatccactggtatggatcattattat
atctttatcctggtggaaggggacticcgcgggcggcgeccacgttcag




RBS ABC transporter

atttaaggaattttattgcgtccttcctiiccggcggcgaacgccagcegcegicatgatagecatggegcetga
gtacatcgcagcaatgatctcatcgagcgaaataca

gggttcgcttacgcgactcatcgccatcgtcgecgcegtttatcgctttcacggcagag ttctctctatgcagggaatttgtaccgacccagttcage
gtatgcaggccgcgataaagcatccgtagctcagcetggatagagtactcggctacgaaccgagegatcggagaticgaatcctcccggatgcaccage

tgcatcacgteccatattigag e slaasaRaiasaaocacagctcatttttcatcatcagegecgecacggacaggecgtta
cgccgacacagegec 4Fe-4S ferredoxins, iron-sulfur binding region

gtgcatctictgcggtcgcetgcgaagagatgtgcccgaacggaga
tcgacattctccggctggcaacccagcagcccaagatacagggceggtat aacgcgccatacagctcgatttt
gatgggctgcaggccgagcgtgagcagggcattactattgacgtcgcggty ttatgccttttcgaatacggttga
aatacgcgataacg atgaacgccgcaaacaaaaaacagacgctggttgacctggctgcccggttaaatatt
gccacggagaat iyt SRS ICICEI-tq attcccgtggegtaactgtagataaaatgactgaactgegtgecgatgttagaaca
tgctggcaccggtattgcctggaaagcgaagcecggttgtacaaa gaattgcttctttttcttattgaaga
ggcgctattatcitcggtcgtgcgacceccggtagagcetgtac . ! Jtggggcagtggcgtaacgacc

cgacggaactggcccaggtcaaggccagcccggtcaa gtgaaatatatcctgaccaatccactggtatggatcattattat
atctttatcctggtggaaggggactccgecgggcggegcecc BNl S RN | RSl EI](E
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Eicaywyn — M6avornrec

What is a probabilistic model?

* A system that simulates the object under consideration.
* Produces different outcomes with different probabilities.
* A probabilistic model can theretfore simulate a whole class of objects.

*In this context, the objects will be sequences, and a model might describe a family
of related sequences.
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A probability gives the odds of an event, given any parameters: Given that the

mean is zero and the variance one, what are the odds that the draw will be between
1.1 and 1.2¢

A likelihood gives the odds of parameters given data: We drew a 1.3 from the
distribution; what are the odds that the mean is zero?

Observed frequencies are estimates of probabilities.

Probability

Likelihood Frequency
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A tamiliar probabilistic system with a set of discrete
outcomes is the roll of a six-sided die. A model of a roll
of a (possibly loaded) die would have six parameters:

-
fobabilifyy of rollln;xE

. N

The—_ﬁjome’rers p-,fnusl?‘ satisty the conditio "i
i= lpl \

A model of a séﬁg_)ence of Nlee con&uhve rolls of

a die might be that they wer independent, so that
the probability of sequence [1,6,3] would be the product
of the individual probabilities:

P1PsP3




Maximum Likelihood Estimation

What are biological sequences?

Strings from a finite alphabet of residues, generally either four nucleotides (DNA) or
twenty amino acids (Proteins).

Assuming that a residue o occurs at random with probability g, independent of all
other residues in the sequence, and the (protein or DNA) sequence is denoted:

X) eee X

the probability of the whole sequence is :

n
i1 4




Maximum Likelihood Estimation

What are biological sequences?

Strings from a finite alphabet of residues, generally either four nucleotides (DNA) or
twenty amino acids (Proteins).
9

Assuming that a residue a occurs at random with probability g, independent of all
other residues in the sequence, and the (protein or DNA) sequence is denoted:

X) eee X

the probability of the whole sequence is :

n
i1 4




Q Residues occur at random?

Salmonella enterica subsp. enterica serovar Typhi str. CT18 [ghbet]: 368 CDS's (89135 codons)

fields: [triplet] [amino acid] [fraction] [frequency: per thousand) ([number])

UUU F 0.51 20.3 ( 1811) UCU 5 ©0.17 11.7 ( 1043) UAU Y 0.51 16.2 ( 1440) C 0.43 5.5 (  491)
UUC F 0.48 18.7 ( 1759) UCC 5 ©0.15 10.8 { 964) UAC Y 0.49 15.7 ( 1399) C 0.57 7.3 ( &48)
UUAR L 0.11 10.7 ( 954) UCA 5 0.19% 13.3 ( 1186) URR * 0.50 2.1 ( 184) * 0.38 1.6 (  140)
UUG L 0.13 12.5 ( 1114) UCG 5 0.13 9.5 ( 844) UAG * 0.12 0.5 { 44) W 1.00 12.4 ( 1105)
b . 0.16 15.2 | 1356) CCU P 0.24 9.5 ( 849) CAU H 0.53 11.2 (  994) R 0.26 14.7 ( 1310)

L 0.14 12.8 ( 1144) CCc P 0.15 6.0 {( 533) CAC H 0.47 9.7 ( 865) R 0.31 17.1 ( 1523)
cUR L 0.06 5.4 ( 483) CCA P 0.25 9.9 ( 880) CAR Q 0.33 12.4 ( 1105) R 0.12 6.7 ( 5928)
:EE L 0.39 36.6 ( 3263) CCG P 0.37 14.8 ( 1316) CAG Q 0.67 25.0 ( 2230) R 0.14 7.8 ( &96)
AUU I 0.43 24.8 ( 2212) T 0.23 13.1 ( 1171} RAAU N 0.48 21.4 ( 1910) 5 0.15 10.7 (  951)
AUC I 0.43 24.5 ( 2182) T 0.31 17.8 ( 1591) AAC N 0.52 23.1 ( 2060) 5 0.21 15.0 ( 1333)
AULR I 0.14 8.0 ( 713) T 0.21 12.1 ( 1078) MLAR ¥ 0.59 34.5 ( 3074) R 0.10 5.6 ( 503)
[EIEIM 1.00 27.4 ( 2438) T 0.26 15.2 ( 1351) MLAG K 0.41 23.7 ( 2116) R 0.07 4.1 ( 363)
GUU V 0.31 20.7 ( 1847) GCU A 0.22 18.1 ( 1613) GAU D 0.56 31.1 ( 2772) G 0.29 18.2 ( 1625)
GUC V 0.24 16.2 ( 1447) GCC A 0.28 23.1 ( 2062) GAC D 0.44 24.8 ( 2214) G 0.35 22.6 ( 2012)
GUA V 0.17 11.6 ( 1033) GCA L 0.25 20.3 ( 1813) GAR E 0.57 37.7 ( 3356) G 0.17 11.0 ( 982)
GUG V 0.28 18.6 ( 1657) GCG L 0.25 20.5 ( 1828) GAG E 0.43 28.0 ( 2437) G 0.19 11.9 ( 1060)
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Maximum Likelihood Estimation

The parameters for a probabilistic model are typically estimated from large sets
of trusted examples, often called a training set. For instance, the probability

g, for amino acid a can be estimated as the observed frequency of residues in
a database of known protein sequences, such as UNI-PROT:

20,000,000 > 20 frequencies

residues
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Having so much data that, we expect the frequencies to be reasonable estimates
of the underlying probabilities of our model. This way of estimating models is
called maximum likelihood estimation (MLE).
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Maximum Likelihood Estimation

The parameters for a probabilistic model are typically estimated from large sets
of trusted examples, often called a training set. For instance, the probability

g, for amino acid a can be estimated as the observed frequency of residues in
a database of known protein sequences, such as UNI-PROT:

3 flips [tail, tail, tail]

20,000,000 20 frequencies MLEheadsz?

residues @ MLE. . =?

tail ~ -

Having so much data that, we expect the frequencies to be reasonable estimates
of the underlying probabilities of our model. This way of estimating models is
called maximum likelihood estimation (MLE).

It can be shown that using the frequencies with which the amino acids occur in the
database as the probabilities g, maximizes the total probability of all the sequences
given the model (the likelihood).

Given a model with parameters 6 and a set of data D, the maximum likelihood
estimate for 6 is that value which maximizes P(D | 6).




Conditional, joint and marginal probabilities

The probability of rolling i with die D is called:

P(i | D,), the conditional probability of rolling i given die D;.
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Conditional, joint and marginal probabilities

The probability of rolling i with die D is called:

P(i | D,), the conditional probability of rolling i given die D;.

Picking a die at random with probability P( D, ), the probability of picking die j and
rolling an i is:

P(D) P(i | D), the joint probability.
More generally, we can write: P(X,Y) = P(X|Y) P(Y)

If we know the conditional and joint probabilities, we can calculate a marginal

probability: P(X) = ZP(X,Y) _ ZP(X | Y)P(Y)




“Consider an occasionally dishonest
casino that uses two kinds of dice. Of
the dice 99% are fair but 1% are
loaded so that a six comes up 50%
of the time. We pick up a die from a
table at random.”

Roll

Outcome
Six
Six
Six




Bayes’ theorem

@ “Consider an occasionally dishonest | Roll Outcome Hmmm... is this
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the dice 99% are fair but 1% are
loaded so that a six comes up 50% 2 Six )
of the time. We pick up a die from a . <
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table at random.

The probability that we are after, is:

P( D, .4eq | 3 sixes), the posterior probability of the hypothesis that the die is loaded,
given the observed data.
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hypothesis: P( 3 sixes | D, 4.4), the likelihood of the hypothesis.




Bayes’ theorem

Hmmm... is this
a loaded die?

@ “Consider an occasionally dishonest | Roll Outcome
casino that uses two kinds of dice. Of : Si
the dice 99% are fair but 1% are %
loaded so that a six comes up 50% 2 Six )
of the time. We pick up a die from a . <
" 3 SIX
table at random.

The probability that we are after, is:

P( D, .4eq | 3 sixes), the posterior probability of the hypothesis that the die is loaded,
given the observed data.

However, what we can directly calculate is the probability of the data given the
hypothesis: P( 3 sixes | D, 4.4), the likelihood of the hypothesis.

Knowing the likelihood we can calculate the posterior probabilities, using the Baye’s

theorem: P(Y | X)P(X)
P(Y)

P(X|Y)=
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“Consider an occasionally dishonest casino that uses two kinds
of dice. Of the dice 99% are fair but 1% are loaded so that a
six comes up 50% of the time. We pick up a die from a table at
random.”

In the case of our die, Baye's theorem can be written:

P(3SiX€S | Dloaded )P(Dloaded)
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P(Dloaded | 3SixeS) —

We have been told, that P( D, _4.4) =
and that P( 3sixes | Dy 4q) = 3= 0.125
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Bayes’ theorem

“Consider an occasionally dishonest casino that uses two kinds
of dice. Of the dice 99% are fair but 1% are loaded so that a

six comes up 50% of the time. We pick up a die from a table at
random.”

In the case of our die, Baye's theorem can be written:

P(3SiX€S | Dloaded )P(Dloaded)
P(3sixes)

P(Dloaded | 3SixeS) —

We have been told, that P( D, _4.4) =
and that P( 3sixes | Dy 4q) = 2= 0.125
Thus:

(0.5°)(0.01)

P(D,, .. |3sixes) = =0.21

3

(0.53(0.01)+(% )(0.99)




o

Bayes’ theorem

Hmmm... is this a
loaded die?

“Consider an occasionally dishonest casino that use
of dice. Of the dice 99% are fair but 1% are loadeq
six comes up 50% of the time. We pick up a die fro
random.”

... most probably
(79%) this is a fair die!

In the case of our die, Baye's theorem can be

P(3SiX€S | Dloaded )P(Dloaded)
P(3sixes)

P(Dloaded | 3SixeS) —

We have been told, that P( D, _4.4) =
and that P( 3sixes | Dy 4q) = 2= 0.125
Thus:

(0.5°)(0.01)

3

P(Dloaded | 3SiX€S) =
(0.5°(0.01) + (% )(0.99)

=0.21




Bayes’ theorem

“Assuming that, on average, extracellular proteins have a slightly different amino
acid composition than intracellular proteins (e.g. cysteine is more common in
extracellular than intracellular proteins), lets try to use this information to judge
whether a new protfein sequence x = x, ... x_ is intracellular or extracellular.”
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Bayes’ theorem

“Assuming that, on average, extracellular proteins have a slightly different amino
acid composition than intracellular proteins (e.g. cysteine is more common in
extracellular than intracellular proteins), lets try to use this information to judge
whether a new protfein sequence x = x, ... x_ is intracellular or extracellular.”

1. We split our training examples from UNI-PROT into intracellular and
extracellular proteins.

2. We estimate a set of frequencies g for intracellular proteins, and a
corresponding set of extracellular frequencies g &~

3. We estimate the probability that any new sequence is extracellular, pe, and
the corresponding probability of being intracellular, p'. Assuming that every
sequence must be either entirely intracellular or entirely extracellular i.e.

pint =1 — pe, we can write Bayes’ theorem:

peXt, pint: prior probs

P( ext | x ): posterior probs
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Bayesian parameter estimation

Bayes’ theorem can also be used to estimate the parameters 6 of a model:

P(D|6)P(6)
P(D)

One way of using Bayes’ theorem to estimate good parameters, is to choose the
parameter values for 6 that maximize P( 8| D), a process known as maximum a
posteriori (MAP) estimation.

P(0| D) =

“We are given a die that we expect will be loaded, but we don't know in what way.
We are allowed to roll it ten times, and we have to give our best estimates for the

parameters p. Weroll 1, 3,4,2,4,6,2,1,2,2. "

The ML estimate for p., based on the observed frequency, is 0. Remember though
that we have not seen enough data to be sure that this die never rolls a five.
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Bayesian parameter estimation

Bayes’ theorem can also be used to estimate the parameters 6 of a model:

P(D|6)P(6)
P(D)

One way of using Bayes’ theorem to estimate good parameters, is to choose the
parameter values for 6 that maximize P( 8| D), a process known as maximum a
posteriori (MAP) estimation.

P(0| D) =

“We are given a die that we expect will be loaded, but we don't know in what way.

We are allowed to roll it ten times, and we have to give our best estimates for the
parameters p. Weroll 1, 3,4,2,4,6,2,1,2,2. "

The ML estimate for p., based on the observed frequency, is 0. Remember though
that we have not seen enough data to be sure that this die never rolls a five.

One well-known approach to this problem is to adjust the observed frequencies
used to derive the probabilities by adding some fake extra pseudocounts.
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MAP vs ML
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In this example what is our
maximum likelihood estimate
for p;, the probability of rolling
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