16 — 18 April

Readings and Synopsis

* Chapter 8in text

Gene Modeling — How do you find the genesin raw DNA sequence?
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Statistics: Part |

Slide 14, lecture Ap4C

Terminology

» Positive/Negative - label produced by a method, e.g. in a dotplot the pointsare
positive, non-points are negative, in the example on the previous page, the boxed
region is positive, everything elseis a negative

* True/False - whether thelabelingiscorrect. In adotplot the TRUE pointsare
theonesthat are CORRECTLY assigned as positive (homologous) or
CORRECTLY assigned as negative (not homologous). True or false depends on

the THRESHOLD
* Four possibilities. True positive, True Negative, False Positive, False Negative
(P+, N+ P, N') Correct Classification
Positive Negative
OXZ | Positive P* True N- False
% % Positive Positive
=) P
o
& | Negative | P Fase N* True
= Negﬁl_ve Negative
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Gene Modeling

Basic Approaches

» Gene modeling begins with an uncharacterized genomic sequence and predicts
thetranscriptional and trandational products of each gene, including

- Gene location, direction, and/or frame
5" and 3’ untrandlated regions

- Introns and exons

- Possibly includes regulatory elements

» Gene modeling is notorioudly difficult, especially in eukaryotes, but it iswidely
felt that current methods produce largely correct models, i.e. haveerrorsin only
30% or so of eukaryotic genes and 10% of prokaryotic genes.

- Most common errorsarein 5’ end of gene and small exons
- Difficult to distinguish errors from true genetic variation
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Gene Modeling

Basic Approaches

» Prokaryotic genes are obvioudly easier
- No introns, genes are (usually) a single open reading frame (ORF)
- Simpler signals
- Often better DNA sequence
» Eukaryotic genes are very challenging
- Exong/introns may be very small (less than 10 bases)
- Introns may be very large (greater than 1 Mbase)
- Signals are poorly known and more complex
- DNA sequence may be more poorly assembled
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Gene Modeling

Basic Approaches

 Staden identified two ab initio approachesin the 1980s

- Search by content - How does the fact that a sequence includes a gene affect its
usage of the four bases?

—Constraints due to the encoded protein, the trandation machinery, and the DNA
itself
- Search by signal - Can you identify the important signals that delineate genes -
promoters, terminators, splice sites, poly-A sites

* New approaches: intergenomic comparison, ESTs, protein sequences
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Gene Modeling

Search by Content

 Protein coding enfor ces several constraints on the underlying DNA seguence
- Amino acid residues are used unequally in proteins
- Amino acid residues have unequal numbers of codons
- Codons are used unequally
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Gene Modeling

Search by Content

o If reading frame 1 encodes a protein, thereis an effect on

- The amino acid composition in both the coding frame and the two non-coding
frames

- The codon composition in all three frames

- The frequencies of the four bases in the three positions of the codon (positional
base frequency)
—asymmetry of basesin "codon" positions
—preferences for certain bases in certain positions
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Gene Modeling

Search by Content

* M ethods

- Usually measured using a sliding window approach. Window depends on the
method but is often 50 - 200. A big window by dotplot standards.

- Differences are small and you have to average over alarge window to get a
relatively clear signal.

- Small exons are therefore hard to find
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Gene Modeling

Search by Content

* The presence of a coding sequencein frame 1 causes a biasin the position
specific base composition in all three frames

* Thisisthe basis of the positional base prefer ences method

TABLE III
BASE COMPOSITIONS FOR FRAMES |1, 2, AND 34
Frame T C A G
1 17.68 21.08 27.67 33.57

2 27.07 2378 3097 18.18
3 2506 25.06 2396 2592
Mean 23.27 2330 27.53 25.89

@ Assuming an average amino acid composition
in frame 1 and no codon preference.

Rodger Staden “Finding protein coding regionsin genomic
sequences’, M ethods in Enzymology 183, 163-179, 1990.
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Gene Modeling

Search by Content

* Uneven positional base frequencies

» Look for unequal use of the four basesin thethree positions of the codon. We
expect that the usage will be symmetric in non-coding regions but asymmetricin
coding regions.

- for each base, count N;; the number of times basei appearsin the three positions
j of the codon.

Expected number = E; = (N;; + N, +N;3) /3
Divergence=D = Y| E; - N;; |
]

* D isawindowed statistic usually calculated over 50 - 150 codons (150-450 bases)
* Does not predict frame
* Does not requiretraining!
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Gene Modeling

Search by Content

* Uneven positional base frequencies
 Distribution of D scores (window=67 codons)

Fic. 1. Histograms of observed D values (see text) for all coding (solid line) and all
noncoding {(dotted line) sequences in the 1984 EMBL nucleotide library.

Rodger Staden “Finding protein coding regionsin genomic
sequences’, M ethods in Enzymology 183, 163-179, 1990.

BIMM 140

Introduction to Bioinformatics
Gene Modeling 16-18 April

11




Gene Modeling

Search by Content

* Uneven positional base frequencies
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Fi1G. 2. Application of the uneven positional base frequencies methiod to bases 100,000 to
121,024 of the liverwort Marchantia chloroplast genome. The horizontal scale marks every

100th base, and the bars above indicate the extent of known protein coding segments (P) and
known RNA genes (R).
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Rodger Staden “Finding protein coding regionsin genomic
sequences’, M ethods in Enzymology 183, 163-179, 1990.

BIMM 140

Introduction to Bioinformatics
Gene Modeling 16-18 April

12



Gene Modeling

Search by Content

» Unequal use of amino acid residues

* Assume a protein of average composition (i.e. residue frequencies from the
protein sequence database) Staden, Tablel

* Assume all codons are used equally (so that thereis no effect of codon
preference) Staden, Tablel|

» Based on thiswe can calculate the codons that will appear in the other two
reading frames, and thustheir amino acid compositions. Staden, Table|l

* Note the large differencesin the amino acid compositions, and the fact that the
protein sequence alone causes a use of 34% G basesin thefirst codon position.
Staden, Tablelll

* These differences are due only to the encoded amino acid composition
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Gene Modeling

Search by Content

* The presence of a protein of average composition in frame 1 for cesthe codonsin
frames 2 and 3 away from the nor mal protein composition

TABLE 1
AMINO AciD COMPOSITIONS FOR FRAMES 1, 2, AND 34

A C D E F G H I K L

Framel 83 17 53 62 39 72 22 52 57 90
Frame2 48 27 14 23 27 50 23 50 49 101
Frame3 $§5 37 35 37 29 87 34 35 34 60

M N P Q R S T V W Y *

Framel 24 44 51 40 57 69 58 66 13 32 0
Frame2 25 31 60 36 108 99 76 48 24 25 59
Frame 3 7 32 53 36 129 89 51 46 18 34 65

% Assuming an average amino acid composition in frame 1 and no codon
preference.
* Stop codon.

Rodger Staden “Finding protein coding regionsin genomic
sequences’, M ethods in Enzymology 183, 163-179, 1990.
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Gene Modeling

Search by Content

» Average amino acid composition in frame 1, equal use of all codons, notice that
codonsin frame 2 and 3 arevery uneven

TABLE I
CopoN CoMPOSITION FOR FRAMES 1, 2, AND 34

Frame Frame Frame Frame

1 2 3 1 2 3 1 2 3 1 2 3

FTTT 20 12 17 STCT 12 12 15 YTAT 16 11 19 CTGT 9
FTTC 20 14 12 STCC 12 14 13 YTAC 16 13 15 CTGC 9
LTTA 15 19 8 STCA 12 19 16 *TAA 0 18 25 *TGA 0 20 29
LTIG 15 23 8 STCG 12 23 10 *TAG 0 21 11 WTGG 13

LCIT IS 11 17 PCCT 13 11 15 HCAT 11 11 19 RCGT 10 11 17
LCTC I5 13 12 PCCC 13 13 13 HCAC L 13 15 RCGC 10 13 21
LCTA 15 16 8 PCCA 13 16 16 QCAA 20 16 25 RCGA 10 16 29
LCTG 15 20 8 PCCG 13 20 10 QCAG 20 20 11 RCGG 10 20 18

IATT 1713 17 TACT 15 13 14 NAAT 22 14 18 SAGT 12 14 16
I1ATC 17 16 11 TACC 15 16 12 NAAC 22 17 14 SAGC 12 17 20
T ATA 17 21 8 TACA 15 21 15 KAAA 29 22 24 RAGA 10 22 28
MATG 24 25 7 TACG 15 25 9 KAAG 29 27 10 RAGG 10 27 17

VGTT 17 8 18 AGCT 21 8 16 DGAT 27 7 20 GGGT 18 9 17
VGTC 17 10 12 AGCC 21 10 13 DGAC 27 8 15 GGGC 18 11 22
VGTA 17 13 8 AGCA 21 13 16 EGAA 31 10 26 GGGA 18 14 30
VGTIG 17 16 8 AGCG 21 16 10 EGAG 31 12 11 GGGG 18 17 19

¢ Assuming an average amino acid composition in frame 1 and no codon preference.
* Stop codon.

Rodger Staden “Finding protein coding regionsin genomic
sequences’, M ethods in Enzymology 183, 163-179, 1990.
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Gene Modeling

Search by Content

 Positional base preferences

* How well do the positional base usages agr ee with the average protein model.

* Define E;; as expected number of basei in position j, but take them for areal

coding sequence, i.e. Tablelll
e count the number of observed bases, O, , in framef
« calculate the correlation for each choice of frame C; = 2'E;;O;
* About 5% difference between coding from and non-coding frame

*Plot C; = 2'C; for each frame
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Gene Modeling

Search by Content

 Positional base preferences method on M ar chantia chloroplast genome
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FIG. 3. Application of the positional base preferences method to bases 10,001 to 20,000 of
the liverwort Marchantia chloroplast genome. The horizontal scale marks every 100th base,
and the bars above indicate the extent of known protein coding segments. The three boxes
above contain plots of the probability that each of the three reading frames is coding for a
protein. The short vertical lines that bisect the mid-height of each box mark the positions of
the stop codons in the corresponding reading frames.

Rodger Staden “Finding protein coding regionsin genomic
sequences’, M ethods in Enzymology 183, 163-179, 1990.
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Gene Modeling

Search by Content

 Position base composition of a highly expressed gene. Notethat the skew in the

third position is even more extreme than for and aver age gene with no codon
preference.

TABLE V
Base COMPOSITION FOR rpoC2 GENE OF
Marchantia CH_LOROPLAST

Frame T C A G

1 2466 1420 40.74 20.40
2 3273 1680 39.08 1 1.39
3 4420 461 4578 5.41
Mean 33.86 11.87 41.86 12.40

Rodger Staden “Finding protein coding regionsin genomic
sequences’, M ethods in Enzymology 183, 163-179, 1990.
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Gene Modeling

Search by Content

» Codon usage/codon preference

» Organisms do not use the codons for each amino acid equally, thisis called codon
preference. The primary reason appearsto bethat the pools of isoaccepting
tRNAsdiffer depending on gene number and expression.

* Highly expressed genestend to use only codons corresponding to the most
abundant tRNAs. Thiseffect isstronger in prokaryotes. More weakly expressed
genes use closer to equal usage and aretherefore harder to detect.

» Rare codons (corresponding to low-level tRNAS) may also be used asa
regulatory mechanism.

* The overall usage (hnumber used) of each codon is deter mined by the codon
preference and the amino acid preference

* | n eukaryotes, codon usage/preference may be cell, developmental stage, or
tissue specific
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Gene Modeling

Search by Content

» Codon usage

* By Bayes Rule
P(Fi Ifand) = P(fapel Fi) PCF) / 2 P(fapl Fi) P(F)
where P(F; ) istheprior probability that framei isthe coding frame
P(f..c F;) isthepreferred codon usage (tabulated from known genes)

» Asusual, thisiscalculated over a window and the P(f, | F;) | arethe product of the values
for theindividual codonsover thewindow. Inreal lifeone generally useslogs:
P(F 1 [fa0) = P(Fy) €1/ (P(Fy) €11+ P(F,) ez + P(Fy) ')
whereH; = 2 In[P(F; |f .0 ]
» Thismethod matches to an expected codon usage so it isimportant to use an appropriate
standard, both in terms of codon prefer ence and amino acid composition.
- This can be difficult.
- Doesn't work well when amino acid composition is unusual

» Similar methods that use codon preference rather than codon usage work for geneswith
unusual amino acid choice
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Gene Modeling

Search by Content

» Codon usage of a highly expressed gene

TABLE IV
CopoN COMPOSITIONS FOR rpoC2 GENE OF Marchantia
CHLOROPLAST
FTTT 77 STCT 38 YTAT 51 CTGT 9
FTTC 6 STCC 6 YTAC 3 CTGC 4
LTTA 98 STCA 24 *TAA 1 *TGA 0
LTTG 8§ STCG 1 *TAG 0 WTGG 16
LCTT 32 PCCT 16 HCAT 27 RCGT 7
LCTC 0 PCCC 1 HCAC 4 RCGC 0
L CTA 5 PCCA 21 QCAA 63 RCGA 14
L CTG 1 PCCG 2 QCAG 2 RCGG 2

I ATT 84 TACT 40 NAAT 113 SAGT 21
ITATC 5 TACC 4 NAAC 12 SAGC 2
T1ATA 58 TACA 35 KAAA 154 RAGA 12
MATG 18 TACG 4 KAAG 2 RAGG 1

VGTT 29 AGCT 15 DGAT 33 GGGT 21
V GTC 3 AGCC 4 DGAC 3 GGGC 7
VGTA 26 AGCA 19 EGAA 68 GGGA 37
V GTG 4 AGCG 3 EGAG 6 GGGG 5

* Stop codon.

Rodger Staden “Finding protein coding regionsin genomic
sequences’, M ethods in Enzymology 183, 163-179, 1990.
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Gene Modeling

Search by Content

* GC content of overall DNA also has a lar ge effect

e Liverwort mitochondrial DNA isabout 70% AT
o Effect isvery strong on third codon position, Staden, Table V

* Third position changes do not usually change encoded amino
acid seguence
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Gene Modeling

Search by Content

e Hexamer in frame statistic

* Four modelsare used : coding frame O, coding frame 1, coding frame 2, non-
coding. Modelsarefifth order Markov modedl, i.e. given the last five bases, what
isthe next base.

» Scoreissum of log-odds with appropriate coding frame as observed and non-
coding as background modsd, e.qg.,

Score=log (f,/f,) +log(f, /f,)+log(f,/f )+log(f,/f,)
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