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» Transcriptomics - quantifications | ggéne expression
» Proteomics - quantifications of proteins (peptides)

» Metabolomics - quantifications of metabolites



Gene expression data

M < 100

Gene/Expr E1 E2 E3 E4 E5 E6 E7 E8 E9 EI10 ... EM
Gl -0.47 -3.32 -0.81 0.11 -0.60 -1.36 -1.03 -1.84 -1.00 -0.60 ... -0.94
G2 0.07 0.20 0.29 -0.89 -0.45 -0.29 -0.29 -0.15 -0.45 ... -0.42
G3 ¢ -0.04 0.00 -0.15 -0.58 -0.30 -0.18 -0.38 -0.49 -0.81 ... -1.12

G4 .04 0.00 -0.23 -0.25 -0.47 -0.60 -0.56 -1.09 -0.71 -0.76 ... -0.62
G5 0.28\0.37 0.11 -0.17 -0.18 -0.60 -0.23 -0.58 -0.79 -0.29 ... -0.74
G6 0.54 0.16 0.14 0.20 -0.34 -0.38 -0.36 -0.49 -0.58 ... -1.47
G7 0.20 0.00 0.11 -0.34 -0.03 0.04 -0.76 -0.81 -1.12 ... -1.36
G8 0.40 0.18 0.00 -0.14 0.29 0.07 -0.79 -0.81 -0.92 ... -1.22
G9 0.01 0.28 -0.34 -0.23 -0.36 -0.45 -0.64 -0.79 -1.22 ... -1.09

GN -0.23 0.04 \0.00 -0.30 -0.29 -0.45 -0.97 -2.06 -0.89 -1.22 ... -0.97

N = 10000
Two-channel experiments: ratio-based intensities (“Red/Green”)
One-channel experiments: “absolut” intensities

RNA-Seq: “number” of transcripts expressed



Genes/metabolites/proteins

Conditions/tissues/time
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0.54 0.53 0.16 0.14 0.20 -0.34 -0.38
-0.47 -3.32 -0.81 0.11 -0.60 -1.36 -1.03
0.66 0.07 0.20 0.29 -0.89 -0.45 -0.29
0.14 -0.04 0.00 -0.15 -0.58 -0.30 -0.18
-0.04 0.00 -0.23 -0.25 -0.47 -0.60 -0.56
0.28 0.37 0.11 -0.17 -0.18 -0.60 -0.23
0.54 0.53 0.16 0.14 0.20 -0.34 -0.38
0.20 0.14 0.00 0.11 -0.34 -0.03 0.04
0.40 0.43 0.18 0.00 -0.14 0.29 0.07
0.01 0.46 0.28 -0.34 -0.23 -0.36 -0.45

-0.23 0.04 0.00 -0.30 -0.29 -0.45 -0.97

Time series versus
Feature space

-0.36
-1.84
-0.29
-0.38
-1.09
-0.58
-0.36
-0.76
-0.79
-0.64

-2.06

Condition A

‘'omics data

A 4

Condition B
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LLooking into more than 3D:
Hierarchical clustering and principle component analysis (PCA)
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19 melanomas of all 31 cutaneous melanoma samples

(Bitter et al. Nature. 406: 536, 2000)
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Machine learning

* Supervised learning; used to learn a model from a set of
examples with predefined classes of genes/experiments
(training set)

* Unsupervised learning (clustering, class discovery); used
to “discover” natural groups of genes/experiments



Gene/Expr
Gl
G2
G3
G4
G5
G6
G7
G8
G9

GN

N = 10000

Training examples

M < 100

El E2 E3 E4 E5 E6 E7 E8 E9 EI0 .. EM _
-0.47 -3.32 -0.81 0.11 -0.60 -1.36 -1.03 -1.84 -1.00 -0.60 ... -0.94
0.66 0.07 0.20 0.29 -0.89 -0.45 -0.29 -0.29 -0.15 -0.45 ... -0.42
0.14 -0.04 0.00 -0.15 -0.58 -0.30 -0.18 -0.38 -0.49 -0.81 ... -1.12
-0.04 0.00 -0.23 -0.25 -0.47 -0.60 -0.56 -1.09 -0.71 -0.76 ... -0.62 ¢~
0.28 0.37 0.11 -0.17 -0.18 -0.60 -0.23 -0.58 -0.79 -0.29 ... -0.74
0.54 0.53 0.16 0.14 0.20 -0.34 -0.38 -0.36 -0.49 -0.58 ... -1.47
0.20 0.14 0.00 0.11 -0.34 -0.03 0.04 -0.76 -0.81 -1.12 ... -1.36 _
0.40 0.43 0.18 0.00 -0.14 0.29 0.07 -0.79 -0.81 -0.92 ... -1.22 |
0.01 0.46 0.28 -0.34 -0.23 -0.36 -0.45 -0.64 -0.79 -1.22 ... -1.09 |_
-0.23 0.04 0.00 -0.30 -0.29 -0.45 -0.97 -2.06 -0.89 -1.22 ... -0.97r_
l Y J \ r

WT Transgenic

Transcripton Cell growth



Artificial intelligence:
The Turing test I

1912-1954

» Turing proposed that a computer program show intelligent
behavior if is able to fool a human interrogator

» The Turing test: the computer is interrogated by a human via a
teletype, and passes the test if the interrogator cannot tell if there
is a computer or a human at the other end

— natural language processing
— knowledge representation
— automated reasoning

— machine leaming




Al techniques

» Logics
» Knowledge representation
» Search

» Machine learning

» Pattern recognition

» Automatic theorem proving
» Planning

» Machine vision

» Natural language processing

“...making a machine behave in ways
that would be called intelligent if a

human were so behaving”

- John McCarthy, August 31, 1955

“The subfield of computer science
concerned with the concepts and
methods of symbolic inference by
computer and symbolic knowledge
representation for use in making
inferences.”

- The Free On-line Dictionary of
Computing (September 27, 2003)



Example: Decision tree learning

Social Subraticoral, Christian
Country Communists | Socialises | Greans | Democrats | Liberals | Agrarians regicnal and Democrats | Conservatives | Extreme Right
ethnic patties
P oewwea v a 7 9] 35 4 a =] 24 ]
Sweaden ] Qa 2 43 1Q 17 a 2 18 1
Dernmark £ Q Q 33 13 14 a 3 15 o
Finland 15 Q 2 24 3 25 5 3 21 a
lceland a 15 3 16 4 2 a a 36 a
UK a 9] L+l 39 15 4 9] 42 a
Nether lande 3 5 0 30 z3 9 0 75N\ 9 3
B-Elgi.um 2 9] 4 27 19 a 14 31 9] 2
Luxembourg a 1 3 31 21 ] [8] 34 8] 1
Switzerland 2 2 v 22 23 ( 11 ) a =2 3 =]
Austria 1 a 2 45 a — Q 41 a ]
Géermany 1 4] 3 40 o a a W 4] 1
Franmce 15 2 2 28 20 a a A 25 5
Taly 79 0 3 15 £l 0 3 (3 ) 2 B
Greece 10 a a 39 ] a a v 44 a
Spain -] a a 39 16 a 10 a 21 a
Portugal 15 Q 1 31 38 Q 9] 1 Qa

Class knowledge:
Group 1: Nordic countries

Group 2: UK, France, Greece, Spain,
Portugal
Group 3: Benelux countries,

Switzerland, Austria, Italy, Germany

Christian Democrats > 16

Group 3

Group 1

Agrarians > 4

Group 2



EVOLUTION

Phylogenetic tree
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P. Larranaga. Briefings in
Bioinformatics 2006
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Primer design
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! DATA

Backtranslation

OTHER APPLICATIONS

Mass espectrometry data
pre-processing

Mass espectrometry data
Analysis

MANAGEMENT

IMAGE ANALYSIS

Biomedical image analysis

MICROARRAY

Microarray data analysis i

Microarray data
pre-processing

Microarray image analysis




Bayes decision rule

likelihood prior
\ /
X1 VP(w.

(X)
/ : ™~

posterior evidence

Bayes decision rule:

If P(w,|x) > P(w,|x) then choose w,, else choose w.,.



Example

pdf
4 P(color|peach) 4 P(peach|color) P(apple|color)

P(color|apple) —> /

» color » color

» Bayes Decision Rule
— If P(apple | color) > P(peach | color) then choose apple

» Note that the evidence p(color) is only necessaty for normalization
purposes; it does not affect the decision rule



>
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So, what about the data?

Use examples to estimate the probability distributions: == -
- P(ﬁ/j) iS easy. 400,00 - __
— pl|w): Histogram! oo i i

400,00

200,00

0,00 1
3735 9722 15T.09  Z16.98  276.63

One feature: bins are rectangles, Two features: cubes, #-features: hyper-cubes.
More dimensions/features require more training data: Curse of
dimensionality!

— If we need 10 observations when we have one feature (to get a good histogram),
then we need 10” observations when we have #-features!

If the true probability distributions are known, then Bayes decision rule is
optimal (minimizes error rate)



Decision trees / Rule learning

Final decision tree:

Overcast

Interpretation:

IF weather = sunny THEN play

IF weather = raining THEN no play

IF weather = overcast AND light = good THEN play
IF weather = overcast AND light = poor THEN no play



Overfitting

Opverfitting: The method learns the random patterns in the data as
well as the underlying process that created the data

— Occurs because the alg. tries to reduce the classification error

To identity this phenomenon:
— Split data into training data (*75%) and test data (=25%)

— Build tree on the training data and test the model on the test
data

A decision tree X 1s overfitted if there exists a tree Y that do better
on an unseen test set, but worse on the training set

“Solution”: Prune complex branches of the tree



Occam’s razor

» William of Occam 14% century: #hings should not be
mnltiplied unnecessarily

» Issac Newton (1687): we are to admit no more canses of
natural things than such as are both true and sufficient to explain
their appearance

» Albert Einstein (20% century): everything should be made as
simple as possible, but not simpler

The simplest model that explains the data should be chosen



Decision trees: greedy algorithm

> Decision trees are built by iteratively splitting the training
examples using the “best” feature: greedy

» Would benefit from some search strategy

— A split could be evaluated in terms of its current ability to classify the data
AND the accuracy of the splits later on in the algorithm run

» All problems are search problems!



Sequence alignment as a search problem
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Algorithm design

» Exhaustive algorithms (brute force): examine every
possible alterative to find the solution

» Greedy algorithms: find the solution by always
choosing the currently ”best” alternative

» Randomized algorithms: finds the solution based on
randomized choices



Time complexity

» Genome assembly: pice together a genome from short reads (~200bp)

— Aspen: 300M reads
— Spruce: 3000M reads

» Pair-wise all-against all alignment for Aspen takes 3 weeks on 16 processors

» What about spruce?

P Bioinformatician:
Spruce: 300 uker

Time complexity: O(n?)

Time (weeks

100 -

Biologist:
Spruce: 30 weeks

0 500 1000 1500 2000 2500 3000 3500

Million reads



Tractable versus intractable problems

» Some problems requires polynomial time
— e.g. sorting a list of integers

— called tractable problems

» Some problems require exponential time
— e.g. listing every subset 1n a list
— called intractable problems
» Some problems lie in between
— e.g. the traveling salesman problem
— called NP-complete problems

— nobody have proved whether a polynomial time algorithm
exists for these problems



Phylogenetic trees/Decision trees

» Number of trees with 7
leaves: 7"

— n=10: 10%

— n=30: 104

— n=50: 108!

Archaea

| eereia > Lhere are70% particles
i / IR in the universel!



Method power

You want to find homologous proteins to a specific protein A
using some computational method X:

TP/(TP+FN)

Specificity: TN/(TN+FP)
All proteins in the database

AN

Predicted\by X to be

~— homologouito A

TN

Homologous to A



Cross validation

lteration 1 Iteration 2 Iteration 3

Observation 1
Observation 2
Observatlon n

» k-fold cross validation: £ iterations

Fold 1

Fold 2

Fold 3

> Leave-one out cross validation: 7 iterations



Evaluation

» Classifications can be
— True positives (TP)
— False negatives (FN)
— True positives (TP)
— False posttives (FP)
» Evaluation measures:
— accuracy = (TP+TN)/(TP+FN+TN+FP)
— sensitivity = TP/(TP+FN)
— specificity = TN/(TN+FP)
» Confusion matrix:

Predicted
Class 0 | Class 1
o
® TN | FP
w O
=
& -
o FN | TP
O




Threshold selection

O Gene with function “protein biosynthesis” sensitivity:
. . , TP/(TP+FN)
@ Gene with a different function e
specificity:
TN/(IN+FP)
ER
. O
- o
S £ O
o O
oooooooooooooooooooooooooooooooooooooooooooooooo 8.....;............... Threshold’l
e D Ot
@
@
— —
& & 8 8 8 8 8 8 & 8o 811 812 Test set

Sensitivity = 2/3, Specificity=1




ROC analysis and classifier evaluation
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sensitivity

ROC analysis and classifier evaluation

Perfect discrimination

No discrimination

Which ROC curve is better?

A dominants B and C and clearly
has a higher AUC

B and C have approximately the
same AUC

B is better for some thresholds,
C for others

1 - specificity

A 4



Linear versus non-linear classifiers

H, I| H,

» Linear: Finds a hyperplane that separates the classes
— In two dimensions: w, +w, x, + wyx,
— Use the examples x to estimate w

Maximum margin

separating "hyperplane
» Non-linear: o
— Support vector machines uses the kernel trick: f -
The kernel maps the observations into a
higher dimensional space where the
problem i1s linearly separable
— Artifical neural networks

Support vectors



Number of cells

The kernel trick

SiRNA classification

Number of cells

Input space (descriptors)
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Artificial neural networks

» Inspired by how the brain works — a mathematical model for
the operation of the brain

> Learning in an ANN is reduced to the process of using the
training data to tune the weights so that the network
represents the desired function

- Output units 0,

Wi

Hidden units 4 ;

Wei

Input units I,




Image recognition

ANN
A
-~ ™
Input layer Hidden layer Output layer
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Clustering analysis

Need to define;
* measure of similarity

* algorithm for using the measure of similarity to
discover natural groups in the data

The number of ways to divide 7 items into £ clusters:

k'] R

Example: 10°"/10! = 2.756 X 1049




What is similar?

LK IR 2 4

s T
2 1 o
<} 5l | |
o |

(a) Individual cards

LK 2R 2 4

~ >

(c) Black and red suits

o How

A

o]
3l st

(e) Hearts plus queen of spades

and other suits (hearts)

=

Q

(b) Individual suits

LK IR 2 4

A
K
Q
I

(d) Major and minor suits (bridge)

® & 6@
Al |
K| |
Q| |

S ]

(f) Like face cards

E2

Measure of similarity

Euclidean distance

A 4



Hierarchical clustering

Inter-cluster similarity measures: (a) single linkage, (b) complete linkage and (c)

average linkage
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(c)

Cluster distance
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Example of hierarchical clustering:

languages of Europe

TABLE 12.3 NUMERALS IN 11 LANGUAGES

English  Norwegian  Danish ~ Dutch ~ German French Spanish Italian Polish Hungarian  Finnish
(E) (N) (Da) (Du)  (G) (Fr) (Sp) (1) (P) (H) (Fi)

one en en een eins un uno uno jeden egy yksi

two to to twee zwei deux dos due dwa ketto kaksi
three tre tre drie drei trois tres tre trzy harom kolme
four fire fire vier vier quatre  cuatro quattro cztery negy neua

five fem fem vijf funf cing cinco cinque piec ot viisi

SiX seks seks zes sechs SIX seis sel szesc hat kuusi
seven sju Syv zeven sieben sept siete sette siedem  het seitseman
eight atte otte acht acht huit ocho otto osiem nyolc kahdeksan
nine ni ni negen  neun neuf nueve nove dziewiec kilenc yhdeksan
ten ti ti tien zehn dix diez dieci dziesiec tiz kymmenen

Distance: Frequency of numbers with different first letter e.g;
dpn =2 dpp, =7 dgy =1

Inter-cluster strategy: SINGEL LINKAGE



Iteration |
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Iteration 2
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Iteration 5
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Any data mining result needs to be consistent
BOTH with the data and current knowledge!
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Evaluation of clusters

Clusters may be

evaluated

according to how
well they describe

current knowledge
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Randomization experiments

Randomize the input data

P-values: fraction of randomized datasets resulting in
’better’” models than the real data

Better?

* Cross validation

* Existing knowledge

* Other model properties



Example: Hierarchical
clustering

96 normal and malignant lymphocyte

samples

Almost 20 000 cDNA clones

Two sub-clusters of DLBCL were
shown to include patients with
significantly different expected survival
time!

L

Probability
=
(]
]

Alizadeh et al., Distinct
types of diffuse large B-

cell lymphoma o007

identified by gene 0.0 I | I
expression profiling, o 2 4 &6 8

I
10 12

Nature, 403:503-511, Overall survival {years)

2000.
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K-means clustering

* Split the data into &£ random clusters
* Repeat

— calculate the centroid of each cluster

— (re-)assign each gene/experiment to the closest
centroid

— stop 1f no new assignments are made



Example of K-means:
two dimensions

Initial
clusters
° ° K=2




Iteration |

Calculate
centroids




Iteration |

(Re-)assign




Iteration 2

Calculate
centroids




|teration 2

(Re-)assign




Iteration 3

Calculate
centroid




Iteration 3

(Re-)assign

NO new
X assignments!
° * STOP




Hierarchical vs. k-means

» Hierarchical clustering:
— Huge memory requirements: stores the # X 7 matrix
— Running time: O(n?)
— Nice visualization: dendrogram

—  Deterministic

— Cannot correct early “mistakes” (greedy alg.)

» K-means:
— Low memoty usage
— Running time: O(4&7), where £ is the number of iterations
— Improves iteratively: not trapped in previous mistakes (randomization alg.)
— Non-deterministic: will produce different clusters with different initializations

— Number of clusters must be decided in advance



Network representations

» Network: nodes connected by edges
» Nodes represent genes, proteins, metabolites

» Edges represent relationships
— Co-expression networks: expression correlation
— Gene networks: genes affect the expression of other genes

— Regulatory network: transcription factors regulate genes by
binding DNA motifs in the promoter region

» Network representations are flexible and allow
integration of heterogeneous data



Co-expression networks versus gene networks

G1 Co-expression network:
Expression of G1 correlates with that of G3

G3 Expression of G2 correlates with that of G3

G2

G1

Gene network:

The expression of G3 can be predicted
from that of G1 and G2

G3

G2



Co-expression network in aspen trees

Based on a UPSC
collection of over

1000 cDNS

mICroarrays

A Gronlund, RP Bhalerao, | Karlsson.
Modular gene expression in Poplar: a

multilayer network approach. New
Phytologist, 2009.




Regulatory network in Arabidopsis

Figure 1

J. Carrera, G. Rodrigo , A. Jaramillo and S. F Elena. Re
network under changing environmental conditions. Genor

Figure 3



Systems biology

Phenotypes

Regulatory
genome
(promoters)

Trans- |~ Pheno-
criptomics types

(
)
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Prot- Meta-
eomics | bolomics
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A — ]

Emerg‘eﬁé@} e
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Synergy from integration




Holistic versus reductionistic

» Emergent properties:
— Can biology be reduced to chemistry?
— Can chemistry be reduced to physics?

— Ernest Rutherford : "Physics is the only real science. The rest
are just stamp collecting.

» Can biological systems be reduced to individual genes,
proteins and metabolites?

Derek Gatherer . So what do we really mean when we say that systems biology is holistic?
BMC Systems Biology 4: 22, 2010.



Gene 2

0.8

0.6

0.4

0.2

Emergent properties:
differential expression

] L s
’
* * S
] * )
* ’ |
’
’
i e e S m
’
/ [ ] 4 Slowgrowing trees
’
) ’ :
* o ,’f | - | Fastg.r.om-ngt-rees
] ’ B = = = = Classification line
’
;s B
’
’
4 . I I I 1
0 0.2 0.4 0.6 0.8 1

Genel



Emergent properties:
AND logics in regulation




Genes

Genes

Inferring regulatory mechanism

Time series data

Time _ Foreachgenei:

: dy

L:ai -0V, +Z,Bijyj'
j

where ¢, Is its transcription rate,
0, the degradation coefficient,
and g; Is the regulatory effect that gene j has on genel.

Steady state data

Conditions/samples
' If B issignificantly
% =0and 0; =1, thus different from 0!
Yi = & +Zﬂijyj
|

71



Example: Three genes

Cond. A

Yi=a+[,Y, + Pi3Ys Cond. B

Cond. C
Cond. D
Cond. E

Cond. F

Choose «, ,and 3, so that the correlation

1.2
1.7
1.1
1.3
1.4
1.8

13
14
0.9

1.2

1.4
1.9

between observed (y,) and predicted (y,
predicted) expression is maximized!

-1.1

-1

-1.2

1.4

1.2
1.1

y; predicted

a+ B, 1.2-8,,13
a+ B, 1.7-8,; 14
a+ B, 1.2-8,,-09
a+ B, 13+ 8,12
a+ B, 14+8, 14

a+ B, 1.8+ 8, 1.9

Correlation: 0.78

o =-0.46
P.=0.43
pz=0.50

10.594
-0.429
-0.437
0.699
0.842
1.264



Linear versus non-linear models

» Linear model:
Vi =a+ B,Y, + PiaYs

» Non-linear model:
Vi =a+ B,Y; + Pia¥s + PrasYaYa

L > 0:synergistic interactions
L5 < 0:competitive relationship



AND - logic

yl

=== yl-pred-lin

= = = yl-pred-nonlin

Correlation between observed and predicted:

Linear model: 0.77

Non-linear model: 0.01
Correlation between gene 1 and

gene 2. 0.55

gene 3: 0.65

Linear model:
a =-0.46
.= 0.43
B;=0.50

Non-linear model:
o = -0.55
=037
By=0-27
ﬁ123=0'37



OR - logic

— 2
— 3

yl
=== yl-pred-lin

= = = yl-pred-nonlin

Correlation between observed and predicted:

Linear model:
Non-linear model:

0.85
0.96

Correlation between gene 1 and

gene 2:
gene 3:

0.72
0.60

Linear model:
o = 0.59
p..= 0.40
By=0-27

Non-linear model:
a = 0.64
p.=0.43
p,5=0-40
B,,;=-0.21



XOR - logic

vyl

=== yl-pred-lin

= = = yl-pred-nonlin

Correlation between observed and predicted:

Linear model: 0.40

Non-linear model: 0.92
Correlation between gene 1 and

gene 2: -0.19

gene 3: -0.39

Linear model:
o = -0.02

B,,= -0.10
ﬁ13=_0'30

Non-linear model:
o =0.11

p.,= -0.01
B;=0.03
ﬁ123=_0'56



Overfitting and the course of dimensionality

X=1Yy

y = 3+X Has a unique solution: X=-3.5, Y=-0.5
X=1Yy Has many solutions: z=3, x=-3.5, y=-0.5
y=2+X 2=6, X=-7, y="1

l.e. we need more samples than genes in order to solve:

Yi =&, +Z:Bijyj
]

there are ~45 ooo genes in Populus ...
and even ~2500 transcription factors ...




Genes

Data dimentionality:
How many samples do | need!?

Time series data

Genes

Steady state data

Conditions




» Predicting relationships between genes require high quality data observed
over many different conditions

» Co-expression: Analogous to establishing whether you are being followed by
the car behind you

Lincoln 70th St.
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> Gene networks: Analogous to establishing whether you are being followed by
many collaborating car behind you



A

Complexity

Complexity of data analysis

To do e.qg. a t-test you need at
least three biological replicates

from each class

Bonferroni for 10k genes: 0.5e-5

Differential

expression

v

g g g ; l bk
Transgenic trees

Wild-type trees




>

Complexity

Complexity of data analysis

Co-expression network:
(&)

. 7z
Time

Similarity can happen by chance
(e.g. Pearson correlation).

1

THg,
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Complexity of data analysis

Gene network:

- > Vi =a+ ByuY, + PiaYs

Detecting genes that best
predict the expression of our —
nteractuon

gene of interest ... linear ... relationships

Linear
relationships

>

Complexity

Expression
similarity

Differential
expression




>

Complexity

Complexity of data analysis

Gene network:

©
Vi=a+ B,Y, + Bi3Ys+ P Y, Ys

. and non-linear models.

Linear
relationships

Expression
similarity

Differential
expression

Interaction
relationships




Are there laws of genome evolution!?

(or Is biology more than stamp collecting?)

(A) Log-normal distribution of
evolutionary rates of orthologous
5 genes.

L=Lt)
o

A | B

o
)

&8 8 . @ (B) Anticorrelation between gene

° & Tt o expression level (protein abundance)
= h"'&'.‘.!& .

%0 5 g2 and sequence evolution rate.

L] a

[Fog] gene evolution rate
o

' Dogl gene eveiution rate - [leq] protein abundance (C) Power law-like distribution of
paralogous family size and out-
degrees in networks.

E

o (D) Differential scaling of functional
1,¢ ;?%B*’,#" classes of genes with the total
P e .

5 e’ b%a?; number of genes in a genome: 0 — no
“ g - 0 dependence, typical of translation
T T T system component; 1 — linear

e o : 1?8 ke R Y i
o, o * dependence, characteristic of
T T OO0 — OO — O D0 T - T T - - r - . . A
ol gors amily size [log] number of genes in g metabolic enzymes; 2 — quadratic
dependence, characteristic of
regulatory and signal transduction

system components.

C.q_u Dl 3

Dog] mumbaer of gene Eamilies
o
of ganes in

[F=q]

Koonin EV (2011) Are There Laws of Genome Evolution? PLoS Comput Biol 7(8): €1002173.



Some freely available tools

» R contains packages for most methods discussed here
» Machine learning: RapidMiner
» Networks: Cytoscape
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