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Compiling and Installing BioMaLL

BioMaLL can be downloaded on the internet at:

http://www.geneprediction.org/biomall/inde8.html

Unpack the “tarball” via the commands:

gunzip biomall.tar.gz

tar xvf biomall.tar

In the BioMaLL directory, enter the command

make biomall

to compile the library.



Running BioMaLL

All BioMaLL programs are executed via the UNIX command-line.

The correct usage of each program can be determined by running the

program with no parameters.  The program will print out a usage

statement:

[bmajoros $] apply-bayes-net

apply-bayes-net <*.model> <*.names> <*.data> <outfile>

i.e., this program requires four parameters: a model file, a names file,

a data file, and the name of a file where the output should be stored.



Directory Structure

BioMaLL
common = source code common to all classifiers

BOOM* = container class library (Bioinformatics Object-Oriented Modules)
annealing = simulated annealing
bayes = naive Bayes classifier
bayes-net = Bayesian networks
ET = entropy-based decision trees
f-ratio = feature selection via F-ratio
GP = genetic programming
knn = K-nearest neighbors classifier
LDA = Fisher’s linear discriminant analysis
logistic = logistic regression
neural = feedforward neural network classifier
PCA = principal components analysis
progen = synthetic problem generator
regress = multivariate linear regression classifier

*BOOM is built on the standard template library (STL), the gnu scientific library (GSL),
 and the template numerical toolkit (TNT)

each type of classifier

is in a separate

subdirectory
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File Formats

The *.names file specifies the attributes (and their data types) of the objects to be

classified, and the number of categories into which they can be classified:

The *.data (for training) and *.test (for accuracy evaluation) files contain one line per

object to be classified, with attribute values separate by whitespace; attributes must be

in the same order as given in the *.names file:

2 categories

orf_length:      continuous

signal1_score:   continuous

signal2_score:   continuous

hexamer_score:   continuous

The possible data types are continuous (meaning numerical) and discrete

(meaning categorical). Categorical attributes such as color must be encoded into

integer values (i.e., representing red white and blue as 1 2 and 3).

-7.2200        -46.4053        -81.4875        15.5713    1

-7.0832        -56.6218        -65.6119        -15.9614        0

-7.1820        -56.4384        -65.6939        -5.89178        0

  ...            ...              ...             ...         ...

The last column indicates the correct category of the object. Categories must be

numbered starting at zero.



Accuracy Evaluation

The evaluate program in the root BioMaLL directory compares a set of predictions

to a *.test file and reports the accuracy:

[bmajoros $] apply-bayes 1.model 1.names 1.test 1.out

[bmajoros $] ../evaluate

evaluate <predictions> <test-cases>

[bmajoros $] ../evaluate 1.out 1.test

84% accuracy

A baseline accuracy can be assessed using the baseline program from the root

BioMaLL directory:

[bmajoros $] ../baseline 1.data 1.test

50 %     [UNIFORM RANDOM GUESSING]

52.14 %  [ALWAYS PREDICT CLASS=0]

50.09 %  [RANDOM GUESSING BY TRAINING DISTRIBUTION]



Part II

Algorithm Descriptions and

Examples



Since the denominator is invariant w.r.t. Yi, it suffices to compute:

P(Y) is trivial (just count training cases), so we are left with:

P(X|Yi) ! P(X1=x1|Yi) · P(X2=x2|Yi) · … · P(Xn=xn|Yi),

assuming conditional independence (the “naive Bayes” assumption).

Classify an object (=feature vector) X into the most probable category

Yi according to P(Yi|X).

Use Bayes’ Theorem to invert P(Yi|X):

Naïve Bayes Classification
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Example: Training and Applying a Naive Bayes Classifier

[eaglet] BioMaLL/bayes> cat arab1.names

2 categories

length_prob:     continuous

signal1_score:   continuous

signal2_score:   continuous

hexamer_score:   continuous

[eaglet] BioMaLL/bayes> less arab1.data

-7.22008        -46.4053        -81.4875        15.5713   1

-7.08321        -56.6218        -65.6119        -15.9614        0

-6.1875     -40.117        -80.3785       -13.286   0

-7.18202        -56.4384        -65.6939        -5.89178        0

...etc...

[eaglet] BioMaLL/bayes> less arab1.test

-4.9694     -79.1143        -52.7902        -9.49414      1

-5.21918        -79.577         -55.1701        4.30175       1

-6.1543     -50.455        -62.5431        -80.2211       0

-6.25661        -56.3978        -72.3367        12.7841        0

...etc...

[eaglet] BioMaLL/bayes> train-bayes arab1.data arab1.names arab1.bayes 10

[eaglet] BioMaLL/bayes> apply-bayes arab1.bayes arab1.names arab1.test arab1.predictions

[eaglet] BioMaLL/bayes> ../evaluate arab1.predictions arab1.test

85.71 %

[eaglet] BioMaLL/bayes> ../baseline arab1.data arab1.test

50 %     [UNIFORM RANDOM GUESSING]

47.85 %  [ALWAYS PREDICT CLASS=1]

49.98 %  [RANDOM GUESSING BY TRAINING DISTRIBUTION]



Just like Naive Bayes, except that we allow some attributes to be

dependent on other attributes:

P(X|Yi) ! P(X1=x1|Xparent(1),Yi) · P(X2=x2|Xparent(2),Yi) · … · P(Xn=xn|Yi),

and assume conditional independence of all others. One option for

building the dependence network is to compute all pairwise "2

independence statistics, and then build a maximal spanning tree

(MST) using these "2 values as edge weights:

Bayes Network Classification
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Example: Training and Applying a Bayes Network Classifier

[eaglet] BioMaLL/bayes-net> cat arab1.names
2 categories

[eaglet] BioMaLL/bayes-net> ./train-bayes-net arab1.names arab1.data arab1.bn 8

Accuracy on the training set: 87%

[eaglet] BioMaLL/bayes-net> apply-bayes-net arab1.bn arab1.names arab1.test
arab1.predictions

[eaglet] BioMaLL/bayes-net> ../evaluate arab1.predictions arab1.test
88.71 %



Given object X, find the K most similar training examples and classify

X into the most common category Y among the K neighbors.

Compute object similarity using Euclidean distance:
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Or use Mahalanobis distance to control for correlations:

K-Nearest Neighbors Classification
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!"ample: *raining and 0pplying K-4earest-4eighbors

[eaglet] Bio,a--/knn1 knn

!nn#$%w'()#*+,#*n-(e'%/i1e,#*tr-in%/i1e,#*te't%/i1e,#*45t%/i1e,

###%w#6#wei7ht#9-ri-b1e'#b;#F#r-ti4#=between%7r45>#MSAwithin%

###7r45>#MSB

###%'#6#'te>wi'e#%#Cr4>#9-ri-b1e'#with#14w#F#r-ti4

###%(#6#(-h-1-n4bi'#%#-cc45nt#/4r#(51tic411ine-rit;

[eaglet] Bio,a--/knn1#knn 2 arab5.names arab5.data arab5.test

ar a b5.predictions

EF#GHF#GEF#IHF#IEF#JHF#JEF#KHF#KEF#EHF#EEF#LHF#LEF#MHF#MEF#NHF

NEF#OHF#OEF#HPKMEJJJ#'ec

[eaglet] Bio,a--/knn1 ../evaluate arab5.predictions arab5.test

OI#F

[eaglet] Bio,a--/knn1#knn >m 2 arab5.names arab5.data

arab5.test ara b5.predictions

EF#GHF#GEF#IHF#IEF#JHF#JEF#KHF#KEF#EHF#EEF#LHF#LEF#MHF#MEF#NHF

NEF#OHF#OEF#JPNLKK#'ec

[eaglet] Bio,a--/knn1 ../evaluate arab5.predictions arab5.test

OJ#F
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!"#$p&e( Tr#ining #n/ App&ying LDA
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Example: Classification using Logistic Regression
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!u#ti&ariate +inear -egression 1#assi2ication

!=""#"$-%"##

4xam7#e: !u#ti&ariate +inear -egression 2or 1#assi2ication

!eaglet' Bio,a--/regress1 regress arab3

discri'inator, ..00112345. 6 -....2442.5450 6

....44120453 6 .... 495043453 6 ..21;.51

<cc=racy on trainin? set,  15.4A

<cc=racy on test set,  14.431;A
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Entropy-Based Decision Trees (ID3, C4.5)
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Example: Training and Applying an Entropy-based Decision Tree

[eaglet] BioMaLL//T1 build-tree arab1.data arab1.names arab1.tree

!"#$%&#'(e*

[eaglet] BioMaLL//T1 apply-tree arab1.tree arab1.names

arab1.test arab1.predictions

+"+,-.//'(e*

[eaglet] BioMaLL//T1 ../e?aluate arab1.predictions arab1.test

//"$!'0

[eaglet] BioMaLL//T1 prune-by-inde@ -c arab1.tree @ 0 arab1.names

1234e'546e7'83(9':e':e9;ee4'+'<46'&&

[eaglet] BioMaLL//T1 prune-by-inde@ arab1.tree arab1.pruned BC

arab1.names

=23454>';59?'9?2e(?@A6',-'@39'@B'&$'C+"/-!.#.D

+"++.+,'(e*

[eaglet] BioMaLL//T1 print-tree arab1.pruned arab1.names

(5>4<A%E(*@2eFGH-/"-#-#I

J'''?e7<8e2E(*@2eFG!"-!.&&I

J'''J'''*<9e>@2KG+ 
J'''J'''(5>4<A%E(*@2eFGH$,"-#,I

J'''J'''J'''*<9e>@2KG!

J'''J'''J'''?e7<8e2E(*@2eFG./"$/#%I

J'''J'''J'''J'''*<9e>@2KG+

J'''J'''J'''J'''*<9e>@2KG!

J'''*<9e>@2KG!



!rans&er &unction. /01/2!3! inputs5

!rain t6e network 9: gra<ient <escent 0 6ill3cli>9ing?

/ Bias no<e

attr / attr A attr B C attr N

Enputs F nor>aliGe< attri9utes HIJ/K

ca
te

g
o
r:

 /

ca
te

g
o
r:

 A

ca
te

g
o
r:

 B

ca
te

g
o
r:

 L

C

Margest output F pre<icte< categor:

Backpropagation Neural Networks

neuron

s:napse



!""""

!"

"

"

"

"!"

####$
%

&'

&'

#

#

(

%

(
!"#!# !!!=

"

"

"

"

"

"
=

"

"

!k

!k
#

$
#

!

!
"!# $

!e#i%&'ion*o+*,&-k/#o/

!"#$"%&'%&$()*+#,

!

"

#

--
kin

k

$
o

!
!

=
!

!

!

!

!"" #$%& !=

$"!

! "!
k

kk
otE

!"#
!

$

!"w

$

!

!

%

$"!

$#"

&!

+.'+/&+0
"12+#3+0



!"#$%&'$()*+,()'-

!j!j
o$ !"=#

!o#$%&$'$#())*%+o#%('*%)(*$#%,o'-(.'.'&%'$/#o'%j0

!"#!#
!!!!!
"""# !!="

k

kj

jkjjj woo !! "
#

$! )1( +o#%('*%1.22$'%)(*$#

+o#%-1$%o/-3/-%)(*$#

0%%w1$#$

!
"

"

"

"

"

"

"

"

"

"
!

"

"

k ij

j

j

j

j

k

k

k

kij w

in

in

o

o

in

in

o

o

'

w

'

! """"!
!

i###!!!!! ooo%ooot !"#!"#!#

5o#%6.22)$%)(*$#7

8#$,/#9.:$)*

+o))ow9%())%3(-19

+#o6%wij%-o%ok;



E"am%l'( *raining an/ A%%lying a 2'ural 2't5or7

!"#$%"&'()*+,#--.n"01#%2(3#&(#1#4563+n7*$

ma#$terations,-..

learning1ate,.2.-3

num5ayers,7

neurons8er5ayer,7

net9or:;ilename,none

min<a=>,7

ma#<a=>,7

ran=omi?e,7

noise<factor,.2BB

!"#$%"&'()*+,#--.n"01#%2(&1#*n8n"&(#1#4569#&#(#1#456n#:";(#1#4

563+n7*$(#1#456n"&

C2BDB sec

!"#$%"&'()*+,#--.n"01#%2(n"&83%#;;*7<(#1#456n"&(#1#456&";&(#1#4

56n#:";(#1#456=1"9*3&*+n;

.2.-F7CF sec

!"#$%"&'()*+,#--.n"01#%2(66.">#%0#&"(#1#456=1"9*3&*+n;(#1#456&";&
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!"#$p&'()!*+&*,-.)#)/&#00,1,'2)30,-.)4'-'5,6)72+.2#$$,-.

!eaglet' )i+,a--./01 gp a3a45

generation *+ acc-rac./*.1234*.516 a78*.9*3: a7 ;eig;t8*

generation 1+ acc-rac./*.124*.519 a78*.932: a7 ;eig;t81.32

generation <+ acc-rac./*.15<4*.512 a78*.921: a7 ;eig;t81.9=

...etc...

generation <>5+ acc-rac./*.1>4*.529 a78*.26: a7 ;eig;t8<.=1

generation <>>+ acc-rac./*.1>4*.529 a78*.233: a7 ;eig;t8<.=1

3.*2>9> min

acc-rac. of Ainner on test set+ 5=.1C

!eaglet' )i+,a--./01 6at a3a457gp7t3ee

do-ble mainG-nction/: H ret-rn if/lengt;>sig<: t;en ;eJKlengt;

else 1.9=59//4>.1<99=>sig1::M N



!eaglet' )io,a--//01 cat arab1.g7

max-generations         = /00

population-si4e         = 1000

log-file                = 7dev7null

crossover               = 0.2

point-mutation          = 0.2

su=tree-mutation        = 0.2

immigration             = 0.1

cloning                 = 0./

percent-training-set    = 0.9

tournament-selection    = 0

tournament-si4e         = 0

min-const               = -20

max-const               = 2

initial-tree-?eig?t     = /

max-tree-?eig?t         = /

seed                    = 0

max-adf-call            = 10

adf-arities             = 0

entry-point-arities     = 0

result-producing-=ranc? = 0

nonterminals            = A,-,C,7,if,D,E

terminals               = const,var



Simulated Annealing
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!"a$%le( Si$ulated /nnealin1

!ea$let' )io,a--.annealin$0 anneal ara234con6i$ ara234names ara2

349ata ara234tree

"5.%3'3 sec

final acc0racy on training set6 778

!ea$let' )io,a--.annealin$0 cat ara234tree

do0ble main<0nction=> ? ret0rn ===length-7.1C%3>/C.%C''1E>-=if=-

1 1.151F> then sig1 else heGH=-1C."CF3-heG>>>I J

!ccurac& (&-axis) vs. generations (x-axis) o5 simulated annealing. 9=2.8e-10, initial

temperature=100, 5inal temperature = 1, temperature deca& 5actor = 0.9999.
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Feature (election .ethods



Example: Feature Selection via F-ratio

[eaglet] BioMaLL/f-ratio> f-ratio arab1.names arab1.data

F(length)=114.693

F(sig1)=477.876

F(sig2)=259.967

F(hex)=359.783

Example: Feature Selection via Principle Components Analysis

[eaglet] BioMaLL/PCA> pca arab1.data arab1.names arab1.model 3

rounded eigenvalues: 2512, 273, 43, 0

component 0: 4 -0.00701833  -0.0277586  0.0671525      0.997332

component 1: 4 -0.0193795    0.742358   -0.666521      0.0654039

component 2: 4 0.114123     -0.663282   -0.73892       0.0320951

[eaglet] BioMaLL/PCA> apply-components arab1.model arab1.names

arab1.data arab1.recoded

[eaglet] BioMaLL/PCA> head -5 arab1.data

-7.22008        -46.4053        -81.4875        15.5713 1

-7.08321        -56.6218        -65.6119        -15.9614    0

-6.1875  -40.117   -80.3785        -13.286 0

-7.18202        -56.4384        -65.6939        -5.89178    0

-5.51827        -51.3482        -76.2935        -6.37986    1

[eaglet] BioMaLL/PCA> head -5 arab1.recoded

11.3965  21.0221 90.6683 1

-18.7034        0.791394       84.7175 0

-17.4912        23.0437 84.8696 0

-8.67051        1.6427  84.9684 0

-10.0221        12.4221 89.5986 1



Part III

Sample Data Sets



Distinguishing Exons from Non-Exons

Exons (category 1) were randomly selected from the annotated DNA of a target

genome. Non-exons (category 0) were obtained by randomly sampling open reading

frames (ORFs) from DNA containing both coding and noncoding segments -- overlap

with true exons was not prevented and probably occurred; thus, some non-exons will

have characteristics similar to exons.  Numbers of true and false exons were roughly

equal in all data sets.

Input features:

   1. weight matrix score of the first signal (acceptor splice site start-codon)

   2. weight matrix score of the second signal (donor splice site or stop-codon)

   3. exon length probability (from empirical training distribution of true exons)

   4. hexamer score = ! log P(H|coding)/P(H)  over all hexamers H in the interval

Categories:

• 0 = not an exon

• 1 = an exon

Data sets:

arab1 = arabidopsis thaliana

human1 = homo sapiens

aspergillus1 = aspergillus fumigatus


