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Gene function prediction

Gene function prediction:

Gived a list of genes, a set of features describing each gene and a
reference functional ontology (i.e. Gene Ontology, the FUNctional
CATalogue) the goal is to predict the function of each gene.

The first gene function prediction experiments were all based on the use

of a source of information. But ...

@ There are many sources of information that could be predictive of
gene function.

@ The number of the publicly available biomolecular datasets is con-
stantly growing in the last years as effect of recent advances in high
throughput biotechnologies.
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Heterogeneous biomolecular data integration

Strategies proposed in literature:

@ Vector-space integration: the vectors describing the same set of genes
in different datasources are concatenated and then feed to a single
classifier [4].

@ Kernel Fusion methods: Different kernel matrices, each representing
the same set of genes in different datasets, are fused using various
techniques and then the resulting "integrated” kernel matrix is used
to train the final classifier [3].

@ Graphical models: They provides a probabilistic framework for data
integration. Modeling is achieved by representing local probabilistic
dependencies. Are often based on Bayesian methods [5].

@ Networks integration: This approach aims to integrate several newt-
works of functional relationships into a single network [2].
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Heterogeneous data integration: the ensemble system

approach
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Reasons for ensemble systems in data fusion based gene

function prediction:

@ Structurally different datasets can be easily integrated because the
fusion is performed at decision level (in the intermediate feature
space).

@ As new datasets (or updates of existing ones) are made available
ensemble systems are able to embed the new data (or to update the
existing ones) simply by retraining only the classifiers devoted to
these datasets without retraining the entire system.

@ Ensembles of classifiers scale well with the number of the available
datasources.
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Choice of the combination strategy: (1)

o Categorical output: the most commonly adopted combination strat-
egy is the majority voting.

@ Continuous valued output: the most adopted strategy is the weighted
averaging. In this approach the final support for the appartenence
of the instance x in a learning problem involving C classes and T
classifiers is calculated as:

T
wi(x) = Z weD; j(x) where je{1,2,...,C}
t=1

the weights could be computed using a convex combination rule (wy)

or a logarithmic transformation (w;%):
c Fl’ log t
wf = ——— w; ° o log (1)
Y Fe 1-F
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Choice of the combination strategy: (1)

In a classification problem with T base learners and C classes:

Let DP(x) be a matrix composed by the d; ; elements representing the
support given by the t" classifier to the appartenence of x to a class w;.
Call this matrix a Decision profile.

Let DT; be the averaged decision profile obtained from X;, the set of
training instances belonging to the class w;. Call this matrix Decision

Templates [6)].
DTj = 57 > DP(x ()
|X | xeX;

The similarity S between the decision template DT; for a class wj,
1 < j < C, and the decision profile for a given test instance x is:
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Ensemble selection:

The 'Test and Select’ [1] method allow the selection of subsets of
classifiers during the construction of an ensemble system.

Modified version:

@ Separately for each available dataset, selection of the most significant
features (two sample t-test with BH correction for multiple test).

Training of the component classifiers on the heterogeneous data
sources each with feature subsets selected at point 1.

(2]

© Ranking of the n learners according to the F-measures collected during
"internal” cross-validation on the training set.

()

Evaluation of the ensembles formed by the best 2,3 and 4 component
learners.
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Experimental setup (I): datasets

[ Code | Dataset examples  features | description |
D1 Protein domain binary 3529 4950 protein domains obtained from Pfam
database [9]
D2 Protein domain log-E 3529 5724 Pfam protein domains with log E-

values computed by the HMMER
software toolkit

D3 Gene expression 4532 250 merged data of Spellman [11] and
Gasch [10] experiments

D4 PPI - BioGRID 4531 5367 protein-protein interaction data from
the BioGRID [7] database

D5 PPI - STRING 2338 2559 protein-protein interaction data from
the STRING [8]

D6 Pairwise similarity 3527 6349 Smith and Waterman log-Evalues be-

tween all pairs of yeast sequences

The datasets were merged by intersection resulting into a final collection
of 1910 genes.
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Experimental setup (I1): Functional labelling (MIPS

FUNCAT [12])

Code | Description Code | Description
01 METABOLISM 20 CELLULAR TRANSPORT AND
TRANSPORT ROUTES
02 ENERGY 30 CELLULAR COMMUNICA-
TION/SIGNAL  TRANSDUC-
TION MECHANISM
10 CELL CYCLE AND DNA PRO- 32 CELL RESCUE, DEFENSE
CESSING AND VIRULENCE
11 TRANSCRIPTION 34 INTERACTION WITH THE
ENVIRONMENT
12 PROTEIN SYNTHESIS 40 CELL FATE
14 PROTEIN FATE
16 PROTEIN WITH BINDING 42 BIOGENESYS OF CELLULAR
FUNCTION OR COFACTOR COMPONENTS
REQUIREMENT (structural or
catalytic)
18 REGULATION OF | 43 CELL TYPE DIFFERENTIA-
METABOLISM AND PRO- TION
TEIN FUNCTION
The entire experiment was splitted into 15 independent binary

classification tasks.
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Experimental setup (I11): combining classifier outputs

for any TEST instance x :

linear weights

xL1 wlL1
xL2 wL2
xL3 wL3
xL4 wL4a
xL5 wL5
xL6 wlLé

log weights
xL1 lwL1
xL2 IwL2
xL3 lwL3
xL4 IwL4
xL5 IwL5
xL6 IwL6

Linear WA COMBINER

Log WA COMBINER
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Results: averaged performances

using all the base learner

Metric Lpest Lavg Eiin Elog Epr
F 0.4816 | 0.3470 | 0.4403 0.4112 0.5302
rec 0.3970 | 0.2859 | 0.3304 0.2974 0.4446

prec 0.6785 | 0.5823 | 0.8179 0.8443 0.7034
spec 0.9516 | 0.9533 | 0.9798 0.9850 0.9594

+ test and select

Metric | Lpest Lavg Eiin Elog Epr
F 0.4816 | 0.3470 | 0.5436 0.5441 0.5698
rec 0.3970 | 0.2859 | 0.4793 0.4778 0.5164

prec 0.6785 | 0.5823 | 0.6723 0.6591 0.6435
spec 0.9516 | 0.9533 | 0.9538 0.9573 0.9447

+ feature filtering

Metric Lbsst Lavg E/in E/og EDT
F 0.4893 | 0.2638 | 0.5175 0.4912 0.6310
rec 0.3841 | 0.1927 | 0.3987 0.3711 0.5667

prec 0.7278 | 0.6141 | 0.8708 0.9042 0.7439
spec 0.9639 | 0.9775 | 0.9841 0.9871 0.9552
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Conclusions:

According to the collected F-measures:

@ The performances averaged across all the learning tasks are increased
by the basic ensemble-based data fusion approach.

@ The application of the classifier selection scheme resulted into an
additional increment in the performances obtained by all the tested
ensemble systems.

@ The introduction of the feature filtering step resulted into a decrement
in performances of the Eji, and Ejoz and into an additional increment
in performances of the DT combiner.

We conclude that data fusion realized by mean of ensemble systems is a
valuable research line in gene function prediction and Decision Templates
may represent a good choice for biomolecular data integration.
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