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Abstract—M ativation: One of the important goals of biological can be the key to assign accurate functional annotationitp a s
investigation is to predict the function of unclassified gene. Al- nificant number of unclassified genes [9] but they alone often
though there is a rich literature on multi data source integration lack the degree of specificity needed for accurate genei@mct

for gene function prediction, there is hardly any similar work - o . e .
in the framework of data source weighting using functional prediction. This improvement in specificity can be achieved

annotations of classified genes. In this investigation we propose through the incorporation of heterogeneous functionaa dat
a new scoring framework, called Biological Score (BS) and an integrated analysis [9].

incorporating data source weighting, for predicting the function The value of combining informations, obtained from differ-
of 'f/loert';]i dosf' t?ﬁe”récs'a?:'zg%f{?é %enﬁrsét evaluating the simi. M methods, for gene function predictions, has beenrifitest
larities between genes, arisﬁng frorx different datagsources, in by sev_eral stu@es [3]_’ [9]. Marcotte et al. [3] pred|c.te.dny|a
a common framework, and then integrating them in a linear POtential protein functions for Saccharomyces cerevisased
combination style through weights. The relative weight of each on a heuristic combination of different types of data. Von
data source is determined adaptively by utilizing the informa- Mering et al. [10] first developed quantitative methods t@ame
tlon_logl Y?aSt (;O'Sr']'m processGannotatlcl)Dnsi %f clasggesj g(‘;"”esfsure functional relationship among genes from three differ
2}’:' Su;egjﬂ byagcmaé?hn%cﬁ;”egg%n;e Wﬁe?e’a?gr (each)éeneerjeséour_ces of infqrmation.lln [9], heterogeneous data sources
a cluster comprising that gene and its K nearest neighbors is are integrated in Bayesian network approach and functional
computed using the proposed scoreBS). The performances of modules are predicted by using a clustering algorithm based
BS and K-BS are evaluated with gene annotations available from on the principle ofKNN algorithm. Lee et al. [11] compared

Munich Information Center for Protein Sequences (MIPS). different classes of data and integrated them by using Bayes
Results: We predict the functional categories of 417 classified Score

genes from 417 clusters with 98.20 positive predictive value using . . .
K-BS. The functional categories of 12 unclassified Yeast genes are  While there are many works regarding data source integra-
also predicted. tion, the relevance of integrating information from datarses

Conclusions: Our experimental results indicate that consid- in a linear combination style through functional annotatio
ering multiple data sources and estimating their weights with hased adaptive weights, is still unexplored. Moreoverttal

annotations of classified genes can considerably enhance tht_a per’pre-mentioned works do not incorporate transitive natre o
formance of BS. It has been found that even a small proportion

of annotated genes can provide improvements in finding true proteir! homology and KEGG_pa_thwa){ similarity extraction
positive gene pairs usingBS. excluding Yeast genes. In this investigation, we present a

Index Terms—gene expression, protein sequence, transitive new Computa_tional framework, using functiongl _annotation
homology, phenotypic profile, combinatorial optimization, bioin- PaSed weighting of data sources, for the prediction of gene
formatics. function in yeast. The novelty of our method lies in the way
of estimating the weights in a linear combination stylengsi
gene annotations in Eq. 4 (described in Section 1I-C). In the
related work of Lee et al. [11], all available log likelihood

Increasing quantities of high-throughput biological datacores derived from the various data sets are added with a
have become available in recent years. Many of these, suehk-order dependent weighting scheme. They used a single
as phenotypic profiles [1], gene expression microarrays [2jee parameter for estimating weights.
protein sequences [3], KEGG pathway [4], protein-protein
interaction data [5], [6], protein phylogenetic profile§ fhd Il. METHODS
Rosetta Stone sequence [8] assess functional relatienshipWWe mainly focus on integrating phenotypic profiles, mi-
between genes on a large scale. These high-throughput datsarray gene expression, KEGG pathway related protein

database in Protein Information Resource (PIR) [12], pro-
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S2) separately re-score the similarities in a common framesed the ratio of dot product value and OR value between
work of Yeast GO-Slim: Process annotations (see Sectitwo profiles. The similarity matrix has a highest similarity
1I-B); value of 1. Hence, the similarity values, obtained by alrpai

S3) integrate the re-scored similarities from differentadawise comparison, have a dynamic range from 0 to 1 and
sources through the proposed scoring framework (see ®ecfiiis normalization is unnecessary. Note that, the geness&ho
[I-C) and calculate the combined score; protein sequences are not available, are assigned a pathway

S4) for each geng, form a cluster comprising that gene angbrofile similarity value of 0 w.r.t. all other genes (protgjin
its K nearest neighbors using the proposed score and predict
the function ofg by noting the functional enrichment of the 4) Protein Sequence:Comparing the protein sequences

cluster using MIPS [13] annotation (see Section II-D). presents an alternative prominent approach for gene aiomta
Each of the above steps are discussed in detail in thrd analysis. Intuitively one can assume that all the protei
following subsections. relations, arising from direct protein similarity searce

available in the literature and will not help in predicting

functions for unclassified genes in a widely studied organis

like Yeast. As compared to direct protein similarity search
Here we describe the different data sources and their e field of searching gene/protein similarity through joig-

spective similarity extraction techniques. netic profiles (PP) [7], Rosetta Stone sequence (RS) [8], and
1) Phenotypic Profile:Recently, Brown et al. [1] presentediransitive homology [18] are relatively new methods. Insthi

a method for the analysis of the function of genes in buddifgyestigation, transitive homologues are used instead Rf P

yeaS'[. The method is based on hierarchical CIUStering of taﬁd RS’ for extracting protein Sim”arity' as its performris

quantitaﬂve SenSitiVity pl’OfiIeS of the 4756 strains witilir reported to be better than PP and RS in literature [19], [20]
vidual homozygous deletion of all nonessential genes. They

showed the method to be superior than other global methoddransitive homology detection method [18], [20] works by
for identifying various interrogated functions. The dkdi searching the query sequence against the database with a con
procedure of generating and normalizing the data is aJailalservative threshold to find the closely homologous sequence
in Brown et al. [1]. The normalized data is downloaded frorand using these homologous sequences as seeds to search the
the supplimentary material and we use Pearson correlatid@tabase to find remotely homologous sequences with a less
for phenotypic profile similarity extraction. The genes lwit conservative threshold. The method has been shown to ke clos
more than 50% missing values are first eliminated from ttie the profile [7] based methods and better than a direct pair-
dataset. For the remaining genes missing values are estimavise homology search [18]. To find the transitive homologues
using LSimputeadaptive method available in LSimpute [14homology comparisons are performed among target proteins
software. and 37,66,477 proteins downloaded from UniProt [21], by
2) Gene ExpressionWe use the All Yeast [2], [15] data using BLASTP in BLAST [17]. Before comparison all the
for gene expression similarity extraction. Brown et al.liae Yyeast proteins are removed from the downloaded databate. Le
shown that even with 30 distinct biological conditions feng the similarity (E-values using BLAST) between two protein
expression, GO term ribosome biogenesis (GO:00070463teis¢quences A and B b8, 5. The value B4 p is replaced
to dominate gene pairs implicated by coexpression. As W¥ Ba,c x Bcp if there exists a sequence C such that
have already used phenotypic profiles, which implicate ged&i,c x Bc,p is larger than the current value éf4 . This
relationships over a broad range of biological processe® htransformation takes advantage of the transitive homolafgy
we only use the widely studied All yeast data and use centerggfjuences A and B through the intermediate sequence C,
Pearson correlation for extracting gene expression giityila assuming that sequences A and C and sequences B and C
The All Yeast dataset is downloaded from Stanford Microarraare independently homologous [20]. Instead of storing raw
Database [16] with default normalization parameters, as sBBLAST score as the similarity between two protein sequences
gested by the experts. The missing values in the dataset Wee use the metric of ProClust [22] where the metric value
estimated using LSimputadaptive [14] in a similar fashion scales from 0 to 1. Here also the genes, whose protein
to phenotypic profiles, mentioned in Section 1I-Al. sequences are not available, are assigned a transitiveirprot
3) KEGG pathway: The pathway information for genessimilarity value of O w.r.t. all other genes.
in KEGG [4] can be utilized as a reference for functional
reconstruction. All the protein sequences, except Yeast pr 5) Protein-Protein Interaction: Protein-protein  maps
teins, corresponding to each pathway (121 pathways in themise to reveal many aspects of the complex regulatory
second level) are downloaded from PIR [12]. Profile vector fmetwork underlying cellular function [10]. For this study,
each protein in Yeast is computed by comparing its sequermanually curated catalogues of known protein-protein
across 121 pathway databases, using BLAST [17]. The methateractions are downloaded from BioGRID [6]. For a given
is similar to phylogenetic profile [7] construction, wherepair of genes/proteins the similarity value is 1 or 0, intliog
each pathway database is replaced by all proteins withinaainteraction present or absent, respectively. The BioGRID
species. The pathway profiles of genes, computed using KE@&abase/catalogue includes more than 90000 interadbipns
pathway databases, are denoted as KEGG profiles. To foamnbining results obtained from different experimentse Th
the similarity between two genes using KEGG profiles, weelated references of experiments are available in BioGRID

A. Data Sources and Similarity Extraction Techniques
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B. Scoring the Similarities in a Common Framework

Scoring the data sets by a single criterion allows us to
directly measure the relative merit of each data set and then
to integrate the data sets with weights that reflect this tneri
even when the data sets are accompanied by their own in-
trinsic scoring schemes (such as Pearson Correlation for ge
expression). In this regard, the similarities arising freamious
data sources are separately re-scored, based on the commor
framework of Yeast GO-Slim process annotations of genes in - o3 ” oe os |
the SGD database [23]. The proportion of true positive (TP) Similarity Valug----->
gene pairs at a particular similarity value (computed from a _ o _

Fig. 1. Comparing the re-scored similarity values for différéypes of

. . . 10,
data .so.urc,te) can be used as a single _Cmenon f(_)r re-scoraﬁh sources to obtain equivalency in the common framework astY&O-
the similarity values, where TP gene pairs are defined as pailim process annotations. The positive predictive valie®Y) versus the

of genesi andj, such that genesand j have an overlapping similarity values are plotted for each data source.
(explicit or implicit) GO (Gene Ontology) term annotatidn.

[9] proportion of TP pairs (positive predictive valu® PV))

of a method is defined as C. New Framework for Data Source Integration

As the similarities computed from different data sources
: _ are re-scored (see Section II-B) on a single criterion and
total no. of predicted pairs 1y common framework of Yeast GO-Slim process annotations,

The hierarchical nature of GO and multiple inheritanc1€Y @re directly comparable and can be integrated even when

in the GO structure can lead to evaluation problems if wd€ Natures of experiments are distinct. TRV’ reflects the
consider only the particular GO term with which a genHsefulne_ss ofa(_jata source ataglver_w similarity value, but d
is annotated [9]. To alleviate this problem, we consider tH¥t Provide any information about weight of one data source
SGD Yeast GO-Slim process annotations, where every genénispresence of Fhe _other data sources, in predicting geme. pal
annotated in the same level without any tree based structfr@nseauently, it will be more appropriate and better if

For every gengj, that has undergone Yeast GO-Slim process 1) PPV of each data source, in presence of other data

—+— Transitive homology
—4A— KEGG Pathway profile
—F&— Microarray

—<— Phenotypic Profile

positive predictive value (PPV)——————>
o
b_

PPV — no. of predicted pairs with common GO term'

annotation, a vector sources, is separately weighed by a factor and then
5 integrated;
Vig) = (v1,v2,--,v5) @ 2) factors are dependent on thiePV of the integrated

is used to represent its category (Yeast GO-slim process) PPV of different data sources.

status, wherg is the number of categories. The valuewf  gych an attempt is made in this article with a new score

is 1 if geneg is in the jth category; otherwise is zero. Base@yhere, P PV's computed from phenotypic similarity?}, gene

on the information about categorization, the positive @tat  expression similarity X/), KEGG pathway profile similarity

value (PPV) at a given similarity value, can be defined as (x), protein similarity through transitive homologug); and
protein-protein interaction informatio Y between two genes

PPV = 2ic1 2om=1(V(gi)m X V(g”)m)’ (3) X andY are integrated through weights b, ¢, d, ande in a
_ n linear combination style. The weights of th&V's, computed
where Y7 (V(gi)m % V(gir)m) is set to 1 if from different data sources, are determined by adaptively
7 1(V(9i)m % V(gir)m) > 1, g; and g;; form a maximizing thePPV of the new score using Yeast GO-Slim

gene-pairn is the number of predicted gene pairs at a givegprocess annotations [23] of known genes. This score isresfer

similarity value, andV (g;),, represents then'" entry of to asBiological Score (BS) and is defined as

vector V(g;). Hence, if a gene pair, associated with any axPxy +bx Mxy +cx Kxy

method or data-source, belongs to two or more GO categories BSxy = ’ b ,d :

then it contributes with a 1 at the numerator of th&’V'. Its d x Ba + ++ f:} te

contribution to the denominator is 1 if both the genes in a XY TOr Xy (4)

gene pair belong to at least one GO category (i.e., both are etbtetdte

classified). If any one of them is unclassified then contidout ~ Wherea, b, ¢, d, ande are varied within range O te in

of that gene pair in the denominator PV will be 0. steps of 1 to find a combination that maximizes A&V
Figure 1 compares the similarity values obtained frod®r & user defined number of top gene pairs. The weighting

different data sources in terms of theRPV. The PPV scheme enables all possible weighting (including equal and

for intermediate similarity values, that are not plottedrig. Zero weighting). Note that, the weights b, ¢, d, and e

1, are calculated from the slopes of the respective curvéée assigned to the complefe’V matrices calculated from

The similarities extracted from protein-protein intefans are individual data sources. The following can be stated attvait t

binary relations in our study. Therefor& PV for protein- SCOre:

protein interactions has a constant value 0.69 at a simyilari 1) 0 < BSxy <1

value of 1 and hence it is not shown in Fig. 1. 2) BSxy = BSy x (symmetric).
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The proposed scoring framework for data source integration
in Eq. 4, is based on data source weighting where the re-gco
similarity spaces, available from different data sourca®
adaptively transformed using a set of weighting coeffidgent
Intuitively, more important similarity spaces should be as
signed larger weights than less important ones, whilegvaait
ones should be assigned zero weight. Although the propo:
framework has some common working principle with featur
weighting (FW) [24], it cannot be categorized as FW becau
what is computed usingg S is the pair-wise gene similarities
and not the set of features of any individual gene.

Estimation of Weights for Maximization &fPV: We max-
imize the PPV, using Yeast GO-Slim process annotation:
for top gene pairs by varying the weightsb, ¢, d, ande in

Positive predictive Value (PPV) using BS-—---->

the BS (Eq. 4). For each set of values af b, andc, the top =6 varying clweight of KEGG pathway profie). a=1.3, 6=3.7, d=30 1, e=1.2
. . “ g . —#&— varying d(weight of Transitive homology). a=1.3, b=3.7, ¢c=0, e=1.2
gene pairs are identified with a gold standard cut-off valugr. Il o Varying a(weight of Phenotypic Profile). b=3.7, 6=0, d=30.1, e-1.2
gold standard cut-off value and gold standard of top genes pe o varyig vl of Moroarey) a8, o0, cotot i
are determined from KEGG pathway profiles, which provide ®® 10 2 m w0 s @ 70 @ s 10

Value of weights for different data sources———-—>

26432 gene pairs with similarity value 1 and constanPV
of .81. These gene pairs are the most predictive of all, whereas
the PPV of other data sources, as well as gene pairs beldig. 2. Comparing the values d?PV using BS, by varying weights of

: ; PV of different data sources for tops432 gene pairs. When a particular
top 26432 for KEGG pathway profiles, vary considerably. Welvieight is varied the other weights are kept constant at thaesashown in

now use the following steps to estimate the weight factors he figure. The curves obtained with c=0 indicate that KEG@ay profile
b, ¢, d, ande in the Biological Score: is excluded in the integration process.

S1) All the factors are assigned an initial value of 1.
S2) BS values are calculated for all the gene pairs and sorted
in descending order to identify the cut-off value above [1l. RESULTS

s3) vlgr;;?/h ifshiafl((): E?S':legdz f%??ﬁepg:;ﬁgg a\éiiabl:i}s As Yeast GO-Slim process was used for determining the
S4) The weight factors are now varied i% stepric, of '1 and tWeights of the data sources, MIPS annotation is now used
} T If' evaluate the performance BS Genes/proteins that could
steps from 2 tq 3 are repeqted to.flr_1d a combination Rot be mapped to their MIPS identifier are eliminated. Our
weights for which theP PV is maximized. gold standardPPV of top gene pairs is now changed and
Figure 2 shows howP PV, using Yeast GO-Slim process,determined from KEGG pathway profiles, which provides
varies for different values of weight factors ranging from @6432 gene pairs with constanPPV of .8874, using top
to 100, in steps of 1. The curves show instances where deeel classification of MIPS annotation. In this sectiorstfive
weight factor is varied and the other weight factors are kegiscuss about the various paremeters involved in the clogte
constant. Experiments are also conducted by excluding tmethod and the biological significance of some clusters in
KEGG pathway profile database and the corresponding cun&esction IlI-A. Influence of number of classified genes on the
are reffered to ag = 0. proposed scoring framework is demonstrated in SectioB.lll-
In Section 1lI-C, we present the comparisons of our method
with Lee et al.’s [11] probabilistic network and individudéta
D. Gene Function Prediction sources. F_inally, the performancemanq some comparisons
based on independent training (estimating weight factans)
The biological function for each gene is predicted from test set with null intersection are presented in SectiolI|
cluster comprising that gene and its top K nearest neighbors
[3], [9] by selecting a gold standardS cut-off value obtained ) . )
from KEGG pathway profiles using MIPS October 2005 claéa-" Gene Function Prediction based on Clustering Results
sification. This gene clustering method usiBg is denoted  Genes are considered to be linked if they are among the 10
asK-BS where each gene is considered once for its functi@mosest neighbors within a given distance or similarity-ofit
prediction and allows its neighbor genes to be a member [8]. The biological function for each gene is predicted from
multiple gene clusters. As Yeast GO-SIlim process annatatidhe cluster consisting the top 10 neighbors of that gene by
was used for determining the weights of the data sources, SHecting K’ to be at mostl0 and BS cut-off value of 0.77.
different MIPS (October 2005) functional categories aredus Above this cut-off value the gold standaftlPV" of 0.8874 is
to evaluate the biological significance of the clusters ¢gted achieved for 36033 gene pairs using the MIPS October 2005
by our K-BS One or several predominant functions are therlassification. We found several clusters to be signifigantl
assigned to each cluster and the target gene by calculéing énriched with genes of a similar function. Clusters with P-
P-values for different functional categories. values greater thah0~> are not reported.
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To predict a genes function from it's neighbor genes we ustusters with 80% genes in common. On examination of the
the following steps: literature for 4 unclassified genes (YHR218W, YHR219W,
éBLllZC, and YLR464W), we find that their involvement
in DNA processing and DNA topology is likely due to their
relation to helicase-proteins [23], [25].

S1) 2507 clusters are identified with at-least three or mo
members by selectingd = 10 and with BS gold
standard cut-off value 0.77.

S2) Out of these clusters, 1915 clusters are identified with
functional enrichment in one or more categories and B- Influence of Number of Classified Genes on Functional
values less tham0—5. Annotation based Weighting

S3) From functionally enriched clusters we predict the func
tions of 1855 classified and 60 unclassified genes by
assigning the function related with the small&svalue.
This in practice resulted in more accurate predictions 0951
than if multiple functions are allowed per cluster. ool

The functions of 1855 classified genes are predicted
with 95.16 PPV. The functional enrichments for
clusters intended for 60 unclassified yeast genes
are available in tabular form (tab delimited file) at ors|
http://www.isical.ac.in/"scc/Bioinformatics/AdS/uassifiedpr ol !
-ediction.xls. The function with the smallesP-value !
in the table represents the predicted function for the 0820 s 40 0 e 70 @ %0
unclassified gene, and the three values in the parenthesis Pereeniage of classified genes In SGD—>
denote the. function relate-value, functlop related no. ig. 3. Variation of PPV, using BS with nine different percentages of
of genes in the cluster, and the function related n@gssified genes.
of genes in the genome, respectively. The table also

includes all the genes within each cluster, thHePV . . .
arising from various data sources, and t#S values. Here we study how the increase in the number of classified

A table with similar format, containing the predicted®®nes in Yeast GO-Slim affects tePV for the classified
functions of 1855 classified yeast genes is available $ENes in MIPS for to[6432 gene pairs usin®S We found
http:/Aww.isical.ac.in/*scc/Bioinformatics/AdS/skifiedpredi that even with 20% of classified genes the estimated values of
_ction.xls. a, b, ¢, d, ande, in maximizing PPV, differs by an amount
Out of 60 unclassified genes, YELO41W and YDR459C a 1 than the estimated values w_|th 90% of classified genes.
now classified in MIPS, and our function predictions for #hes ence, th_e value .O.PPV also varies by an aTount Ofo O'O?
two genes are in agreement with MIPS. YELO41w and its fczg? 0.03 with classified genes ranging fr_o_m 20% to 90%. Fig.
neighbors YJR049C, YPL188W, YDR226W, and YER170 ;h(_)ws that Fhe_percentage of classified genes clearly has
form a cluster. From the functional enrichment of the clust& limited contribution to thePPV of .the BS ThusBS may
we correctly predict that YELO41w is related with the catggo also p_e successfglly used for organlsms where the number of
‘phosphate metabolism’ (with p-value42 x 10~%) as the four classified genes is as low as 20%.
remaining genes belong to this category. The cluster cantai
gene YDR459C and its ten neighbor genes shows functioal Comparative Performance of Methods and Data Sources
enrichment in categories ‘protein modification’ (8 out of, 11 |n order to demonstrate the power of data source integration
P-value1.16 x 10~°), ‘modification with fatty acids’ (4 out we compare theP?PV of gene pairs identified by th&S
of 11, P-value2.3 x 10~7) and ‘modification by acetylation, with those identified by the individual data sources. Since
deacetylation’ (4 out of 11P-value4.4 x 10-°). We correctly BS uses GO annotations for adapting its weights, it is not
predict that YDR459C is related to ‘modification with fattyysed for performing the comparisons. Rather, the MIPS
acids’. annotation of classified genes is used (see Fig. 4). We sorted
Our top predictions consist the function of 12 unclassifiethe similarity values computed froBS, phenotypic profiles,
(MIPS 2007) and 417 classified genesab cut-off value gene expression, KEGG profiles, and protein similarity
0.77, and P-value cut-off1 x 10~13. At these cut-off values, from transitive homology in descending order, and drew
the functions of the classified genes are predicted with(®8.2 curve for top gene pairs versd3PV from the sorted
PPV. Table | summarizes the top 12 predicted functions fatata for each form of data source. In contraBtPV for
12 unclassified genes. Each of the clusters contain 11 gepestein-protein interactions has a constant value of 0.69
and they are available in the table representing 60 clufters and not shown in Fig.4. We found that the curve BS
function prediction of unclassified genes. Since four of thie above the other curves. Moreover, the 232 gene
12 clusters show functional enrichment in a single categopgirs has anPPV greater than the gold standard KEGG
of ‘DNA topology’, we analyze these clusters manually. Weathway profiles. The gene pairs are also reasonably distinc
observe that 15 classified, 4 unclassified and 2 recentlyatelefrom gene pairs of KEGG pathway profiles. Figure 4 also
(YELO76C and YPR203W) genes are distributed in thesmmmpares the performance &S and ‘final log likelihood

PPV >

081
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TABLE |
TOP12FUNCTION PREDICTIONS OF UNCLASSIFIED GENE AB.S CUT-OFF VALUE OF0.77
Unclassified Functional P-value Genes| Genes
Gene category within within

cluster | category
YILOBOW ABC transporters 2.2204e-16 8 28
YLRO57W modification with sugar residues 2.2871e-14 8 67
YHR218W DNA topology 0 9 52
YHR219W DNA topology 0 10 52
YIL170W C-compound and carbohydrate transport 1.3656e-14 8 63
YDR441C purin nucleotide/nucleoside/nucleobase metabolism 6.7724e-15 8 58
YCLO74W | TRANSPOSABLE ELEMENTS, VIRAL AND PLASMID PROTEINS| 3.3307e-16 8 34
YBL112C DNA topology 0 10 52
YLR464W DNA topology 2.6645e-15 8 52
YMRO10W modification with sugar residues (e.g. glycosylation, degdylation) 0 9 67
YILO67C vesicle fusion 2.2204e-16 9 32
YHRO49W metabolism of secondary products derived from glycine, finge 3.3307e-16 7 19

and L-alanine

in tabular (tab delimited) form. Thé®PV computed from

- Transiive homology individual data source are also shown in the file. The KEGG
—A— athway profile . . . . .

C e s o pathway profile information may be a bit redundant with
T2 brenoype e functional annotations available in MIPS and Yeast GO-Slim

oo e esmsmesmsued  Process. In this regard experimensts are also conducted
iﬁégyéﬂi;%g‘”ﬁ“ by excluding the KEGG pathway profile dataset from the
datasource integration procedure®% and our implemented
version of Lee et al.’s probabilistic network while, all eth
aspects are kept unchanged. The two corresponding curves

are also shown in Fig. 4.

08 -

PPV——————>
o
2
L

D. Evaluation Based on Independent Training and Test Sets

06~ 3

To perform a fair evaluation of the methdos, the training
and test set should be independent with null intersecti@h an
o5 1 in this regard we also experimented with a method based
on cross-validation. The KEGG pathway profile dataset also
remains excluded from the integration procedure to avoid an
o4t - - L L L L L - | redundancy in KEGG pathway information and annotations

Number ofop reatons-—-~=> «0'  available in MIPS and Yeast GO-SIlim process.

In this study, we randomly picked 3036 genes with Yeast
fo 4 C <on b iolonical S B9 L y GO-Slim process annotations (using Eq. 2), to train the
Plr%babiIisti(:0rll}g'[?/\r/I()Sl'cl)<r,1 a:(;milr?gi?/ictjualwdgtg;cgourccegﬁfl t(ernh)émfg sterZQZ Welght$ inBS and then ,evaluated the pgrformanpe with the
the number of top gene pairs. remaining 3036 genes with MIPS annotations. All links among

the genes within the same training subset and the same test

subset are calculated, with neither links nor genes shared
scores’ of Lee et al’s probabilistic network (downloadetietween the training and test sets. Because data are itggra
from the website mentioned in [26]) in terms &PV with using weights derived only from a part of genes with Yeast
MIPS annotation. The curve of Lee et al’s probabilistiGO-Slim process annotations, the performances measured on
network is drawn from top 34,000 gene pairs, as mentionegimaining genes with MIPS annotations are expected to be
in [11]. For a direct comparison between our method arftke from circular logic and memorization of the annotation
the probabilistic network, we implemented the probaldistset during the training procedure. All other steps priorhe t
network as described in Lee et al. using the same datasouriteal assessment @S are performed using only the training
as in BS and plotted the respective curve in Fig. 4. Fromset. The final assessment is performed on the independént tes
the figure it is clear that the top gene pairs identified iset. The cross-validation procedure is repeated 10 timds an
this investigation is better than any other existing nekwothe performance oBSis evaluated.
or data sources. The above statement is true not only forFig. 5 shows the curves compari®§§ Lee et al’s Proba-
gold standard 24632 gene pairs but also for 8p00 gene bilistic Network and individual data sources in termsfoPV
pairs which can be used further for gene function predictiofor top gene pairs, in one of the cross-validation proceslure
The top 1,00,000 gene pairs predicted by our method wittSimilar curves are obtained when the cross-validation gsroc
PPV above 0.755 (not shown in the data) are available dure is repeated. The curves show tB&performs better than
http://www.isical.ac.in/"scc/Bioinformatics/AdS/tagation.txt Lee et al.’'s Probabilistic Network and individual data smur
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—b— Biological Score (BS)(trained with full GO-Slim process and validated with full MIPS)

—7— Prob. Network using same data sources (trained with full GO-Slim process and validated with full MIPS)
—o&— Biological Score (BS) (trained with half GO-Slim process and validated with full MIPS)

—— Prob. Network using same data sources (trained with half GO-Slim process and validated with full MIPS)
—+— Transitive homology (validated with half MIPS)

—8— Microarray (validated with half MIPS)

—#— Phenotypic Profile (validated with half MIPS)

—<— Biological Score (BS) (trained with half GO-Slim process and validated with half MIPS)

—&— Prob. Network using same data sources (trained with half GO-Slim process and validated with half MIPS|

L L L L L L L
0 1 2 3 4 5 6 7 8
Number of top relations-—---: >

Fig. 5. Comparison between thBiological Score (BS), Lee et al's

Probabilistic Network, and individual data source in ternisRoPV versus

the number of top gene pairs. The cross-validation result8 $fand Lee et

al’s Probabilistic Network (with two different sets of 3genes) are shown
in curve 5 and 6, respectively.

In order to compare the performance of cross-validationltes
with the results reported in Section 1lI-C f@S and Lee et

7

IV. CONCLUSION

In this study we proposed a framework for data source
integration, through functional annotation based weightto
predict gene function for yeast. Five data sources, namely,
phenotypic profiles, gene expression data, KEGG profiles,
protein-protein interaction and protein sequence sittylar
through transitive homologues are used. Functional céatego
of 60 unclassified (MIPS October 2005) Yeast genes and 1855
classified genes are predicted with 952FV. Evaluation on
the predicted gene pairs confirmed the validity and potkentia
value of the proposed framework for gene function predictio

Although a neighbor based clustering method needs a user
defined neighbor number, from this investigation we find
that K-BS is a highly accurate and efficient gene function
annotation tool. The system integrates heterogeneousgdiol
ical information in a functional annotation based weigftin
framework, leading to more biologically accurate gene grou
ings, which can be used for gene function prediction. The
flexibility of the system also allows for easy inclusion ohet
data sources. Furthermore, we plan to examine our proposed
framework on a larger test-bed by including similaritieisiag
from gene-fusion and gene-order conservation based method
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the top two curves are provided in Fig. 5 (these curves also
appear in Fig. 4, and are provided here for convenience).
These two curves are at the top of Fig. 5 and are superigy
to the two other curves oBS and Lee et al’s Probabilistic
Network where, half of the genes with Yeast GO-Slim process
annotations are used to train weights and half of the gengs
with MIPS annotations are used for evaluation. Experiments
are also conducted by randomly picking half of the genes witlﬂﬂ
Yeast GO-Slim process annotations to train weights andhall t
genes with MIPS annotations for evaluation BS and Lee

et al’s Probabilistic Network. The corresponding curves a 4]
shown in Fig. 5 for the purpose of illustration.

In clustering solutions, using(-BS and repeteting cross- [5]
validation procedure, on average 642 clusters are ideahtifie
with functional enrichment in one or more categories by
selecting K < 10, BS > 0.77, and P — values < 107°.
From functionally enriched clusters, on average we predict
the functions of 405 classified genes with 9£%V and 237
unclassified genes by assigning the function related wigh th
smallestP-value. In one of the cross-validation process (out’]
of 10 repetitions), functions of 454 classified yeast genes a
predicted with 96.4PPV from 454 clusters. The predicted
functions of 454 classified yeast genes are available &
http://www.isical.ac.in/"scc/Bioinformatics/AdS/skifiedpredi
-ctionreview.xIs.
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