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ABSTRACT

Pairwise comparison of sequence data is intensively used for automated functional protein an-
notation, while graphical models emerge as promising candidates for an integration of various
heterogeneous features. We designed a model, termed heterogeneous Relational Markov
Network (hRMN) that integrates different genomic features and implemented a variant of Belief
Propagation for functional annotation transfer. hRMN allows the assignment of multiple func-
tional categories while avoiding common problems in annotation transfer from heterogeneous
datasets, such as independence and identical distribution of the datasets. We benchmarked
this system with large-scale annotation transfer (based on the MIPS FunCat ontology) to pro-
teins of the prokaryotes Bacillus subtilis, Helicobacter pylori, Listeria monocytogenes, and Lis-
teria innocua. hnRMN consistently outperformed two competitors for annotation of four bacterial
genomes. The developed code is available for download at
http://mips.gsf.de/proj/bfab/hBRMN.html.

Keywords: automatic functional annotation; belief propagation; bacterial genomes; heteroge-
neous data sources; probabilistic graphical models




INTRODUCTION

The assignment of function to protein sequences remains an essential goal at the very heart of
the bioinformatics enterprise (Frishman, 2007, Gattiker, et al., 2003). Given the volume of ge-
nomic sequence data, the only feasible, reliable annotation relies on the combination of com-
putational tools based on features of proteins, most prominently homology by sequence simi-
larity, with the laborious endeavor of manually curated annotation. Numerous efforts created
compilations of annotated data, like PDB, SwissProt, KEGG, InterPro, GO and FunCat, based
to varying degrees on expert curation and automated annotation by computational methods
such as sequence similarity, 3D structure, protein-protein interaction, gene expression and re-
cently, 3D motifs among homologues. All these widely used resources cover different or com-
plementary aspects of gene functions, such that an integration of such features naturally
emerges as a challenge. Integration is expected to improve on predictive power, coverage and

to increase the reliability of the assignments.

Probabilistic graphical models (Jordan, 1998, Pearl, 1988) are promising candidates to this
challenge. First, they can cope with incompleteness, variability, conditionality, noise and uncer-
tainty inherent in annotation transfer. Second, they provide a probabilistic framework for coher-
ent integration (Gerstein, et al., 2002) of heterogeneous data "enabling conclusions that are
not supported by either data source independently" (Friedman, 2004). Third, such systems are
scalable, and easily extended to new data sources. Finally, their output maybe filtered by con-

fidence thresholds or probability cut-offs for a desired level of sensitivity or specificity.

Here, we propose a compound probabilistic graphical model, termed heterogeneous Relational
Markov Network (hRMN), for large-scale automated annotation transfer. Notably, this system
(1) avoids common problems to such computational methods, such as inappropriate inde-
pendence assumptions among features and/or categories, and a general lack of consistently
propagated noise and missing data (Pachter and Sturmfels, 2004)), and (2) integrates hetero-
geneous datasets. hRMN also allows us to combine a multitude of relational features, describ-

ing fundamentally different species relationships between proteins, e.g. domain composition,



gene expression profiles, and sequence similarity scores, as well as only slightly differing in-
stantiations of the same relational feature, e.g. sequence similarity scores obtained with differ-
ent BLOSUM matrices, or annotations from different ontologies. We stipulate only that the fea-
tures be expressible as pairwise relations between proteins. As an application, we bench-
marked our system on the assignment of functional labels to proteins of B. subtilis, H. pylori, L.
monocytogenes, and L. innocua according to the MIPS Functional Catalog (Ruepp, et al.,
2004).

METHOD

The Bayesian paradigm is a powerful probabilistic framework for making inference, and is here
deployed to annotate M proteins m of unknown function X, from proteins of known function via
heterogeneous feature sets relating the proteins of unknown function to those of unknown

function. From this data D, focus is on the joint posterior
p(X =x[D) (1)

for the entire proteome, which is proportional to the likelihood p(DIX =x) and the prior
p(X = x) via Bayes’ Theorem. Here, datasets are each viewed as “objects” o that are com-
posed of a Markov Net, representing pairwise relationships among all proteins, and a number
of attributes that characterize the dataset. To increase the power in annotation transfer by mul-
tiple lines of evidence, sets of pairwise protein relations are combined into a Markov network.
Each protein, either labeled (known function) or unlabeled, corresponds to a node in an undi-
rected graph. An edge is created between two proteins for which a relationship score is avail-
able. The inclusion of additional attributes allows us to evaluate the contribution of each
Markov net to overall annotation transfer. A Bayesian network on the attributes of all objects is
employed to compute “object weights” n, accounting for the dependencies across all Markov
nets. This way, we introduce a flexible and extensible framework to account for different inter-
pretations of the features in varying (attributed) contexts. For instance, the transfer of an anno-
tation referring to a certain subcellular localization may be justified for paralogous sequences,

yet not between sequences from different species. Figure 1 exemplifies the full system.



To solve equation (1), we propose a weighted counting model:

p(X=xI1D)[[9,(X, =x,) [ [ymn(X,.X,)=exp-| 3, (X, =x,)+ > S0,.N,.| (2

<m,m'> m 0€EO0<m,m'>
b m

following the above notation; N, counts the pairwise annotations x,, X, within the first order
neighborhood <m,m> of m. Each node is assigned a potential ¢, , which can be interpreted as
the prior probability in the realized label assignment x,, for protein m. The compatibility func-
tions ym.» can be regarded as edge weights between nodes whose values are derived from
the feature score, reflecting the strength of relationship between the respective two proteins
(Lu, et al., 2005). Object weights capture interrelations between heterogeneous sources. Intui-
tively, integration maybe understood by coloring all edges, one color for each object, and then
superimposing all Markov nets. Notably, in the superposition, each edge is drawn with a spe-

cific width corresponding to its weight 7, .. We close this section with two final observations:

equation (2) explicitly correlates annotations to similar proteins, and many cycles are expected
in each Markov net. Generalized Belief Propagation (GBP) is a suitable inference algorithm
(Yedidia, et al., 2001, Yedidia, et al., 2004) in this situation.

RESULTS
To benchmark hRMN for automatic functional annotation, we used a dataset of four bacterial

genomes, B. subtilis, H. pylori, L. monocytogenes, and L. innocua as proposed previously
(Tetko, et al., 2005a). To illustrate the power of hRMN on integrating similar relational features,
we computed sequence similarity scores based on FASTA, BLAST, PSIBLAST, and
INTERPRO domains.

We implemented two competing, neighborhood-based algorithms, subsequently termed
"Neighbor’s Best List"(NBL) and "Closest Neighbor" (CN). In brief, both approaches included
the following steps. NBL: (1) create a list of proteins with sparse mutual distances; (2) for any
given protein, collect labels from all neighboring proteins and (3) count the occurrences of each

label; (4) assign the labels most often agreed upon, if more than half of the labels agree and



otherwise do not assign any label. CN: (1) assign the labels of the closest neighboring protein
and (2), in case of integration, assign only the labels on which the closest neighboring proteins
among all feature sets agree. CN, traditionally used in annotation transfer based on sequence
similarity, was chosen as a baseline comparison, embodying a pure form of 'guilt by associa-
tion'. NBL resembles the underlying counting model in hRMN, thus serving to test the perform-
ance of hRMN’s belief propagation (Yedidia, et al., 2001, Yedidia, et al., 2004).

TO ASSESS PERFORMANCE, we used a two-fold approach. First, we performed a five-fold
cross-validation. Second, we predicted the labels of all sequences of each of the four genomes

from the three other genomes.

We first evaluated the performance of the hRMN and two other algorithms integrating over the
4 feature sets, for all FunCat hierarchy levels (but report only the performance for the most
specific level), and the performance based on each of the 4 feature sets in terms of cross-
validation as shown in Figure 2, and the supplementary Figures S1-S3 (available on-line at

http://mips.gsf.de/proj/bfab/hBMN.html). For any feature, hRMN outperforms its two competi-

tors in both sensitivity and overlap (recognition rate). This holds also true for the integration of
similarity scores obtained by InterPro and BLAST, the feature performing best as measured by
cross-validation. Moreover, in this last case, hRMN does not exhibit a performance drop com-

mon to its competitors.

Turning to genome-wide prediction, hRMN, when compared to CN, achieved improved predic-
tion based on each of the individual features, and for the integration of Blast and InterPro do-
mains. Notably, integrating BLAST similarity scores with InterPro domains performed at least
as well as any of the features individually, even without any weighting or other tuning. The hard
dip for FunCat category ‘04.* in the Figures S2-S3 is mainly due to the very rare occurrences
of these categories, so it is hard to transfer. We believe that an implementation of the Bayesian
net on dataset attributes to weight relational evidence will further boost the predictive power of
this first implementation. As a next step, it is possible to integrate more complementary hetero-
geneous features such as protein interactions, protein structure, motif scores and gene neigh-
borhood and orientation (Wu, et al., 2008). Our finding that features differ significantly in their

predictive accuracy for some FunCat categories indicates that both the implementation of ob-



ject weights and the integration of further datasets are likely to improve on the predictive power
of hRMN in annotation transfer of whole genomes. It is also possible to include category-
specific scores, and to supplement hRMN with edge and label permutation tests
(Balasubramanian, et al., 2004), and/or mutual information scores for labels and features (Lu,
et al., 2005). Recently, we also applied hRMN and Super Paramagnetic Clustering algorithm
(Blatt, et al., 1996, Tetko, et al., 2005b) to the large-scale automated annotation of mouse pro-
tein functions (Ruepp, et al., 2006). The developed system integrated manual annotations data
from public (SwissProt) and commercially available data sources (Biomax Informatics AG). The
marginal beliefs scores calculated with hRMNN provided the confidence of the automated an-
notation, which was further used during the manual curation of the results. However, the previ-
ous article did not describe the details of the developed algorithm neither performed any

benchmarking, that has been done in this study.

In summary, this article described a new graph-based algorithm for annotation of protein se-
quences and benchmarked it using four bacterial genomes. The calculated results demon-
strated high performance of the proposed method compared to traditional approaches used in
the field. The source code of the algorithm is freely available and can be applied/used by other

users to annotate their data or to develop new approaches.
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Figure 1. The full hARMN composed of several source objects, each containing a graph from the

pairwise scores and attributes determining the source class weights.



100

90+
80
X 70k
)
© 60
S 50|
CE» 40+ NBL Sensetivity
) -
8 30L NBL Recog.n.mon
= —-0-- CN Sensetivity
20 - —<O— CN Recognition
10 - -# - hRMN Sensetivity
—— hRMN Recognition

InterPro FASTA PSI-BLAST BLAST InterPro & BLAST

Figure 2. Results for cross-validation at the fifth FunCat level across all genomes, for all fea-
tures as well as the integration of BLAST and InterPro. Dashed lines represent sensitivity, solid
lines recognition rates; coded in red are results for hRMN, blue-Neighbor’s Best List, green-

Closest Neighbor.
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