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Genomic data integration—the process of statistically combining diverse sources of information from functional
genomics experiments to make large-scale predictions—is becoming increasingly prevalent. One might expect that
this process should become progressively more powerful with the integration of more evidence. Here, we explore the
limits of genomic data integration, assessing the degree to which predictive power increases with the addition of
more features. We focus on a predictive context that has been extensively investigated and benchmarked in the
past—the prediction of protein—protein interactions in yeast. We start by using a simple Naive Bayes classifier for
integrating diverse sources of genomic evidence, ranging from coexpression relationships to similar phylogenetic
profiles. We expand the number of features considered for prediction to 16, significantly more than previous studies.
Overall, we observe a small, but measurable improvement in prediction performance over previous benchmarks,
based on four strong features. This allows us to identify new yeast interactions with high confidence. It also allows us
to quantitatively assess the inter-relations amongst different genomic features. It is known that subtle correlations
and dependencies between features can confound the strength of interaction predictions. We investigate this issue in
detail through calculating mutual information. To our surprise, we find no appreciable statistical dependence
between the many possible pairs of features. We further explore feature dependencies by comparing the
performance of our simple Naive Bayes classifier with a boosted version of the same classifier, which is fairly
resistant to feature dependence. We find that boosting does not improve performance, indicating that, at least for
prediction purposes, our genomic features are essentially independent. In summary, by integrating a few (i.e., four)
good features, we approach the maximal predictive power of current genomic data integration; moreover, this

limitation does not reflect (potentially removable) inter-relationships between the features.

[All genomic feature data used in this study can be downloaded at http:/ / networks.gersteinlab.org/intint/.]

A major challenge in post-genomic biology is systematically
mapping the interactome, the set of all protein—protein interac-
tions within an organism. Since proteins carry out their func-
tions by interacting with one another and with other biomol-
ecules, reconstructing the interactome of a cell is the important
first step toward understanding protein function and cell behav-
ior (Hartwell et al. 1999; Eisenberg et al. 2000). Recently, several
large-scale protein-interaction maps have been experimentally
determined in the model organism Saccharomyces cerevisiae (Uetz
et al. 2000; Ito et al. 2001; Gavin et al. 2002; Ho et al. 2002).
These studies have drastically improved our knowledge of pro-
tein interactions. Unfortunately, the data sets generated from
these studies are often noisy and incomplete (von Mering et al.
2002). In addition to experimentally determined interaction data
sets, there exists a large amount of biological information in the
expanding functional genomic data sets, such as sequence, struc-
ture, functional annotation, and expression-level databases. It is
thus desirable to computationally predict protein-protein inter-
actions by exploiting the interaction evidence contained in these
data sets. Such predictions can serve as a valuable complement to
the current experimental efforts. Several studies have been car-
ried out to search for individual features contained in the ge-
nomic data sets that are useful for interaction prediction. For
example, two proteins are likely to interact if they have ho-
mologs in another genome that are fused into a single protein, or
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if their mRNA expression patterns are correlated (Marcotte et al.
1999a,b; Ideker et al. 2001; Jansen et al. 2002a). Detailed reviews
of these individual methods can be found elsewhere (Valencia
and Pazos 2002; Xia et al. 2004).

Each genomic feature, by itself, is only a weak predictor of
protein interactions. However, predictions can be improved by
integrating different genomic features (Marcotte et al. 1999b).
There are two main reasons for this. First, predicting a protein—
protein interaction with confidence depends on how much evi-
dence supports it. When multiple distinct features all support a
predicted interaction, our confidence in the prediction increases.
Second, different features may cover different subsets of the in-
teractome, and feature integration can increase the coverage. Fea-
ture integration can be accomplished via simple rules, such as
intersection, union, or majority vote. To achieve optimal predic-
tive power, however, different genomic features need to be prop-
erly integrated into a single probabilistic framework (Gerstein et
al. 2002). Many machine learning methods can be used for fea-
ture integration, such as Bayesian approaches (Troyanskaya et al.
2001; Jansen et al. 2003; Friedman 2004), decision trees (Lin et al.
2004; Zhang et al. 2004), and support vector machines (Brown et
al. 2000). In particular, Bayesian approaches can be roughly di-
vided into two broad groups as follows: (1) learning to infer the
causal structure of cellular networks from quantitative measure-
ments (Friedman 2004); (2) classification based on a set of proba-
bilistic rules. Here, we focus on the second classification aspect of
Bayesian approaches. In addition to protein-protein interaction
prediction, feature integration is also essential for other predic-
tion problems in genomics as well, such as localization predic-
tion (Drawid et al. 2000), function prediction (Troyanskaya et al.
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