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1

Attributes of the Gene Ontology and Other Functional Databases

Many other functional classification schemes have been proposed besides the Gene Ontology [20][19][18][3][9].
Here we choose two to serve as a contrasting comparison to the Gene Ontology database: (1) the E. coli
genome and proteome (GenProtEC) database [18], and (2) the Clusters of Orthologous Groups of proteins (COG) database [20]. We chose GenProtEC since we are focusing our investigation on E. coli and
this database is specifically dedicated to the functions performed by this organism. We chose COG as
an example of a database which records gene properties in a manner which should be, on the whole,
distinctly different from the Gene Ontology.
We downloaded annotation information from these databases’ corresponding websites [1][2] and used
it to construct two bipartite graphs, one for each database, in the same manner as with E. coli annotations
in the Gene Ontology (see main text, Section 1.2.1). These two databases are, in general, smaller than
the Gene Ontology. GenProtEC contains 23137 annotations from 3361 genes to 594 functional categories
(a density of just over 1%). COG assigns each gene to one orthologous group (although some orthologous
groups contain several genes). This results in 3450 annotations from 3450 genes to 2131 orthologous
groups (a density of only 0.05%). This is in contrast to the Gene Ontology with a total of 119936
gene-term annotations between 3794 E. coli genes and 3882 functional categories (a density of 0.8%).
Figure S1 shows the degree distribution for “terms” and genes in the Gene Ontology as well as these
two databases. In all three, the degree distribution of the functional categories (or orthologous groups
in COG) is heavy-tailed. This reinforces our belief that taking into account the degree of a functional
category is important when designing a measure to accurate reflect the functional similarity between two
genes. COG’s construction implies that every gene has the same degree, however, is it interesting that the
degree distribution of genes both in the Gene Ontology and GenProtEC have the same basic behavior.
We used the bipartite graphs we constructed from these two databases to calculate a scaled similarity
and Kappa statistic between pairs of genes. The smaller database size and sparse construction of COG are
evident in the results. Using annotations from the GenProtEC database we calculated a scaled similarity
and Kappa statistic for 3086481 out of a possible 5646480 gene-pairs (55%) but using annotations from
COG we could only calculate a scaled similarity and Kappa statistic for 2848 of a possible 5949525 genepairs (0.048%). This is, again, in contrast to the Gene Ontology where we can estimate a scaled similarity
and Kappa statistic for 6713626 of a possible 7195321 gene-pairs (93%). By default, any gene-pair without
a score is given a default value of zero.
We calculated the maximum F-score for both the scaled similarity and Kappa statistic in each of these
databases using RegulonDB as our gold standard (see the main text, Section 2.2, for more information
on how we calculated the F-Score). Because of the different percentage of edges each database can assign
a score, the absolute value of the F-score varies quite broadly. For example, using annotations from COG
we can estimate a functional score for fewer edges than actually appear in our gold standard (and only a
subset of these extend from a transcription factor). As a result, the maximum F-score in this database
occurs when only a very few edges (18 and 147 for the scaled similarity and Kappa statistic, respectively),
are used to define the “true positive” and “false negative” classes.
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Figure S1: The annotation properties of other databases as well as the predictive power of the scaled
similarity when calculated using annotations from these other databases. As a comparison the predictive
power of the Kappa Statistic is also shown.
Even though the F-score between databases varies quite widely, the relative performance of the scaled
similarity to the Kappa statistic is consistent and the F-score is always 2 − 4 times higher for the
scaled similarity compared to the Kappa statistic. This shows that, even when using other databases,
adequately accounting for the degree distribution of the assigned classes is vital when constructing a
similarity measure that is predictive of true regulatory interactions.
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The Predictive Power of Functional Measures

Throughout the years many functional measures have been proposed. For a discussion of these measures
see Section 1.2.2 in the main text. In Figure S2 we provide an analysis of the performance of each of these
measures in regards to their ability to correctly predict “true” regulatory interactions. The predictive
power was calculated by determining the maximum F-Score for each measure based on a “gold-standard”
(see the main text, Section 2.2, for more information on how we calculated the F-Score). In E. coli we
used edges reported by RegulonDB [6] as our “gold-standard” and for yeast, edges defined by ChIP-chip
[12] (see the main test, Section 3.5 for more information on how we used the ChIP data to create a gold
standard). The color of each bar corresponds to how predictive each measure is relative to the other
measures, with dark red representing the strongest predictive power and dark blue the weakest. The
measures presented in this figure fall into several classes. S (A) and S (0) are calculated based on the
scaled similarity measure developed in this paper (see the main text, Section 2.1-2.2 for more information
on how we calculated the scaled similarity and determined A). Semantic similarity measures were first
applied to the Gene Ontology by Lord et. al. in 2003 [11]. Semantic similarity measures utilize the
GO hierarchy to determine the similarity between terms and then genes. Four separate measures which
utilize this approach are presented here: the one based on Resnik [16], Lin [10], Jiang and Conrath [8],
and finally the Relevance measure developed by Schlicker et. al. which combines the methods of Resnik
2

and Lin [17]. Statistics-based approaches calculate a functional similarity between two genes largely
based on the number of shared annotations. The measures presented here include measures based on the
Kappa-statistic [7], the cosine similarity [4], a weighted Jaccard index [15], and Czekanowski-index/Dicecoefficient [13]. All semantic similarity and statistics-based similarity measures were calculated using the
csbl.go package in R [14]. Finally, reconstructions including expression data utilize microarray data to
predict a gene regulatory network. We show the predictive power of the CLR network reconstruction
algorithm [5], as well as the predictive power when predictions from CLR are combined with those from
the scaled similarity measure (see the main text, Section 3.6, for more information on how we combined
the scaled similarity with CLR).

(a) Predictive Power of Functional Measures in E. coli

(b) Predictive Power of Functional Measures in Yeast

Figure S2: The predictive power of many different established functional similarity measures as well as
those developed in this paper. Results are shown both for (a) E. coli and (b) Yeast.
In our analysis we have used the maximum F-score to define a cut-off above which we believe our edges
are most likely to represent true regulatory interactions. However, in the absence of a gold standard the
F-score cannot be calculated and one can no longer determine a cut-off in this manner. In RegulonDB,
the are 6725 edges which have the potential to be predicted by these ontology-based functional measures.
Therefore, to address this issue we compared the value of the maximum F-score to the value the F-score
has when using a division of the top 6725 edges to define “true positives” and “false negatives”. As Figure
S3 demonstrates, the conclusions that can be made based off this set cut-off vary little from those made
by taking a cutoff where the F-score is maximized. Interestingly, the “semantic similarity” metrics show
the biggest decrease in predictive power. F (N = 6725) for these metrics are barely distinguishable from
those of the “statistics-based” metrics, which, as pointed out previously, are barely higher than random.
This is largely due to the fact that the maximum F-score for the semantic similarity measures occurs at a
cutoff which includes many more edges (on the order of twenty to ninety thousand) than what occurs in
3

regulatory networks. In contrast, more predictive measures such as the scaled similarity and CLR reach
their maximum F-score very quickly, within the first few thousand edges, indicating that the top edges
predicted by these methods are highly informative.

S (A)
S (0)
Resnik
Jiang
Lin
Relevance
κ
Cosine
Jaccard
C-Dice
CLR
S (A) + CLR
Control

0.074372 (2443)

0.069389 (6725)

0.036857 (15940)

0.02097 (6725)

0.053248 (20575)

0.038076 (6725)

0.047847 (95070)

0.026007 (6725)

0.045334 (90252)

0.020228 (6725)

0.045421 (25694)

0.027197 (6725)

0.031861 (314728)

0.01709 (6725)

0.032775 (131959)

0.020474 (6725)

0.031872 (293851)

0.019459 (6725)

0.031861 (314728)

0.01692 (6725)

0.12047 (984)

0.098981 (6725)

0.15682 (1755)

0.11887 (6725)

0.0313 (389355)

0.0152 (6725)

F (NmaxF )

F (N = 6725)

0.15

0.1

0.05

0

Figure S3: Comparison of the maximum F-score vs. the F-score value using a set cutoff.
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