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Frank Rügheimer

Institut Pasteur, Laboratoire Biologie Systémique
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Abstract. The statistical analysis of annotations provided for genes and
gene products supports biologists in their interpretation of data from
large-scale experiments. Comparing, for instance, distributions of an-
notations associated with differentially expressed genes to a reference,
highlights interesting observations and permits to formulate hypotheses
about changes to the activity pathways and their interaction under the
chosen experimental conditions. The ability to reliably and efficiently
detect relevant changes depends on properties of the chosen distribution
models. This paper compares four methods to represent statistical in-
formation about gene annotations and compares their performance on
a public dataset with respect to a number of evaluation measures. The
evaluation results demonstrate that the inclusion of structure informa-
tion from the Gene Ontology enhances overall approximation quality by
providing suitable decompositions of probability distributions.

1 Introduction

The Gene Ontology (GO) [1] establishes standardized sets of annotation terms
for genes and gene products. Terms are grouped in three separate sub-ontologies
that are concerned with intracellular location, molecular functions and associ-
ated biological processes of gene products respectively. In addition, the ontology
provides a network of relations that formalize the relationships between annota-
tion terms. This is used, for example, to associate a general category with more
specific terms subsumed under that category, so annotations on different levels of
detail may be applied concurrently. The resulting formal description of domain
knowledge has been a key contribution to expanding the use of computational
methods in the analysis and interpretation of large scale biological data. For
instance, the GO enables the definition of semantic similarity measures, which
in turn can be used to compare or cluster gene products and groups thereof
[7] or to implement semantic search strategies for retrieval of information from
domain-specific text collections [5].
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The utility of the term relations is further increased when the ontology is
combined with an annotation database. In the case of the GO term relations
have been combined with databases of annotations for gene products to identify
statistically significant term enrichment [2] within subset of genes undergoing
expression changes in large scale experiments (microarrays, ChIP-chip etc.). For
this reason plug-ins for GO annotations have been integrated into standard data
visualization and analysis software for systems biology [3]. In a similar way anno-
tation sources and term relations can be combined with data from experiments
investigating effects of interventions, e.g. from knockout or RNAi studies. The
relational information provided by GO contributes to the integration of obser-
vations on different levels of detail so a subsequent statistical analysis of the
results becomes possible. Beyond this role in data fusion, the ontology structure
can guide the construction of statistical models by providing decompositions
of probability distributions over annotations. As an additional benefit this ap-
proach establishes consistency between distributions regardless of the level of
detail under which data is viewed for the purpose of the analysis.

In annotation databases following the GO standard each entry assigns an an-
notation term to a particular gene. Both genes and annotation terms may occur
in several entries. Therefore several terms may be annotated to the same gene,
and such combinations of annotations terms are often used to indicate roles in
the interaction of pathways associated with different biological functions. While
an analysis of the annotation sets as a whole is desirable, a direct representation
via empirical distributions is usually impractical as the theoretical size of the
sample space for annotations with n possible terms is on the order of 2n. To
construct probabilistic models of annotation frequencies a number of represen-
tations are employed, which differ in their inherent modeling assumptions and
the simplifications applied. In this paper I compare such strategies using pub-
licly available data sets and discuss their differences in the light of the resulting
properties.

Section 2 provides a brief exposition of the data set used in the comparison, its
connection to the Gene Ontology and the preprocessing applied to it. In section 3
the three different types of distribution models are presented and pointers to the
relevant literature given. This is followed by details of the evaluation method
and the evaluation measures employed (section 4). Results are summarized and
discussed in section 5.

2 Data Sets and Preprocessing

The data set used throughout the experiment was constructed from a collection
of annotations on the function of the genes and gene products of the baker’s and
brewer’s yeast Saccharomyces cerevisiae – one of the most well-studied eukariotic
model organisms. The collection is maintained by the Saccharomyces Genome
Database project [11] and will be referred to as the SGD. The annotations pro-
vided by that source are compliant with the GO annotation standard.

Within the GO, terms are organized into three non-overlapping term sets.
Each of the three sets covers one annotation aspect, namely biological processes,
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Fig. 1. Extract from the quasi-hierarchical term structure as specified by the Gene
Ontology relations

molecular functions or cellular components. For the “cellular components” the
term set is structured by a quasi-hierarchical partial ordering defined via the
“part_of” relation whereas the “is_a” relation fulfills the same role for the two
other aspects (Figure 1). The “molecular function” annotation refers to biochem-
ical, e.g. enzymatic, activity and is closely linked to the protein (and therefore
gene) sequence. However, many proteins that posses very similar functions or
even a shared evolutionary history are found in largely unrelated pathways. The
“cellular component” annotation provides information on cell compartments in
which the gene products are known to occur. On the biological side this infor-
mation allows to restrict a search for potential additional players in a partially
known mechanism. This enables experimenters to look specifically at, for in-
stance, candidates for a postulated membrane bound receptor. Finally, the “bio-
logical process” annotations provide an idea of the overall functionality to which
a gene product contributes. The terms occurring in the ontology fragment of
Figure 1 are examples of this annotation type. Because the targeted interactions
in large scale expression studies are focused on overall biological processes only
annotations for this aspect were considered in the experiments.

It should also be noted that the full term set of the GO (at the time of this
writing >30,000 terms) provides a very high level of detail. Only a small subset
of the available annotation terms are actually used in the SGD. Even among
the terms that are used, many have a low coverage in the database. To obtain
a standardized, broader perspective on the data that lends itself to a statistical
analysis, less specific versions of the ontology can be employed. These so-called
“slim ontologies” define subsets of comparatively general Gene Ontology terms.
In the case of S. cerevisiae a species-specific slim version of the ontology has been
released together with the full annotation data [12]. For the study described in
this paper any annotation terms from the SGD that were not already included in
the slim version of the ontology were mapped to their most specific ancestors in
the reduced term set. Note that for the selected sub-ontology the corresponding
term subset of the Yeast Slim GO has tree structure.

The resulting term sets consists mainly of leaf nodes of the slim ontology, but
still contains elements representing coarser descriptions. For the evaluation these
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Fig. 2. Fragment of constructed gene list with associated GO term identifiers

terms were considered as competing with their more specific hierarchical chil-
dren, reflecting the GO annotation policy of assigning the most specific suitable
term supported by the observations. For the analysis the example database was
constructed by aggregating the mapped annotations for each of the known genes
into gene-specific annotation sets. The resulting file summarizes the known bio-
logical processes for each of 6849 genes using a total of 909 distinct annotation
sets (Figure 2).

In parallel, the preprocessing assembled information about the annotation
scheme employed. To that end the term hierarchy was extracted from the on-
tology and converted into a domain specification. This specification serves to
describe how the annotation on different levels of details relate to each other
and was later used to by one of the models to integrate the ontology information
during the learning phase.

3 Distribution Models

In order to cover a broad spectrum of different strategies four representations
for distributions on annotation sets were implemented:

a) A model using binary random variables to encode presence or absence of
elements in a set. The variables are treated as independent, so the distribu-
tion of set-instantiations is obtained as a product of the proabilities for the
presence or absence of the individual elements of the underlying carrier set.

b) A condensed distribution [8] model using an unstructured attribute domain
c) An enriched term hierarchy using condensed random sets for the represen-

tation of branch distribution [10,9]
d) A random set representation [6]

The representation task is formalized as follows: Let Ω denote the set of avail-
able annotation terms. The preprocessed annotation database is rendered as a
list D = {S1, . . . , Sm} m ∈ IN, Si ∈ 2Ω, where the Si represent annotation term
sets associated with individual genes. The representation task is to model rel-
evant properties of the generating probability distribution characterized via its
probability mass function pAnnot : 2Ω → [0, 1]. To this end distribution models
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are trained from a non-empty training set Dtrn ⊂ D and subsequently tested
using the corresponding test set Dtst = D \ Dtrn. To increase the robustness
of evaluation results several training and test runs are embedded into a cross-
validation framework (cf. section 4).

The independence assumptions in (a) allow a compact representation of prob-
ability distributions by decomposing them into a small set of binary factor dis-
tributions p̂ωi : {+,−} → [0, 1], where the outcomes + and − denote presence or
absence of the term ωi in the annotation set. This results in the decomposition

∀S ⊆ Ω : p̂Annot(S) =

(∏
ω∈S

p̂ω(+)

)⎛
⎝ ∏

ω∈Ω\S

p̂ω(−)

⎞
⎠ (1)

=

(∏
ω∈S

p̂ω(+)

)⎛
⎝ ∏

ω∈Ω\S

1 − p̂ω(+)

⎞
⎠ . (2)

Because only one value per term needs to be stored this results in a very compact
model. Moreover, the approach allows to rapidly compute probability estimates
and is thus popular in text mining and other tasks involving large term sets. The
strong independence assumptions, however, are also a potential source of errors
in of the representation of probability distribution over the set domain 2Ω.

Approach (d) represents the opposite extreme: Each possible combination of
terms is represented in the sample space, which for this model is the power set 2Ω

of the term set. Therefore the the target distribution is estimated directly from
observations of the samples. Due to the size of the distribution model, and the
sparse coverage of the sample space no explicit representation of the model was
provided. Instead all computations were conducted at evaluation time based on
counts of annotation term sets shared by the training and test database applying
a subsequent modification for the Laplace correction (see page 60). Nevertheless,
computation time for evaluating the random set model exceeded that of the other
models by several orders of magnitude and, giving its scaling behavior, is not
considered an option for application in practice.

Finally approach (b) and (c) represent two variants of the condensed ran-
dom set model introduced in [8] and [10] respectively. The central idea of these
approaches is to use a simplified sample space that represents annotations con-
sisting of single terms separately, but groups those for non-singleton instan-
tiations. The probability mass assigned to the non-singleton instantiations is
then further distributed according to a re-normalized conditional probability
distribution, which is encoded using the method proposed in (a). This two-step
approach allows to better reflect the singletons (which are overrepresented in
GO-Annotations), while retaining the performance advantages of (a). Approach
(c) additionally integrates structure information from the ontology by associat-
ing a condensed random set with each branch of the ontology structure. Because
condensed random sets use the probabilistic aggregation operation observations
on coarsened versions of the enriched ontology remain consistent with aggregated
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Fig. 3. Decomposition principle for the hierarchical version of the Condensed Random
Set model. Conditional probabilities and coverage factors are indicated by solid and
dotted arrows respectively (image from [10]).

results from observations on higher levels of detail. For an in-depth discussion
of parameters and the model induction algorithm see [9].

In all cases, the parameters were estimated from the observed frequencies in
the training data with a Laplace correction applied. The value of the Laplace
correction was set to of 0.5 for models (a), (b), (c) and to 2.5 · 10−9 for model
(d), contributing similar portions of the total probability mass for all models.

4 Evaluation

Preprocessing resulted in a database of annotation sets for 6849 genes. To limit
sampling effects, the evaluation measures were computed in a 5-fold cross-vali-
dation process [4]. To this end the data set was split into five partitions with
genes randomly assigned (4 partition with 1370 genes each and one partition
with 1369 genes). In each of the five runs a different partition was designated
as a test data set whereas the remaining partitions used in the role of training
data. Evaluation measures were chosen to provide complementary information
on how well different aspects of the set-distribution are captured by each model
type. All measures are described with respect to and evaluation against a test
data set Dtst ⊂ D.

Log-Likelihood. A common way to evaluate the fit of a probability-based model
M is to consider the likelihood of the observed test data Dtst under the model,
that is, the conditional probability estimate p̂(Dtst | M). The closer the agree-
ment between test data and model, the higher that likelihood will be. The like-
lihood is also useful to test model generalization, as models that overfit the
training data tend to predict low likelihoods for test datasets drawn from the
same background distribution as the training data. To circumvent technical lim-
itations concerning the representation of and operations with small numbers in
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the computer, the actual measure used in practice is based on the logarithm of
the likelihood:

log L(Dtst) = log
∏

S∈Dtst

p̂(S | M) (3)

=
∑

S∈Dtst

log p̂(S | M). (4)

In that formula the particular term used to estimate the probabilities p̂(S | M)
of the records in D are model-dependent. Since the likelihood takes values from
[0, 1] the values for the log-transformed measure are from (−∞, 0] with larger
values (closer to 0) indicating better fit. The idea of the measure is that the
individual cases (genes) in both the training and the test sets are considered as
independently sampled instantiations of a multi-valued random variable drawn
from the same distribution. The likelihood of a particular test database Dtst is
computed as the product of the likelihoods of its |Dtst| elements. Due to the low
likelihood of individual sample realizations even for good model approximation,
the Log-Likelihood is almost always implemented using the formula given in
Equation 4, which yields intermediate results within the bounds of standard
floating point format number representations.

One particular difficulty connected with the Log-Likelihood, resides in the
treatment of previously unobserved cases in the test data set. If such values are
assigned a likelihood of zero by the model then this assignment entails that the
whole database is considered as impossible and the Log-Likelihood becomes un-
defined. In the experiment this undesired behavior was countered by applying
a Laplace correction during the training phase. The Laplace correction ensures
that all conceivable events that have not been covered in the training data are
modeled with a small non-zero probability estimate and allow the resulting mea-
sures to discriminate between databases containing such records.

Average Record Log-Likelihood. The main idea of the log-likelihood measure is
to separately evaluate the likelihood of each record in the test database with
respect to the model and consider the database construction process a sequence
of a finite number of independent trials. As a result log-likelihoods obtained on
test databases of different sizes are difficult to compare. By correcting for the
size of the test database one obtains an average record log-likelihood measure
that is better suited to a comparative study:

arLL(Dtst) =
log L(Dtst)

|Dtst| . (5)

Note that in the untransformed domain the mean of the log-likelihoods corre-
sponds to the geometric mean of the likelihoods, and is thus consistent with
the construction of the measure from a product of evaluations of independently
generated instantiations.
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Singleton and Coverage Rate Errors. In addition to the overall fit between
model and data, it is desirable to characterize how well other properties of a
set-distribution are represented. In particular it has been pointed out that the
condensed distribution emphasizes the approximation of both singleton probabil-
ities and the values of the element coverage. To assess how well these properties
are preserved by the investigated representation methods, two additional mea-
sures – dsglt and dcov – have been employed. These measures are based on the
sum of squared errors for the respective values over all elements of the base
domain:

dsglt =
∑
ω∈Ω

(p′(ω) − p(ω))2 , (6)

dcov =
∑
ω∈Ω

(opc′(ω) − opc(ω))2 . (7)

In this equation the function opc computes the one-point coverage of an element
by a random set, defined as the cumulative probability of every instantiation
containing the argument.

5 Results

For the assessment and comparison of the different methods, a 5-fold cross-
validation was conducted. All approaches were applied with the same partition-
ing of the data. Evaluation results of the individual cross-validation runs were
collected and – with the exception of the logL measure – averaged. These results
are summarized in Table 1.

The two condensed random set-based models (b) and (c) achieve a better
overall fit to the test data (higher value of arLL-measure) than the model as-
suming independence of term coverages (a) indicating that those assumptions
are not well suited for annotation data. The highest accuracy for all models
and variants is achieved using the hierarchical version of the CRS model. This
is interpreted as a clear indication of the benefits provided due to additional
structure information. Despite its large number of parameters the full random
set representation (d) does not achieve acceptable approximation results. Due
to the large sample space that model is prone to overfitting.

For the prediction of singleton annotations model (a) exhibits large predic-
tion errors. This again is explained by the independence assumption in that
representation being too strong. In contrast, with their separate representation
of singleton annotation sets, the CRS-based models show only small prediction
errors for the singleton frequencies, though the incomplete separation between
real singletons and single elements in local branch distributions appear to leads
to a slightly increased error for the hierarchical version.
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Table 1. Evaluation results for individual runs and result summaries; best and second
best results highlighted in dark and light gray respectively (from top left to bottom
right: Model using independent binary variables (a) with Laplace correction of 0.5,
Condensed Random Sets on unstructured domain (b) with Laplace correction of 0.5,
Condensed Random Sets on hierarchically structured domain (c) with Laplace correc-
tion of 0.5, Random Set representation (d) with Laplace correction of 2.5 · 10−9)

a)

log L arLL dsglt dcov

-9039.60 -6.60 0.067856 0.001324
-8957.19 -6.54 0.064273 0.001524
-9132.09 -6.67 0.060619 0.001851
-8935.82 -6.52 0.074337 0.001906
-9193.44 -6.72 0.059949 0.001321

-6.61 0.065406 0.001585 b)

log L arLL dsglt dcov

-7992.76 -5.83 0.000241 0.001342
-7885.19 -5.76 0.000222 0.001531
-8045.31 -5.87 0.000411 0.001838
-7839.16 -5.72 0.000612 0.001895
-8195.49 -5.99 0.000268 0.001316

-5.83 0.00035 0.001584

c)

log L arLL dsglt dcov

-7629.66 -5.57 0.000539 0.008293
-7559.38 -5.52 0.000457 0.011652
-7752.21 -5.66 0.000857 0.006998
-7529.83 -5.50 0.001014 0.004767
-7828.44 -5.72 0.000567 0.009961

-5.59 0.000686 0.008334 d)

log L arLL dsglt dcov

-8259.66 -6.03 0.001823 0.098462
-8346.13 -6.09 0.001311 0.100860
-8651.12 -6.31 0.000964 0.095850
-8288.68 -6.05 0.003105 0.103200
-8534.30 -6.23 0.000671 0.094305

-6.14 0.001574 0.098536

This is consistent with the higher error dcov of that model in the prediction
of coverage factors. The non-hierarchical models (a) and (b) represent one-point
coverages directly and therefore achieve identical prediction error1. Large devi-
ations for coverage rate predicted by the Random Set model (d) are explained
by the cumulative effect of the Laplace correction after aggregating over the a
large number of combinations.

6 Conclusions

The presented contribution analyzed the effect of different modeling assump-
tions for representing distributions over annotation sets. Although parsimonious
models should be preferred whenever justified from the data, the often applied
independence assumption for term occurrence do not seem to hold for anno-
tation data in biology. It could be shown that the inclusion of background in-
formation on relations between annotation terms contributes to improving the
overall accuracy of the representation at some cost for the accuracy of cover-
age rates and singleton frequencies. In combination with the additional benefit
of consistent aggregation operations the results indicate that the probabilistic

1 The minor differences between the tables are merely artifacts of the two-factor de-
composition of coverage factors in the condensed distribution.
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enrichment of ontologies provides an both effective approach to the statistical
modeling of distributions over annotation sets and integrates well with already
available resources for data analysis in biology.
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