Re-Engineering Gene Ontology
Gil Alterovitz1,2,3, Michael Xiang4, Jon Liu4, and Marco F. Ramoni1,2,3
1Division of Health Sciences and Technology (HST), Harvard Medical School and Massachusetts Institute of Technology, Boston, MA. 2Children’s Hospital Informatics Program at HST, Boston, MA. 3Harvard Partners Center for Genetics and Genomics, Harvard Medical School, Boston, MA. 4Department of Biology, Massachusetts Institute of Technology, Cambridge, MA.

Corresponding author:

Gil Alterovitz, PhD

Harvard Medical School

New Research Building, Room 250

77 Avenue Louis Pasteur

Boston, MA 02115

Phone: 617-525-4478

Fax: 617-525-4488

gil@mit.edu
Running Title: Re-Engineering Gene Ontology
Keywords: Gene Ontology, Probabilistic Methods, Information Theory

abstract
Ontologies have become pervasive in biomedical research.  The use of ontologies, such as the gene Ontology (GO), has increased dramatically as data from the human genome project and other research initiatives has grown.  Ontologies allow for information, such as functional genomic terms, to be organized into a hierarchy.  Traditionally, ontologies like GO have been subjectively designed by humans and revised as new genes and functions became known.  Now that the human genome project and other related projects have matured, a new opportunity presents itself to re-engineer ontologies, like GO, in a more objective, analytical-based, manner.  

In this paper, we develop an information theoretic approach to guide ontology design.  We apply this approach to GO, yielding new insights into potential information bottlenecks and significant inefficiencies in information representation.  We then use our approach to present a methodology to guide re-engineering of existing ontologies, like GO, in order solve these issues.  As a proof of concept, we use this method to re-engineer sections of GO and show that the resulting new structures then not inefficient.
Introduction
Ontologies, such as the Gene Ontology (GO) (Ashburner, Ball, Blake et al. 2000), have been widely used to discover, represent, and predict functional relationships in genomics and proteomics (Dennis, Sherman, Hosack et al. 2003; King, Foulger, Dwight et al. 2003; Zeeberg, Feng, Wang et al. 2003).  Given their wide use, issues surrounding ontology design, usage, and annotation analysis have been recently cited as an important area for future work (Rebholz-Schuhmann, Kirsch, Arregui et al. 2006) (Blake 2004) (Soldatova and King 2005).
Here, we propose a method of engineering new ontologies and of guiding the development of existing ontologies. The new method uses an information theoretic framework to seek a more balanced distribution of information in the ontology.  By doing so, this approach maximizes entropy across the individual GO terms.  With knowledge thus balanced evenly across nodes, the information (Shannon 1948) which can be derived from subsequent ontology-based analysis is maximized, assuming no a priori knowledge (MacKay 2003).
In particular, ontology nodes at a given level  should represent similar levels of information, and the increase in information from one level to the next should also be optimized. We give an application of our method on the Gene Ontology (GO) and suggest ways that it could be improved, by either adding or deleting nodes to optimize the information distribution within the ontology.
An information theoretic approach to GO engineering requires a way to calculate the amount of information encoded by a node in the gene ontology (see Methods). REF _Ref137217939 \h 
 \* MERGEFORMAT   One recent paper (Alterovitz, Xiang, Ramoni- submitted) uses this approach to illustrate the information content of selected GO nodes in the context of the human genome (SwissProt/TrEMBL annotation). A larger number of bits indicates a higher level of information; annotation by the GO node conveys a higher amount of description and specificity. 


Here we examine all the nodes in each GO level to look for outliers that represented a significantly higher or lower amount of information than most nodes of that level. Such nodes identified candidate regions where the GO DAG could be potentially improved by our information theory-guided approach. We also compared the average information content of GO levels with each other to see if any GO level stood out as corresponding to an unusually large or small increase in information from the previous GO level. For consideration of whole levels with each other and also nodes within each level, we elected to examine the biological process, molecular function, and cellular component branches of the GO structure separately, since each branch reflects an essentially different gene description and may contain idiosyncrasies in structure or information distribution. This information can be used to restructure the gene ontology and guide the development of new ontologies for more optimal distribution of information across the nodes of the ontology.  
Results
Figure 3 shows the average information content (in bits) of each GO level. As would be expected, the descriptive specificity and information content of GO nodes tends to increase with the depth of the GO level. The number of nodes in each GO level initially increases as the GO DAG branches out; then, as terminal nodes are reached, the number of nodes per GO level begins to decrease. The shape of the function of information content vs. GO level is most like a log curve. Error bars indicate one standard deviation in information content.

While both the molecular function and biological process branches extend to 14 GO levels, cellular component is only 9 levels deep. In addition, although the information content of each branch of GO generally increases with GO level, several GO levels in each branch actually exhibit a decrease in information compared to the previous level. For example, one such case is level 13 for molecular function, which experiences a large decrease in information relative to level 12. The decrease occurs because a larger percentage of nodes in level 12 do not annotate any gene, and such nodes were assigned the maximum information of 21.9 bits. In addition, these nodes did not have any descendants that propagated into level 13. Thus level 13 has fewer nodes that do not annotate any gene, and so fewer nodes in level 13 express the maximum information of 21.9 bits.  Figure 4 illustrates conceptually the relationship between levels 12 and 13 of molecular function.  In this figure, level 12 has an average information content of 19.9 bits, whereas level 13 has an average information content of 17.2 bits.

We next examined uniformity of information distribution across nodes within the same level. Nodes in a given level were flagged if their information content differed from the mean information content of their GO level by more than 1.96 standard deviations for that level. Some examples follow of GO nodes with information content deviating far from the mean for their respective levels. The node “ATP synthesis coupled proton transport,” under biological process level 11, was the most deviant node for the biological process branch of GO; it was lower than the mean information content of level 11 nodes by more than 4 standard deviations. Other flagged nodes included “regulation of transcription, DNA-dependent” of biological process level 7 (3.4 standard deviations) and “cellular protein metabolism” of biological process level 5 (3.3 standard deviations). 

Figure 5-Figure 7 present an analysis for each level of the three branches of GO. For each level, nodes that were significantly below the mean information content for the level are indicated by red. Such nodes were deemed too general for their GO level, and thus are candidates for deletion, merging with a parent or child, or moving to a more shallow GO level. Nodes that were significantly above the mean information content for the level are indicated by blue. Such nodes were deemed too specific for their GO level, and thus are candidates for expanding the coverage of GO by inserting a node directly above them or for moving to a deeper GO level. Nodes that were deemed neither too specific nor too general are indicated by green. The number of nodes comprising each level is indicated in the center of the bar.

From Figure 5-Figure 7, most nodes in each GO level for each branch of GO were judged to be of appropriate information content. However, a small percentage (on average, about 5%) of nodes was flagged as too general for many of the GO levels across all three GO branches. By contrast, many fewer nodes were found to be too specific for their level. The relatively greater proportion of nodes flagged as “too general” is most likely a consequence of the common approach used to determine the level of a node in the GO direct acyclic graph: namely, the “longest path” used to traverse to the node from the root, used by programs such as DAVID and FatiGO.  Many nodes that are fairly general and are often reachable by just a few edges from the root may also be connected to the root by a path that is much longer, and this longer path is used to determine the GO level of the node. Thus the node is placed in the context of a much more specific GO level. This phenomenon can be avoided simply by guaranteeing that no paths exist to nodes that are much longer than the intended depth of the node; alternatively, a method of determining GO level other than the de facto “longest path” standard can be employed.

Discussion
Information Bottleneck and Non-uniform Distribution of Information 

Figure 4 indicates that, whenever a decrease in information content is observed going from one GO level to the next, an “information bottleneck” has occurred: most of the genes of the previous level are transmitted to the next level through only a few nodes. Many of the nodes of the previous level are thus underused or not used at all, and thus may be too specific or detailed. On the other hand, the few nodes with most of the genes are perhaps overused and thus too general. The larger the decrease in information content, the more severe the “information bottleneck”: i.e., more genes are transmitted through fewer nodes. Although level 13 of molecular function is the most prominent example of an “information bottleneck,” other instances include level 4 of cellular component, level 12 of biological process, and levels 6, 7, and 8 of molecular function, which are all less severe cases and thus do not possess as uneven distributions of information as level 13 of molecular function. Information bottlenecks can be avoided if the ontology is engineered such that the variance in the number of genes annotated by each node in a given ontology level is minimized; in other words, nodes that are too specific can be moved to a lower (deeper) level, and nodes that are too general can be moved to a higher (more shallow) level.  In the next section, we apply our approach to re-engineer part of the Gene Ontology.
Re-engineering in Practice

In an attempt to improve the Gene Ontology, we identified nodes that were either “too specific” or “too general” for their GO level: higher or lower than the mean information content for their level by more than 1.96 standard deviations, respectively.

“Establishment of Localization” (GO:0051234), currently at level 3, is too general by 2.71 standard deviations. Its current location in GO is given by Figure 8.a. We propose moving it up one level and renaming its parent node, “Localization,” to “Localization Process,” to differentiate between establishment and maintenance of localization. The proposed location is given by Figure 8.b. 
In addition, “Metal Ion Binding” (GO:0046872) and “Cation Binding” (GO:0043169) in level 3, which are both children of “Ion Binding” (along with “Anion Binding”), are too general by 2.57 and 2.54 standard deviations, respectively. Their current location is given by Figure 9A. We propose moving the children of “Ion Binding” up one node and abolishing “Ion Binding.” The proposed location is given by Figure 9.b.
On the other hand, “Pigmentation” (GO:0043473), in level 1, is too general by 1.84 standard deviations. Although this is less than 1.96 standard deviations, we propose that it is better suited to level 2, under the parent “Physiological Process,” especially in light of GO terms such as “Bioluminescence” that are similarly structured. Its current location is given by Figure 10.a., and its proposed location is given by Figure 10.b.

When all of these proposed changes were performed in concert, the deviance in information content for each of the moved nodes was lessened. “Establishment of Localization” in its new location in level 2 is now low by 1.76 standard deviations, an improvement sufficient for it to no longer be flagged as “too general.” Similarly, “Metal Ion Binding” and “Cation Binding” in their new locations in level 2 are now significantly better at 1.93 and 1.90 standard deviations, respectively. Additionally, “Pigmentation” in its new location in level 2 is only 0.45 standard deviations too specific, a dramatic improvement.
Our findings demonstrate that the Gene Ontology can, though use of systematic computational analysis to identify potential areas for improvement, be redesigned to allow a more uniform distribution of information content and therefore more optimal structure. Our work here presents guiding principles for evaluating the optimality of existing ontologies, identifying nodes that exhibit non-optimal information content, and for correcting node positions to improve ontology structure. These principles can also be used towards the design of new ontologies that preserve a structure-information relationship from their conception.
Methods
Our information-theoretic approach allows the quantification and comparison of ontology node specificity. Intuitively, a node that describes many genes provides little descriptive information and is not very specific. For example, the GO node “cellular process,” which annotates approximately 40% of human genes, reveals very little about the actual functions of a gene. On the other hand, nodes rarely observed provide greater amounts of information; that is, they are more descriptive and specific. Therefore, the GO node “carbohydrate metabolism,” which annotates fewer than 2% of human genes, gives a much clearer, more precise description of gene function. The information content of a GO node correlates inversely with the frequency of its annotation (Alterovitz, Xiang and Ramoni 2006 (Submitted)).

Mathematically, the information content (in bits) of a GO node An is the self-information (also called “surprisal”) (reference) of the node, denoted by I(An), which is related to the definition of Shannon information (reference):
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Here, p(An) is the probability of observing a gene, chosen randomly, and finding that it is annotated by node An. In other words, p(An) denotes the frequency of annotation of node An. Thus, if k(An) refers to the set of genes described by node An, and j represents the total number of nodes in the Gene Ontology, then p(An) in the above equation is given simply by
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For GO terms that did not annotate any gene, we treated these GO terms as annotating a “half” of a gene to avoid singularities caused by log of 0. The maximum information content for any GO term was thus approximately –log2(0.5 / 1.9x106), or roughly 21.9 bits.

Since bit-wise information is defined by log base 2, an increase in one bit of information denotes a two-fold increase in descriptive specificity. For example, a GO term with 0 bits of information would be expected to describe all genes and be completely non-informative. A GO term with 1 bit of information would be expected to describe 50% of all genes; a GO term with 2 bits of information would be expected to describe 25% of all genes; and so forth.

We calculated p(An) and I(An) for all nodes in the Gene Ontology using annotation from EBI UniProt GO annotations (ftp://ftp.ebi.ac.uk/pub/databases/GO/goa/UNIPROT/) (Wu, Apweiler, Bairoch et al. 2006), which contains comprehensive GO annotations for over 1.9 million genes. This dataset was chosen because it represents a comprehensive sampling of GO annotation across a multitude of organisms, which is desirable in the analysis of the fitness of the current Gene Ontology as it is applied to the study of a number of organisms. Each node in the GO directed acyclic graph (DAG) was also assigned a “level,” defined as the number of edges in the longest path connecting a node to the root node. For example, Figure 8.a) b) shows that node A would be assigned to level 1, but node B would be considered to be part of level 2. The stipulation of “longest path” is necessary since the GO graph is not a tree, and multiple routes may exist to traverse from one node to another. This definition of “GO level” is used by GO utilities such as DAVID (Dennis, Sherman, Hosack et al. 2003) and FatiGO (Al-Shahrour, Diaz-Uriarte and Dopazo 2004).

Figure Legends

Figure 1. Spectrum of GO terms: examples ranging from 1 to 14 bits

Figure 2. Example of longest path

Figure 3. Information across GO levels

Figure 4. Information bottleneck from GO level 12 to 13.  Each rectangle represents a GO node; the first number is the number of genes annotated by that node, and the number in parentheses is the computed information content based on the number of gene annotations. 
Figure 5. Percentage of terms where changes are proposed within the biological processes branch of GO  
Figure 6. Percentage of terms where changes are proposed within the molecular function branch of GO  
Figure 7. Percentage of terms where changes are proposed within the cellular component branch of GO  
Figure 8.a) b) Re-engineering GO around the rather general “establishment of localization” term, 

Figure 9.a) b) , Re-engineering GO around the rather general “cation binding” and “metal ion binding” terms

Figure 10.a) b) Re-engineering GO around the rather specifc “pigmentation” term
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Figure 2
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Figure 3
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Figure 4
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Figure 5
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Figure 6
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Figure 7
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Figure 8.a)
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Figure 8.b)
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Figure 9.a)
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Figure 9.b)
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Fig. 10.a)

[image: image14.emf]pigmentation

physiological process

biological_process

pigmentation during development


Figure 10.b)

Tables

	GO ID




	GO Term Name
	GO Level
	Branch
	Standard Deviation (bits)
	Conclusion

	43581
	Mycelium development
	2
	BP
	2.0315
	Too specific

	9838
	Abscission
	2
	BP
	1.8359
	Too specific

	43473
	Pigmentation
	1
	BP
	1.8357
	Too specific

	6096
	Glycolysis
	10
	BP
	3.8579
	Too general

	5737
	Cytoplasm
	3
	CC
	3.1749
	Too general

	4672
	Protein kinase activity
	5
	MF
	3.2675
	Too general


Table 1.  Examples of GO terms that were found to be too specific or too general.
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