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ABSTRACT 

 

Background: Semantic similarity between Gene Ontology (GO) terms underpins numerous applications in 

genomics, yet existing measures typically rely on a single strategy — topology, information content, or 

node/edge structure — and no individual approach consistently outperforms the others. 

Objective: This study develops a similarity evaluation measure for GO terms that jointly incorporates 

information content, term membership, and topology-based similarity. 

Methods: The proposed method computes a topological depth factor from the number of descendants of a term, 

an information-content-based shortest-path distance to the Most Informative Common Ancestor, and a 

Gaussian membership function; these are combined via Best Match Average and evaluated on positive and 

negative UniProt interaction datasets and Pfam protein family clans. 

Results: The proposed method achieved higher Pfam similarity and Pearson correlation than Resnik, Lin, 

Wang, GOGO, Lord, Al-Mubaid, and TopoICSim overall, with the strongest correlation observed for the 

Molecular Function (MF) ontology. 

Conclusion: The experimental results demonstrate a clear advantage of the proposed method over existing 

semantic similarity measures for GO term and protein-clan analysis. 
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HIGHLIGHTS: 

1. An improved approach for semantic similarity evaluation of Gene Ontology (GO) terms is developed 

by combining information content and topological factors. 
2. A multi-factor similarity measure integrating fuzzy clustering, term membership, and a weight function 

is proposed. 
3. The proposed method achieves the highest Pfam similarity and the highest correlation for the 

Molecular Function (MF) ontology among all compared approaches. 
INTRODUCTION 

Understanding protein function is central to bioinformatics, supporting genome annotation and functional 

prediction. Gene Ontology (GO) describes gene functions across organisms through three taxonomies — 

Molecular Function (MF), Biological Process (BP), and Cellular Component (CC) — organized as a Directed 

Acyclic Graph (DAG) of terms linked by ‘part-of’ and ‘is-a’ relationships. Existing semantic similarity 

approaches are broadly node-based, edge-based, or hybrid. Node-based methods, including those of Resnik and 

Lin, estimate similarity from the information content of the Most Informative Common Ancestor (MICA) but 

disregard the depth of the common ancestor [1,2]. Edge-based methods instead rely on shortest-path distance 

within the DAG; Wang's measure incorporates topology but ignores annotation [3], and Lord et al. found a strong 

correlation between sequence and annotation similarity [4]. No single approach combines all the relevant 

topological features of the GO graph with term-level information content. 

We therefore develop a similarity measure for GO terms combining information content, term membership, and 

topology. Its contributions are: (i) a multi-factored measure combining fuzzy clustering, information content 

membership, and a weight function; (ii) a depth-based topological factor from the number of children of a node; 

and (iii) a shortest-path information content measure to the MICA combined with a Gaussian membership 
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function. The method is evaluated against Resnik, Lin, Wang, GOGO, Lord, Al-Mubaid, and TopoICSim on GO 

term pairs, Pfam clans, and UniProt interaction datasets. 

MATERIALS AND METHODS 

The proposed method estimates semantic similarity for Gene Ontology terms in three stages: a topological 

measure based on the depth of a term, a shortest-path-based information content measure to the Most Informative 

Common Ancestor (MICA), and a membership measure computed with a Gaussian membership function. GO is 

treated as a Directed Acyclic Graph, in which each term inherits characteristics from its ancestors. 

3.1 Evaluating the Depth of a Term 

For a GO term t, the information content is defined using the standard formulation, where P(t) is the probability 

of observing t or its descendants in the corpus: 

IC(t) = − log P(t) (1) 

Let N(t) denote the number of descendants linked to term t, either directly or indirectly, within an ontology, and 

let |O| denote the size of the corpus. The depth of a term, depth(t), is expressed as the proportion of N(t) to |O|; 

combining this topological measure with information content gives: 

 (2) 

Relying on the Lowest Common Ancestor (LCA) alone is insufficient and leads to the shallow-annotation problem 

observed with Lin’s and Jiang’s measures, in which genes annotated at shallow levels of the hierarchy exhibit 

artificially high similarity. 

3.2 Similarity Based on Shortest Path 

The proposed method combines three mutually exclusive factors: shared information content, shortest-path 

distance, and term membership. 

3.2.1 Detecting the Shortest Path from the GO Term to MICA 

Rather than considering all ancestors, the proposed method uses the distance of the shortest path between a term 

and MICA [5], since the ancestor with the majority of the information content is more informative than the 

complete ancestor set. The shortest path between terms t1 and t2 is calculated as: 

 (3) 

Best Match Average (BMA) derives protein-pair similarity from term-pair similarity [6], outperforming simple 

average and maximum aggregation. 

3.2.2 Evaluating the Membership of the Term 

The membership of a term is evaluated using a Gaussian membership function, with default parameters 

throughout: 

 (4) 

Because semantic similarity is high only for genuinely interacting proteins, incorporating both information content 

and topology improves the reliability of the proximity measure. 

3.3 Semantic Similarity Score 

The proposed method derives a unified similarity score by combining the depth-based topological factor, the 

shortest-path information content, and the Gaussian membership factor through BMA, then normalizes it using 

the GO universal measure, Nunivers, to finalize the functional similarity score. 

RESULTS AND DISCUSSION 

The proposed method was evaluated on the benchmark dataset used by Benabderrahmane et al. [7], and its Pfam 

similarity and correlation were compared against existing techniques. The UniProt dataset [8] was used to 

construct positive and negative interaction sets, and Pfam similarity was calculated as the ratio of protein families 

shared between proteins to the total families they belong to [9]. Similarity scores are reported under Best Match 
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Average (BMA) Nunivers [10]. Pearson's correlation coefficient assessed the correlation between sequence 

similarity, from the BLAST log bit score [11], and semantic similarity. 

4.1 Intraset Similarity and Semantic Similarity Evaluation 

Evaluation was performed on a DAG rooted at GO:0003674, using an MF ontology snapshot with 27 direct 

descendants. Table 1 reports similarity for the GO term pairs GO:0046572-GO:0016829 and GO:0060089-

GO:0004872, benchmarked against Resnik, Lin, Wang, and GOGO [12]. The proposed method is competitive on 

both pairs, though Wang and Lin attain marginally higher scores here; its advantage becomes more pronounced 

in the aggregate Pfam and correlation analyses that follow. 

Table 1: Similarity comparison with existing methods (Resnik, Lin, Wang, GOGO) for two GO term pairs. 

Approach Similarity (0046572, 0016829) Similarity (0060089, 0004872) 

Resnik 0.081 0.310 

Lin 0.134 0.760 

Wang 0.612 0.712 

GOGO 0.386 0.544 

Proposed Method 0.398 0.612 

Intraset similarity was further calculated for Pfam clans (Table 2), where genes in the same clan share molecular 

function under the MF ontology. Figure 1 compares the intraset Pfam similarity of the proposed method with Al-

Mubaid, Wang, and TopoICSim [13] across four Pfam clans; the proposed method achieves the highest similarity 

in every clan. 

Table 2: Pfam clans used for the intraset similarity calculation. 

Pfam Clan No. of Genes 

ALDH-like 18 

BIR-like 9 

FBD 6 

Flavoprotein 7 

6PGD_C 8 

 
Figure 1: Pfam intraset similarity (MF ontology) by clan; the proposed method is highest in every clan. 

Table 3 reports the Pearson correlation coefficient for the CC, BP, and MF ontologies. The proposed method 

outperforms Lord, Al-Mubaid, Wang, and TopoICSim across all three, reflecting the combined contribution of 

fuzzy clustering, BMA, and term depth. 

Table 3: Pearson correlation coefficient for the CC, BP, and MF ontologies (highest per column in bold). 

Approach CC BP MF 

Lord 0.513 0.511 0.615 

Al-Mubaid 0.504 0.490 0.553 

Wang 0.627 0.512 0.612 

TopoICSim 0.636 0.518 0.633 

Proposed Method 0.654 0.623 0.714 

The interaction dataset distinguishes electronically inferred annotations (IEA+) from Swiss-Prot reviewed                  

(IEA-) annotations; combining both gives optimum coverage. Reviewed UniProt interactions (3,500) formed the 
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positive dataset, and unreviewed annotations formed the negative dataset. Table 4 reports the Pearson correlation 

between sequence and semantic similarity for MF, CC, and BP under IEA- and IEA+. The proposed method 

achieves the highest correlation overall. 

Table 4: Pearson correlation between sequence and semantic similarity for MF, CC, and BP under IEA- and IEA+ 

(highest per column in bold). 

Approach MF (IEA-) CC (IEA-) BP (IEA-) MF (IEA+) CC (IEA+) BP (IEA+) 

Lord 0.519 0.418 0.421 0.572 0.426 0.521 

Al-Mubaid 0.533 0.436 0.412 0.580 0.432 0.541 

Wang 0.512 0.421 0.406 0.552 0.418 0.559 

TopoICSim 0.501 0.441 0.431 0.560 0.446 0.502 

Proposed Method 0.538 0.453 0.428 0.591 0.438 0.539 

 
CONCLUSION 

This paper presents an improved semantic similarity measure for Gene Ontology terms that combines information 

content with topological factors of the DAG - structural depth, membership, weight, and shortest path to the 

MICA. The method was evaluated on benchmark datasets and Pfam clans using intraset similarity, outperforming 

Lord, Wang, Al-Mubaid, and TopoICSim on most comparisons, and achieved the highest Pearson correlation 

between sequence and semantic similarity for the Molecular Function ontology on both positive and negative 

datasets. 
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