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Abstract

The Gene Ontology is a central resource for representing biological knowledge, yet its internal structure is often treated as static—or as a black box—
in computational analyses. Here, we examine 15 years of Gene Ontology evolution using network-based methods, revealing that Gene Ontology
changes not only through incremental growth but also through punctuated, curator-driven restructuring. In particular, we document a major
reorganization of the Cellular Component branch in 2019, where broad “part” terms were removed and the ontology was modularized into
distinct domains for anatomical entities and protein-containing complexes. Semantic modularity aligns Gene Ontology with emerging
frameworks such as the Common Anatomy Reference Ontology and Gene Ontology-Causal Activity Modeling, but also disrupts similarity
metrics that rely solely on hierarchical proximity. More broadly, the restructuring of the cellular components branch consolidates a shift toward
treating Gene Ontology as a multi-layer semantic network—a transformation rooted in a decade-long process of scientific and social consensus
across institutions. These findings underscore the need for version-aware, multi-layer models to ensure reproducibility and interpretability—and
to better represent biological function across compositional, spatial, and regulatory dimensions as ontologies continue to evolve.
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Introduction

Accurately defining gene function is essential for genomics,
biomedicine, and evolutionary biology, but experimental
methods for functional characterization remain costly and
time-intensive. As a result, computational approaches have
become increasingly important for predicting gene function,
prioritizing candidate genes for study, and uncovering novel
protein interactions. A common strategy is to infer gene func-
tion from sequence similarity, leveraging the Gene Ontology
(GO)—a structured, expert-curated database that categorizes
gene functions into molecular functions (MF), biological proc-
esses (BP), and cellular components (CC) (Ashburner et al.
2000; Alterovitz et al. 2010; Consortium et al. 2023). In pre-
vious decades, molecular events were characterized from jour-
nal abstract databases by text-mining for the textual trigger,
event type and participating entities (Kim et al. 2009;
Sarafraz et al. 2009).

GO serves as the foundation for many bioinformatics tools
that annotate gene function based on sequence homology and

evolutionary conservation. For example, eggNOG-mapper
assigns GO terms to previously uncharacterized genes using
orthology inference (Cantalapiedra et al. 2021), while ma-
chine learning models such as FANTASIA leverage large-scale
biological ~datasets to refine functional predictions
(Barrios-Nufez et al. 2024; Martinez-Redondo et al. 2024).
These tools accelerate biological discovery but rely on an im-
plicit assumption: that GO provides a stable and accurate
framework for functional annotation. However, as biological
knowledge expands, GO itself must evolve, raising fundamen-
tal questions about how its structural changes influence gene
function predictions over time. As both a biological classifica-
tion system and a curated knowledge infrastructure, the GO
encodes not just biological facts but also the evolving agree-
ments and priorities of the research community.

GO is not a static reference; it is a semantic network (see
Fig. 1) that grows and reorganizes in response to new research
and technological findings. In this network, nodes represent
biological concepts (e.g. “ATP binding” or “cell division”),
and edges encode hierarchical (“is-a”) or compositional
(“part-of”) relationships. In software development, engineers
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Fig. 1. Two types of semantic networks. a) The GO organizes biological concepts into three main categories (or branches)—biological processes, cellular
components, and molecular activities—using a structured vocabulary (e.g. biological regulation, cell projection assembly). Terms within each category are

"on

hierarchically linked through relationships such as “is-a”,

part-of”, and “regulates”, forming a directed acyclic graph that represents biological function.

b) Class diagrams in software engineering represent the structure and behavior of software systems, where classes (colored nodes) define software

components, and edges represent associations, aggregations (“part-of”), compositions, and inheritance hierarchies (“is-a”). Although GO and software
ontologies differ in purpose and domain, they share key topological properties, including hierarchical organization, preferential attachment, and scale-free
connectivity. These similarities suggest that both systems evolve through a combination of incremental reuse and large-scale restructuring, mechanisms

commonly observed in cultural and technological evolution (see text).

frequently modify and refine existing classes, while occasion-
ally performing global reorganizations, i.e. refactorings
(Burek et al. 2017; Fowler 2018), to improve system clarity
and reduce redundancy. Similarly, GO evolves through the
continuous addition of new terms, the merging or removal
of outdated categories, and systematic ontology revisions led
by expert biocurators. Studies on semantic and technological
networks reveal that hierarchical organization (Steyvers and
Tenenbaum 20085), preferential attachment (Valverde and
Solé 2005b), and rich-club behavior (Valverde and Solé
2007a) are hallmarks of culturally evolving systems
(Valverde and Solé 2005a; Solé and Valverde 2020). These
same patterns appear in GO’s structural evolution, suggesting
that its organization is not purely a biological necessity but
also a product of scientific and social constraints.

Understanding the evolutionary principles underlying GO’s
structure is critical for improving functional annotation accur-
acy, gene similarity metrics, and predictive models in compu-
tational biology. As GO evolves, these structural changes
directly affect gene function studies, biomedical research,
and evolutionary analyses. By applying network analysis to
15 years of GO versions (2009 to 2024), we reveal that its
structure exhibits scale-free properties, hierarchical refine-
ment, and rich-club behavior. Our findings suggest that
GO’s evolution is shaped by both bottom-up reuse and top-
down restructuring, similar to other culturally evolving
knowledge systems. By characterizing these network patterns,
we offer new insights into how biological ontologies develop
and propose strategies for improving the stability and inter-
pretability of functional annotations.

Results

To assess how GO’s network structure evolves over time,
we reconstructed Gene Ontology Networks (GONs) for 40
versions spanning 15 years (2009 to 2024) (see Methods).
We analyzed key topological features, focusing on degree dis-
tributions, hierarchical refinement, and large-scale restructur-
ing events that shape functional annotation.

Scale-Free Structure Suggests That GO Evolves
Through Duplication and Rewiring

The GO continuously expands and reorganizes in response to
new biological discoveries, yet its structural evolution follows
non-random patterns. One of the most striking features of
GO’s architecture is that its connectivity follows a scale-free
distribution, a hallmark of self-organizing knowledge systems.
At a local network level, the in-degree (k") and out-degree
(k9"") of a node represent the number of incoming and out-
going connections, respectively (see inset, Fig. 2d). The in-
degree distribution P(k), which describes the probability that
arandomly chosen node has k incoming connections, provides
insight into the heterogeneity of GO’s structure. In many bio-
logical and technological networks, this distribution follows a
power law,

P(k) ~ &7, (1)

indicating that a few highly connected terms act as central
hubs, while most terms have fewer connections. To obtain
more accurate estimates of the exponent a, we fit the cumula-
tive in-degree distribution:
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Fig. 2. Structural properties of ontology networks. The GO consists of three directed networks that reflect the functional domains: a) biological processes
(Gpp), b) molecular functions (Gn) and c) cellular components (Gc). From left to right, the average degree for each network is kpp = 1.8, kypr = 1.21, and
kee = 1.15 (see text). Each node in the ontology can be characterized by the number of incoming (in-degree) and outgoing (out-degree) links (see inset in
panel d). The empirical in-degree k distribution follows a power-law P(k) ~ k=* (violet curve) with exponent d) « = 2.63 for the BP network, e) a = 2.51 for
the MF network, and f) & = 2.49 for the CC network. The out-degree (orange curve) distribution is exponential for all networks. The distribution of number
of node descendants Dis a power law, P(D) ~ D77 (green curve) with exponent g) y = 1.88 for the BP network, h) y = 1.75 for the MF network and i) y =
1.88 for the CC network. These ontology networks relate to the GO version from early 2024.

Po= [CP(R)dk ~ kL. (2)

Our analysis (Fig. 2) reveals that all three GO networks (MF,
BP, and CC) exhibit a power-law in-degree distribution with
an exponent close to o = 2.5, and thus suggesting a high degree
of heterogeneity despite different average degrees. This con-
firms that GO is a highly heterogeneous, scale-free network,
where some terms occupy disproportionately central posi-
tions. However, this centrality does not necessarily reflect bio-
logical importance-it may instead arise from curatorial
decisions and preferential reuse of existing terms (Petersen
et al. 2012; Newberry et al. 2017; Bentley et al. 2021;
Petersen et al. 2025).

The emergence of scale-free networks in GO is unlikely to be
solely a consequence of biological function. Instead, it mirrors
universal principles of cultural evolution—the same mechanisms
that drive the development of technological and semantic

systems, including software networks. A comparison between
the degree distributions of GO (Fig. 2) and semantic software
networks (see Fig. 2 in Valverde and Solé 2005a) suggests that
both systems evolve through reuse and incremental modifica-
tions, reinforcing the idea that cultural factors shape GO’s struc-
ture. Preferential attachment, a well-known mechanism in
network evolution, may explain the emergence of scale-free top-
ology (Barabasi and Albert 1999). Even in the absence of selec-
tion, a generative model based on duplication and rewiring
accurately predicts not only the observed in-degree distributions
in software networks but also the frequency of common network
motifs (Valverde and Solé 2005b). Given the statistical similarity
between GO and software networks, we hypothesize that GO’s
evolution is largely driven by similar generative mechanisms, ra-
ther than being purely constrained by biological function.
Many biological networks, including gene regulatory net-
works, protein-protein interaction networks, and metabolic
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pathways, exhibit scale-free properties across diverse taxa,
from yeast to mammals (Albert 2005; Sonawane et al.
2019). Given this, one might expect that GO’s network struc-
ture simply reflects the underlying organization of biological
systems. However, our findings suggest an alternative explan-
ation. First, GO aggregates knowledge from multiple biologic-
al domains, each with its own connectivity patterns. If GO
merely reflected biological networks, we would expect mul-
tiple independent sub-networks rather than a unified scale-free
structure. Second, GO exhibits statistical properties nearly
identical to other human-designed semantic networks, includ-
ing software ontologies and knowledge graphs (Valverde and
Solé 2005a; Solé et al. 2011). And finally, unlike biological
networks, GO undergoes direct curatorial intervention, with
ontology editors making top-down modifications that influ-
ence term connectivity. Thus, while GO serves as a map of bio-
logical function, its structural evolution follows cultural
besides biological constraints. The fact that the in-degree ex-
ponent fluctuated until the end of 2019 (Fig. 4) suggests that
GO’s architecture is still evolving actively, incorporating
both incremental changes and large-scale reorganization.

Tracing The Global Influence Of Terms Through The
Distribution Of Descendants

Generative mechanisms like reinforcement and duplication
can explain the emergence of scale-free properties in GONs,
but they do not fully account for their global complexity. In
particular, large-scale, coordinated changes in GONs suggest
that some terms exert influence beyond their immediate con-
nections. To quantify this effect, we analyze the descendant
distribution P(D), which measures the probability that a ran-
domly chosen term has D descendant nodes reachable through
a chain of directed links. This distribution provides insight
into how information propagates within the ontology and
how structural constraints influence term evolution.

In random networks, descendant distributions typically fol-
low an exponential form, reflecting a uniform and constrained
branching process. However, in hierarchical systems with
preferential attachment, the distribution tends to follow a
power-law P(D) ~ D77, with y typically between 1 and 2, indi-
cating that a few highly connected nodes dominate the
spread of information while most nodes have limited influence
(Steyvers and Tenenbaum 2005). To quantify this in GONSs,
we compute the cumulative distribution of descendants, which
smooths fluctuations in P(D) and improves statistical robust-
ness:

P.p= [y P(D)dD ~ D7*! (3)

Our analysis of GONs (see Fig. 2) reveals that the descendant
distributions for BP (see Fig. 2g) and CC (see Fig. 2h) networks
exhibit exponents close to y=1.88, whereas the MF (see
Fig. 2i) network has a lower exponent of y=1.75. This sug-
gests that the biological process and cellular component ontol-
ogies have a more balanced propagation of influence across
terms, while the molecular function ontology is more skewed
toward a few highly central terms.

These differences likely reflect underlying domain-specific
constraints. The BP and CC networks describe broad biologic-
al categories that encompass multiple interdependent path-
ways, necessitating a more even distribution of relationships.
In contrast, molecular functions tend to be more modular,
with a handful of highly reused functional categories (e.g.
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enzyme activities) acting as key hubs. This structural disparity
may impact the stability of GO-based functional predictions:
changes in a few high-degree nodes within MF could dispro-
portionately alter large portions of the ontology, whereas
changes in BP or CC may be more distributed across multiple
terms (see Fig. 2).

From a cultural evolution perspective, the observed hetero-
geneity in descendant distributions aligns with mechanisms of
reuse and conceptual refinement. Broad biological processes
and cellular components evolve incrementally, with new terms
emerging as specializations of existing categories. Molecular
functions, by contrast, may be subject to more abrupt shifts
driven by technological advances in functional annotation or
experimental discoveries (Consortium et al. 2023). These
structural properties should be considered when using GO
for predictive modeling, as variations in term influence can af-
fect functional annotation consistency over time.

Rich-club Behavior Reveals Non-local Semantic
Reorganization

To accurately represent current biological knowledge, the GO
is continuously revised and curated (Aleksander et al. 2023).
Structural modifications in GO generally fall into three cat-
egories: (i) the creation of new terms to capture previously un-
represented concepts; (ii) the replacement of obsolete or
inconsistent terms; and (iii) the merging of semantically over-
lapping terms to streamline the ontology. While many of these
changes reflect advances in biological understanding, they are
also shaped by systematic curation processes, including intern-
al reviews, quality control checks, and expert feedback.

These revisions manifest in the temporal dynamics of the
number of terms N(¢#) and the number of links L(#) (Fig. 3),
as well as the exponents of the topological distributions
(Fig. 4), which vary across the three GONs. Notably, the cel-
lular component (CC) network underwent a significant trans-
formation between 2019 and 2020. During this period, the
number of links dropped sharply (Fig. 3f), despite 96% of
the terms being retained (Fig. 3e). This loss corresponds to
the removal of a large high-level subgraph built around com-
positional categories such as (CC:cell part), (CC:membrane
part), and (CC:organelle part)—structures that had historical-
ly organized the upper tiers of the ontology (Fig. 3g). Their re-
moval marked a deliberate restructuring event that simplified
top-level complexity and introduced a new model of semantic
organization.

Fluctuations in Fig. 4 suggest that large-scale reorganiza-
tions are transitory. The exponent of the in-degree and des-
cendant distributions fluctuates over time, suggesting that
editing efforts produce short-term perturbations rather than
persistent structural trends. Still, some reorganizations—par-
ticularly those involving upper-level terms—can produce
long-term effects detectable by global network metrics, e.g.
through the evolution of the rich-club coefficient in the CC
network. As shown in Fig. 5a, a sudden increase in the rich-
club coefficient appears by the end of 2019, coinciding with
the ontology’s restructuring. The emergence of a rich-club
structure—a densely interconnected core of high-degree no-
des—is further reflected in the in-degree distribution, which
displays a noticeable hump during this period (Fig. 5d), con-
sistent with a shift toward greater network centralization
(Valverde and Solé 2007b).

This rich-club structure is not merely a topological conse-
quence but reflects deeper semantic design decisions. By
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removing intermediary “part” terms and anchoring compo-
nents directly to high-level anatomical or complex structures,
the ontology now channels semantic inheritance through a
smaller set of hubs. Figure 5b shows the resulting rich-club
core as of January 2020, organized around two top-level

hubs: the newly introduced term “cellular anatomical entity”
and “protein-containing complex”. These two branches de-
fine the current modular architecture of the CC network (see
also Fig. 2¢). Importantly, this reorganization primarily af-
fected the top layers of the ontology; regional hubs deeper in

G20z AN 0 Uo Jasn Bious|e) ap e21uda)l|od JelsIaAlun AQ 8L06S L8/ LIeSW/9/zZy/8|o1ue/equw/wod dno olwapese//:sdiy Woly papeojumoq



Valverde et al. - https://doi.org/10.1093/molbev/msaf148

(a) ( ) Cellular component
Cellular anatomic e Protein-containing
0.3251
G 0.300 -
5
% 0.2751 _
S
o 0.2501 2020
% P 2017 .
_é 0.2251 Membrane ...'..:' "".: GPI-anchor
0 protein = Efr'r‘ije’:'dase
o 0.2001 complex S .
oo '
0.175 [ 09 Some Plasma
- membraje Catalytic
T T T T T T T T protein
2010 2012 2014 2016 2018 2020 2022 2024 complex complex
Time (Years)
c d
© 0.401 @ 1094
0.35 January 01, 2020
- ll ________ : = --~‘~"\
c  0.30 m—nl ! '910_1‘ N ay =221
.0 ! i g N
9 "' : o] \\
= 0.251 J i = RN
8 i i @ N\
O 0.201 ’ : Q.2 N
0. i : May 01, 2017 10721 “
o . ! 0>-> .
2 0.151 : : 5 Y
] o T t_“ S
5 | f =) N
L 0.101 | i E10—3< a,=2.59 S~ -
o ] : = e
0051 | © ¢
! \
0.00 5—— ‘ i i i ' 1074 I : , :
0 25 50 75 100 125 150 175 100 10! 02 103
Degree In-degree

Fig. 5. Rich-club coefficients highlight non-local refactoring in the ontology network. a) The maximum rich-club coefficient of the cellular component (CC)
network shows a marked increase at the end of 2019, indicating a sharp rise in topological centralization. Arrows highlight two CC network snapshots
whose comparison reveals structural shifts in the semantic architecture. b) The rich-club subgraph of the CC network as of January 1, 2020, includes all
nodes with degree k > k; ~ 50 (black points). This subgraph defines the backbone of the reorganized CC hierarchy, rooted in the “Cellular component”
term and structured around two major hubs: “cellular anatomical entity” (a new term introduced in 2019) and “protein-containing complex”. In contrast,
applying the same criteria to the May 1, 2017 version yields a smaller, fragmented subgraph (blue regions), consisting primarily of specific
protein-containing complexes. ¢) The rich-club coefficient scales with degree up to k. ~ 50, after which it saturates. Although neither network version
reaches the theoretical maximum, the 2020 version shows higher overall values, reflecting increased centralization. d) The cumulative in-degree
distribution P(k) ~ k=*+! of the CC network displays a distinct hump in the January 2020 snapshot (dashed curve) that was absent in earlier versions (solid
curve), consistent with an increased exponent (a; > a1) and a more centralized semantic core.

the hierarchy were largely preserved (blue regions in Fig. 5b).
The increased prominence of these top-level hubs is also re-
flected in the rise and saturation of the rich-club coefficient
for nodes with degree k > 50, a pattern not observed in earlier
versions of the network (Fig. 5c).

The logic behind the 2019 refactoring aligns with GO’s
broader goal of improving ontological consistency and sup-
porting compositional reasoning in GO-CAM models
(Thomas et al. 2019). To this end, GO was revised to better
conform to upper-level frameworks such as the Common
Anatomy Reference Ontology (CARO), which explicitly dis-
tinguishes anatomical structures from molecular assemblies
(Haendel et al. 2008). Previously, spatial containment was
partly encoded via inheritance links (e.g. CC:membrane
part)—a semantically imprecise but functional workaround.
After 2019, these general “part” terms were removed and re-
placed with explicit “part-of” relationships, decoupling spa-
tial semantics from the taxonomic hierarchy. While this shift

increased modular clarity, it also introduced a semantic bifur-
cation between anatomical entities and protein-containing
complexes. As suggested below, annotations that once propa-
gated through shared “part” terms may now appear discon-
nected unless multi-layer network representations are
explicitly considered.

Structural Biases in Ontology Term Similarity

Accurately assessing gene function depends on measuring
functional similarity between GO terms. These similarity met-
rics inform gene function prediction, annotation transfer
across species, and computational modeling in functional gen-
omics (Lord et al. 2003; Pesquita et al. 2009). However, be-
cause the three GO branches evolve as hierarchical and
scale-free networks, similarity scores may be shaped not
only by biological relationships but also by cultural and struc-
tural constraints. Recognizing these influences is essential for
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Fig. 6. Impact of refactoring on topological term similarity. a) Topological tree similarity between the terms “CC:vesicle coat” and “CC:clathrin coat”
(yellow nodes at the top). This metric (equation (7)) is calculated using the size of shared subgraphs (blue nodes and edges) contrasted with their full
subgraphs (including the red nodes and edges which are not shared between terms). In the CC network on May 1, 2017, the semantic similarity between
these terms is 0.78. Clathrin coat image adapted from Goodsell (2007). b) The rank-frequency distribution of topological similarity between pairs of terms
follows an exponential pattern in 2017, suggesting that similarity scores were widely distributed across the ontology. However, after the sweeping
re-centralizing changes of the CC network on January 1, 2020, the distribution becomes significantly steeper, indicating that a few highly connected terms
now dominate functional similarity relationships. This shift reflects a decrease in term ambiguity associated with network fragmentation and
restructuring, where highly connected terms retained stronger internal coherence while cross-term relationships were pruned or redistributed. These
changes imply that post-2020 similarity metrics may provide sharper functional distinctions but may also lose historical connections between functionally

related terms.

ensuring that ontology-driven predictions remain both mean-
ingful and unbiased.

Many widely used similarity metrics rely on the topological
properties of GO. For example, the Wang method estimates
similarity based on the hierarchical distance between terms
and their shared ancestors (Schlicker et al. 2006). In this study,
we employed a descendant-based similarity measure (see
Methods), which captures overlap in inherited annotations.
Figure 6 illustrates this computation in the Cellular
Component (CC) network for the terms (CC:vesicle coat)
and (CC:clathrin coat), which share the descendant (CC:cla-
thrin vesicle coat)—a term corresponding to vesicles that me-
diate selective cargo sorting (Ashburner et al. 2000). This
example shows how highly connected intermediates can act
as semantic bridges, boosting similarity between functionally
adjacent but mechanistically distinct terms.

Beyond individual comparisons, the overall distribution of
similarity scores reveals how network structure influences in-
ference. As shown in Fig. 6b, the rank-frequency distribution
of similarity scores in 2017 follows an exponential curve,
suggesting moderate ambiguity arising from overlapping
hierarchies. However, after the CC branch was restructured
in 2019-2020—marked by the removal of generic “part”
terms and the emergence of rich-club behavior—the distribu-
tion became significantly steeper. Semantic inheritance be-
came more concentrated in a few central nodes (see
Fig. 5b), reducing ambiguity but also pruning cross-module
relationships.

This transformation reflects more than structural cleanup; it
marks a conceptual shift from treating GO as a semantic hier-
archy to understanding it as a multi-layer network. In this
framework, distinct biological dimensions—such as spatial,
compositional, and regulatory context—are encoded as
separate relationship types (Thomas et al. 2019). Although
GO has long supported multi-type relationships, the 2019

reorganisation event institutionalized their structural role, sig-
naling a transition to more explicit multi-layer representations.

While this shift increases semantic expressiveness
(Hammoud and Kramer 2020), it also poses new challenges
for similarity metrics. Multi-layer methods often require
weighting schemes that are difficult to calibrate (Mazandu
and Mulder 2013; Peng et al. 2015), and their added complex-
ity may obscure interpretability. In hierarchical networks,
moreover, highly connected hubs—such as (CC:cellular ana-
tomical entity)—can dominate similarity scores regardless of
their biological specificity. This effect is amplified by the scale-
free nature of GO, where a few high-degree nodes exert dis-
proportionate influence (Huntley et al. 2014). As a result,
gene products involved in distinct processes may appear artifi-
cially similar due to shared ancestry through semantic hubs
(Yon Rhee et al. 2008), reinforcing existing knowledge struc-
tures and masking biological complexity.

Discussion

The ability to accurately infer gene function depends on both
experimental evidence and computational predictions
(Radivojac et al. 2013). While experimental annotations are
highly reliable, they are resource-intensive and not scalable.
Computational methods, by contrast, can generalize across
large datasets—but they depend critically on how biological
knowledge is structured in the GO. This structure evolves con-
tinuously, as emphasized by the GO Consortium (Aleksander
etal.2023), GO is a dynamic, continuously evolving resource,
revised in response to new discoveries, modeling frameworks,
and user feedback.

Our findings support this evolutionary view by showing
that GO evolves not only through incremental modifications
but also through punctuated changes (Vidiella et al. 2022).
The ontology evolves through a combination of bottom-up
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reuse—anchoring new terms to widely used concepts—and
top-down revisions, in which high-level terms are merged,
reclassified, or removed to improve global coherence. This
multiscale evolution produces scale-free topologies, with a
small number of highly reused terms acting as semantic
hubs. Such heterogeneous structures are common in cultural
and technological systems (Valverde et al. 2002; Valverde
and Solé 2007a), where established ideas are frequently reused
(Duran-Nebreda et al. 2022) while innovations emerge at the
periphery (Borycz et al. 2022).

Our comparison of multiple GO versions reveals not only
globally stable hubs but also temporally localized “hotspots”
of semantic reorganization, producing rich-club patterns indi-
cative of centralized semantic control (Zhou and Mondragén
2004; Colizza et al. 2006; Valverde and Solé 2007b). We
document a significant reorganization that occurred in 2019,
when the Cellular Component branch underwent a top-down
revision that eliminated broad “part” terms and introduced
a clear modular separation between cellular anatomical en-
tities and protein-containing complexes. This restructuring
aligned the ontology with emerging principles of ontological
clarity promoted by the Common Anatomy Reference
Ontology (CARO) and supported compositional reasoning
in GO-Causal Activity Modeling (GO-CAM) (Haendel et al.
2008; Thomas et al. 2019).

Semantic modularity, in this context, functions as a consoli-
dation mechanism that resolves competing inheritance paths
and clarifies the conceptual boundaries between major subdo-
mains. Rather than flattening biological complexity, modular-
ity preserves it by reorganizing semantic content into more
coherent, functionally meaningful layers. This reduces ambi-
guity in topological inheritance while enabling compositional
reasoning across distinct biological dimensions (Thomas et al.
2019). As a result, modularity stabilizes the ontology’s evolv-
ing architecture and anchors further growth in a more expres-
sive, multi-relational framework.

In this light, the 2019 restructuring can be viewed as the
culmination of a longer cultural process of ontological nego-
tiation. The GO reflects not only biological reality, but also
the outcomes of evolving scientific priorities, modeling
frameworks, and community consensus. Future work could
extend this approach to analyze external drivers of semantic
change—such as funding priorities, high-impact publications,
or automated annotation tools—and their role in shaping
GO’s evolving architecture. Understanding domain-specific
differences—such as those arising in developmental biology
versus molecular function—may help explain the uneven im-
pact of restructuring across GO branches and species.

More broadly, carefully documenting (and analyzing) the
structural changes to the ontology has practical consequences
for computational biology. While semantic modularity im-
proves consistency, our analysis suggests that it can disrupt
the performance of similarity metrics based solely on hierarch-
ical proximity (Huntley et al. 2014). Functional similarity
scores and annotation pipelines depend on the topology of
the ontology. When key terms are restructured or rerouted
through new semantic hubs, similarity scores between genes
may shift, potentially affecting how genes are clustered, priori-
tized, or interpreted in downstream applications. In fields like
cancer genomics or neurobiology—where GO plays a central
role in biomarker discovery and gene enrichment analysis—
such shifts can influence how disease-associated genes are
ranked or grouped (Yon Rhee et al. 2008). Moreover, as
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annotations accumulate over time, even minor structural
changes can lead to semantic drift, reducing the comparability
of past and present results across genome versions (Thomas
et al. 2012).

Addressing these challenges will require a new generation
of ontology-aware algorithms capable of reasoning across
layers and tracking semantic evolution. These models must in-
tegrate heterogeneous relationships while also accommodat-
ing modularity, structural rewiring, and term migration.
Approaches that embed historical context, model semantic
drift, and align ontology structure across time can improve
the robustness of gene function prediction (Alterovitz et al.
2010). As machine learning and Al-driven annotation become
increasingly central to bioinformatics, establishing commu-
nity standards for semantic quality and structural stability
will be crucial to ensure that evolving ontologies remain inter-
pretable, interoperable, and scientifically grounded.

While GO provides guidelines for citing specific ontology
releases (Consortium et al. 2023), version control alone is
not sufficient. Tools and models must consider not only which
ontology was used, but how its internal structure may have
changed—and how even local edits can propagate to affect
global meaning. This is particularly relevant in large-scale
and planetary-scale studies of non-model organisms, where
GO-based annotations often remain the only practical ap-
proach to assign function at scale. For instance, the LOGAN
resource integrates over 27 million metagenome-assembled
genomes across global environments, relying heavily on
GO-driven pipelines due to the absence of curated annotations
for most taxa (Chikhi et al. 2024). Preserving semantic con-
tinuity across GO versions is not merely a matter of technical
rigor; it is foundational to reproducible science. As biological
ontologies grow more expressive and modular, the challenge is
not only to keep pace with their evolution, but to ensure that
the systems built upon them—algorithms, annotations, pre-
dictions—remain coherent, interpretable, and reliable.

Methods

Gene Ontology Networks

To characterize the evolution of the GO, we analyzed 40 dis-
tinct ontology versions, sampled biannually between 2009
and 2024, spanning a total of 120 network reconstructions.
The GO database undergoes continuous updates, reflecting
new biological discoveries and refinements in functional anno-
tations. However, the structural evolution of GO remains
poorly understood. To address this, we reconstruct GONs
for each version, enabling a quantitative analysis of their
changing topology. GO consists of structured, hierarchical
relationships that define biological processes, molecular func-
tions, and cellular components (Ashburner et al. 2000;
Consortium et al. 2023). Internally, each ontology version
comprises three distinct GONG (see Fig. 2), each representing
a fundamental aspect of cellular biology:

1. Gy,: Biological Processes (BP)—Represents interactions
between biological functions, such as signal transduction
or cell cycle regulation.

2. G,y Molecular Functions (MF)—Encodes functional ac-
tivities at the molecular level, such as ATP binding or en-
zZyme activity.
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3. G, Cellular Components (CC)—Captures spatial rela-
tionships between cellular structures, such as ribosomes
or mitochondrial membranes.

Formally, each GON is represented as a directed graph
G =(V, E), where nodes (V) represent individual biological
terms, and directed edges (E) define semantic relationships be-
tween terms. GO allows multiple types of semantic links, in-
cluding “is-a” (hierarchical classification) and “part-of”
(compositional relationships). However, in this study, we fo-
cus on the backbone of GO—its hierarchical “is-a” relation-
ships—which define term inheritance and establish ontology
structure. Links are stored in an adjacency matrix A = [A;],
where:

1,
Aif = { 0,

The GO database is available in multiple formats; we specific-
ally use the “basic” edition, which retains only essential hier-
archical relationships relevant to our analysis. GO datasets
were downloaded from the GO website http:/geneontology.
org/docs/download-ontology. Earlier versions (pre-2009)
were excluded due to format inconsistencies. We processed
and analyzed GO networks using the following procedure:
(i) imported ontology files into Python’s nxontology library,
(ii) extracted the “is-a” relationships to reconstruct hierarch-
ical networks, (iii) converted networks to Pajek format using
networkx for large-scale graph analysis, and (iv) handled ob-
solete terms by tracking replacements when available; other-
wise, obsolete terms were excluded from the analysis.

As of March 2024, the largest GO network corresponds
to biological processes, comprising N, =27, 186 terms,
whereas the cellular components network is the smallest,
with N.. =4, 058 nodes. The molecular functions network
is intermediate in size, containing N, =11, 198 terms. A
key measure of network connectivity is the average degree
(mean number of links per node), denoted as:

if (v;, v;) € E (i.e. vj is a child of )

otherwise. (4)

k) = (5)
where N = | V| is the number of nodes (terms),and L = 3" Aj; is
the total number of links in the network. We find that the two
smaller GONs (MF and CC) exhibit a tree-like topology, with
an average degree close to (k) ~ 1, consistent with a predom-
inantly hierarchical structure. In contrast, the biological proc-
esses network (Gy,,) is more densely interconnected, reflecting
its higher complexity and functional integration. This differ-
ence suggests that GO exhibits heterogeneous scaling proper-
ties, requiring more advanced network metrics to fully
characterize its evolution. All reconstructed networks can be
freely downloaded from our website.

Power-law Fitting

To analyze the structural properties of GONs, we computed
degree distributions, descendant distributions, and rich-club
coefficients. Power-law fits were conducted using the
powerlaw package in python 3.11 (Clauset et al. 2009). For
empirical degree distributions, we fit power-law models
to the entire range of values using maximum likelihood esti-
mation (MLE), which provides a robust approach for inferring
scaling exponents (Clauset et al. 2009). To validate whether
a power-law model is the best fit, we compared it against

alternative distributions, including (i) exponential distribu-
tions, which model rapid decay in connectivity and (ii) log-
normal distributions, which account for deviations from strict
power laws. We assessed the goodness-of-fit using the
Kolmogorov-Smirnov (KS) statistic and calculated P-values
to test whether the observed distributions significantly devi-
ated from a power-law model (Clauset et al. 2009).
Additionally, for descendant distributions, we followed the
same procedure, computing cumulative distributions Ps (D)
to reduce statistical noise and fit power-law models to assess
the hierarchical structure of GONs.

Rich-club Coefficient

Network analysis reveals the interplay between bottom-up de-
centralized growth (as seen in the power-law degree distribu-
tions) and top-down restructuring (reflected in rich-club
ordering). The rich-club coefficient quantifies whether high-
degree nodes (hubs) exhibit preferential interconnectivity:

2E5
N>k (N>k - 1)

where E., represents the number of undirected edges between
hub nodes (nodes with degree k > k.), and N, is the number
of such nodes. A monotonic increase in ®(k) suggests rich-club
formation, where highly connected nodes become dispropor-
tionately linked (Zhou and Mondragén 2004; Colizza et al.
2006). In GO, this effect indicates large-scale refactoring,
where a subset of terms centralizes connections due to cur-
ation efforts. Our findings reveal that the rich-club coefficient
increases up to a threshold k., beyond which it saturates,
indicating a transition in network organization. Detecting
rich-club behavior in GONs provides evidence for non-local,
top-down modifications, distinguishing routine term addi-
tions from global restructuring events (Valverde and Solé
2007b). This insight is critical for understanding how ontol-
ogy revisions impact term connectivity and functional predic-
tions over time.

(k) = (6)

Similarity Metrics

Semantic similarity measures quantify the functional related-
ness of GO terms, influencing gene similarity scores, annota-
tion transfer across species, and computational models in
functional genomics (Pesquita et al. 2009). Given that GO is
a hierarchical network, similarity metrics are often based on
shared ancestry and network topology. We used a topology-
based measure defined as the Jaccard similarity of descendant
sets, which quantifies the fraction of shared descendant nodes
between two GO terms:

_ |1",- N 1",-| < 2|1", N 1",-|

s(i, 1) =
) = 5T, ST+

(7)

where I'; denotes the set of descendant nodes of term i. This
measure captures the overlap in influence between two terms
within the ontology hierarchy, allowing us to assess how struc-
tural constraints shape functional similarity scores (Lord et al.
2003; Schlicker et al. 2006).

To assess how GO’s structural evolution influences func-
tional predictions, we examined the rank-frequency distribu-
tion of similarity scores. A rank-frequency plot displays the
sorted frequency of observed similarity values, helping reveal
whether similarity scores follow a specific statistical pattern
(e.g. exponential or power-law decay). To compute the
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rank-frequency distribution in Fig. 6b, we computed all pair-
wise similarity scores using equation (7), and sorted the unique
similarity values in descending order (highest similarity
ranked first). Finally, we plotted the frequency of each similar-
ity value as a function of its rank in logarithmic scale. This
method allows us to visualize whether similarity scores are
broadly distributed or concentrated around a few dominant
values.
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