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vised genome context clustering, designed to assess protein similarity. Leveraging SJI,
we construct a protein network and reveal that peripheral proteins within the network
are the primary contributors to inconsistencies in orthology predictions. Furthermore,
we show that a protein’s degree centrality in the network serves as a strong predictor
of its reliability in consensus sets.

Conclusions: We present an objective, unsupervised SJI-based network encom-
passing all proteins, in which its topological features elucidate ortholog prediction
inconsistencies. The degree centrality (DC) effectively identifies error-prone orthology
assignments without relying on arbitrary parameters. Notably, DC is stable, unaf-
fected by species selection, and well-suited for ortholog benchmarking. This approach
transcends the limitations of universal thresholds, offering a robust and quantitative
framework to explore protein evolution and functional relationships.
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Background

Our biological understanding, confirmed through laboratory experiments, is derived
mainly from a few model organisms. To illustrate, recent statistics from UniProtKB/
TrEMBL show that proteins verified “at the protein level’ comprise less than 1%o of the
total 250 million proteins (Release 2023_02, https://www.uniprot.org/). Given its vital
role in transferring knowledge from model organisms to many other species [1, 2],
orthology is arguably one of the cornerstones of biological studies. Over recent decades,
biologists and data scientists have devoted significant effort to identifying orthologs,
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leading to various computational methods and databases that advance biological
research [3]. Nevertheless, consistency issues among these ortholog databases have sur-
faced [4-6], casting doubt on the accuracy of some studies. For instance, pan-genome
studies heavily depend on the differentiation between core and accessory genes, a dis-
tinction that forms the basis for subsequent analyses [7].

A recent report shows a mean consistency of around 0.52 [6] among renowned
ortholog databases such as eggNOG [8, 9], OrthoFinder [10], and Broccoli [11]. This
inconsistency prompts an examination of its origins: are they technical or biological?
On the technical side, we could investigate the impact of species selection and arbitrary
parameters, such as the e-value or the number of top similar proteins used in the ini-
tial ortholog prediction steps. Since these parameters differ across algorithms, they may
contribute to the observed inconsistency. Additionally, given the diverse selection pres-
sures on proteins, we should assess the suitability of using uniform parameters for all
proteins. Moreover, many algorithms are heuristic [10], raising the question: could the
inconsistencies stem from the orthology prediction algorithms themselves? On the bio-
logical side, we need to identify which proteins are susceptible to inconsistent ortholog
predictions and investigate if they possess common evolutionary traits leading to this
inconsistency.

Until these concerns are fully addressed, the common practice is to derive consen-
sus from multiple ortholog predictions [3, 4]. However, generating consensus orthologs
introduces subjective elements at several stages. First, the choice of algorithms and data-
bases to compute consensus orthologs is largely discretionary, often dependent on the
researcher’s preferences or available resources. Second, the consensus threshold—the
percentage of algorithms returning the same ortholog predictions—also adds an ele-
ment of arbitrariness. Finally, because the comparison primarily involves sets of proteins
rather than individual pairs, determining whether these sets are "similar enough" to be
consolidated into a consensus set involves yet another subjective decision.

Thus, efforts to improve consensus orthologs are gaining significant attention in the
biological sciences community. The Quest for Orthologs (QfO) consortium has created
the Orthology Benchmark Service, widely viewed as the "gold standard" for orthology
prediction [3]. This benchmark includes expertly curated ortholog pairs from sources
like SwissTree and TreeFam-A, species phylogenetic trees derived from these orthologs,
and functional annotations such as those from Gene Ontology [3]. The establishment
of QfO has revolutionized ortholog prediction practices, with all new algorithms now
benchmarked against this gold standard, allowing for refined parameter tuning [11].
While QfO signifies a considerable advancement in the quality of ortholog predictions,
theoretically, its lack of "true negative" sets [12] might limit its ability to reduce incon-
sistency as the quantity of ortholog predictions expands [6].

Consequently, we propose a shift from the existing one-class classification methodol-
ogy to a ranking or scoring framework for benchmarking ortholog predictions. A scoring
approach offers two advantages: first, as every ortholog prediction inherently involves
a degree of uncertainty, scoring represents a well-established strategy to manage this
challenge [12]. Several existing models exemplify this, such as the ratio R in the recently
developed Broccoli prediction [11], the duplication consistency score from Ensembl
Compara [13], and the InParanoidDB confidence value for inparalogs and seed orthologs
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[14]. Implementing a scoring system in the gold standard removes exclusive reliance on
a single positive label; instead, scores can guide the optimization of parameters, align-
ing them more closely with the intended purpose. Second, and more importantly, scor-
ing can highlight orthologs with low confidence, which may produce inconsistent results
across different algorithms, prompting more detailed analysis.

A scoring system for ortholog confidence should factor in two key dimensions, as in
the QfO benchmarking service: phylogeny and functional conservation [3]. Numerous
existing scoring systems [11, 13, 15] prioritize phylogeny, offering promising metrics
and suggesting potential for their integrated use in a comprehensive scoring system.
However, developing an objective metric for the other dimension, protein functional
conservation, remains a challenge. Current methods, which rely primarily on Gene
Ontology or Enzyme Commission conservation tests, essentially depend on experi-
mental results from a few selected model organisms and protein sequence alignment. A
common practice of using sequence conservation to gauge function has inherent short-
comings: different proteins are subjected to varying selection pressures, which renders
sequence similarities an ineffective measure for evaluating ortholog functional conserva-
tion across protein families. Given the routine use of orthologs for genome annotation
and functional comparative genomics, protein function conservation has been integral
to ortholog prediction since the advent of the BBH (Bidirectional Best Hit) and COG
algorithms [16]. BBH, as the first algorithm to incorporate genome context in ortholog
prediction, posits that the mutually most similar protein pairs in different organisms
likely share the same function [5, 16]. However, this assumption can be disrupted by
evolutionary phenomena like sub-functionalization and neo-functionalization [5], sug-
gesting that the most similar genes may not necessarily perform identical functions.
Furthermore, gene duplication can compromise the integrity of BBH ortholog groups
[5]. Although mitigation strategies exist, such as PANTHER’s ’least diverged orthologs
(LDO)” approach [17] and the OMA Group’s methodology [18], they often overlook
inparalogs, which play a crucial role in projecting biological function across species [19,
20]. In response, we propose a protein network-based scoring system that facilitates
cross-family evaluations of protein sequence and functional conservation, and, crucially,
incorporates inparalogs into the scoring metric.

We constructed our protein network based on a metric inspired by studies on protein
fitness. Protein fitness represents a protein’s functional performance that is not solely a
product of its sequence but is also influenced by the overall genomic context and envi-
ronmental factors [21]. Recent studies highlight that the evolution of amino acids within
protein sequences is not an independent process, especially when considering protein
fitness [22, 23]. This concept of interconnectedness in amino acid mutations inspired
our hypothesis of ‘discontinuous’ evolution in protein sequences: within an ortholog
group (OG), amino acid substitutions can accumulate without altering the OG’s func-
tion, implying continuous evolution toward a common fitness peak; conversely, the
emergence of new OGs, driven by substantial amino acid mutations, fosters functional
divergence, which might be represented as separate peaks on a fitness landscape. This
prompts the question: Can discontinuous evolutionary patterns between proteins be
detected solely through comparisons of protein repertoires and sequence data across
species? Our hypothesis suggests that these discontinuities, analogous to valleys
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between fitness peaks, can be identified by analyzing protein repertoire and sequence
data, without direct fitness measurements.

Accordingly, we test this hypothesis of discontinuous protein evolution and propose
a network-based method to include inparalogs in high-confidence ortholog groups
(OGs), comparable to PANTHER’s LDO [17] and OMA Groups [18]. In our approach,
we first apply an unsupervised spectral clustering algorithm to identify ortholog candi-
dates, named "signals,” which can accommodate varying selection pressures on different
proteins. Subsequently, we devise a Signal Jaccard Index (SJI) metric to gauge protein
similarity, independent of predetermined arbitrary parameters. Utilizing SJI allows us
to quantify the similarity between each pair of proteins, laying the foundation for con-
structing our derived protein network. In this network, each protein’s degree centrality
(DC), representing the sum of all connected edge weights measured by SJI, becomes a
pivotal component of our proposed scoring system. Our method can discern the selec-
tion pressures influencing varying protein sequence similarity and highlight the main
inconsistencies in existing ortholog databases: fast-evolving large ortholog groups and
proteins that are part of small ortholog groups. These proteins that challenge ortholog
predictions typically appear in peripheral regions of our derived protein network, signi-
fied by low DC values.

Lastly, we show that DC serves as a very efficient score for refining consensus
orthologs, the intersections of predictions from various algorithms or databases. And
using DC to score protein fitness bypasses the need for complex operations to identify
intersections from multiple ortholog databases. It also eliminates potential arbitrari-
ness introduced by the choice of parameters in calculating database intersections. Fur-
thermore, we elaborate on inferences drawn from the topology of the derived network.
By introducing protein DC, we aim to stimulate discussions on the creation of a more
objective orthology scoring system.

Methods

Eukaryotic proteomes and selection of bacterial proteomes

The Quest for Orthologs (QfO) Benchmarking service, a community-driven web service,
was our primary source for eukaryotic proteomes. This platform is dedicated to facilitat-
ing the benchmarking of ortholog prediction methods. From QfO, we procured the 2021
version of 48 eukaryotic reference proteomes [24].

We recognized that QfO does not include an extensive collection of bacterial genomes,
so we sought additional resources. We turned to the EMBL-EBI to download a broad
range of bacterial genomes. However, we noticed a pronounced bias in the bacterial
species that had been fully sequenced, with a preponderance of pathogens and model
organisms represented.

To alleviate this bias and ensure an equitable representation of bacterial diversity, we
employed a phylogenetic tree from Greengenes, based on 16S rRNA data from 2013
[25]. We partitioned this tree into 400 clades, ensuring that the evolutionary distances
amongst these clades were approximately equivalent. We selected one genome from
each of these clades, resulting in a collection of 367 bacterial proteomes. Notably, some
clades did not include fully sequenced genomes.
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In summary, we carefully selected a diverse range of bacterial and eukaryotic pro-
teomes used in our study to minimize bias and maximize the representation of evolu-
tionary history. All these proteomes are available at our dedicated online repository,

www.protdc.org.

2D plot and spectral clustering to detect signals

In our study, we treated each protein as a seed. Using the OPSCAN tool [26], we identi-
fied the top 10 and 50 most similar proteins from bacterial and eukaryotic proteomes,
respectively. OPSCAN computes full-length global protein similarity via the NWS algo-
rithm [26], helping to bypass chimeric protein issues associated with local alignment
similarities. To address the complication of multiple protein domains, we selected top
similar proteins considering a length difference ratio (longer to shorter protein) of less
than 1.5.

We then plotted each seed and its similar proteins on a 2D plot (Fig. 1A), with the
x-axis representing the protein length ratio (ranging from 1 to 1.5), and the y-axis show-
ing protein sequence similarity. In each 2D plot, we utilized a spectral clustering algo-
rithm [27] to distinguish signals from noise. The primary steps of this algorithm are as
follows:

1. Input: Two-dimensional points of size #n, where n represents the number of proteins.

2. Zero Mean Normalization: Conduct normalization on both dimensions.

3. Graph Construction: Develop a similarity graph G by calculating the Euclidean dis-
tance between each point, and generate the adjacency matrix A and degree matrix D.

4. Laplacian Matrix: Compute the random walk normalized Laplacian matrix
L,,=D'L=I-D"A.

5. Cluster Determination: Ascertain the number of clusters k that maximizes the eigen-
gap.

6. Eigenvalue and Eigenvectors: 1dentify the smallest k eigenvalues and corresponding
eigenvectors x,, ..., ¥, of L,

7. Matrix Creation: Denote U as a matrix containing eigenvectors x, ..., ¥; as columns,
its size is n x k, and n represents the number of points.

8. K-Means Partition: Implement the K-Means algorithm on matrix U to segregate the
data points into k clusters C,, ..., C;.

9. Output: Clusters C,, ..., Cy.

Our setup ensures that the largest cluster, characterized by the highest density, repre-
sents noise. Occasionally, a few smaller clusters emerge to the right of the largest cluster.
These clusters, owing to their excessive protein length difference, are also classified as
noise. In contrast, all other clusters that are noticeably separated from these noise clus-
ters are considered signals.

To evaluate the performance of our clustering, we outlined a convex hull around the
noise. We defined signal Positive Predictive Value (PPV) as the proportion of signal
proteins that lie above this noise hull (Fig. 2E). The convex hull was designed using the
ghull algorithm from the SciPy Python package [28, 29]. Additionally, we scrutinized the
BLAST E-values between seed-signal and seed-noise pairs.
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Fig. 2 Discontinuous protein sequence evolution across OGs. A Density plot illustrating the density of
signals and noises for the human olfactory receptor OR52K1. Density is computed based on kernel estimation
using the kde2d R package [52]. B Another density plot example featuring ugpkE, a transmembrane
component of the £. coli ABC transporter. C Convex hull outlining the noises of OR52K1, drawn using the
ghull algorithm from the SciPy package. D Convex hull outlining the noise associated with ugpE. E Schematic
figure illustrating the definitions of True Positive (TP), False Positive (FP), and Positive Predictive Value (PPV). F
Evaluation of signal precision rate. This diagram summarizes the signal PPV for all 2 million seeds. The signal
PPV on each 2D plot is defined as the percentage of signals appearing above the noise-convex hull. The
x-axis represents the PPV critical values, and the y-axis represents the percentage of 2D plots meeting each
PPV criterion

Derived protein similarity network

To distinguish signals from noise, we considered the biological information encom-

passed within the entire proteome. Each protein serves as a seed, and seeds belonging

to the same fitness landscape peak should have a better signal overlap. As such, we uti-

lized the Jaccard similarity coefficient as an indicator to measure the functional similar-

ity between seeds. As depicted in Fig. 1B, we calculated the Signal Jaccard Index (S]I),

defined as the intersection of two signal sets divided by their union. The SJI measures
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functional similarity and serves as the edge weight between all pairs of seeds, thereby
enabling the automatic construction of a function-oriented network that connects all
proteins (Fig. 1C).

Ortholog group detection

We identified ortholog groups as communities in the network using the Louvain algo-
rithm [30], designed to maximize community modularity [31]. Due to inevitable low-
weight edges, our initial network was extensive, which necessitated multiple applications
of the Louvain algorithm. To address this, we employed a stepwise zoom-in strategy
until communities reached a density threshold. The density "D" of a community consid-

ers the edge weights and is defined by the following formula:
D= Z'EueN,veN,u#v W (u,v)
- INT-IN—1]

Here, N represents the number of nodes in a community, and W represents the weight

between nodes # and v. Our ortholog group detection procedure is as follows:

1. Input: A weighted protein similarity network.

2. Compute the network density D using the formula above. If D exceeds a certain
threshold, halt the network cutting process and designate the current network as an
Ortholog Group (OG). If not, proceed to step 3.

3. Apply the Louvain algorithm to dissect the current network into sub-networks.

4. For each resulting sub-network, update the edge weights considering only the nodes
(seeds) included in that sub-network.

5. Repeat steps 2—4 for each sub-network.

Benchmark orthology databases

To assess our OGs, we submitted our ortholog pairs to the QfO Benchmarking service.
We first built phylogenetic trees following the eggnog41 workflow suggested by eggNOG
[3] using the ETE toolkit v3 [32] for our OGs (including the set with density >0.25), and
then obtained ortholog pairs via the species overlap algorithm [33]. We limited our com-
parison to eukaryotic OGs due to differences in bacterial proteomes, and submitted our
results to benchmark against QfO’s TreeFam-A ortholog pairs.

In addition, as our method’s metric and network emphasize biological constraints in
the genome context, we also compared our OGs to those from TreeFam, eggNOG, Broc-
coli, OrthoFinder, OrthoDB, and SonicParanoid using the Adjusted Rand Index (ARI)
and Adjusted Mutual Information (AMI), two standard measures for clustering compar-
ison. While ARI gauges consistency based on pair counts, AMI utilizes Shannon infor-
mation [34].

Results

Delineating signal from noise: an unsupervised method for 2D protein similarity plot
analysis

Previous studies on the protein fitness landscape and sequence evolution [22, 23, 35]
inspired our current work. One study suggested that proteins could elevate fitness
by undergoing extensive amino acid mutations [35]. Another study demonstrated
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strong correlations between mutations at different amino acid sites, limiting the num-
ber of independent evolutionary paths from a given protein sequence [22]. Addition-
ally, a machine learning model developed a low-dimensional space, elucidating the
relationship between protein sequence evolution and fitness stability [23]. This low-
dimensional space suggests that amino acid mutations are interdependent [23]. The
significance of these correlations was also evident in protein sequence diversity [36].
These findings suggest a discontinuous protein sequence evolution hypothesis: if we
view Ortholog Groups (OGs) from a protein functional adaptation standpoint, OGs
should appear as distinct "peaks"” on the protein fitness landscape. Each peak encap-
sulates critical, mutually constrained amino acid positions essential to protein func-
tion. When adapting to new functions, proteins undergo significant mutations, thus
creating another peak with a distinct set of mutually constrained positions. Other
positions, subject to less restrictive, independent mutations, result in continuous
sequence variation within the OG.

Drawing upon these insights, we devised a simple two-dimensional (2D) plot as an
economical means to test this hypothesis. This plot’s axes are protein sequence simi-
larity and protein length difference. We utilized a bacterial protein A as a "seed" for
illustration in Fig. 1A. We selected the top 10 proteins most similar to seed A from
each of the 367 chosen bacterial genomes (Methods), resulting in a total of 3670 pro-
teins. We chose the top 10 to encompass both ortholog candidates ("signal") and a
"sufficient excess" of distant homologs ("noise") of seed A in one plot, given the rarity
of finding 10 or more inparalogs from the same species for a bacterial ortholog group
(according to the data from InParanoid 8, the average count of inparalogs per spe-
cies is 1.41 [37]). Considering that the entire genome context or protein repertoire
encodes all functions within a species, our focus was on the top 10 most similar pro-
teins from each prokaryotic species. This selection is based on the premise that func-
tionally consistent orthologs, if present, are assured to be among these top proteins.
The number 10 is considered sufficiently large for bacterial genomes to ensure that
the majority of these proteins—totaling 3670 across various species in this demon-
stration—have undergone significant functional evolutionary events. Consequently,
these proteins are likely to belong to distinct fitness peaks, thus forming separate
OGs. This design allows us to examine whether there is a "valley" that separates "sig-
nal" from "noise" on our 2D plot. The discontinuous hypothesis posits the "valley" as
evidence of distinct evolutionary paths. We separately applied this test to prokary-
otic and eukaryotic proteins. Due to the complexity and high gene duplication rate
of eukaryotic genomes [38], we expanded our selection to the top 50 for eukaryotic
proteins (Methods). Given the dose imbalance effect in eukaryotes [39] and based on
a survey of existing ortholog databases, the top 50 ensures that eukaryotic 2D plots
contain sufficient noise.

To illustrate the distinction between signal and noise, we spotlight two particularly
challenging proteins in Fig. 2AB: the E. coli ugpE and the human olfactory receptor
52K1. Each represents one of the most expansive and rapidly evolving protein families
in their respective domains, prokaryotes and eukaryotes [40, 41]. We have generated
2D plots for all 1,231,088 bacterial and 889,930 eukaryotic seed proteins, demonstrat-
ing this demarcation. In most plots, signal and noise regions do not share a border,
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presenting a "gap" rather than a "valley," indicating a clear distinction. Additional
illustrations of this gap are shown in Supp. Figure 1. All these 2 million plots are pub-
licly available at www.protdc.org.

Beyond example observations, we conducted statistical validation. We applied a
spectral clustering algorithm (Methods), successfully identifying the valleys that
separate signals from noise for the two challenging seed proteins discussed earlier
(Fig. 2CD). This spectral clustering approach is unsupervised, focusing solely on the
data’s inherent structure without reliance on preset parameters. It generates clusters
based on the density of data points on the 2D plot. Importantly, a protein’s relative
proximity to the seed on this plot does not influence the clustering (Methods). As
a result, the noise proteins congregate in an irregular area at the lower part of the
2D plot (Fig. 2C-E). To assess signal reliability, we draw a convex hull enclosing this
irregular noise area; signals falling within this hull are considered "false positives" due
to their lower sequence similarity or greater protein length difference relative to cer-
tain noise proteins (Fig. 2E).

By delineating a convex boundary for the noise data points, we can estimate the
Positive Predictive Value (PPV) of the predicted signals. As depicted in Fig. 2E, true
positives (TP) are signals located above the noise convex hull, while false positives
(FP) are signals found within this hull. We define the signal’s PPV as TP/(TP + FP)
(Fig. 2E). Remarkably, more than 90% of these 2 million plots achieved a PPV of 100%
(Fig. 2F), with no signal data points falling within the noise convex hull. Furthermore,
an impressive 98.5% of 2D plots from eukaryotes and 97.7% from prokaryotes main-
tained a PPV exceeding 95% (Fig. 2F).

We additionally assessed the BLAST E-value of seed-signal pairs. The E-values for
these pairs were strikingly significant, with over 97% (comprising 208 million prokary-
otic and 47 million eukaryotic pairs) exhibiting E-values less than 10"-6. Interestingly,
there were also 150 million prokaryotic and 46 million eukaryotic seed-noise pairs
presenting strong E-values less than 10”-6. Given the evident distinction between sig-
nals and noise (Supp. Figure 1), these compelling E-values beneath the valleys suggest
caution against the exclusive reliance on E-values or arbitrary similarity cutoffs in
the selection of candidate orthologs. This is especially pertinent as these "significant”
noise data points are intertwined with and inseparable from other "less-significant”
noise data points. It’s important to note that the Y-axis on our 2D plots is based on
the score of protein full-length global alignment (Methods), while the BLAST E-value
is determined by local alignment.

In conclusion, our results substantiate the hypothesis that protein sequence evolu-
tion is discontinuous as Ortholog Groups (OGs) diversify and new functions arise.
The discernible demarcation between signal and noise, coupled with high signal
PPV, evident across all 2D plots (Fig. 2F), underscores this notion. It’s worth noting
that this hypothesis pertains to protein evolution across species—a macroevolution-
ary context. Instances where single point mutations lead to substantial functional
changes, such as sickle cell anemia, fall within a microevolutionary context, operat-
ing on a different evolutionary scale. While this hypothesis presents a general trend
applicable to most protein evolution, rare exceptional cases may exist where proteins
share the same function despite low similarity.
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Introduction of the SJI metric and its application in building a protein network

By discerning signals from noise, we could evaluate the overlap of signals originating
from different seed proteins. If two seeds belong to the same OG, their respective signal
sets are expected to overlap significantly. This high degree of overlap also indicates a
high level of functional similarity between the seed proteins. We quantified this over-
lap using the Signal Jaccard Index (S]I), as illustrated in Fig. 1B. SJI evaluates protein
similarity using the Jaccard index, which is calculated by dividing the intersection by the
union of the ’signals’ for each pair of proteins. The calculated S]Is for prokaryotic and
eukaryotic seeds are summarized in Supp. Figure 2AB. Notably, for 208 million pairs of
prokaryotic seeds, the median SJI was 0.70, while for 48 million eukaryotic seed pairs,
the median SJI was 0.63.

We view SJI as an enhancement of the BBH approach. While BBH identifies protein
pairs based on a 1:1 mutual best match, it overlooks proteins resulting from recent
duplication that have the same function or proteins that underwent sub-/neo-func-
tionalization and now belong to different OGs. In contrast, SJI can account for these
nuances. A distinct boundary between signals and noise emerges when sufficient noise
is incorporated into the 2D plot. Proteins derived from recent duplication that retain
the same fitness will likely fall within the signal set. Conversely, sub-/neo-functionalized
proteins—provided that they’re not evolutionary transients and their functional diversi-
fication events occurred long ago—should be found within the noise group.

Having computed the SJI values for all seed proteins, we proceeded to construct a net-
work linking all proteins. Networks are potent tools for integrating and refining biologi-
cal information, often filtering out spurious low-SJI connections, thus yielding reliable
biological insights from their topology [42]. Proteins under strong evolutionary pres-
sure, consistently exhibiting high SJI values, are categorized into communities. In con-
trast, unique proteins with multifunctionality due to domain variation may demonstrate
high betweenness centrality. Supp. Figure 2C-H offers an overview of the initial net-
work, presenting all proteins as nodes and S]Is as weighted edges.

Predicting ortholog groups
Low S]JI between some proteins is unavoidable, leading to an extensive initial network
encompassing nearly all proteins. However, the evident community structure within the
network enables us to apply a stepwise clustering strategy to delineate OGs (Methods).
We utilized a weighted community density as the cluster convergence threshold (Meth-
ods), the only parameter users need to decide on in this work, which influences the
OG size. We present two sets of OGs based on two thresholds: density >0.25 and den-
sity>0.1, in our online database (www.protdc.org). The higher threshold (density > 0.25)
implies that, on average, > 50% of nodes within an OG are connected, with edge weights
(SJIs) >0.5. This stringent threshold yielded 73,503 eukaryotic OGs and 72,541 prokary-
otic OGs. Lowering this threshold permits the inclusion of more distant orthologs into
the OG. The lower threshold (density>0.1) resulted in 53,418 eukaryotic OGs and
50,939 prokaryotic OGs.

Since our OGs stem from network communities, we assigned a degree centrality (DC)
to each protein. DC, normalized by OG size, reflects the extent of overlap between a
protein’s signal set and its neighboring proteins. We performed a bootstrap analysis to
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assess the network structure’s stability and the reliability of protein DCs. In this process,
we randomly removed 10% of proteins, followed the same procedure and threshold to
ascertain OGs and protein DC, and repeated this process 1,000 times. Comparing the
bootstrap OG with the original results using the Adjusted Rand Index (ARI) (Methods)
yielded an average ARI of 0.93; moreover, the average correlation coefficient between the
bootstrap DC and the original DC was 0.85. These results demonstrate a stable network
structure and protein degree centrality, with Supp. Figure 3 providing detailed insights
into the bootstrap analysis.
All OGs are readily available for download at www.protdc.org.

Benchmarking predicted ortholog groups against QfO service

The Quest for Orthologs (QfO) Benchmark Service is an orthology prediction quality
assessment service developed by a consortium of experienced scientists [3]. This service
is extensively used to measure the agreement between a developer’s ortholog pairs and
curated QfO references derived from SwissTree and TreeFam-A [3]. To construct our
eukaryotic OGs, we used the QfO 2021 release comprising 48 eukaryotic proteomes.
However, QfO does not provide a sufficient number of prokaryotic proteomes. To miti-
gate this, we obtained 367 bacterial species, evenly distributed on the Greengenes phy-
logenetic tree [25], from EMBL-EBI (Methods). As a result, we could only benchmark
our eukaryotic OGs against TreeFam-A [43]. Detailed benchmark results are presented
in Supp. Figure 4. We achieved a high Positive Predictive Value (PPV) of 0.952, but only
a modest True Positive Rate (TPR) of 0.556 for our OGs with density > 0.1 (PPV =0.956,
TPR=0.518 for OGs with density >0.25). Hereafter, "our" OGs refer to OG sets obtained
using density>0.1 unless otherwise specified. For perspective, some other ortholog
databases in Supp. Figure 4 demonstrated high TPRs, ranging from 0.656 to 0.675. How-
ever, we noted that TreeFam-A does include some seed-noise ortholog pairs, potentially
explaining our lower recall. This occurrence is despite the visible gaps between signals
and noises, as showcased in Supp. Figure 1. Regrettably, we could not access the com-
plete TreeFam-A ortholog pairs from QfO. Instead, we downloaded four sets of ortholog
pairs with the highest TPR (0.656-0.675) from QfO, discovering that 36—-56% of these
ortholog pairs were seed-noise pairs (Supp. Table 1). Interestingly, when examining the
intersections of these four sets of ortholog pairs, we observe a reduction in seed-noise
pairs to 21%, which correspondingly increases seed-signal pairs to 79% (Supp. Table 1).
This significant reduction in seed-noise pairs, along with the high PPV (close to 1)
returned from the QfO Benchmark Service, suggests a lower reliability in treating seed-
noise pairs as ortholog pairs.

The modest TPR may also stem from the inherent differences between TreeFam-A and
our OGs. Our algorithm does not incorporate phylogenetic information, which likely
contributes to the modest TPR observed in comparisons with TreeFam-A. Similar to our
method, the BBH approach prioritizes functional conservation over phylogenetic rela-
tionships. Algorithms derived from BBH, such as OMA Groups and Panther’s LDO, also
do not rely on phylogenetic trees. As illustrated in Supp. Figure 4, OMA Groups, Pan-
ther LDO, and our algorithm all exhibit relatively low TPRs. However, our algorithm
outperforms both OMA Groups and Panther LDO in terms of TPR, primarily due to
the inclusion of inparalogs. Notably, our algorithm achieved a high TPR of 0.937 using
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the VGNC benchmark, which was recently included in the QFO benchmarks [12];
moreover, BBH-derived algorithms outperform nearly all other algorithms in the VGNC
benchmark, as shown in Supp. Figure 4.

Inconsistency in existing ortholog predictions predominantly attributed to small and large
0Gs

Using eukaryotic OGs derived from our protein network, we investigated factors con-
tributing to inconsistent prediction results across different algorithms. We examined the
size of our OGs. These OGs range from the smallest ones, containing just one protein,
to the largest ones, comprising over 1,000 proteins. After calculating the modularity of
the initial protein network, we found a high modularity score of 0.99, suggesting strong
intra-OG protein connections and weak inter-OG connections in our initially derived
network. Hence, from a network structure perspective, midsize to large OGs form the
cores of the network, while small OGs make up its peripheries.

We next examined how OG size influences consistency among several ortholog data-
bases, including TreeFam [43], Broccoli [11], OrthoFinder [10], OrthoDB [44], eggNOG
[8], and SonicParanoid [45]. These databases employ diverse algorithms for orthology
prediction. TreeFam, known for its high-quality predictions, serves as the curated refer-
ence in QfO. Broccoli and OrthoFinder use phylogeny-based methods for deriving OGs,
while eggNOG and OrthoDB are based on clustering algorithms. We also included Son-
icParanoid, given its genealogical relationship with InParanoid [14], an algorithm that
identifies orthologs by giving more weight to protein functional similarity.

To evaluate the effect of OG size on algorithm consistency, we grouped proteins into
seven bins according to their OG sizes (Fig. 3), with each bin containing approximately
100 K proteins. We then assessed pairwise consistency among the six algorithms using
both ARI and AMI (Methods). As shown in Fig. 3, there is an increasing trend in ARI
and AMI values from the first bin to the fifth as the OG size increases from 1 to 85. The
first bin shows the poorest consistency, containing proteins from the network’s periph-
eries. This indicates that gleaning biological insights from peripheral network structures
may challenge various algorithms. Researchers should thus acknowledge that different
databases may produce unique gene sets, especially when studying rare, species-specific,
or pan-genomic accessory genes.

In contrast, consistency in ortholog predictions for proteins in mid-sized OGs seems
higher across various algorithms, likely because these OGs are supported by a group
of proteins with significant SJI. Notably, Fig. 3 also shows a decrease in the consistency
of proteins in the largest OGs (size >160). This suggests that rapidly evolving proteins
might cause inconsistencies, potentially due to their increased likelihood of diverg-
ing significantly in structure or function, leading to differing predictions by various
algorithms.

Degree centrality: a scoring system to refine high confidence orthologs

Our study demonstrates that the largest OGs also contribute to the inconsistency
observed in ortholog predictions. To counter this issue, we investigated the utility of
Degree Centrality (DC) as a scoring metric to refine the selection of consensus, or "high-
quality”, orthologs.
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Fig. 3 Impact of OG size on the consistency of eukaryotic ortholog predictions. A OG Size vs. DC Distribution
vs. ARI. Eukaryotic OGs were grouped based on size, represented on the x-axis. The leftmost bin contains
around 146 K proteins from OGs of 1-9 proteins, whereas the rightmost bin holds 170 K proteins from OGs
with at least 160 proteins. Intermediate bins accommodate around 80-100 K proteins. The orange curve
illustrates the normalized DC distribution, with a notable bias towards larger DC in smaller OGs (size < =9).
The blue boxplot depicts ARI, indicating the concordance between TreeFam, eggNOG, Broccoli, OrthoDB,
and OrthoFinder. Detailed numerical data for the blue boxplot are provided in Supp. Table 2. B OG size vs.
Distribution of DC vs. AMI is shown in this panel

We initiated this process by assembling proteins from OGs with a size greater than
9, thereby excluding the first bin depicted in Fig. 3 due to its contribution to inconsist-
ency. This selection process yielded a dataset of 656 K eukaryotic proteins. Following a
DC-based sorting of these proteins, we categorized them into ten overlapping groups
as shown on the x-axis of Fig. 4. Starting with the first group, which contained all 656 K
proteins, each subsequent group excluded the lowest 10% of proteins based on their DC
scores from the previous group. This process culminated in the rightmost group, which
included the top 10% of proteins featuring the highest DC scores.

In Fig. 4, we also incorporated control groups consisting of PANTHER's Least Diverged
Orthologs (LDO) and the OMA Groups for comparative purposes. Compared to the
LDO (595 K proteins) and OMA Groups (406 K proteins), our OGs—encompassing
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Fig. 4 Refining consensus orthologs using Degree Centrality (DC) as a scoring metric. This figure presents an
analysis of 656 K eukaryotic proteins derived from all OGs with a size greater than nine. These proteins were
divided into ten bins. Each bin, moving from left to right, progressively excludes the 10% of proteins with the
lowest DC values. For instance, the first bin includes all 656 K proteins, the subsequent one contains 590 K,
and the rightmost bin holds 65.6 K proteins with the highest DC scores. As control groups, we incorporated
406 K proteins from the OMA Groups and 595 K Least Diverged Orthologs (LDO) from PANTHER. All of

these proteins come from the 48 eukaryotic reference proteomes. The OMA Groups and PANTHER's LDO
orthologs are considered as “highly reliable orthologs’, and they establish a baseline for the subsequent
Adjusted Rand Index (ARI) and Adjusted Mutual Information (AMI) comparisons. The concordance among
ortholog databases within each bin was evaluated using ARl and AMI. We observed a consistent increase

in concordance between pairwise ortholog databases as we moved across the bins, starting from the two
control groups

656 K proteins—exhibit a 10% to 35% greater protein inclusion, attributed predomi-
nantly to the incorporation of inparalogs. Over 92% of our OGs portrayed in Fig. 4 con-
tain at least one inparalog. While both LDO and OMA Groups are regarded as "highly
reliable" ortholog controls [17, 18], they do not accommodate inparalogs, a characteristic
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distinguishing our OGs. This distinction is validated by the QfO benchmarking results
(Supp. Figure 4), which show that our orthologs exhibit precision comparable to the
controls.

The curves in Fig. 4 illustrate the trends in ARI and AMI between ortholog databases
across the ten groups, alongside the two control groups. Consistency between all data-
base pairs, with the exception of OrthoFinder (Supp. Figure 5), increases monotonically
as protein DC increases. For instance, on the far right of Fig. 4, where 90% of proteins
with low DC scores have been excluded, the ARI between TreeFam and all other data-
bases, except for eggNOG, rises to between 0.85 and 0.90. A recent study [6] found such
high ARI values only in 125 human-curated OGs. However, as shown in Fig. 4 and Supp.
Table 3, these high ARI values are reached with more than 1600 OGs covering between
20 and 45 K proteins. Supp. Table 3 also provides the detailed values corresponding to
Fig. 4.

Supp. Figure 6 showcases the intersections between the representative ortholog data-
bases mentioned earlier, emphasizing the modest agreement in their ortholog predic-
tions and highlighting the lack of certainty when relying on intersections for consensus
orthologs. Notably, we find a slight positive correlation between degree centrality (DC)
and the degree of ortholog overlap (Supp. Figure 6).

Our findings illustrate that applying degree centrality (DC) as a scoring metric for
refining ortholog groups derived from different algorithms can yield "high-quality" data-
sets on par with manually curated ortholog groups. This is particularly useful when stud-
ying rapidly evolving large protein families, where assessing each member’s DC scores is
advisable. Such assessment helps to distinguish between core members, which represent
high-confidence orthologs, and peripheral members, which necessitate further scrutiny.
This distinction is crucial as different algorithms may categorize these peripheral mem-
bers into inconsistent ortholog groups. Given that consensus across different ortholog
databases is often seen as a robust indicator of orthology, the use of DC also helps allevi-
ate the influence of subjective decisions, such as concerns about which ortholog data-
bases to utilize or determining the degree of overlap needed to designate consensus
orthologs.

Discussion

Our work here primarily deals with the challenges posed by the inconsistencies in
ortholog predictions. We attributed these inconsistencies to peripheral nodes in the
derived protein network, marked by small ortholog groups (OGs) and proteins with
low degree centrality (DC) from midsize to large OGs. However, from a technical per-
spective, these inconsistencies can also stem from the prevalent use of fixed thresh-
old settings in many algorithms. For example, when selecting candidate orthologs for
clustering or tree building, a threshold in protein sequence similarity or a statistically
significant cutoff value is often applied. Given the diverse evolutionary histories and var-
ying selection pressures on proteins, a one-size-fits-all approach using predetermined
parameters may not be suitable. Therefore, there is a call for a strategy that circumvents
fixed parameters and accounts for differences in protein selection pressures, which is of

utmost importance.
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Our solution to this challenge is illustrated in Fig. 2, which clearly differentiates
orthologs/inparalogs from distant homologs. Figure 2F, in particular, encapsulates the
results of our spectral clustering algorithm applied to 2 million seed proteins. This unsu-
pervised algorithm uniquely uses the distribution of over-represented proteins on a 2D
plot, taking the relative distance between proteins as input. Instead of relying on the raw
amino acid similarity between the seed and orthologs, it identifies clusters based on the
density of protein spots in irregular regions of the plot.

Based on the results in Fig. 2F, we propose a discontinuous protein evolution hypoth-
esis and introduce the Signal Jaccard index (SJI) metric to measure the functional simi-
larity of proteins. The SJI is a departure from traditional methods that use arbitrary
thresholds based on sequence similarity or significance values. SJI depends on informa-
tion from the entire gene repertoire across species, like the bidirectional best hit (BBH)
method. However, instead of directly identifying 1:1 gene pairs, we split the process into
two steps. First, we distinguish signal from noise, establishing a 1:n relationship between
a seed protein and its ortholog candidates. Then, we use SJI to measure the overlap of
"n" signals between two seeds to indicate their similarity. This two-step process yields
a network that integrates the biological information of single proteins into a broader
context, with the network’s topology reflecting the proteins’ evolutionary and functional
information.

Networks are common tools in orthology prediction, as exemplified by resources such
as eggNOG [9] and OrthoMCL [46]. However, the edges in these networks either rely on
species choices or fail to account for the variable selection pressures exerted on different
proteins, as reflected by high or low sequence similarity within different protein families
on the same network. In contrast, the SJI metric offers a more objective approach since
it is unaffected by the selection pressures on different protein families and the species
chosen for comparison.

Building on the SJI metric, we also propose the use of DC as a scoring system to assess
the reliability of protein orthologs. This approach helps predict protein functions by
considering both protein sequence similarity and the broader genomic context of the
protein. The biological functions of proteins can often be diverse, exhibiting character-
istics such as promiscuity [47], moonlighting [48], or fuzziness [49], which present chal-
lenges to the conventional use of ortholog databases. We suggest that these "unusual"
functional behaviors can be further explored using different centrality measures within
our network.

We also found that many proteins with low DC or from small OGs, often located at the
network periphery, are less well annotated, falling into the category known as the "dark
matter” of the proteome [50, 51]. Our estimates suggest that approximately 40-50% of
all proteins are low DC proteins (OG size<20 or DC<0.2). As we incorporate more
genomes into our analyses, we anticipate that the core structures identified in this study
will remain stable, but the number of peripheral proteins may increase.

Conclusions

In summary, this work presents several significant conclusions:
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1. We propose an unsupervised ortholog prediction algorithm complemented by
a novel metric, the Signal Jaccard Index (SJI). This innovative tool provides a new
method to assess protein similarity, eschewing reliance on arbitrarily preset param-
eters. Crucially, it can discern the varied selection pressures exerted on different pro-
teins, reflected by varied average protein sequence similarity within different protein
families.

2. We underscore that the primary sources of inconsistency in extant ortholog data-
bases lie in the peripheral nodes of our network, characterized by proteins from
small OGs and proteins with low DC scores.

3. The application of DC offers two-fold benefits. It first helps identify proteins in
peripheral structures, which warrant extra scrutiny in their ortholog prediction. Sub-
sequently, DC sidesteps the need for intricate operations to ascertain intersections
from various ortholog databases. This mitigates the potential arbitrariness arising
from the choice of parameters used to determine a consensus, thus facilitating the
derivation of "high-quality" orthologs.

4. As a score encapsulating ortholog confidence, we demonstrate that DC maintains a
high level of stability, remaining impervious to species choices and exhibiting virtu-
ally no arbitrariness. We, therefore, advocate for the incorporation of DC into a scor-
ing system for ortholog prediction benchmarking.

Collectively, our findings present an innovative approach to ortholog prediction. By
appreciating the unique characteristics and evolutionary trajectories of proteins, we
progress beyond the limitations of arbitrary, universal thresholds. The network we have
established offers a quantitative platform for probing diverse aspects of protein evolu-
tion, promising to catalyze further research in this arena.

Supplementary Information
The online version contains supplementary material available at https://doi.org/10.1186/512859-024-06023-x.

Additional file 1.
Additional file 2.
Additional file3.
Additional file 4.
Additional file 5.
Additional file 6.
Additional file 7.
Additional file 8.
Additional file 9.

Acknowledgements
We thank Dr. Shuyang Lin for his advice on our algorithm and suggestions for the manuscript. We thank Prof. Antoine
Danchin, Dr. Jungseog Kang, and Dr. Jianfei Zhao for their valuable discussions and comments on this article.

Author contributions
GF conceptualized and designed this study and wrote the manuscript. WY and JJ performed the analysis. All authors
have read and approved the submitted manuscript.

Funding
Not applicable.

Page 18 of 20


https://doi.org/10.1186/s12859-024-06023-x

Yang et al. BMC Bioinformatics (2025) 26:6

Availability of data and materials

The datasets generated and/or analyzed during the current study are available at www.protdc.org. Scripts used in this
work can be found at https://github.com/FangLabNYU/protdc. The human olfactory receptor 52K1, featured in Fig. 2A,
has the accession number Q8NGK4. Annotations are available at https://www.uniprot.org/uniprotkb/Q8NGK4/. Addi-
tional 2D plots can be accessed at https://www.protdc.org/%5Eprotein_info/9606/Q8NGK4/S. E. coli ugpk, also featured
in Fig. 2A, has the accession number P10906. Annotations are available at https://www.uniprot.org/uniprotkb/P10906/.
2D plots in our database can be accessed at https://www.protdc.org/%5Eprotein_info/PRINA225/b3451/5.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Received: 15 June 2023 Accepted: 24 December 2024
Published online: 07 January 2025

References

1.
2.
3.

20.

21.

22.

23.

Koonin EV. Orthologs, paralogs, and evolutionary genomics. Annu Rev Genet. 2005;39:309-38.

Gabaldon T, Koonin EV. Functional and evolutionary implications of gene orthology. Nat Rev Genet. 2013;14:360-6.
Altenhoff AM, Boeckmann B, Capella-Gutierrez S, Dalquen DA, DelLuca T, Forslund K, Huerta-Cepas J, Linard B, Pereira
C, Pryszcz LP, et al. Standardized benchmarking in the quest for orthologs. Nat Methods. 2016;13:425-30.

Yates B, Gray KA, Jones TEM, Bruford EA. Updates to HCOP: the HGNC comparison of orthology predictions tool. Brief
Bioinform. 2021. https://doi.org/10.1093/bib/bbab155.

Fang G, Bhardwaj N, Robilotto R, Gerstein MB. Getting started in gene orthology and functional analysis. PLoS Com-
put Biol. 2010;6:21000703.

Deutekom ES, Snel B, van Dam TJP. Benchmarking orthology methods using phylogenetic patterns defined at the
base of Eukaryotes. Brief Bioinform. 2021. https://doi.org/10.1093/bib/bbaa206.

Domingo-Sananes MR, Mclnerney JO. Mechanisms that shape microbial pangenomes. Trends Microbiol.
2021;29:493-503.

Huerta-Cepas J, Szklarczyk D, Heller D, Hernandez-Plaza A, Forslund SK, Cook H, Mende DR, Letunic |, Rattei T, Jensen
LJ, et al. eggNOG 5.0: a hierarchical, functionally and phylogenetically annotated orthology resource based on 5090
organisms and 2502 viruses. Nucleic Acids Res. 2019;47:D309-14.

Jensen LJ, Julien P, Kuhn M, von Mering C, Muller J, Doerks T, Bork P. eggNOG: automated construction and annota-
tion of orthologous groups of genes. Nucleic Acids Res. 2008;36:D250-254.

Emms DM, Kelly S. OrthoFinder: phylogenetic orthology inference for comparative genomics. Genome Biol.
2019;20:238.

. Derelle R, Philippe H, Colbourne JK. Broccoli: combining phylogenetic and network analyses for orthology assign-

ment. Mol Biol Evol. 2020;37:3389-96.

NeversY, Jones TEM, Jyothi D, Yates B, Ferret M, Portell-Silva L, Codo L, Cosentino S, Marcet-Houben M, Vlasova A,
et al. The quest for orthologs orthology benchmark service in 2022. Nucleic Acids Res. 2022;50:W623-32.

Vilella AJ, Severin J, Ureta-Vidal A, Heng L, Durbin R, Birney E. EnsemblCompara GeneTrees: complete, duplication-
aware phylogenetic trees in vertebrates. Genome Res. 2009;19:327-35.

Remm M, Storm CE, Sonnhammer EL. Automatic clustering of orthologs and in-paralogs from pairwise species
comparisons. J Mol Biol. 2001;314:1041-52.

Glover NM, Altenhoff A, Dessimoz C. Assigning confidence scores to homoeologs using fuzzy logic. PeerJ.
2019,6:6231.

Tatusov RL, Koonin EV, Lipman DJ. A genomic perspective on protein families. Science. 1997,278:631-7.

Thomas PD, Ebert D, Muruganujan A, Mushayahama T, Albou LP, Mi H. PANTHER: Making genome-scale phylogenet-
ics accessible to all. Protein Sci. 2022;31:8-22.

Altenhoff AM, Skunca N, Glover N, Train CM, Sueki A, Pilizota I, Gori K, Tomiczek B, Muller S, Redestig H, et al. The
OMA orthology database in 2015: function predictions, better plant support, synteny view and other improve-
ments. Nucleic Acids Res. 2015;43:D240-249.

Stamboulian M, Guerrero RF, Hahn MW, Radivojac P. The ortholog conjecture revisited: the value of orthologs and
paralogs in function prediction. Bioinformatics. 2020;36:i1219-26.

Nehrt NL, Clark WT, Radivojac P, Hahn MW. Testing the ortholog conjecture with comparative functional genomic
data from mammals. PLoS Comput Biol. 2011;7:e1002073.

Romero PA, Arnold FH. Exploring protein fitness landscapes by directed evolution. Nat Rev Mol Cell Biol.
2009;10:866-76.

Facco E, Pagnani A, Russo ET, Laio A. The intrinsic dimension of protein sequence evolution. PLoS Comput Biol.
2019;15:21006767.

Ding X, Zou Z, Brooks lii CL. Deciphering protein evolution and fitness landscapes with latent space models. Nat
Commun. 2019;10:5644.

Page 19 of 20


http://www.protdc.org
https://github.com/FangLabNYU/protdc
https://www.uniprot.org/uniprotkb/Q8NGK4/
https://www.protdc.org/%5Eprotein_info/9606/Q8NGK4/
https://www.uniprot.org/uniprotkb/P10906/
https://www.protdc.org/%5Eprotein_info/PRJNA225/b3451/
https://doi.org/10.1093/bib/bbab155
https://doi.org/10.1093/bib/bbaa206

Yang et al. BMC Bioinformatics (2025) 26:6 Page 20 of 20

24.  Altenhoff AM, Garrayo-Ventas J, Cosentino S, Emms D, Glover NM, Hernandez-Plaza A, Nevers Y, Sundesha V, Szklarc-
zyk D, Fernandez JM, et al. The Quest for Orthologs benchmark service and consensus calls in 2020. Nucleic Acids
Res. 2020;48:W538-45.

25. DeSantis TZ, Hugenholtz P, Larsen N, Rojas M, Brodie EL, Keller K, Huber T, Dalevi D, Hu P, Andersen GL. Greengenes,
a chimera-checked 16S rRNA gene database and workbench compatible with ARB. Appl Environ Microbiol.
2006;72:5069-72.

26. Dirillon G, Carbone A, Fischer G. SynChro: a fast and easy tool to reconstruct and visualize synteny blocks along
eukaryotic chromosomes. PLoS ONE. 2014;9:€92621.

27. von Luxburg U. A tutorial on spectral clustering. Stat Comput. 2007;17:395-416.

28. Barber CB, Dobkin DP, Huhdanpaa H. The quickhull algorithm for convex hulls. ACM Trans Math Softw.
1996;22:469-83.

29. Virtanen P, Gommers R, Oliphant TE, Haberland M, Reddy T, Cournapeau D, Burovski E, Peterson P, Weckesser W,
Bright J, et al. SciPy 1.0: fundamental algorithms for scientific computing in Python. Nat Methods. 2020;17:261-72.

30. Blondel VD, Guillaume J-L, Lambiotte R, Lefebvre E. Fast unfolding of communities in large networks. J Stat Mech:
Theory Exp. 2008;2008:P10008.

31. Newman ME, Girvan M. Finding and evaluating community structure in networks. Phys Rev E. 2004;69:026113.

32. Huerta-Cepas J, Serra F, Bork P. ETE 3: reconstruction, analysis, and visualization of phylogenomic data. Mol Biol Evol.
2016;33:1635-8.

33. Huerta-Cepas J, Dopazo H, Dopazo J, Gabaldon T. The human phylome. Genome Biol. 2007;8:R109.

34. Romano S, Vinh NX, Bailey J, Verspoor K. Adjusting for chance clustering comparison measures. J Mach Learn Res.
2016;17:4635-66.

35. Wu NC, Dai L, Olson CA, Lloyd-Smith JO, Sun R: Adaptation in protein fitness landscapes is facilitated by indirect
paths. Elife 2016;5.

36. MarchiJ, Galpern EA, Espada R, Ferreiro DU, Walczak AM, Mora T. Size and structure of the sequence space of repeat
proteins. PLoS Comput Biol. 2019;15:e1007282.

37. Sonnhammer EL, Ostlund G. InParanoid 8: orthology analysis between 273 proteomes, mostly eukaryotic. Nucleic
Acids Res. 2015;43:0234-239.

38. Singh PP, Arora J, Isambert H. Identification of ohnolog genes originating from whole genome duplication in early
vertebrates, based on Synteny comparison across multiple genomes. PLoS Comput Biol. 2015;11:21004394.

39. Korbel JO, Kim PM, Chen X, Urban AE, Weissman S, Snyder M, Gerstein MB. The current excitement about copy-
number variation: how it relates to gene duplications and protein families. Curr Opin Struct Biol. 2008;18:366-74.

40. Yohe LR, Fabbri M, Hanson M, Bhullar BS. Olfactory receptor gene evolution is unusually rapid across Tetrapoda and
outpaces chemosensory phenotypic change. Curr Zool. 2020,66:505-14.

41. Ogasawara F, Kodan A, Ueda K. ABC proteins in evolution. FEBS Lett. 2020,594:3876-81.

42. Barabasi AL, Oltvai ZN. Network biology: understanding the cell’s functional organization. Nat Rev Genet.
2004;5:101-13.

43. Ruan J, LiH, Chen Z, Coghlan A, Coin LJ, Guo Y, Heriche JK, Hu Y, Kristiansen K, Li R, et al. TreeFam: 2008 update.
Nucleic Acids Res. 2008;36:D735-740.

44, Zdobnov EM, Kuznetsov D, Tegenfeldt F, Manni M, Berkeley M, Kriventseva EV. OrthoDB in 2020: evolutionary and
functional annotations of orthologs. Nucleic Acids Res. 2021;49:D389-93.

45. Cosentino S, lwasaki W. SonicParanoid: fast, accurate and easy orthology inference. Bioinformatics. 2019;35:149-51.

46. LiL, Stoeckert CJ Jr, Roos DS. OrthoMCL: identification of ortholog groups for eukaryotic genomes. Genome Res.
2003;13:2178-89.

47. Leveson-Gower RB, Mayer C, Roelfes G. The importance of catalytic promiscuity for enzyme design and evolution.
Nat Rev Chem. 2019;3:687-705.

48. Singh N, Bhalla N. Moonlighting proteins. Annu Rev Genet. 2020;54:265-85.

49. Tompa P, Fuxreiter M. Fuzzy complexes: polymorphism and structural disorder in protein-protein interactions. Trends
Biochem Sci. 2008;33:2-8.

50. Makarova KS, Wolf Y1, Koonin EV. Towards functional characterization of archaeal genomic dark matter. Biochem Soc
Trans. 2019;47:389-98.

51. de Crécy-lagard V, Amorin R, de Hegedus C, Arighi JB, Bateman A, Blaby |, Blaby-Haas C, Bridge AJ, Burley SK, Cleve-
land S, et al. A roadmap for the functional annotation of protein families: a community perspective. Database. 2022.
https://doi.org/10.1093/database/baac062.

52. Ripley WN. Modern applied statistics with S. New York: Springer; 2002.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.


https://doi.org/10.1093/database/baac062

	A metric and its derived protein network for evaluation of ortholog database inconsistency
	Abstract 
	Background: 
	Results: 
	Conclusions: 

	Background
	Methods
	Eukaryotic proteomes and selection of bacterial proteomes
	2D plot and spectral clustering to detect signals
	Derived protein similarity network
	Ortholog group detection
	Benchmark orthology databases

	Results
	Delineating signal from noise: an unsupervised method for 2D protein similarity plot analysis
	Introduction of the SJI metric and its application in building a protein network
	Predicting ortholog groups
	Benchmarking predicted ortholog groups against QfO service
	Inconsistency in existing ortholog predictions predominantly attributed to small and large OGs
	Degree centrality: a scoring system to refine high confidence orthologs

	Discussion
	Conclusions
	Acknowledgements
	References


