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Abstract. In recent years, the rapid growth of sequencing data has exacerbated the problem of functional annota-
tion of protein sequences, as traditional homology-based methods face limitations when working with distant homo-
logs, making it difficult to accurately determine protein functions. This paper introduces the OrthoML2GO method for
protein function prediction, which integrates homology searches using the USEARCH algorithm, orthogroup analysis
based on OrthoDB version 12.0, and a machine learning algorithm (gradient boosting). A key feature of our approach
is the use of orthogroup information to account for the evolutionary and functional similarity of proteins and the ap-
plication of machine learning to refine the assigned GO terms for the target sequence. To select the optimal algorithm
for protein annotation, the following approaches were applied sequentially: the k-nearest neighbors (KNN) method;
a method based on the annotation of the orthogroup most represented in the k-nearest homologs (OG); a method
of verifying the GO terms identified in the previous stage using machine learning algorithms. A comparison of the
prediction accuracy of GO terms using the OrthoML2GO method with the Blast2GO and PANNZER2 annotation pro-
grams was performed on sequence samples from both individual organisms (humans, Arabidopsis) and a combined
sample represented by different taxa. Our results demonstrate that the proposed method is comparable to, and by
some evaluation metrics outperforms, these existing methods in terms of the quality of protein function prediction,
especially on large and heterogeneous samples of organisms. The greatest performance improvement is achieved
by combining information about the closest homologs and orthogroups with verification of terms using machine
learning methods. Our approach demonstrates high performance for large-scale automatic protein annotation, and
prospects for further development include optimizing machine learning model parameters for specific biological tasks
and integrating additional sources of structural and functional information, which will further improve the method’s
accuracy and versatility. In addition, the introduction of new bioinformatics tools and the expansion of the annotated
protein database will contribute to the further improvement of the proposed approach.
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AHHOTauusA. B nocnepHve roabl GbICTPbIN POCT 06bEMOB [JaHHbIX CEKBEHMPOBAHUA 060CTpMN Npobnemy dyHKLMO-
HafbHOM aHHOTaLMM GEKOBbIX NOC/e0BATENbHOCTEN, MOCKOMbKY TPAANLMOHHbIE METOAbI, OCHOBAHHbIE HA FOMOJIO-
T, CTaNKNBAIOTCA C OrPaHNYEHVAMM NpY paboTe C OTAANIEHHBIMY TOMOJIOraMU, YTO 3aTPYAHAET Hanbonee ToUHoe
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onpepfeneHvie pyHKUMI 6enkoB. B Halel paboTe npeacTaBneH MeTos npefckasaHna ¢yHKuuin 6enkos OrthoML2GO,
KOTOPbIN NHTErPUPYyeT NONCK rOMOSTIOTMYHbIX MOCeA0BaTeNbHOCTEN € NoMoLybio anroputma USEARCH, aHanu3 opto-
rpynn Ha 6a3e OrthoDB 12-i4 Bepcun 1 anropnt™ MalLMHHOTO OOyUYeHNA (rpadneHTHbIN 6ycTUHS). KnioueBas ocobeH-
HOCTb Mofxofa 3aK/oyaeTcs B UCNONb30BaHUN MHbOPMaLmM 06 opTorpynnax AnA yyeTta 3BOMOLNOHHOIO U GyHK-
LIMOHANIbHOTO CXOACTBA 6ENKOB 1 MPUMEHEHUA MaLLVHHOTO 00yyeHnA ANnAa fanbHelero yTouHeHa TepmrHoB Gene
Ontology (GO) ans aHanu3mpyemon nocneaoBaTenbHOCTY. AnA Bbibopa onTMManbHOro anropmMTMa aHHoTaumm 6enxkos
6bIN1 MO3TANHO NPVIMEHEHbI CrefytoLve Noaxoapl: MmeTtog k 6nvxanwnx cocepein (KNN); meToa Ha OCHOBE aHHOTa-
Ln opTorpynnbl, Hanbonee npeacTaBneHHon y k 6nvxkaiwmx romonoros (OG); MmeToa BeprdMKaLmy BbIABIEHHbIX HA
npepabiayLiem stane TepMmHoB GO € MOMOLLbIO anIrOPUTMOB MaLLMHHOTO 0byyeHuA. [poBefeHO CpaBHEHVE TOUHOCTH
npeackasaHua TepmuHos GO metogom OrthoML2GO ¢ nporpammamu aHHoTauum Blast2GO n PANNZER2 Ha BbibopKax
nocrefoBaTeNlbHOCTEN Kak OTAENbHbIX OPraHM3MOB (YenioBeK, apabraoncnc), Tak 1 Ha KOMOMHNPOBAHHON BblbOpKe
nocnefoBaTeslbHOCTEN, MPeACTaBNEHHbIX Pa3HbIMM TaKCOHaMU. Pe3ynbTaTbl MOKa3anu, YTo NPeAnoXKeHHbI METOA He
YCTynaeT, a MO HEKOTOPbIM MOKasaTenAM NPeBOCXOAUT MX MO KauecTBy npeAckasaHna GyHKUMIN 6enkoB, 0co6eHHO
Ha 60nbLIMX U Pa3HOPOAHbIX BbIOOPKaX OPraHM3MOB, a HaMGONbLUMIA NMPUPOCT TOYHOCTU JOCTUTAeTCA 3a CUET KOMOU-
Haumm nHbopmaLum o 6rKawmx roMosiorax 1 OpTOrpynmnax B COUYeTaHUN C BepudmrKaLlmen TepMMHOB MeTofaMm
MaLIMHHOro 06yyeHna. PazpaboTaHHbI NOAX0L AEMOHCTPUPYET BbICOKYI0 S3OPEKTUBHOCTL ANA KpynHOMacWwTabHOM
aBTOMaTUYeCKol aHHoTauun 6enkoB. MNepcnekTyBbI AanbHENLWero pasBUTUA BKIOYAIOT ONTMMU3aLMI0 NapaMeTpoB
Mopeneil MalMHHOTO 00yUYeHsl MOA KOHKPETHbIe G1oNormyeckme 3aaadun v MHTErpaLyio JONOMHUTENbHbBIX MCTOYHN-
KOB CTPYKTYPHO-GYHKLIMOHaNIbHON MHOPMALIMK, YTO MO3BOIUT eLLe 60sIbLie NOBbICUTb TOYHOCTb U YHUBEPCASIbHOCTb
meTopaa. Kpome Toro, BHefipeHvie HOBbIX UHCTPYMEHTOB 61MoMHGOPMATHKL U paclumpeHmne 6asbl AaHHbIX aHHOTUPO-
BaHHbIX 6e/1IKoB 6yayT cnocobCTBOBaTb JasibHENLLEMY COBEPLLEHCTBOBAHMIO MPEASIOKEHHOMO NOAX0AA.

KnioueBble cnoBa: npefckasaHune GyHKUMIA 6esika; reHHaA OHTONONMA; FOMOJSIOTA; OPTOrpynna; MalyHHoOe obyyeHne

Introduction

The introduction of next-generation sequencing (NGS) tech-
nologies has led to exponential growth in the volume of data
on DNA, RNA, and protein sequences (Goodwin et al., 2016).
The primary sources of these data are large-scale and numer-
ous projects in genomics, transcriptomics, and proteomics
(Chengetal., 2018; Lewin et al., 2018). However, the function
of a significant proportion of the sequences identified in such
projects remains unknown (Galperin, Koonin, 2010).

Expert gene annotation requires substantial time to search
for gene function information in the literature, and although
it is the most reliable method, it is impractical to apply it to
the vast number of newly predicted genes. Therefore, for most
new amino acid sequences (hereafter referred to as sequences
for brevity), the development of effective automatic annotation
methods is necessary to determine their molecular functions,
roles in cellular processes, and cellular localization. Given
the widespread use of the Gene Ontology (GO) database for
functional annotation (Ashburner et al., 2000; Du Plessis et
al., 2011; Gene Ontology Consortium, 2023), the task reduces
to automatically assigning these terms to sequences.

Most methods for predicting protein function, based on
sequence or three-dimensional structure analysis, rely on a
fundamental principle: function can be predicted by estab-
lishing reliable structural or evolutionary similarity with a
protein, the function of which is already known (Benso et
al., 2013). A crucial task here is deciphering the relationship
between the detected structural or sequence similarity and the
actual level of functional relatedness (Pearson, 2013). Among
these methods, homology-based function prediction methods
are widely regarded for their broad applicability and relative
simplicity. Homology-based methods assign GO terms to
the analyzed protein based on the similarity of its amino acid
sequence to the primary structures of proteins with known
functions. In other words, the function of a protein can be

deciphered by analyzing its similarity to other proteins for
which the function has been reliably determined (Eisenberg
et al., 2000; Pearson, 2013).

The BLAST method (Altschul et al., 1990) is widely used
for comparing the amino acid sequences and identifying
homologous regions. However, new tools for searching ho-
mologous sequences in databases have recently emerged, such
as GHOSTX (Suzuki et al., 2014), DIAMOND (Buchfink et
al., 2015), MMseqs2 (Steinegger, S6ding, 2017), and others.
Their characteristic feature is high processing speed, orders
of magnitude faster than BLAST, achieved primarily through
more efficient processing of matched sequence fragments.

The concept of homology is fundamental for drawing con-
clusions about the evolutionary processes of gene formation
and function. In the early 1970s, Walter Fitch (Fitch, 1970)
proposed classifying homologous proteins into orthologs
and paralogs according to their origin. Orthologs originate
from the evolutionary divergence of genes in different taxa
during speciation. Paralogs are formed through gene duplica-
tions. It is assumed that orthologs retain the function of the
ancestral gene from the ancestral species, while paralogs may
acquire new functions after duplication events (Fitch, 2000;
Kuzniar et al., 2008; Altenhoff et al., 2019). Given the im-
mense importance of orthologs for comparative genomics and
functional annotation, information on orthologous genes and
their families is accumulated in several specialized databases,
which are crucial for identifying and analyzing orthologous
groups of genes (orthogroups) (Jensen et al., 2008; Kriven-
tseva et al., 2008). It should be noted that methods involving
machine learning algorithms are successfully used to solve
gene function prediction problems, allowing for increased
accuracy compared to earlier approaches (Sanderson et al.,
2023; Yuan et al., 2023).

This work investigates the possibility of predicting protein
functions based on searching for homologous sequences,
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Table 1. List of organisms included in the study
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Species name Number of sequences

Arabidopsis thaliana 27,655

Homo sapiens 19,763

Drosophila melanogaster 28,543 (includes isoforms)

Solanum tuberosum 40,722 (includes isoforms)

Danio rerio 33,428 (includes isoforms)

Chlamydomonas reinhardtii 16,090

Oryza sativa 34,226 (includes isoforms)

considering their orthologs, and employing machine learning
methods. A step-by-step analysis of the influence of these
three factors on the accuracy of GO term prediction was per-
formed. It is shown that among machine learning methods,
the gradient boosting algorithm demonstrates the highest
prediction accuracy. Based on this, the OrthoML2GO predic-
tion algorithm was implemented. Its accuracy was compared
with the Blast2GO and PANNZER2 methods. It is shown that
the proposed method provides higher accuracy, especially on
large and heterogeneous datasets.

Materials and methods

Amino acid sequence data. The lists of organism species
and amino acid sequences used in the work are presented
in Table 1. They include organisms with varying degrees of
genome annotation completeness (Table S1), representing
different taxa of both plants and animals: dicots, monocots,
unicellular algae, vertebrates, arthropods (Table 1).

OrthoDB as a source of homologous sequences, anno-
tations, and orthology information. The OrthoDB v 12.0
database (https://www.orthodb.org/) (Tegenfeldt et al., 2025)
was used as a source of homologous sequences, their GO
term annotations, and orthology data. The database includes
information on 5,827 eukaryotic species, 17,551 bacteria,
607 archaea, and 7,962 viruses. It contains over 162 million
sequences classified into over 10 million orthogroups. The
database also includes GO annotation for part of the sequences
and thus represents a convenient source for their classification
into orthologs and GO annotation. Furthermore, this database
provides classification of protein sequences into orthologous
families, for which generalized functional annotations of
proteins in GO terms are also provided.

Search for homologous sequences. The search for homo-
logs was performed using the USEARCH v 11.0.667 algo-
rithm (https://drive5.com/usearch/) (Edgar, 2010) with the
usearch_local command. It performs searches for high-identity
matches orders of magnitude faster than BLAST. During the
search for homologous sequences, it was inevitable that the
list of homologs included the query sequence itself. For an
objective evaluation, identical sequences were excluded from
the search results.

' Supplementary Tables $1-512 are available at:
https://vavilov.elpub.ru/jour/manager/files/Suppl_Malugin_Engl_29_7.pdf

Annotation source

TAIR (Reiser et al., 2024)

EBI Gene Ontology Annotation Database (Huntley et al.,, 2015)
FlyBase (Oztiirk-GColak et al., 2024)

SpudDB (Hamilton et al., 2025a)

ZFIN (Bradford et al., 2022)

PhycoCosm (Grigoriev et al., 2021)

RGAP (Hamilton et al., 2025b)

General sequence annotation scheme. The GO term an-
notation pipeline was implemented using Linux bash scripts
and the R programming language using the computational
resources of the “Bioinformatics” collective use center at ICG
SB RAS. Three algorithms for annotating protein functions
based on the OrthoDB database were developed (Fig. 1).

On the left (Fig. 1a), the OrthoDB v 12.0 database (Tegen-
feldt et al., 2025) is schematically shown in a large oval
with representatives of orthologous groups (orthogroups)
OGL1...0G3 (Sequences of orthologous families are shown as
rectangles of the same color). The first, basic sequence predic-
tion algorithm is based on the search for k-nearest homologs
and is denoted as KNN. Using the USEARCH program, ho-
mologous sequences are searched for the analyzed sequence in
the OrthoDB database and ranked by similarity level. They can
include representatives of both the same orthogroup and others
(shown in different colors). The analyzed sequence is assigned
the GO terms of the k most similar sequences (Fig. 1b).

The second method is based on the principle of orthology
and is denoted as OG. For each of the k-nearest homologs of
the analyzed sequence, its orthogroup in the OrthoDB database
is determined. The orthogroup to which the analyzed sequence
belongs is determined by a voting method: it is the orthogroup
with the highest frequency of occurrence among all k-nearest
homologs (Fig. 1c). GO terms for sequences from this ortho-
group are assigned to the analyzed sequence (Fig. 1d).

The third approach, denoted as KNN+OG (Fig. 1e), in-
volves combining the GO terms obtained from the KNN and
OG algorithms for the query sequence (Fig. 1f). This list of
GO terms is compared with the reference (true) annotation
using measures such as: precision, recall (sensitivity), ac-
curacy, and F-score (F-measure), which was the resulting
measure (Fig. 1g and “Verification of terms using machine
learning methods” section).

Methods for annotating the analyzed sequence with GO
terms. K-nearest homologs method (KNN). The k-nearest
homologs by similarity level are determined as a result of
searching the OrthoDB database with the USEARCH program
with the following parameters: identity (amino acid sequence
identity) = 50 %, coverage (coverage of the analyzed sequence
by the found homolog) = 70 %, e-value (statistical signifi-
cance of the found match) = 1075, which is justified by the
goal of reducing false positives at the homolog search stage.
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Fig. 1. General scheme of sequence annotation and its evaluation. Sequences belonging to the same orthogroup are represented by different shades

of the same color: blue, green, or red.

a - OrthoDB database with orthogroups; b — assignment of GO terms from the k-nearest homologs (KNN method); ¢ — determination of the most frequent
orthogroup by voting; d - assignment of GO terms associated with the selected orthogroup (OG method); e - combination of GO terms obtained by the KNN
and OG methods (KNN+OG method); f - verification of the combined term list using machine learning; g - comparison of predicted terms with the reference

annotation and calculation of metrics.

The analyzed sequence was assigned the GO terms of the
k most similar sequences available in the OrthoDB database.
The value of parameter k can vary (Kharsikar et al., 2007;
Dongardive, Abraham, 2016). Therefore, the optimal value
within the interval k = 1-30 with a step of 5 was determined
based on the highest accuracy in term identification using the
OrthoDB annotation (Tables S4-S9).

Using orthologous groups (OG). In this method, for each
of the k-nearest homologs identified by the KNN method,
the orthologous group corresponding to the most ancient
ancestral taxon was selected using the OrthoDB annotation.
Then, the orthogroup with the highest frequency among
the k-nearest homologs was determined and assigned to the
analyzed sequence. GO annotation terms for sequences from
this orthogroup in the OrthoDB database were assigned to
the analyzed sequence. The KNN+OG method combines GO
terms (excluding duplicates) obtained separately by the KNN
and OG methods described above.

Verification of terms using machine learning methods.
To refine the list of predicted GO terms at the third stage of
analysis (Fig. 1f), three machine learning (ML) algorithms
were employed: logistic regression (LR), gradient boosting
(XGB), and random forest (RF). Note that this stage does not
allow adding new terms to the annotation. Instead, it filters
out terms for which the similarity parameters between the

analyzed sequence and its homologs do not meet the speci-
fied criteria.

The logistic regression method (LR) is implemented in the
built-in stats package (R Core Team, 2013) via the function
glm (family = binomial). Logistic regression predicts the
probability of an object belonging to a class (e.g., “spam” or
“not spam”). It predicts the probability of an object belonging
to a class based on a weighted sum of features and passes it
through a logistic (sigmoid) function, which normalizes the
result to a number (probability) between 0 and 1. Gradient
boosting (XGB —eXtreme Gradient Boosting) was used in the
variant implemented in the xghoost package (Chen, Guestrin,
2016), function xgb.train. The random forest method (RF)
was applied in the version from the randomForest package
(Liaw, Wiener, 2002), function randomForest. Both gradient
boosting and random forest are ensemble algorithms based
on decision trees. This means that the final prediction is the
result of the collective work of many individual decision trees.
The parameters of the gradient boosting and random forest
algorithms are specified in the Table S12.

Parameters for the models were selected during training,
and in each method, their set was the same for all GO terms,
analyzed sequences, and their homologs. These are terms
reflecting the level of similarity, amino acid composition, and
frequency of GO terms (Table S2). If a GO term in a homolog
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was present in the annotation of the analyzed sequence in
the training set, the prediction function value in the machine
learning method was 1, otherwise, 0.

To evaluate the accuracy of machine learning methods,
amino acid sequences of Arabidopsis thaliana and Homo
sapiens proteins were used (Table 1). The set of sequences
for each of these two species was divided into two parts: 80 %
for training and 20 % for testing. Additionally, a combined
sample of proteins from the organisms listed in Table 1 was
formed: from the combined sample, 50,000 sequences were
randomly selected for training, and 20,000 non-overlapping
sequences were selected for testing the machine learning
models (Table S3).

Evaluation metrics. Annotation accuracy evaluation was
performed in R using the dplyr package (Wickham et al.,
2025). For this, two lists were formed: (a) a reference list
with amino acid sequences annotated with GO terms from
databases for model organisms (more details in Table S1)
and (b) a list obtained through functional annotation using
various annotation methods (Fig. 1). To assess the accuracy
of the annotation obtained by each of the methods described
above, they were compared with the reference annotation.
Hereafter, True Positive (TP) refers to GO terms present in
both lists; False Positive (FP) refers to terms present in the
predicted annotation list but absent in the reference (true) list;
False Negative (FN) refers to terms present in the reference
list but absent in the predicted annotation list.

The following metrics were used to evaluate protein annota-
tion: Precision (PR), Recall (RC), Accuracy (AC), as well as
the F-score metric, which was the resulting measure (Note.
Here, “Accuracy (AC)” is a defined metric, distinct from the
general concept of prediction accuracy):

Precision (PR) —the proportion of true positive predictions
among all positive predictions of the method:

:lx
TP+FP

Recall (RC) — the proportion of true positive predictions
among all true terms in the reference annotation:
TP

PR 100. (1)

Accuracy (AC) is defined as the arithmetic mean of Preci-
sion and Recall:

AC

_PR ; RC 100. @3)

F-score (F-measure) represents the harmonic mean between
Precision and Recall. This metric approaches zero if either
Precision or Recall approaches zero:

PRxRC
PR+RC

Since machine learning algorithms (LR, XGB, RF) esti-
mate the probability of a GO term belonging to the analyzed
sequence, and not a binary decision, it is necessary to choose
a cutoff threshold (t) above which the term will be considered
predicted. To account for data imbalance and to choose an
optimal threshold independent of its specific value, the F,
metric was calculated for the cutoff threshold t € (0; 1) with

F1=2

100. (4)

2025
29.7
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a step of 0.1. A GO term was considered correctly predicted
(positive class) if its predicted probability exceeded thresh-
old t. Fr s is defined as the maximum value of F-score(t)
across all thresholds:

_ PR(t) x RC(t
Frnax = maX[ZPJR(Eﬁ%]X 100. (5)

In GO term prediction tasks, where the distribution of terms
by frequency of occurrence is extremely imbalanced (some
terms are very common, others are extremely rare), and clas-
sification is multi-label (one protein can correspond to many
terms), the F,.x metric is often used. It is calculated for the
entire set of predictions by varying the cutoff threshold (t),
above which a term predicted by the ML model is considered
positive. F.x shows the maximum quality that the model
can achieve in the ideal case of threshold selection. Unlike
the F1-score, which is calculated for a fixed threshold, F .
evaluates the quality of ranking terms by probability.

Comparison with other methods. To validate the de-
veloped OrthoML2GO method, it was compared with the
Blast2GO (Conesa et al., 2005) and PANNZER?2 (T6ronen et
al., 2018) methods. BLAST homology searches were launched
on the computational complex of the “Bioinformatics” col-
lective use center at ICG SB RAS. The launch parameters
for Blast2GO and PANNZER2 were run with default para-
meters.

Results and discussion

Impact of orthogroup information

on GO term prediction performance

To assess the influence of orthogroup information on function
prediction performance, a comparison of the F1-score was
conducted for three annotation methods with three algorithms
(KNN, OG, and KNN+OG) depending on the number of near-
est homologs for A. thaliana sequences (Fig. 2).

As shown in Figure 2, the F1-score depends on the para-
meter k for all three annotation variants. However, the nature
of these dependencies is different: OG demonstrates the low-
est performance (F1 < 41 %). For the OG method, as for the
other methods, a maximum is observed at k = 15. Moreover,
increasing the parameter k results in a gradual, albeit slight,
decrease in the F1-score. For the most accurate prediction,
determining the correct orthologous group of the protein,
which can be identified even at small values of K, is sufficient.
A further increase in k only adds noise to the prediction due
to an increase in false positive GO terms from orthogroups to
which the protein in question does not actually belong.

The KNN method shows a pronounced dependence of
performance on the parameter k. At small values (k = 5), the
F1-score is the lowest (~40 %) and lower than the OG and
KNN+OG methods, which is probably due to an insufficient
number of homologs for reliable statistical inference and
high sensitivity to noise and potential annotation errors of
individual sequences. When k increases to 15, F1 grows to
a maximum value (~52 %); however, a further increase in k
leads to a gradual decrease in performance, as distant homo-
logs which may carry functionally irrelevant information for
the target sequence (false positive GO terms) begin to enter
the sample.
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Fig. 2. Dependence of the F1-score in A. thaliana proteins on the parameter k (number of nearest homologs) for three

annotation variants.

The X-axis shows the values of k. The Y-axis shows the values of the F7-score (in percent). Lines of different colors correspond to
different annotation algorithms of our method: KNN - blue line; OG - green line; KNN+OG - red line.

Note that combining the KNN and OG methods (KNN+OG)
leads to an increase in the F1-score for all values of the pa-
rameter k, and the greatest increase (more than 3 % in absolute
value) is observed precisely at k = 5. This can be explained by
the fact that with small k, the list of homologs may be unstable
and statistically unreliable. Incorporating orthogroup informa-
tion, which aggregates data on the function of a whole group
of evolutionarily related genes, stabilizes the prediction and
compensates for the insufficiency of data from a small number
of nearest neighbors.

It is worth noting that the F1-score value in the range of
40-52 % represents a competitive result for the task of protein
function prediction, as confirmed by comparison with other
popular methods (see section “Comparison of the performance
of KNN, KNN+OG, and OrthoML2GO with the Blast2GO
and PANNZER? tools”). This is due to the rather complex
nature of the task: firstly, as mentioned earlier, GO annotation
is multiple, i.e., one protein corresponds to many terms, and
the prediction is considered correct only if all correct terms are
found and no extra ones are added. Secondly, the distribution
of GO terms is extremely imbalanced: some terms are very
common, others are extremely rare, which further compli-
cates achieving high accuracy. Thus, the absolute value of
the F1-score should be interpreted in the context of the task’s
complexity and in comparison, to alternative approaches.

Results for other organisms are shown in the Supplemen-
tary materials (Tables S4-S9). Combining the KNN and
OG methods (KNN+OG) allows us to obtain an integrated
prediction that demonstrates the greatest gain in accuracy
at small values of the parameter k for all organisms except
Chlamydomonas reinhardtii. For example, for Danio rerio
proteins at k = 5, the KNN+OG method surpasses the basic
KNN by more than 13 % in absolute value of the F1-score
(74.66 vs. 61.37 %). This is explained by the fact that with
small k, the list of homologs may be statistically unreliable and
sensitive to noise in the annotations of individual sequences.

Integrating orthogroup data mitigates the statistical unreli-
ability associated with a small number of nearest homologs.
Thus, the hybrid KNN+OG approach not only demonstrates
the best performance at the peak (at k = 15) but also signifi-
cantly reduces the dependence of prediction accuracy on the
parameter k, making the method more robust.

Thus, combining the KNN and OG variants (KNN+OG)
allows obtaining an integrated prediction, giving a better es-
timate compared to each of them individually for all values
of the parameter k for most organisms, and it will be used for
machine learning.

Verification of GO terms

by various machine learning algorithms

To verify false positive GO terms obtained at the previous
stage, machine learning algorithms such as logistic regres-
sion (LR), gradient boosting (XGB), and random forest (RF)
were used (see section “Verification of terms using machine
learning methods”). A comparison of the accuracy of ma-
chine learning methods using the F ., measure (see section
“Evaluation metrics”) on test data of A. thaliana, H. sapiens,
and a combined sample of 20,000 sequences from different
organisms is presented in Table 2.

Logistic regression demonstrates significantly lower Fpay
values compared to gradient boosting and random forest me-
thods, with the difference reaching over 25 %. This is likely
due to the fact that ensemble methods (XGB and RF), un-
like the linear LR model, are capable of capturing complex
nonlinear relationships between features. Furthermore, these
methods are more robust to noise in the data due to bagging
(RF) and boosting (XGB) procedures, which average the
predictions of many individual decision trees, reducing the
influence of outliers and incorrect annotations of individual
proteins. Gradient boosting (XGB) demonstrates the best re-
sults on Arabidopsis sequences and the general sample of all
organisms, but it only slightly trails the random forest method
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Table 2. Comparison of the F,,,, measure on test data
for different machine learning algorithms, %

Dataset LR XGB RF

Arabidopsis thaliana 53.20 68.95 66.86
Homo sapiens 71.92 83.92 84.02
Combined sample 52.25 79.55 78.32

on human proteins (with an F, difference of only 0.1 %).
Thus, for the final version of the OrthoML2GO method, the
gradient boosting (XGB) machine learning method was cho-
sen, as it showed the best results on the test samples.

Comparison of the performance of KNN, KNN+OG,

and OrthoML2GO with the Blast2GO and PANNZER2 tools
For a comprehensive assessment of the developed method’s
effectiveness, its performance was compared with two widely
used automatic functional annotation tools — Blast2GO and
PANNZER2. The comparison was performed on three test
datasets: individual proteomes of A. thaliana and H. sa-
piens, as well as a combined sample including sequences
of all organisms listed in Table 1. As the resulting metric
for methods not using machine learning (KNN, KNN+OG,
Blast2GO), the F1-score was applied, while for OrthoML2GO
and PANNZER?2, which output a probabilistic estimate, the
Fmax metric was used, allowing us to evaluate the maximum
achievable quality of the model with an ideal choice of cutoff
threshold (Table 3).

Analysis of the results demonstrates that the developed
OrthoML2GO method, integrating homology search, ortho-
group analysis, and verification of GO terms using gradient
boosting, shows a statistically significant advantage in perfor-
mance over all compared methods on all test samples. Thus,
for A. thaliana, OrthoML2GO achieved an F,,, of 68.95 %.
This represents an 18.21 % increase over PANNZER2
(Fmax = 50.74 %) and a 14.65 % increase over the F1-score
of Blast2GO (54.30 %). On human proteins, compared to
PANNZER2, OrthoML2GO performed significantly bet-
ter —83.92 vs. 75.14 %, while for the Blast2GO method, the
F1 value was 54.95 %. On the combined sample of all orga-
nisms, an improvement in the F-measure indicator of more
than 30 % was observed compared to all other methods.

Notably, the hybrid KNN+OG approach, which underlies
OrthoML2GO, demonstrates a small but consistent improve-
ment compared to the basic KNN on all samples, confirming

2025
29.7

OrthoML2GO: npepickasaHue
byHKUMIT 6eSIKOB MO rOMOSIOr

the usefulness of integrating orthogroup information. How-
ever, the main gain in accuracy is provided by gradient boost-
ing (XGB), which effectively verifies false positive predictions
arising from annotation noise.

Akey factor contributing to the success of the OrthoML2GO
method is its integration of evolutionary information from
homologs and orthogroups within the OrthoDB database,
combined with subsequent verification of GO terms using
gradient boosting. In contrast to PANNZER?2 and Blast2GO,
our method incorporates orthogroup information and verifies
GO terms using decision tree ensembles, adaptively selecting
the most informative features. Ultimately, this allowed reduc-
ing the proportion of false positive annotations and increasing
accuracy from 8 % (on human protein sequences) to 30 % (on
the combined sample) compared to analogues.

It is important to note a potential limitation in the compari-
son: our machine learning models were trained on a sample of
sequences from OrthoDB, while Blast2GO and PANNZER?2
rely on broader datasets derived from UniProt. This differ-
ence in training data may introduce a bias in the comparative
accuracy estimates.

Assessment of prediction performance

for different GO aspects

For a more detailed analysis of the method’s performance, a
comparative analysis of the prediction accuracy of GO terms
for the three main aspects (ontologies) of Gene Ontology
was performed: Biological Process (BP), Molecular Function
(MF), and Cellular Component (CC). The evaluation results on
the combined sample for various machine learning algorithms
used at the verification stage are presented in Table 4.

The results show that all machine learning algorithms
demonstrate a similar trend: the highest prediction accuracy
is achieved for the Cellular Component (CC) aspect, followed
by Molecular Function (MF), and the accuracy is somewhat
lower for Biological Process (BP). This is consistent with the
generally accepted view in bioinformatics: predicting cel-
lular localization (CC) is often the easiest task, as it strongly
correlates with the presence of specific signal peptides and
domains. Prediction of molecular function (MF) also largely
depends on conserved functional domains. At the same time,
prediction of involvement in biological processes (BP) is the
most complex, as the same protein can participate in several
processes, and the processes themselves are defined by com-
plex interactions of many proteins, which is more difficult to
deduce solely from homology and orthology data.

The XGB method, chosen for OrthoML2GO, demonstrated
the best results among all tested algorithms across all three

Table 3. Comparison of the methods KNN, KNN+OG, OrthoML2GO (XGB), PANNZER2 and Blast2GO on three datasets, %

Dataset KNN* KNN+OG*
Arabidopsis thaliana 51.54 51.68
Homo sapiens 71.72 72.18
Combined sample 47.29 47.35

OrthoML2GO (XGB) PANNZER2 Blast2GO*
68.95 50.74 54.30
83.92 75.14 54.95
79.55 49.14 42.11

Note. For methods marked with an asterisk *, the F1-score is reported; for OrthoML2GO and PANNZER2, the F,,, metric is used.
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Table 4. Comparison of prediction performance for Gene Ontology aspects on the combined sample, %

Molecular Function

Algorithm BP MF
Biological Process

LR 50.9 48.5

RF 78.4 77.0

XGB (OrthoML2GO) 78.8 79.8

cC
Cellular Component

56.8
82.9
83.6

Table 5. Estimates of GO term annotation accuracy for different aspects by various methods

according to literature data, %

Method BP MF

PANNZER2 784 85.8
DeepGOPIlus 58.5 474
GOLabeler 58.6 37.2
NetGO 2.0 66.6 36.6
TALE+ 66.7 459

CcC

853
69.9
69.1
66.3
67.7

Reference

Toronen et al., 2018
Kulmanov, Hoehndorf, 2020
You et al., 2018

Yao et al.,, 2021

Cao, Shen, 2021

aspects, further confirming its suitability as the final classi-
fier. The performance of our method is competitive with the
accuracy estimates of other methods reported in the literature
(Table 5). The comparison was performed using the Fp,.
metric for individual Gene Ontology aspects: BP —biological
processes, MF — molecular functions, CC — cellular com-
ponents.

It can be noted that the OrthoML2GO method (Table 4)
demonstrated competitive results: 78.8 % (BP), 79.8 % (MF),
and 83.6 % (CC) on a sample of 20,000 sequences from seven
heterogeneous organisms — both plants and animals. Upon
comparison, it is evident that OrthoML2GO surpasses most
of the studied methods in all aspects. However, PANNZER?2
showed higher values for MF (85.8 %) and CC (85.3 %),
albeit on a smaller and less diverse sample (5,000 sequences
from Swiss-Prot).

It is worth noting that direct quantitative comparison
with other methods may be complicated by methodological
differences. Firstly, test samples differ significantly: most
methods use the UniProt/Swiss-Prot database, while our
combined sample includes both plants and animals, which
may affect the comparability of results. Secondly, the ver-
sion of Gene Ontology is critically important: OrthoML2GO
relies on the latest version of OrthoDB v12 annotation
(GO 2025), which may lead to difficulties in comparing qual-
ity metrics.

To demonstrate the applicability of the OrthoML2GO
method to poorly studied organisms, the proteome of the green
alga Ostreococcus lucimarinus was annotated (Tables S10
and S11). The method predicted functions for 5,273 out
of 7,603 protein sequences. The analysis revealed a pre-
dominance of such biological processes as phosphorylation
(G0:0016310) and translation (GO:0006412). Among mo-
lecular functions, ATP binding (GO:0005524) and nucleotide

binding (GO:0000166) were the most frequent, and among
cellular components, membrane (G0:0016020) and nucleus
(G0:0005634). These results demonstrate the method’s ability
to annotate poorly studied proteomes and identify functional
profiles characteristic of non-model organisms.

Conclusion

The developed method, OrthoML2GO, which integrates ho-
mology searches and orthogroup analysis from the OrthoDB
database with gradient boosting, demonstrated high efficiency
on test samples. One of the main results is a significant im-
provement in annotation accuracy due to the combined
approach, which combines the k-nearest neighbors method
and information about orthologous groups (KNN+OG).
This hybrid method surpassed the individual KNN and OG
approaches, especially at small values of the parameter k.
Verification of GO terms using machine learning algorithms,
particularly gradient boosting (XGB), allowed for a further
increase in accuracy through effective filtering of false po-
sitive predictions arising from distant homologs and ortho-
groups.

The obtained results confirm that the use of evolutionary
information contained in the OrthoDB orthogroups, combined
with machine learning algorithms, is an effective strategy
for automatic prediction of protein sequence functions. The
proposed OrthoML2GO method can be a good alternative
to existing methods. It is worth noting that further improve-
ment in accuracy is possible by optimizing machine learning
parameters, as well as by including additional sources of
biological information. As prospects for further research, the
following directions are outlined: evaluation of the model’s
transferability to poorly annotated proteomes and comparative
analysis with other methods using machine learning, including
neural network-based ones.
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