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1 Preliminary information and objectives

1.1 Preliminary information

In the second half of the XXth century, the biggest challenge in life sciences was the
absence of proper methods for the deep analysis of biological systems. In this period, several
”game changer” techniques were developed. These new methods like sequencing, X-ray crys-
tallography, NMR etc. forced the scientists to master the required skills to be able to routinely
perform them (Gilbert, 1991).

The mentioned methods were absolutely cutting edge technologies back in the days, how-
ever due to the complexity, low throughput and time consuming pattern of their usage, the
widespread application of them were not possible.

The millenium is considered as a turning point since the scientific community achieved
a technological phase where the automation of sequencing became possible (Pauwels et al.,
1995). As a consequence of this achievement, huge amount of biological sequence data has
been accumulated (O’Leary et al., 2016; “UniProt: the universal protein knowledgebase in
20217, 2021). Due to this growth in the quantity of biological sequences, the data science
attitude appeared in biology resulted in a paradigm shift (D’Argenio, 2018; Pal et al., 2020).
However the number of functionally or structurally characterized nucleic acid sequences lags
behind the number of raw sequence data (Salzberg, 2019). The same pattern applies to proteins
since there is a huge gap between the number of sequenced proteins and the number of char-
acterized proteins too (Schwede, 2013). Hence one of the most recent problems in nowadays
biology is to try to annotate raw sequence data. The truth is that achieving this goal -annotate
sequences-, purely with wet lab experiments is nearly impossible. Although due to technolog-
ical achievements, several computational techniques (machine learning based methods) have
been developed. With these techniques one is able to extract meaningful patterns from highly
complex data structures.

During my doctoral research I was involved in two distinct biological disciplines.

In the first one, nuclear mitochondrial sequences (Lopez et al., 1994)(NU-MTs) were inves-

tigated. NUMTs were described in several cancer types where tumor suppressors or oncogenes
were affected by NUMT integrations (Ju et al., 2015; Singh et al., 2017; Srinivasainagendra et
al., 2017; Palodhi et al., 2020; Wei et al., 2022). Other than tumor biological usage, NUMTs
have important applications in phylogenetics (Ko et al., 2015; Nacer & do Amaral, 2017) and
forensic studies (Marshall & Parson, 2021; Cortes-Figueiredo et al., 2021). Based on recent
findings, NUMTs are also important when it comes to nuclear OFF-target cleavages during
mitochondrial targeted genome editing (Lei et al., 2022).
NUMTs were characterized with a wide range of methods in several species including hu-
man (Dayama et al., 2014), dog (Verscheure et al., 2015), cat (Lopez et al., 1994) etc. NUMTs
have not been described in the rabbit genome yet, even though, several studies show that in
some cases, rabbit is a better disease model than rodents or primates (Esteves et al., 2018; Fan et
al., 2018; Matsuhisa et al., 2020; Fan et al., 2021). As stated, NUMTs are well known in many
species, however high throughput NUMT annotation studies are focusing on small, isolated
taxonomical units (G. Zhang et al., 2021; Calabrese et al., 2017; Tsuji et al., 2012). Further-
more these studies are not using a community approved, standardised framework. Therefore
the results of these isolated studies without uniform methods are poorly comparable.

The other biological discipline that we were woking on is the evaluation of some pro-
teomics related, machine learning based algorithms. In this section the complementarity of
secondary structure, solvent accessibility and nucleic acid interaction were measured on the
total human proteome (McGuffin et al., 2000; Faraggi et al., 2014; Yan & Kurgan, 2017).
The mentioned features of proteins are important in parasite-host interactions (Kruglikov et



al., 2021), protein folding (Savojardo et al., 2021), basic research (Cozzolino et al., 2021) etc.
As mentioned previously, the traditional, wet lab approach for the high throughput determina-
tion of those features would not be possible and so this is where ML based techniques come
in handy. ML is a collective term referring to the implementation and testing of models that
are based on existing data and are able to perform recognition, classification and estimation
tasks (Tarca et al., 2007). The performance of those models are need to be evaluated. The
most widespread approach to evaluate the performance of a model is to try to predict the la-
bels of an unknown dataset (aka test set). The training and testing of ML models are usually
performed on small and somehow preselected datasets. The problem with these general and
non standardized datasets is that different models achieve different performances on different
datasets.

In my doctoral dissertation, NUMT biology and proteomics is linked together by data sci-
ence. In the NUMT biology module, full life cycle of an ML model is done from feature
selection, through hyperparameter optimisation to performance evaluation. In the proteomics
module, performance evaluations of three ML models were performed on the human proteome.

1.2 Objectives
1.2.1 NUMT biology

Our main objective in this module was to create an algorithm to detect the NUMTs that are
integrated into the rabbit genome. Our next goal was to extend the previously defined “numt
mining algorithm” to all NCBI mammalian genomes.

1.2.2 Proteomics

In the proteomics module our goal was to investigate the residue level complementarity
of secondary structure, solvent accessibility and nucleic acid interaction predictions on the
human proteome.



2 Materials and methods

2.1 Statistical analysis and machine learning

Statistical analysis was performed with Python’s Scipy (version number: 1.6.2) and Numpy
(version number: 1.20.3) libraries, while ML models were implemented in scikit-learn (ver-
sion number: 0.24.2) and umap (version number: 0.5.3) libraries (Virtanen et al., 2021; Harris
et al., 2020; Pedregosa et al., 2011; Mclnnes et al., 2018).

2.2 NUMT biology

Rabbit genome (OryCun2.0) was acquired from the Ensembl database. For the extended
NUMT mining workflow, all the genomes and taxonomical data were downloaded from the
NCBI database. The newest assemblies were used.

LASTAL (version number: 1219) was used to perform sequence alignment between nu-
clear and corresponding mitochondrial genomes with the following settings: match=1, mis-
match=-1, gap open penalty=7, gap extension penalty=1 (Kietbasa et al., 2011).

To classify NUMTs and random sequences, RBF-Kernel SVM was trained. k-times cross
validation (k=3) was performed to evaluate the model’s performance. To avoid data-leakage,
input matrices were normalised in every cross validation iteration with the min-max proce-
dure.

The genetic distance of NUMTs and the corresponding mitochondrial sequences were eval-
uated with the modified Kimura2 parameter which tolerates alignment gaps.

5 kb flanking sequences were extracted with SAMTOOLS (version number: 1.6) and were
analysed with RepeatMasker (version number: 4.1.2-p1) (Li et al., 2009).

Phylogenetic analysis and visualisation were performed in R system’s ape (version num-
ber: 5.6-2) and ggtree (version number: 3.2.1) packages respectively (Paradis & Schliep, 2019;
Yu, 2020).

2.3 Proteomics

The human proteome was acquired from the UniProt database (“UniProt: the universal
protein knowledgebase in 20217, 2021).

Peptides that were shorter than 30 amino acids were excluded from the downstream anal-
ysis. In cases when more PDB chains were corresponding to the same part of a UniProt se-
quence, the shorter chains were discarded. If more structures were present for the same part of
a UniProt sequence, the one with the best resolution was involved in further analysis. These
filtering steps resulted in 5 133 UniProt sequences and the corresponding 6 417 PDB struc-
tures.

SA and secondary structure data were extracted from PDB files using the DSSP algo-
rithm (Kabsch & Sander, 1983).

BioLip database served as the ground truth data source for nucleic acid binding residues
(Yang et al., 2012). The mapping of BioLip annotation to the UniProt sequences resulted in 3
577 DNA binding and 2 368 RNA binding residues in 175 and 106 proteins respectively.

The performance evaluation of the prediction of nucleic acid binding residues was per-
formed with ROC analysis.

The performance of the prediction of secondary structure elements were evaluated with
the Segment Overlap (SOV) score.



3 Results and discussion

3.1 NUMT biology

To be able to differentiate NUMTs and random sequences, RBF-kernel SVM model was
trained to perform a classification task. The SVM input features were genomic position, ge-
nomic length, the GC content of a given sequence and the GC contents of the flanking re-
gions. The SVM model classified the NUMTs and random sequences with approximately 0.7
accuracy in the cross validation (Figure 1.) and outperformed the ”dummy classifier” in every
complexity stage. What is more, this model was able to differentiate whether the given NUMT
is located on scaffold or chromosome (Equation. 3.1). The model has the best accuracy in the
10~16-10~1* ~-parameter range (Figure 1./a). The size of the training dataset proved to be
effective (Figure 1./b).
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Figure 1: Validation (a) and learning (b) curve of RBF-kernel SVM for classifying NUMTs
and random sequences.

Based on the input features, NUMTs clustered together corresponding to their taxonomical
orders (Figure 2./a).

The distribution of relative NUMT sizes (compared to the corresponding mitochondrion
size) were skewed since shorter NUMTs were overrepresented (Figure 2./b). This tendency
seems to be significant (p<0.05). The interquartile range of the absolute NUMT sizes was
under 600 bp, while the median was well under 250 bp (Figure 2./b). In case of three species
(beluga, bottlenose dolphin and american beaver) we observed greater than 1.0 relative NUMT
size, which means that the whole mitochondrion was inserted into the corresponding nuclear
genome as s NUMT.

We found out that the in the case of a linear mitochondrial genome, the terminal nucleotides
are proned to be involved in the process of NUMTogenesis. (p<0.05) (Figure 2./g).

When we compared the GC ratios of NUMTs to gDNA’s GC ratio, we got a value smaller
than 1.0. However, when we comapred the NUMTs’ GC ratios to mtDNA’s GC ratio we got
1.0 (Figure 2./e).

In the 5 kb flanking regions of NUMTs we found several repetitive elemet classes that
showed higher frequencies near NUMTs (Figure 2./d). Those repetitive elements were DNA/hAT-
Charlie, Simple repeat, LTR/ERV 1, LINE/L1, LTR/ERVL-MaLR, DNA/TcMar-Tigger, LTR/ERVL,
LINE/L2, SINE/MIR and SINE/Alu.



There is a weak positive relationship (0.378, p<0.0001) between NUMT count and genome
size. While we found a weak negative relationship (-0.42, p<0.001) between the cumulated
NUMT sizes and genome size (Figure 2./c,f).
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Figure 2: NUMTs of the NCBI mammalian genomes.

UMAP clusters of NUMTs and the phylogenetic tree of the corresponding taxonomical
orders (a). Distribution of relative and absolute NUMT sizes (b). Relationships between
genome sizes versus cumulative NUMT sizes (c) and genome sizes versus NUMT counts (f).
Frequency of LINE/L1 in the 200 bp flanking region of NUMTs (d). Relative GC ratio of

NUMT’s compared to gDNA and mtDNA (e). Relative positions of NUMTs (g).

3.2 Proteomics

Based on our experiments, residues that are in coil (C) secondary structure have the high-
est, while residues that are in sheet (E) secondary structure have the lowest relative solvent
accessibility-SA (aka most solvent exposed and least solvent exposed respectively). Helical
residues (H) are intermediate from the solvent accessibility point of view. Those observation
are significant (p<10~5) no matter how data sources of solvent accessibility and secondary
structure are combined together (Figure 3.).
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Figure 3: The relationships of SA and secondary structure.

In the upper row (a,b) RSA values are experimentally derived while those data are predicted
in the lower row (c,d). In the first column (a,c) secondary structure information is
experimentally derived while in the second column (b,d) this data is predicted. * shows
significant (p<10~?) results.

The performance of nucleic acid binding prediction of DRNApred was evaluated with
ROC analysis. AUC of DNA binding was 0.69, while AUC of RNA binding was 0.56 (Figure
4)).
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Figure 4: ROC analysis of nucleic acid binding predictions of DRNApred.

During the evaluation of the relationship between nucleic acid binding and SA, we found
out that the residues that bind nucleic acids have higher SA while the residues that do not
bind nucleic acids have lower SA. i.e. more solvent exposed and less solvent exposed respec-
tively (Figure 5.). The previously mentioned relationships are significant (p<10~°) no matter
how we combine the data sources of nucleic acid binding and SA. The same applies to RNA
binding, however in the thesis pamphlet only the DNA binding results are shown.
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Figure 5: SA and DNA binding.

Upper row (a,b) contains experimentally derived RSA values, while the lower row (c,d)
contains predicted RSA values. In the first column (a,c), DNA binding data is experimentally
determined while in the second column (b,d), DNA binding is predicted. * stands for
significant (p<107~°) results.



4 Conclusions

4.1 NUMT biology

In the mitochondrial genomics part, nuclear sequences with mitochondrial origins aka
NUMTs were scrutinised. NUMTs have strong influence on cancer biology research and they
have important applications in the fields of phylogeny and forensic studies also. In my disser-
tation, firstly the NUMTs of the rabbit genomes were characterized. In this part, the genomic
coordinates of the NUMTs were defined and so based on these coordinates we were able to
identify intragenic NUMTs. By the investigation of the GC content of the flanking regions of
NUMTSs, it turned out that genomic surrounding of NUMTs have significantly altered, namely
the flankings had lower GC content than the rest of the genome. Moreover, we proved that
the frequency of several repetitive elements are persistent near the NUMTs. Then, based on
the features on NUMTs a SVM was taught to be able to differentiate NUMTs from random
sequences. After all, the previously described workflow has been scaled up to all mammalian
genomes of NCBI and so a NUMT mining pipeline has been established. The NUMTs from
nearly 150 genomes showed distinguishing features based on taxonomy data. The most im-
portant result of this NUMT mining workflow is that several repetitive elements displayed
elevated frequency in the flanking regions of NUMTs. New scientific finding is that several
previously uncharacterised genomes have been investigated from the NUMTogenesis point of
view with a uniform methodology. The mitochondrial genomic part of my doctoral disserta-
tion was performed at the Hungarian University of Agriculture and Life sciences, Institute of
Genetics and Biotechnology, Department of Animal Biotechnology under the supervision of
Dr Orsolya Ivett Hoffmann.

4.2 Proteomics

In the proteomics part of my dissertation, the residue level complementarity of protein
structure and function predictors were evaluated on the human proteome. The significance of
this topic is that several artificial intelligence based predictors have been published recently
which inputs are protein sequences. However the predictive performance of these models
are evaluated on somehow preprocessed, prefiltered datasets (subcellular localisation, defined
function etc.) even though their inputs are the same sequences. In this section we investi-
gated residue level solvent accessibility, secondary structure and interactibility with nucleic
acids. These features are extremely important at different steps of drug design. We proved
that state-of-the-art predictive models successfully reproduce the motifs that are present in the
experimental dataset. Additionally we found these motifs even when different data sources
were combined arbitrarily. This kind of evaluation of predictive methods can help to achieve
elevated predictive performance. Moreover this evaluation method is able to facilitate feature
engineering/extraction. The proteomics related part of my dissertation was done at the Virginia
Commonwealth University, College of Engineering, Department of Computer Science in the
structural bioinformatics laboratory of Dr Lukasz Kurgan.
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5 New scientific results

1. First annotation of the rabbit genome from the NUMTogenesis point of view
2. We proved the altered GC content of NUMTs in the rabbit genome
3. Some repetitive elements were described that show higher frequencies near NUMTs

4. All the NCBI mammalian genomes were annotated from the NUMTogenesis point of
view

5. We proved the complementarity of residue level SA, secondary structure and nucleic
acid interaction predictions with experimental data on the human dataset

6. With complementarity checking, we developed a workflow for performance evaluation
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6 Published articles in the topic of the dissertation

6.1 Publications with impact factor

* Bir6, B., Zhao, B. and Kurgan, L. (2022). Complementarity of the residue-level pro-
tein function and structure predictions in human proteins. Computational and structural
biotechnology journal, 20, 2223-2234. D1 Biofizika, IF: 7.271

* Biro, B., Gal, Z., Schiavo, G., Ribari, A., Utzeri, V. J., Brookman, M., ... and Hoffmann,
0. L. (2022). Nuclear mitochondrial DNA sequences in the rabbit genome. Mitochon-
drion, 66, 1-6. Q2 Sejtbioldgia, IF: 4.35

6.2 Publications without impact factor

* Bir6, B, Gal, Z., Brookman, M. and Hoffmann, O. I. (2022). Patterns of NUMTogenesis
in sixteen different mice strains. bioRxiv.
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