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Resumo

Organismos que vivem em ambientes extremos, como aqueles encontrados em altas
temperaturas, sempre despertaram nossa curiosidade na tentativa de compreender quais
mudancas biolégicas permitiram esses organismos prosperarem em condicdes ambientais
extremas. A maioria dos organismos termofilicos pertence aos dominios Bacteria e Archaea. No
entanto, ha um pequeno e interessante grupo no dominio Eukarya, como os fungos termofilicos,
capazes de se desenvolver em temperaturas entre 45°C e 60°C e que ndo conseguem crescer

em temperaturas ordinarias (15°C-25°C).

Recentemente, os RNAs longos nao codificantes (IncRNAs) emergiram como
reguladores da expressao génica, particularmente em resposta ao estresse ambiental. No
entanto, a sua fungdo biolégica em organismos que habitam ambientes extremos, como 0s
fungos termofilicos, permanece pouco compreendida. Neste trabalho, buscamos investigar a
funcdo e o significado evolutivo das IncRNAs em fungos termofilicos e mesofilicos, com foco em

suas potenciais contribuicdes para sua adaptagéo térmica.

Foi desenvolvido um pipeline computacional para aprimorar a andlise de dados de
RNA-seq, identificando IncRNAs estruturalmente idénticos entre replicatas biolégicas. Esse
método reduz a variabilidade, ao mesmo tempo, melhorando a confiabilidade da expresséo
génica desses transcritos, proporcionando analises mais precisas da atividade transcricional e
minimizando a expressado génica estocastica e ruido em decorréncia de artefatos técnicos. Em
fungos termofilicos, como Thermothelomyces thermophilus, essa abordagem permitiu observar
padrBes de expressao distintos entre INCRNAs e proteinas de choque térmico (HSPs), principais
reguladores das respostas ao estresse celular. E ainda, transcritos estruturalmente idénticos
demonstraram ser uma referéncia confidvel para andlises subsequentes, garantindo

comparac0Oes estatisticas robustas, considerando ainda, os eventos de splicing alternativo.

Em um estudo comparativo entre o fungo termofilico T. thermophilus e o mesofilico
Chaetomium globosum, identificamos diferengas significativas nos repertorios de IncCRNAs
desses fungos. O fungo termofilico exibiu uma quantidade 70% maior de IncRNAs intergénicos,
quando comparados com o mesofilico, sugerindo um potencial papel na adaptacdo desses
organismos. Curiosamente, uma das caracteristicas dos organismos que prosperam em altas

temperaturas é a redugdo do genoma, isso também se aplica aos fungos termofilicos. Porém, o



tamanho médio desses transcritos intergénicos permaneceu, praticamente, idéntico quando se
compara o fungo termofilico e mesofilico, indicando uma possivel conservacdo em sua
estrutura. Além disso, foi identificado um aumento de, aproximadamente, trés vezes no numero
de isoformas de IncRNAs no fungo termofilicos, particularmente em regifes intergénicas, o que

sugere pode sugerir um mecanismo de adaptacao ao estresse térmico.

Nossa analise também revelou uma discrepancia nos padrbes de expressdo génica
entre fungos termofilicos e mesofilicos, sendo que os fungos termofilicos apresentaram mais
transcritos com baixa abundéancia (TPM), sugerindo uma regulacdo génica precisa de genes,
provavelmente uma caracteristica relacionada a temperatura. Essa observacdo destaca a
importancia regulatéria dos IncRNAs, que, apesar de sua pouca abundancia, desempenham
papeis cruciais na regulacdo da expressao génica sob condicbes extremas. Além disso, a
presenca de motifs conservados nessas sequéncias de InNcRNAs termofilicos e mesofilicos,
sugerindo um papel regulatério entre esses organismos, sendo que esses motifs provavelmente
contribuem para a formacéo da estrutura secundaria das moléculas de RNA e interacdes das

mesmas com proteinas.

Também foi analisada a expressdo das RNA polimerases (RNAP) I, Il e Ill, que séo
criticas para a regulacdo transcricional de RNAs nao codificantes. A expressdo da RNAP Il foi
significativamente elevada em fungos termofilicos em todas as temperaturas que esses
organismos foram cultivados, ressaltando a importancia desses transcritos no perfil
transcricional do fungo termofilico. Curiosamente, os fungos termofilicos apresentaram
transcritos mais longos de RNAP | e lll, sugerindo uma outra possivel adaptagédo evolutiva
relacionada com o aumento da eficiéncia e a especificidade transcricional sob condi¢gdes de alta
temperatura. Por fim, este trabalho fornece insights sobre os mecanismos moleculares e
regulatérios que sustentam a adaptacao térmica em fungos, com foco particular no papel dos
IncRNAs. Além disso, revela a importancia estrutural, funcional e evolutiva das IncRNAs e das
RNA polimerases nos fungos termofilicos no processo de adaptacdo desses organismos aos

ambientes extremos.

Palavras-chaves: bioinformatica, fungos termofilicos e mesofilicos, analise de transcriptomas,

RNA longos néo codificantes, gendmica funcional.



Abstract

Organisms living in harsh environments, such as those found in high temperatures, have
always made our sense of curiosity tweak at trying to understand which internal biological
changes make them thrive in extreme environmental conditions. Most thermophilic organisms
are found in Bacteria and Archaea domains. Nonetheless, there is a small and interesting group
in Eukarya, such as the thermophilic fungi, which are able to develop at temperatures between

45°C and 60°C and cannot grow at ordinary temperatures (15°C-25°C).

Long non-coding RNAs (IncRNAs) have recently emerged as critical regulators of gene
expression, particularly in response to environmental stresses. However, their role in organisms
inhabiting extreme environments, such as thermophilic fungi, remains poorly understood. This
thesis investigates the function and evolutionary significance of IncRNAs in thermophilic and

mesophilic fungi, with a focus on their potential contributions to thermal adaptation.

We developed a computational pipeline designed to enhance RNA-seq analysis by
identifying structurally identical IncRNAs across replicates. This method reduces variability,
improving the reliability of gene expression studies by providing more accurate assessments of
transcriptional activity and minimizing the influence of stochastic gene expression and technical
noise. In thermophilic fungi, such as Thermothelomyces thermophilus, this approach allowed us
to observe distinct expression patterns between IncRNAs and Heat Shock Proteins (HSPs), key
regulators of cellular stress responses. Importantly, structurally identical transcripts were shown
to act as reliable reference points for downstream analysis, ensuring robust statistical

comparisons while accounting for alternative splicing events.

In a comparative study between the thermophilic T. thermophilus and the mesophilic
Chaetomium globosum, we uncovered significant differences in the INcCRNA repertoires of these
fungi. Thermophilic fungi exhibited a 70% higher quantity of intergenic IncRNAs, suggesting their
potential role in temperature adaptation through fine-tuning of gene expression. Interestingly,
despite genome reduction in thermophilic fungi, the median length of intergenic INCRNAs
remained consistent between species, indicating conservation in INcCRNA structure. Furthermore,
a threefold increase in thermophilic INcRNA isoforms, particularly in intergenic regions, points to

the potential role of alternative splicing as a mechanism for adapting to thermal stress.



Our analysis also revealed a discrepancy in gene expression patterns between
thermophilic and mesophilic fungi, with thermophilic species showing a higher abundance of
transcripts at lower TPM values, suggesting fine regulation of key genes involved in temperature
adaptation. This observation highlights the regulatory importance of IncRNAs, which, despite
their lower abundance, play crucial roles in the regulation of gene expression under extreme
conditions. Additionally, the presence of conserved sequence motifs in both thermophilic and
mesophilic IncRNAs further suggests a shared regulatory role, with these motifs likely

contributing to RNA secondary structure formation and RNA-protein interactions.

We also analyzed the expression of RNA polymerases (RNAP) |, Il, and lll, which are
critical for understanding the transcriptional regulation of non-coding RNAs. The expression of
RNAP Il was significantly elevated in thermophilic fungi across all tested temperatures,
underscoring the importance of non-coding loci in the thermophilic transcriptional landscape.
Interestingly, thermophilic fungi exhibited longer RNAP | and Ill transcripts, suggesting
evolutionary adaptations that enhance transcriptional efficiency and specificity under

high-temperature conditions.

Altogether, this thesis provides novel insights into the molecular mechanisms underlying
thermal adaptation in fungi with a particular focus on the role of IncRNAs. Moreover, it reveals
the structural, functional, and evolutionary significance of IncRNAs and RNA polymerases in
thermophilic fungi, contributing to our understanding of how non-coding transcripts function in

organismal adaptation to extreme environments.

Keywords: bioinformatics, mesophilic and thermophilic fungus, transcriptome analysis, long

non-coding RNAs, functional genomics.
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Figure 15: Bar plot showing the number of HSP (in red) and CP450 (in blue) genes in each
module eigengene from the WGCNA analysis.

Figure 16: Cluster dendrogram from 7261 genes showing different colors below the dendrogram
which indicates different co-expression modules. The heatmap shows a correlation between each
experiment and module eigengenes from WGCNA analysis.

Figure 17: The graphs show Spearman's rank correlation and the relationship between IncRNAs,
HSP (A) and CP450 (B), with the orange dots representing the residual errors. Data from the
WGCNA analysis.

Figure 18: The graph represents Spearman's rank correlation. The blue line exhibited a linear
relationship between PCG and IncRNA. The residual error is shown in orange.
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Figure 1: FastQC results of the 12 RNA-seq libraries displaying the relationship between base
position (x-axis) and Phred score (y-axis). The graph was generated using Multigc.

Figure 2: Comparison of transcript abundance in mRNA and Intergenic, Antisense, and Intragenic
IncRNAs across thermophilic and mesophilic fungi.

Figure 3: The bar graph shows a comparison between alternative splicing isoforms in
thermophilic and mesophilic transcriptomes for mMRNA and IncRNAs.

Figure 4: Distribution of CG content with outliers for mRNA and IncRNAs transcripts across
thermophilic and mesophilic fungus.

Figure 5: The graph compares the length distribution of different RNA categories in thermophilic
and mesophilic fungus.

Figure 6: The bar graph illustrates the transcript abundance measured in transcripts per million
(TPM) values for different RNA categories in the mesophilic and thermophilic fungi.

Figure 7: TPM values for each mesophilic fungus scaffold and thermophilic fungus chromosomes.
The graph A) shows TPM values for all mRNA transcripts, while the graph B) presents TPM
values for all types of IncRNAs.

Figure 8: Boxplot comparing the distance in base pairs from a protein coding genes Transcription
Stop Site (TTS) to an Intergenic INcRNA Transcription Start Site (TSS) and from an Intergenic
IncRNA Transcription Termination Site (TTS) to a protein coding genes Transcription Start Site
(TSS) across the mesophilic and thermophilic fungi.

Figure 9: The venn diagram showing the number of shared orthologous protein coding genes
between the genomes of the fungi.

Figure 10: Ideogram representation of syntenic regions between the genomes of the fungi.

Figure 11: Motif Analysis of Mesophilic and Thermophilic IncRNA Sequences. A) Motifs found in
Mesophilic IncRNA sequences, comprising 29 base pairs (bp), identified in 127 sites with an
e-value of 1.7e-054. B) Motifs found in Thermophilic IncRNA sequences, also spanning 29 bp,
discovered in 168 sites with an e-value of 4.9e-072.
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Chapter 1 - Review of thermophily

The origin of life on Earth is still a mystery! Many hypotheses have arisen, but science
remains undecided. It has not been possible yet to ascertain with confidence how organic
compounds combined to form living matter. However, looking back in time, considering the
humongous evidence in history, chemical, and/or biological evolutionary processes have been
present since the beginning of life on “Pale Blue Dot”. Despite the incredible variations of
organisms on Earth, at the fundamental level, biological life is built upon those six essential
ingredients: carbon, hydrogen, nitrogen, oxygen, phosphorus, and sulfur. Those chemical
elements serve as building blocks for assembling a more complex molecular system, which is

known as a cell*.

Prokaryotes, which were likely the first forms of cellular life on Earth, are unicellular
organisms that lack a nucleus and other organelles?. They have developed strategies that allow
them to survive in extreme environmental conditions such as hot springs, toxic wastes, salt
lakes, and deep-sea hydrothermal vents. Looking at the most extreme conditions on Earth,
bacteria have been documented thriving in permafrost soil and in sea ice* at temperatures of
around -20°C. On the other extreme, the heat-tolerant prokaryote isolated from deep-sea black
smokers grows at temperatures up to 113°C and does not survive at temperatures below 90°C*.
Moreover, their thermal stability might help them survive atmospheric pressure much higher than
the Earth’s atmosphere?. With such resistance to temperature and severe environmental
conditions where only few organisms can live in, these organisms usually appear on the lower
branches of any phylogenetic tree of life, after the Last Universal Common Ancestor (LUCA) has
arisen. It has been hypothesized that such temperature resistance could have been inherited

from the first living organisms on Earth®.

Table 1 shows the temperature range into which these thermoresistant organisms can be
classified into. This classification is sometimes controversial because organisms can start
growing in one range and span to another, turning their identification accordingly to their optimal

growth temperature, a challenging task.
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Table 1: The table classifies organisms based on their growth temperature.

TemplScale Cryophilic Psychrophilic Mesophilic Thermophilic Extremophilic

Range -30°to -2°C -1° to +10°C +11°to +45° C +46 to +75°C >75°C

Those organisms as many other living organisms have to perform metabolism and
reproduction in order to keep them alive. Despite many other variables involved in these
biological processes that have to be precisely well regulated, they also have to deal with the
consequences of temperature on their cellular components. This fact focuses our attention on
their RNA, DNA, proteins, and, specifically membrane molecules since biological material

degrades rapidly at high temperatures?.

1.1. Organism strategies

But, which adaptations have those organisms developed to couple with temperature?
Evidence suggests that Bacteria and Archaea depend upon different strategies to maintain their
molecular machineries functioning; therefore, we can categorize the modifications in two main
groups. The first set of modifications accomplishes modifications on cytoplasm, membranes, cell
surface complexes and even small molecules present in the cytoplasm. The second group,

which is our main goal, embraces changes occurring in DNA, RNA, and proteins?.

1.2. Overview of temperature adaptations in Archaea and Bacteria

domains

The elevated Cytosine-Guanine (CG) nucleic acid content is supposingly one
evolutionary modification that happened to heat-lovers organisms because of their higher
thermal stability when compared to the Adenine-Thymine (AT) base pair. The thermal stability
comes from the stronger stacking interaction between the nucleotides with the presence of triple
hydrogen bonds between the bases®. In Bacteria, for instance, high GC content has been
correlated with multiple factors, including tolerance to higher temperature’. Dinucleotide
composition also has been cited as a possible factor of thermal stability, demonstrating
correlation between dinucleotide composition and optimal growth temperature from transfer RNA
(tRNA) and DNA of thermophilic bacteria and archaea®. In Archaea, a simple combination of
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purine and pyrimidine dinucleotide composition is linearly correlated with the organisms’ optimal

growth temperature®.

RNA thermal adaptation mechanisms, namely RNA thermometers, have been
extensively studied in bacteria. Those RNA temperature sensors change their conformation
when temperature is increased, blocking RNA binding sites in regulatory regions of mRNAs,
turning on protein synthesis response to heat stress®. It is plausible to think that ribosomal RNA
(rRNA), tRNA, and protein coding messenger RNA (mRNA) molecules would also be
susceptible to the same temperature constraints as the organism’s DNA. Hence, those
non-coding RNA molecules show a significant correlation with temperature and their GC content,
mostly in base-paired and extended loop regions as well as in specific regions of the
double-stranded RNA™. Nevertheless, increasing GC content in tRNA molecules could lead to
their misfolding and dysfunction, which ultimately can account for ineffective protein synthesis.

Thus, the increase in GC content per se would not explain their thermal molecular stability.

On the other hand, if thermophilic organism’s DNA had adopted the same strategy for its
RNA molecules, considering an increase of its GC content, the DNA would have had a
significant increase of amino acids encoded by Alanine, Arginine, Glycine and Proline, all
GC-rich codons, while the amino acids with GC-poor codons such as Lysine, Isoleucine,
Tyrosine, and Phenylalanine would be less frequent in thermophilic proteins, but such pattern
has not been observed. Nonetheless, DNA dinucleotide composition has been hypothesized as
a possible (but not a clearly diagnostic) adaptation of high temperature organisms. Alterations in
dinucleotides would be preferable than changes in mononucleotides because dinucleotide
composition alters double strand supercoiling®, and, thus, alters the DNA rigidity. Other authors
describe that synonymous codon usage in prokaryotes is different from mesophiles to
thermophiles species, suggesting that thermophilic genomes are more frequently spotted the
trinucleotides AGG, ATA and AGA rather than CGT and CGA®*2. Nonetheless, there has not
been found any noticeable correlation between the GC content in prokaryotic genome
composition and their optimal environmental growth temperature, and, hence, the variation

appears to be the result of mutational biases***,

Thermophiles have other mechanisms to keep their molecular integrity other than
increasing their GC content. Thermostable proteins have been the most studied topic, perhaps

because of their uncountable industrial applications. Investigations on protein structure amongst
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thermophilic and mesophilic homologues have demonstrated some adaptation to higher
temperatures. One adaptation is the disulfide bond. Disulfide bridge is a covalent bond between
sulfur atoms and two cysteine amino acids. It was demonstrated that those bridges help protein
stabilization in some thermophilic organisms and are present in higher numbers than in
mesophiles™. Archaeal organisms also make use of disulfide bonds as protein stabilization but
only in some hyperthermophilic species®. Another mechanism that has been previously studied
is the amino acid IVYWREL occurrences, which vary with temperature range, and it is
supposedly determinant of thermophilic adaptations®. Factors such as electrostatic
interactions?’, hydrogen bonds*®, deletions in exposed loop regions'®, distinctive amino acid
compositions?®?* have been also suggested to be responsible for thermostability. Therefore, it is
expected that protein structure of thermophiles has more stability and rigidity at high temperature
than mesophilic proteins. Genome-wide studies also reported that thermophilic proteins usually
tend to be shorter than their mesophilic homologs?, and; therefore, contributing to the genome

size reduction in thermophilic organisms?+*,

Even though there have been quite interesting and even informative studies about
thermotolerant mechanisms at molecular level, there is still a lack of knowledge on how those
molecular changes affect the organism as a whole. Whatever the temperature does to the
thermophilic organisms, DNA will probably suffer denaturation at high temperatures, and,
consequently, it would lead to mutations®® and double strand breaks®®?’. Interestingly, Meyer
(2021) and Speth et al., (2022) have shown that bacterial thermophilic DNA displays lower
mutation rates when compared to mesophilic bacterial genome, leading us to think in three
possible hypotheses: (i) bacterial thermophilic DNA repair system might be more efficient on
repairing genome mutations than in mesophilic organisms, as suggested by studies on
Pyrococcus abyssi®’, Sulfolobus islandicus®, and Persephonella®; (ii) the microorganisms might
have an internal mechanism to protect its DNA from temperature damage; or (iii) it seems that
mutations tend to be more deleterious in thermophilic than in mesophilic organisms, and,
consequently, the mutation rate might be reduced in thermophilic organisms. The latter
hypothesis is supported by observations on the compactness of the thermophilic genome further

discussed.

Genome reduction is another trait of thermophiles®. Their genomes are usually smaller
than mesophiles and; therefore, a more compact genome may help the DNA repair mechanism

to deal with mutations and indels effectively. This genome reduction would have influenced the
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intergenic region contraction as well as collaborated to the protein length reduction hypothesis.
Gene losses are also another genome reduction contributor. Mechanisms such as glycerol
metabolism, urease complex, rhamnose pathway, genes from fructose complex (transport and
utilization) and citric acid cycle have all been lost over evolutionary history of those
organisms®-*2, This reduction could be a consequence of the high cost of their functional
maintenance, adaptation to a high environmental temperature, or even an elimination of genes
that have low thermal stability. Curiously, genome reduction is a feature of endosymbiotic and

pathogen-host dependent lifestyles®:.

Genes assembled into operons have been an adaptation to environmental changes
observed in bacteria and archaea thriving in high temperatures. For instance, T. maritima
(hyperthermophilic bacterium) has high density of operons in its genome and, once formed,
these operons tend to have more stability than operons in mesophilic organisms*. Genes
regulated by operons could be energetically more economic and respond quickly to stressors.
Also, because of thermophilic genome reduction and operon adaptation, it is proposed that there
might be a group of regulators (global regulators) that can be used to regulate different genes or

gene clusters at once®.

Heat shock proteins (HSP) are a highly conserved group of proteins that are activated in
response to temperature stress and protect cells against thermal stress®**3*. Gene upregulations
belonging to the HSP group have been extensively observed at the transcriptional level in the
three domains*>*3’, Moreover, proteomic analysis has revealed that those proteins can interact
with other proteins forming complexes and play a protective role on the protein they interact
with®®. Chaperones have been observed in thermophilic organisms in response to temperature
stress®. They can be triggered by HSF and these proteins give assistance to protein folding and
refolding due to temperature stress. Wang et al. (2012), after detailed T. maritima proteome
examination, concluded that chaperone proteins and a specific elongation factor, at above

growth optimal temperature, were up-regulated and heavily abundant®.

Bacteria and Archaea share a ubiquity adaptation mechanism. Horizontal Gene Transfer
(HGT) permits DNA content being exchanged among organisms of different species. It is
considered an important mechanism for bacterial genome evolution®. Indeed, it is proposed that
thermophiles would not exist without HGT*. HGT is a widespread phenomenon in all domains

of life, and, in spite of its importance and significance, it is generally assumed that closely related
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organisms are engaged in genetic exchange more frequently than distantly related ones*,

meaning both thermophilic partners could have shared thermal traits.

1.3. Thermophilic in Eukaryota domain

Among prokaryotic organisms living at extreme temperatures, there are eukaryotes
thriving at temperatures both below and above those typical for most life forms*“2. Thermophilic
organisms are present in all domains, but only a small number of fungal species have been
described as living in desert soils and decomposing plant residues at harsh temperatures®.
Indubitably, they are not as extreme as bacteria and archaea thriving above 120°C*?, but they

can reach growth temperatures of 40°C up to 60°C*,

The thermophilic fungi is a small and interesting group in Ascomycota booming at
temperatures that compromise cell membrane stability and other biological structures®.
Phylogenetically closely related to mesophilic fungi (Figure 1), which usually grow best in
moderate temperatures (20—-30°C), these heat-lovers fungal species are on the spot of scientific
and commercial interests due to their potential sources of thermostable enzymes*®. They feed on
where organic matter decomposes and cannot grow below 40°C, clearly showing they are
biologically adapted for living at that temperature range*.
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Figure 1. Phylogenetic tree implemented in PhyML 3.3 using Likelihood-Ratio Test of phylogenetically related
mesophilic and thermophilic species (in bold), adapted from de Oliveira et. al.%®, based on fungal proteomes.

Genome size seems to be one of those adaptive processes that have happened to those
organisms. Despite fungal genome sizes vary within its kingdom from 7.2 Mb of M. restricta*’ to
2,054Mb of G. confusum®, likely due to many reduction and expansion genome events that
happened over millions of years, it is noticeable a genome reduction in thermophilic genomes
when they are compared to their closest mesophilic species**. Although the thermophilic fungi
genomes were driven to a more compact form, their habitat is terrestrial and, consequently, they
must deal with many variables under temperature constraints (nutrient concentrations,
competing species, gasses, chemicals, water, etc.), demonstrating their ability to adapt to

several factors and not only temperature stress*.

With regarding to their genome GC content, comparative study between the thermophiles
M. thermophila and T. terrestris®*® and the closely related mesophilic C. globosum has

demonstrated that those thermophilic fungi have higher GC ratio in their coding sequence
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regions and even more, when comparing the third nucleotide position (GC3) to the mesophilic
orthologous sequences. Even though it is an interesting finding, there is no correlation with
thermophilic prokaryotes®. Yet, the research group states that their analyses “were unable to
find differences that can convincingly be interpreted as the molecular bases that underpin fungal
thermophily”, neither in nucleotide nor in protein coding sequences, from those usually observed
in thermophilic prokaryotes, not even in heat shock proteins, oxidative stress, membrane

biosynthesis, chromatin structure and modification, nor fungal cell wall metabolism*.

One likely thermophilic fungi adaptation occurs on their membrane composition. Those
organisms produce lipids with higher saturated fatty acids and lower levels of unsaturated fatty
acids since unsaturated fatty acids tend to be liquid at room temperature*'. This change in
membrane composition might give a glimpse of why thermophilic fungi are not able to grow at
temperatures below 20°C. Nevertheless, this phenomenon does not occur in any thermophilic
fungi; some thermal fungi are able to grow at mesophilic temperatures, showing that this
membrane adaptation is not the main reason for these fungi to grow at a minimum

temperature®*.

Moreover, genes interrupted by short introns, reduction of intergenic regions, loss of
protein-coding genes, repetitive sequences, transposable elements, diversity of gene structure
are characteristics of all the fungal genomes*. Those notable features have demonstrated a
challenge for fungal studies and even more for thermophilic fungi investigations. Thus, what
would be the likely modifications those thermophilic fungi have developed to survive at high
temperatures? Recently, it has been assigned to long noncoding RNAs (IncRNAs) important
functions in the cellular response to stressful environmental conditions such as regulation of
double-strand DNA breaks®, differentially expressed IncRNAs under various stress stimuli®?,
regulating gene expression in response to stress conditions in the nucleolus®® and other
functions®**®, All those functions have been assigned to support stress environmental responses

at the molecular and genomic levels within the cells.



26

1.4. What are Long non-coding RNAs?

For decades it was previously thought that the non-protein coding fraction of the genome
was non-functional and accordingly labeled ‘junk’ DNA. This was due to the observations that
only about 1.2% of the human genome were translated into proteins. In 2012, the ENCODE
Project Consortium sought to uncover the purpose of this ‘junk’ and; therefore, characterize all
functional elements. Strikingly, they classified different RNA types that covered 62% of the entire
human genome. Most of the RNA belong outside (intronic and intergenic elements) of the
protein-coding regions (ENCODE, 2012).

The singularity of RNA molecules encompasses not only its physical structure, but also
its abundance, functional diversity and unigueness. Although it is possible to find RNA molecules
in a double-stranded fashioned form, the great majority is uni-stranded, manufactured in the cell
nucleus and migrated into other cell parts®. Beside the well known messenger RNA (mMRNA),
transfer RNA (tRNA), and ribosomal RNA (rRNA) triad acting in transcription and translation,
there are a multitude of other RNA molecules within the cell that can be splitted in two major
groups: coding and non-coding RNAs (Figure 2). Coding RNAs, usually referred as mRNAs,
encodes a protein that functions as enzymes, signal transductions, antibodies, oxygen
transporters, etc®®. Aside from the coding RNA, non-coding RNAs (ncRNAs) are an extensive
group classified into housekeeping and regulatory transcripts. The former contains the rRNA and
the tRNA that are involved in reading and linking amino acids, protein translation and transport
whereas the latter can be further classified based on transcript length as small (< 200 nt) and

long non-coding RNA (> 200 nt) with other subsets within each group®’.
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Figure 2: Overall taxonomy of non-coding RNA grouped into subclasses - RNA molecules can be grouped into two
main groups: coding and non-coding. The coding RNAs usually referred to mRNA are molecules that encode proteins.
Apart from those ones, non-coding RNAs are split into two main groups: regulatory and housekeeping RNAs, which
can be split further into other subgroups®’.

Evidenced by the pervasively transcribed and abundant in plants, animals, fungi,
prokaryotes and even in viral genomes, some long non-coding RNAs (IncRNA) are alternatively
spliced transcripts longer than 200 nucleotides, do not encode proteins, are functional in their
primary, secondary, or tertiary structures, display low conservation and expression when
compared to protein-coding genes, and mostly transcribed by RNA polymerase II. Once induced
and folded, IncRNAs interact with DNA, RNAs, and proteins, and can regulate gene expression
using different biological mechanisms. Its characterization is at the initial stage and their
evolutionary origins remain obscure, but some have been assessed by little or none open
reading frame (ORF), some are 5-capping, poly or not adenylated, and undergo
post-transcriptional modifications. Furthermore, they can also be classified according to their
position in the genome (Figure 3), such as sense, antisense, intergenic, intronic, and

bidirectional®8.
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d) Intergenic
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Figure 3: LncRNAs and their subclasses and genomic structure - Transcripts classified as IncRNAs have diverse
primary sequence structure and orientation within the genome. They come in the form of: a) sense IncRNA transcripts
overlap with the same strand of genes that are translated into protein; b) antisense IncRNA transcripts overlap with an
opposite strand of the gene that is translated into protein; c) intronic INcRNAs are generated from between exon
sequences of protein-coding genes; d) intergenic IncRNAs are generated between two genes that are translated into
protein; and e) bidirectional IncRNAs share the same promoter with protein-coding genes, but are expressed from the
opposite strand of it, and the starting point of the transcription of these IncRNAs cannot be more than 1000 base pairs
from the opposite strand of genes that are able to translate into proteins.

Despite having defined characteristics, INcRNAs are poorly annotated. Moreover, the
subclasses (or biotypes as they are labeled in Ensembl) are not uniformly annotated within
genomic databases and misannotation compounds further increase the problem. When
compared to a protein-coding gene investigation where a wealth of curated annotations and
databases are publicly available, any IncCRNA project leaves researchers directionless and
achieving their accomplishments are even more challenging due to the absence of those

resources.

1.5. LncRNA as likely stress regulators

Temperature is one of the most influential traits and influences almost everything within
an organism, spanning from biological functions to cellular integrity to biomolecule structures.
What makes thermophilic fungi organisms so fascinating is that as the temperature increases,

there is a direct impact on disrupting hydrogen bonds and hydrophobic interactions and,
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consequently, resulting in the denaturation of proteins and nucleic acids. Recently, IncRNAs
have been recognized as major gene expression regulators and involved with distinct organism

heat-stress responses®; however, their mechanisms of action remain largely unknown.

Thermophilic fungi have developed adaptations that grant them the ability to grow under
severe high temperatures conditions*. Thermophily in fungi could be related to protein
thermostability, protein compactness and hydrophobicity, sequence-based mutations with
increased number of charged residues, rapidly synthesis of Heat Shock Protein (HSP), amino
acid and nucleotide composition, genome size reduction, thermotolerance genes, rapidly

turnover of essential metabolites and others*:.

Nowadays, only one study has explored the roles of IncRNAs in thermophilic fungi and
their functions under thermal stress conditions®?. Nevertheless, there are studies of IncRNA
response to heating stress in plants®®®°® and scarce studies in mammals® and mesophilic
fungi®’. For instance, Earth's temperature has increased lately and trees worldwide have been
exposed to heat-stress conditions. Researchers using a computational approach demonstrated
the existence of a putative regulatory interaction between miRNA-IncRNA-mRNA in the tree’s
response to heat stress, showing that miRNAs may negatively regulate INcCRNAs activity on

mRNA involved in the heat shock protein synthesis®°.

Moreover, an integrative data approach of Arabidopsis thaliana IncRNAs under different
stress conditions using expression patterns, epigenetic signatures, and sequence and structural
features, demonstrated that INcCRNAs might present differentially expression patterns under
stress temperatures when compared with protein coding gene expressions®. The same
research group also found that those differentially expressed INcRNAs have enriched sequence
and structural motifs that would help RNA-binding proteins to bind to and cause INncCRNA

structural rearrangement in response to stress conditions®*.

Considering the heat stress affects not only the organism’s genome and IncCRNAs play
important roles in gene expression at multiple levels under temperature stress, Hu et al. (2022)
predicted target genes from differentially expressed IncRNAs between control and heat stress
treatments in maize. They have found that those genes are enriched into important biological

processes and pathways, such as: photosynthesis, metabolism, translation, stress response,
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hormone signal transduction, and spliceosome, showing that their IncRNA have important

functions in heat response.

Although investigations have accumulated evidence of IncRNA functions in plants under
thermal stress, there are not many thermal stress studies in Ascomycota fungi, and even less for
INcRNA roles in thermophilic fungal species. C. thermophilum, a thermophilic filamentous
ascomycete, which is able to grow at 50-52 °C, had its transcriptome characterized®® by deep
RNA sequencing. This study identified 4567 non-coding new genes, but INCRNA downstream
functional analysis targeting those molecules was not performed. Yet, the understanding of the
fungal response to temperature stress and the involvement of IncRNAs in this context are still

limited.

Chapter 2 - Project hypothesis and aims

Detailed molecular phylogenetic study (Figure 1) has identified close relatives of
thermophilic and mesophilic fungi species. This result suggests that the thermophilic
Myceliophthora thermophila and the mesophilic Chaetomium globosum are good models to

investigate the consequences of temperature on fungal genomes®:.

Nowadays, only a few studies have reported the role of IncRNAs in fungi and almost
nothing about their functions specifically in thermophilic fungi. Thermophilic fungi thriving at high
temperatures might induce distinct INCRNA responses that contribute to different cellular
regulation processes against stressful heat conditions. Hence, researching IncRNA functions
related to environmental temperature stress will improve our understanding of how
high-temperature impacts genomes, their regulation roles, and contributions to thermophilic

genomes.

My project hypothesis is that IncRNAs are key thermal regulators of thermophilic cellular
functions whose roles have not been elucidated in those organisms. | hypothesize that
mesophilic and thermophilic fungi exhibit distinct expression profiles of IncRNAs that are
correlated with their adaptation to temperature, suggesting a regulatory role for these molecules
in temperature tolerance. In my thesis, | will focus on polyA+ IncRNA identification, annotation,

and functional prediction in thermophilic fungi. In order to test my hypothesis and elucidate my
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research questions, | will investigate the role and biological significance of thermal-associated
IncRNAs throughout:

Aim 1 - The development of a computational pipeline for identifying INcCRNAs across
replicates from publicly available bulk RNA-seq datasets;

Aim 2 - Identification and computational characterization of polyA+ IncRNAs in
phylogenetically related thermophilic and mesophilic fungi;

Aim 3 - Conducting comparative genomics studies to understand the patterns of INcCRNA
sequence, structural prediction and motifs across the fungal lineages to gain insights into their

evolutionary history and functional conservation.
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Exploring the hidden hot world
of long non-coding RNAs

in thermophilic fungus using

a robust computational pipeline

Roger G. Silva?l, Paulo P. Amaral?, Gléria R. Franco? & Aristételes Goes-Neto'™

Long noncoding RNAs (IncRNAs) are versatile RNA molecules recently identified as key regulators of
gene expression in response to environmental stress. Our primary focus in this study was to develop
arobust computational pipeline for identifying structurally identical IncRNAs across replicates from
publicly available bulk RNA-seq datasets. In order to demonstrate the effectiveness of the pipeline, we
utilized the transcriptome of the thermophilic fungus Thermothelomyces thermophilus and assessed
the expression pattern of IncRNAs in conjunction with Heat Shock Proteins (HSP), a well-known
protein family critical for the cell’s response to high temperatures. Our findings demonstrate that the
identification of structurally identical transcripts among replicates in this thermophilic fungus ensures
the reliability and accuracy of RNA studies, contributing to the validity of biological interpretations.
Furthermore, the majority of IncRNAs exhibited a distinct expression pattern compared to HSPs. Our
study contributes to advancing the understanding of the biological mechanisms comprising IncRNAs
in thermophilic fungi.

Keywords Long non-coding RNA, Structurally identical transcripts, Thermothelomyces thermophilus,
Transcriptome assembly

Fungi constitute a diverse and fascinating kingdom of organisms. We can cite the Psilocybe!, which contains
psychoactive compounds that can induce hallucination upon ingestion. There are also hundreds of parasitic
fungi from the order Hypocreales, such as Ophiocordyceps, that infect insects and spiders, turning them into
living zombies**. Additionally, there are bioluminescent fungi that can be used as a natural source of light*. Those
intriguing complex eukaryotic organisms have also been found thriving in conditions where temperatures can
induce effects on their genomes and influence various molecular processes. Thermophilic fungi are able to grow
at high temperatures, typically between 40 and 60 “C, unable to grow below 24 °C, and can be found in extreme
environments, such as compost piles and organic residues®. Their unique genomic features and different func-
tions in environments and industrial facilities, due to their ability to produce thermotolerant enzymes®, make
them interesting and biotechnologically important organisms to be studied.

Thermophilic fungi have evolved to survive and thrive in high-temperature environments, which means
that they might have developed specific genetic adaptations to help them cope with thermal stress since high
temperatures can cause DNA denaturation, increasing rates of spontaneous mutations, and might affect gene
expression®. One well-known genetic adaptation of organisms that have to tackle with heat stress is the highly
conserved heat-shock proteins (HSP) family’. This family of stress-induced proteins protects cellular damage
by stabilizing proteins in the cell, preventing proteins from being aggregated, assisting misfolded, damaged or
newly synthesized proteins, and, ultimately, the removal of damaged proteins’. Furthermore, it has been well
established that HSPs are essential for maintaining cellular homeostasis and protecting cells from various forms
of stressors including heat stress’.

Although fungal genome sizes vary greatly within their kingdom?, likely due to numerous genome reduction
and expansion events that may have occurred over millions of years, thermophilic genome reduction is noticeable
when one compares their genome to the closest mesophilic counterparts’. Genome reduction in thermophilic
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fungi also includes reduction of intergenic and repetitive sequences, loss of protein-coding genes (PCG), and
transposable elements®. Therefore, the distinctive features of fungal genomes, including those of thermophilic
fungi, pose challenges for researchers, prompting us to question which other modifications thermophilic fungi
have likely developed to survive in high-temperature environments.

Recently, important roles in cellular responses to environmental stress have been assigned to long noncoding
RNAs (IncRNAs)!* ', These include regulating double-strand DNA breaks', differentially expressed IncRNAs
under various stress stimuli', regulating gene expression in response to high water and CO, concentrations'?
as well as stress conditions in the nucleolus'?, and chromatin modification under low temperature'*. All those
functions support the stress environmental responses at the molecular and genomic levels within cells.

The singularity of RNA molecules encompasses not only its physical structure but also its abundance, func-
tional diversity, and uniqueness'>. RNA molecules can be found in a double-stranded fashioned form'*; however,
the great majority is uni-stranded, manufactured in the cell nucleus, and subsequently migrate into other cell
compartments'®. Beside the well-known messenger RNA (mRNA), transfer RNA (tRNA), and ribosomal RNA
(rRNA) triad, acting in transcription and translation, there are a multitude of other RNA molecules within the
cell that do not code for a protein'®. Non-coding RNAs (ncRNAs) are an extensive group of RNA molecules
classified into housekeeping and regulatory transcripts'’. The former group contains the rRNA and the tRNA
that are molecules involved in reading and linking amino acids, protein translation and transport whereas the
latter can be further classified based on transcript length as small RNA (<200 nt) and long non-coding RNA
(=200 nt), with other subsets within this group’”.

Evidenced by pervasively transcribed and abundant in plants'®, animals'®, fungi®®, bacteria* and even in
viral genomes?, IncRNAs are alternatively spliced transcripts longer than 200 nucleotides, which do not encode
proteins, are functional in their primary, secondary, or tertiary structures, display low conservation and expres-
sion when compared to PCG, can encode small peptides, and are mostly transcribed by RNA polymerase II'°.
Once induced and folded, IncRNAs can interact with DNA, RNAs, and proteins, and regulate gene expression
using different biological mechanisms'®. Their characterization is still in its initial stage, and their evolutionary
origins remain obscure, but some have been assessed by small or no open reading frame (ORF), others either
5'-capped, polyadenylated, or not, and undergo post-transcriptional modifications'’. Additionally, they can act
as thermal sensors and regulate gene expressions in response to thermal stress?***, and are classified according
to their position in the genome, such as sense, antisense, intergenic, intronic, and bidirectional'®.

While numerous studies have explored the world of IncRNAs across various fungal species®*~*, elucidating
their regulatory mechanisms?, biological functions?, and roles in fungal pathogenesis?, as well as their inter-
play with pathogenic fungi and their hosts*®~*, our understanding of their roles in thermophilic fungi remains
in its early stages. To date, only one study has identified in-silico IncRNAs in thermophilic fungi®'. While this
pioneering study represents a crucial first step towards elucidating the regulatory landscape of IncRNAs in ther-
mophilic fungi, it emphasizes the need for robust approaches to studying these versatile non-coding molecules
under temperature constraints.

Considering all the aforementioned challenges of the thermophilic fungal genome traits, an accurate tran-
script quantification on reference poorly-annotated models is itself a daunting task, given the numerous variables
that can interfere, such as: (i) experimental design, (ii) biological replicates, (iii) RNA extraction, (iv) library
preparation, (v) sequencing, (vi) data preprocessing, (vii) alignment, (viii) assembly, as well as other external
factors. Yet, analysis of IncRNA adds another complexity level on top of all of those variables. Therefore, the pri-
mary focus of our study was to develop a robust and reliable computational pipeline for identifying structurally
identical IncRNAs in thermophilic fungi across distinct replicates and investigate their relationship with HSPs,
using publicly available bulk RNA-seq datasets of the thermophilic fungi Thermothelomyces thermophilus as a
case study, which can and must be extended to any eukaryotic thermophilic organism.

Material and methods

Transcriptome data

According to Liu et al. (2022), transcriptome raw reads, RPKM (GSE184074_RPKM xlsx), and raw counts
(GSE184074_Readcounts.xlsx) spreadsheets containing reads counts were deposited in the Gene Expression
Omnibus (GEO) at the National Center for Biotechnology Information (NCBI), under accession number
GSE184074. The transcriptome data were obtained from the SRA repository (https://www.ncbi.nlm.nih.gov/
sra), using the parallel faster-dump tool (SRA-Toolkit). In total, 12 paired-end 150 bp poly-A cDNA RNA-seq
libraries were downloaded for the thermophilic fungus Thermothelomyces thermophilus. The taxonomic analy-
sis presented distribution of reads mapping to the Thermothelomyces thermophilus ATCC 42464 species >90%.
The fungus was cultivated in four temperatures: 35, 40, 45, and 50 ‘C with three replicates for each experiment.

Computational pipeline

In order to identify IncRNA genes from transcriptome data, a computational pipeline was developed using
Python 3.10.8 and the conda package management environment (version 4.12.0) with the bioconda channel
added. A dedicated conda environment was created for installing all transcriptome tool packages and their
dependencies used in this pipeline (Supplementary Material —Note 1). The Thermothelomyces thermophilus
ATCC 42464 reference genome (ASM22609v1) along with its annotation file were downloaded from the NCBI
website.

Quality, adapter removal, trimming, and filtering
After downloading the libraries, initial quality control of sequencing data was performed using FastQC* and
Multiqc®. The BBDuk tool from Joint Genome Institute BBTools was then utilized for quality control filtering,
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adapter removal, and decontamination®*. BBTools is a bioinformatics toolkit used for processing and assessing
DNA and RNA sequence data. It also has the capability of removing adapter sequences, filtering out low-quality
reads, and removing contamination sequences from bacterial and eukaryotic ribosomal RNA. The set of adapters
used in this cleaning stage came from the BBDuk repository.

All the library files displayed an overall Phred score above 30, according to FastQC application, indicating
an error rate of one in every 1000 nucleobases sequenced. To clean the data, the BBduk tool was used with the
parameters QTRIM = rlI’, MINLEN = 50 and TRIMQ = 20 which, respectively, trims the sequences on both ends,
discards reads shorter than 50 bp, and removes low-quality reads below 20 Phred.

Decontamination

Ribosomal sequences were obtained from the RFam database® and used to generate a custom database of
ribosomal RNA sequences, including 5S rRNA (RF00001), 5.8S rRNA (RF00002), tRNA (RF00005), Eukaryotic
small subunit ribosomal RNA (RF01960), eukaryotic large subunit ribosomal RNA (RF02543), and bacterial
large subunit ribosomal RNA (RF02541). The decontamination process using Kmers was also performed using
the BBduk tool. This tool is able to remove or decontaminate ribosomal and bacterial contaminant sequences.

Strand detection

This step is essential and ensures that antisense IncRNA transcripts are not misclassified as PCG, as IncRNAs
overlap on the opposite DNA strand with PCG features. Therefore, raw reads were processed before alignment
using the Salmon pseudoalignment tool* with default parameters and -gcBias -validateMappings -numGibb-
sSamples 200 -seqBias flagged. The type of library can be found in the output file salmon_quant.log. A two-column
text file was produced where it was saved each library name and its strandness respectively.

Sequencing reads alignment

Before aligning, it was necessary to create the organism genome index. This process involves three main steps:
identifying splice sites (hisat2_extract_splice_sites.py), determining exon positions (hisat2_extract_exons.py),
and constructing the genome index (hisat2-build) using the resulting splice sites and exon location files. The
processed reads were subsequently aligned to the thermophilic fungal reference genome. The main following
set of parameters were set in HISAT2%” —~max-intronlen 100 -dta -a -secondary -no-mixed -no-discordant. The
parameters —no-mixed and -no-discordant were set to not align individual mates nor discordant alignments,
respectively. The HISAT? alignment tool generates an output file in SAM format used to store the alignment of
sequences, which was subsequently sorted by coordinates and converted to BAM format and indexed for efficient
data retrieval and manipulation as described in the Samtools manual. The intron length parameter was derived
from the intron length observed in the JGI GeneModel data for closely related thermophilic fungi®.

Transcript structure identification and assembly

The genome-guided transcriptome assembly StringTie2* tool was utilized for assembling the transcriptome
libraries. In accordance with the protocol described in the StringTie2 paper, the tool was executed in three con-
secutive steps (transcriptome assembly, merging of transcriptomes into a non-redundant transcriptome, and
transcript abundance estimation) to produce a meta-assembly transcriptome. For the initial step, StringTie2 was
executed with the parameters -j 5 that requires at least five spliced reads to be aligned across a junction, and -¢
10, which sets a minimum coverage of 10 reads for a transcript to be predicted. All other parameters were set to
their default value. The next step in the pipeline was the merge step. StringTie2 was executed with the option -g
10, whose value was selected due to thermophilic genome reduction characteristic. This parameter specifies a
gap separation to merge neighbor transcripts, meaning that a gap between two transcripts less than 10 base pairs
were merged together. In this step, gffcompare and gffread*” were used for evaluating transcript assemblies and
extracting FASTA files from the already merged assembled transcriptome. Finally, StringTie2 was performed
for each library with the options -e and -B for estimating transcript abundances.

Transcriptome assessment
The merged meta-assembly FASTA file produced by the gffread was evaluated by the rnaQUAST tool*' according
to the reference genome and its annotation file.

Statistical identification of differentially expressed genes

The authors of StringTie2 provide a Python 3 script called prepDE.py3 to generate a gene and transcript count
matrix files to be used with the DESeq2 R package*>. Before executing the script prepDE.py3, a text file was cre-
ated listing the 12 SRA run IDs, a blank space, and their full paths to the merged GTF file for each SRA ID. The
prepDE.py3 script was executed with the -1 parameter set to 146, which represents the average read length for
each library. This value was verified using the samtools view command divided by the amount of the returned
lines in the samtools command (Supplementary Material—Note 4).

The gene count matrix was then processed using DESeq2 according to DESeq2 vignette instructions and one
treatment (temperature) as design formula. The fungal culture, which was cultivated at 35 C, was designated as
the control, and it was compared to other experiments that were conducted with the fungus growing at 40, 45,
and 50 “C. Read counts below 10 were removed from the analysis before executing the DESeq2 analysis, and the
results were filtered based on p-adj <0.05 and - 1.5 <log2 fold change < 1.5. Genes that met the DESeq2 thresholds
were considered differentially expressed (DEG). Principal component analysis (PCA) and hierarchical clustering
using the DESeq2 package between groups were also performed.
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Enrichment analysis

Functional enrichment analysis was conducted by STRING-DB*. The gene symbol list of all DEGs from the
experiments at 35 “C (control) and 50 ‘C (treatment) were submitted to STRING analysis. STRING identified
all genes as belonging to the Thermothelomyces thermophilus ATCC 42464 species. The confidence score for the
predicted protein—protein interaction was set to the high confidence level (0.700), and the maximum number
of interactions to show in the first and second shells was set to none due to the large number of interactions in
the network.

Heat shock proteins (HSP) enrichment

Gene symbols for annotated Thermothelomyces thermophilus HSP were retrieved from the Uniprot database**
(Supplementary Material—Note 2) and used to select DEGs from the initial DESeq2 results. The shortlisted
genes for the experiment 35 “C (control) and 50 °C (treatment) along with their log2 fold change, p-value and
p-adj values were filtered by bash commands (Supplementary Material—Note 5).

Structurally identical transcripts

The gffcompare tool outputs a tracking file that lists structurally equivalent transcripts across all RNA-seq samples,
allowing variations in the lengths of the first and last exons but requiring identical intron lengths due to alterna-
tive splicing events. The reporting of a transcript in the tracking file does not necessarily require its presence in all
samples. The character ‘- represents a transcript that was not included in the tracking file or was not expressed or
detected in that particular sample. For the downstream analysis, only transcripts that were structurally identical
across all replicates in each experiment (at 35, 40, 45, and 50 “C) were selected and used for filtering IncRNAs
and HSPs from the curated reads. Once the filtering step identified the reliable transcripts, they were linked back
to their corresponding genes, and the analysis proceeded with DESeq2 at the gene level.

LncRNA identification

The gffcompare, when executed with -r option, classifies transcripts based on their position within the reference
genome. By enabling this option, it outputs within the GTF file a field named “class_code” containing one single
character. For downstream analysis of IncRNA sequences, the classes “u”, “x”, and “i” were selected, and these
codes represent intergenic, antisense, and intragenic transcripts respectively. In the pipeline, gffread was used with
the -W option to produce a more detailed FASTA file header for each sequence, including the class_code field in
the heading content. This option facilitates sorting IncRNA sequences using only bash commands (Supplemen-
tary Material—Note 6) by just looking at the FASTA sequence header from the merged assembled transcripts file.

A local BLAST database from all Fungi PCG, downloaded from NCBI, was created, and the IncRNA gene
catalog was compared to the local protein database using BLASTx* with -max_target_seqs 10, -max_hsps 10 and
-evalue le-3. Antisense IncRNA sequences were processed before executing BLASTx because those IncRNAs are
localized on the opposite DNA strand and can overlap with protein-coding genes and, consequently, executing
BLASTx would identify part of those sequences as belonging to opposite coding exons. Therefore, antisense
IncRNA sequences were trimmed off their overlapping protein-coding portion before processing them into a
BLASTx.

Additionally, intermediate IncRNA sequences were processed on a local installed Interproscan tool*® with
-appl sfld, funfam, panther, prints, smart, pfam, pirst, tigrfam, superfamily, cdd, antifam options and -goterms
-pathways. Any IncRNA sequence exhibiting similarity to protein families or domains present in any of the data-
bases encompassed by the InterPro consortium were classified as protein-coding sequences and subsequently
excluded from downstream analysis.

Finally, IncRNAs sequences that have not aligned nor exhibited similarity to any other functional protein
were assessed by their coding potential in both strands with the CPC2* tool.

LncRNAs coding potential evaluation
Regarding the prediction of IncRNA coding potential, the pipeline made use of similar approaches previously
employed*®=, to assess intergenic and intragenic IncRNA coding potential, except for antisense IncRNAs whose
overlapping PCG sequences were removed before performing the BlastX searching.

For all intermediated IncRNA transcripts, the pipeline executed the following steps:

® A identity-based coding prediction searching using BlastX;

e A functional domain and family protein signature screening using InterProScan on different databases;

® A Support Vector Machine Learning algorithm trained with four features (Fickett TESTCODE score, ORF
length, ORF integrity and isoelectric point) CPC2 on both DNA strands.

Transcripts that exhibited any evidence of protein-coding potential by BlastX or carried any known protein
domains or either displayed any coding potential on both strands were considered as potential coding transcripts
and were excluded from the subsequent analyses. Notice that, for coding potential IncRNA evaluation, the
pipeline does not use any ORF (Open Reading Frame) prediction length tool since the algorithm CPC2 already
makes use of this feature for predicting transcript coding potential. Only non-coding transcripts from CPC2
were considered reliable for the IncRNA downstream analysis.
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Weighted gene co-expression network analysis

In order to examine the co-expression patterns of protein coding genes and IncRNA genes between control con-
ditions maintained at 35 °C and experimental treatments at 40, 45, and 50 °C, read counts matrix was processed
using the Weighted Gene Co-Expression Network Analysis (WGCNA) R package®!. This algorithm was utilized
to generate a weighted correlation matrix and subsequently identify sets of highly correlated genes (modules)
that share similar expression patterns across samples.

Prior to that analysis, read counts below a threshold (< 10) were excluded and a variance-stabilizing transfor-
mation from the DESeq2 package was applied. A soft-threshold power value of 20 was set for a signed Topologi-
cal Overlap Measure (TOM) to identify clusters of co-expressed genes with a scale-free topology. Genes with a
high degree of similarity were assigned high TOM scores while those with lower levels of dissimilarity (1-TOM)
were considered to be more distantly related. The mergeCutHeight was set to 0.25, which is the height where
the dendrogram is cut and determines the number and size of the resulting gene modules. Spearman’s correla-
tion test, which is robust to outliers and nonlinear relationships, was applied to the PCG and IncRNA module
relationships and p-value < 0.05 was considered statistically significant.

Finally, a module heatmap was generated and normalized expression data from three modules were further
analyzed, each of which was found to be associated with HSPs and characterized by the expression of IncRNAs.

Results and discussion

We developed a computational pipeline that facilitates the identification of structurally similar long non-coding
RNA (IncRNA) transcripts using samples from unprocessed transcriptome libraries in the thermophilic fungi
Thermothelomyces thermophilus as a case study. This pipeline integrates various tools (Supplementary Mate-
rial—Note 1) and algorithms to minimize errors and simplify the IncRNA analysis process.

The transcript assembly and quantification tool StringTie2 “merge” function is designed for assembling
potentially different transcript fragments across samples, while Gffcompare tool is used to identify and track
identical transcripts or fragments that are present in each sample. Therefore, this computational pipeline employs
the tracking functionality present in the gffcompare tool to track identical transcripts across different samples.
Since the main goal of this pipeline is tracking identical transcripts following the transcriptome assembly, all
subsequent downstream steps were modified to use only identical transcripts across samples.

In order to evaluate the pipeline accuracy and determine the relationship between IncRNAs and HSPs, as
well as their potential roles in thermal stress, it was essential to assess whether the fungus experienced thermal
stress during its culturing. Thus, the publicly available transcriptome data were primarily used to identify dif-
ferentially expressed HSPs between the control (35 C) and treatment (50 “C) experimental groups. Subsequently,
an enrichment analysis using the STRING database was performed and the results before and after reads cura-
tion were compared.

Thermal stress verification

High quality read count data (Supplementary Fig. 1) obtained from the National Center for Biotechnology
Information Sequence Read Archive (NCBI SRA) database from the fungus Thermothelomyces thermophilus
were processed (Supplementary Table 1) to detect differentially expressed HSP. For this step, 21 HSP computa-
tionally annotated genes were retrieved from the UniProt database, and their expression profiles were analyzed
in Thermothelomyces thermophilus. The number of HSP differentially expressed from each pairwise experiment
(35%40 °C, 35x45 ‘C and 35% 50 C) is listed in Supplementary Table 2, and it was consolidated in Supplemen-
tary Fig. 4.

DESeq?2 analysis identified 1661 upregulated and 1594 downregulated genes between treatments (40, 45
and 50 °C) and control (35 “C) with adjusted p-value <0.05 (Supplementary Fig. 2A-C). Moreover, the clustered
heatmap plot (Supplementary Fig. 2D) showed that all replicates at 35 ‘C were clustered together and separated
from the replicates at 50 “C, the two more extreme temperatures. Principal Component Analysis (Supplementary
Fig. 2B) was also performed, and Principal Component 1 (PC1) and 2 (PC2) together accounted for 80% of the
variability in the data and showed replicates grouping together. This indicates that our preliminary exploratory
data analyses are retrieving most of the important patterns and trends in the data.

Functional enrichment analysis of HSP before reads curation

In order to further explore the expression of the HSPs when comparing treatment (50 “C) and control (35 C)
under thermal stress, a functional enrichment analysis using STRING was performed on a set of 1179 DEGs.
This analysis identified three out of four STRING clusters (Supplementary Table 3) consisting of 17, 15, and 11
members respectively belonging to protein refolding and chaperone binding clusters with False Discovery Rate
(FDR) < =0.05. These results suggest that HSPs were actively expressed in the treatment experiment, which is
consistent with their known roles in responding to thermal stress.

Reads curation, alignment, assembly and assessment of the de novo transcriptome

Considering the initial exploratory analysis in the transcriptome data in which HSP gene expressions had
revealed differences between control (35 ‘C) and treatment (50 °C), suggesting that the fungus was cultivated
under thermal stress, the computational pipeline was employed to generate a de novo transcriptome assembly
with high quality and accuracy. A series of ordered processing steps were performed on the raw reads, including
filtering out low-quality reads, trimming adapter sequences, removing reads with a low Phred score and riboso-
mal decontamination, to prepare them for subsequent analysis. All the libraries retained more than 93% of the
total reads (Supplementary Table 4) after cleaning and decontamination. Moreover, library strandness was also
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identified, and all the transcriptome libraries were detected as likely IU, which means inward and unstranded
libraries.

Supplementary Tables 1 and 4 provide information regarding the RNA-Seq libraries, including the library
identifier, the temperature of fungal cultivation, the percentage of uniquely aligned reads, and other relevant
details. Additionally, supplementary Fig. 3 shows a Multigc graph comparing each RNA-Seq alignment. The
HISAT? aligner depicted uniquely paired read mappings ranging from 89.77 to 93.17%. The meta-assembled
transcriptome, generated by StringTie2, was evaluated by rnaQUAST, which demonstrated 0.998% database
coverage and 0 unaligned transcripts (Supplementary Table 5). Supplementary Table 6 and 7 compare DEGs as
well as HSP before and after reads curation.

Our results corroborate with those reported by Liu, D. et al*?> and demonstrated the fungus was cultivated
under thermal stress. Our traditional alignment methodology demonstrated its effectiveness in capturing these
effects, especially when compared to the transcript-level expression quantification method initially presented
by Liu, D. et al*2. We observed minor fluctuations in the DEG counts before and after curation, resulting in an
increase of 156 DEGs after the curation process. This implies that, while data curation contributed to enhanced
data quality, it did not lead to significant alterations in the overall DEG landscape. In contrast, HSP genes exhib-
ited a slight positive variation. After curation, a subtle increase in the number of HSP genes was noted in some
pairwise comparisons, particularly in the 40 x 45 and 40 x 50 conditions, indicating that data curation helped in
capturing additional HSP genes (Supplementary Fig. 4). Additionally, a high-quality assembly, from uniquely
aligned reads, affirmed the extensive coverage of the database and the absence of unaligned transcripts, reinforc-
ing the accuracy of our assembled transcriptome (Supplementary Table 5).

Identification of IncRNAs and PCG with similar structures

In order to predict IncRNAs in the fungi, the pipeline selected structurally identical transcripts present in all
samples of each experiment. To accomplish this, the pipeline used the gffcompare track output file. This file
contains structurally similar transcripts with variations in the length of the first and last exons but retaining
identical intron length patterns. This variation may occur due to alternative splicing events, which lead to differ-
ent transcripts isoforms with different exon lengths. It is noteworthy that StringTie2 merge function is intended
to assemble transcript fragments that could vary significantly in each sample while gffcompare tracks only the
identical transcripts/fragments in each sample. The difference between those approaches can negatively impact
the identification of overlapping transcripts. For instance, the StringTie2 merge function detected 9154 overlap-
ping protein-coding gene transcripts in the fungi genome, while gffcompare merging function identified 7741
transcripts overlapping those same genes. It is important to note that both assemblies were executed with the
same set of parameters.

In order to demonstrate the potential impact of not selecting structurally identical transcripts on IncRNA
identification, which are transcripts known to have lower expression levels than PCG, three in-silico experi-
ments were conducted. Transcript data from each experiment was tracked and analyzed based on whether it
was detected in one, two, or all three samples for each experiment (Fig. 1).

The output from the gffcompare merged GTF file depicted the assembled transfrag TCONS 00000770,
class code “u” (intergenic transcript) with 3 exons. Notice that the biological experiments were performed using
three replicates of the fungus cultivated at temperatures ranging from 35 to 50 ‘C, totalling 12 samples. Each
sample received an identifier starting with the letter g and an < ID > number. gffcompare labeled the first assem-
bly file as q1, the second as q2, and successively until q12, according to its processing order and the number
of processed samples. Looking at Supplementary Table 1, specifically at the gffcompare ID column’s name, the
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Figure 1. Number of IncRNA transcripts identified in one sample (Unlikely), two samples (Likely), or three
samples (Probable) for experiments cultivated in different temperatures without assessing their coding potential.
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identifier q1 belongs to the input file (GTF file) whose fungus was cultivated at 50 °C; thus, this green intergenic
transcript depicted in Fig. 2 was only identified in just one sample (out of three) for the same experiment and
not expressed in any other samples even in different experiments. Transcripts appearing only in one sample for
the same experiment were labeled as Unlikely.

In this another example (Fig. 2), transfrag TCONS_00003679 (brown transfrags) with 2 exons, an antisense
transcript (class code x), was expressed once in the 50 “C experiment (q2), three times in the 35 “C experiment
(g3, g4, and g5), and once in the 40 °C experiment (g8). Setting the pipeline to recognize transcripts belonging
to all samples for the same experiment, this transcript was labeled as Probable for the experiment at 35 C only.

Figure 1 shows a comparison between IncRNA transcripts observed as “Unlikely” (one sample), “Likely”
(two samples) and “Probable” (three samples). The number of “Unlikely” transcripts, which are transcripts
detected in only one sample, is much higher than those detected as “Probable” or in all samples for the same
experiment. These values are raw values since those IncRNA transcripts have not been assessed yet for their
coding potential by BlastX, InterproScan, or CPC2. Supplementary Table 8 summarizes the number of mRNAs
and IncRNAs per sample and shows the total number of transcripts and their proportion per transcriptome.
After the coding potential analysis, 399 transcripts (Supplementary Table 10) were considered putative IncRNA
and utilized in downstream analyses.

The quantity of structurally identical IncRNAs revealed not only their presence in different temperature
conditions but also sheds light on the variations in their expression levels. The classification scheme provides
a clear distinction between IncRNAs that are consistently expressed in response to temperature changes and
those that appear in a limited number of samples. The “Probable” IncRNAs, which are expressed in all three
samples for each experiment, represent a set of transcripts that exhibit a robust and consistent presence, sug-
gesting that these IncRNAs may play essential roles in the fungal response to thermal stress. On the other hand,
the “Unlikely” IncRNAs, which are detected in only one sample, are a diverse group with the highest number
of transcripts. These transcripts may represent sporadic or biological context-specific responses to temperature
variations (Fig. 3 and supplementary Table 9). Hereafter, only “Probable” transcripts, IncRNAs and mRNAs,
identified by the pipeline (Supplementary Table 9) were used for the downstream analysis.

In addition to the analysis of structurally identical IncRNAs, we extended our investigation to mRNA tran-
scripts, specifically focusing on mRNAs that share structural identity across different temperature conditions,
using the same pipeline. The results of this assessment are surprising, as these structurally identical mRNAs
exhibited unique patterns of expression in response to temperature changes, following a distinct pattern when
compared to their IncRNA counterparts (Supplementary Table 9). Moreover, functional enrichment analysis
showed the enrichment of processes related to energy metabolism, which can be involved in repairing cell damage
and also increase the production of secondary metabolites®. The quantity of “Probable” mRNAs consistently
decreases with rising temperatures, starting with 6288 transcripts at 35 “C, reaching 5382 transcripts at 45 C,
which is its optimal growth temperature®, having also the highest number of intergenic (262) and antisense (67)
IncRNAs. Additionally, at the same temperature, differentially expressed IncRNAs showed the highest number,
reaching 56 DEGs, being 51 IncRNAs up-regulated.

At the highest experimental temperature of 50 C, the number of “Probable” mRNA transcripts increased
to 6422, contrasting to the reduced numbers of intergenic (139) and antisense (38) IncRNAs, which were the
lowest among all temperatures. Notably, at 50 ‘C, the fungal organisms expressed a higher number of HSP and
witnessed a lower number of up-regulated IncRNAs, a characteristic response to thermal stress™.

IncRNAs characterization

A comprehensive analysis of the features with all putative IncRNAs in the fungal genome was conducted to vali-
date the effectiveness of the IncRNA detection method. It was compared their traits with those protein-coding
transcripts (mnRNA), including CG content, transcription length, expression level across different temperatures,
number of exons and isoforms, and their localization within each fungal chromosome.

According to the GC content comparison between mRNAs and IncRNAs (Fig. 4A) across different tem-
peratures, the analysis revealed that IncRNA GC% is higher than the overall genome GC% but lower than the
mRNA GC%. Specifically, IncRNA GC% was around 55% while the organism overall genome GC% is 51.4491,
and the mRNA GC% is around 60%. This comparison can provide insights into the stability of genomic regions
the IncRNAs were localized in.

Moreover, the length of intragenic, intergenic, and antisense IncRNA transcript were compared to mRNA
transcripts (Fig. 4B), showing that IncRNA transcripts were generally smaller than mRNAs and displayed the
same median in all three IncRNA types. Furthermore, the lower extreme values of mRNA transcript lengths
were much smaller than all IncRNA transcripts, even when compared to the upper extreme values of the same
transcript class (nRNA), suggesting likely an inaccurate gene annotation.

Figure 4C displays the TPM expression levels of the fungal transcripts across different temperatures. The
results suggest that the expression of these transcripts decreases gradually as the temperature increases from 35
to 50 ‘C, indicating that the fungus was grown under thermal stress. Meanwhile, the IncRNA exon distribution
followed the mRNA exon distribution, showing the majority of IncRNA transcripts are holding two exons and
not exceeding four exons per transcripts (Fig. 4D).

Analysis of alternative splicing occurring in IncRNA and mRNA transcripts revealed that the majority of
IncRNA loci had only one spliced isoform (Supplementary Fig. 5), which might indicate that alternative splicing
is less prevalent in IncRNAs than in mRNAs. The intergenic transcripts XLOC 000800, XLOC_005021, and
XLOC_ 011814 exhibited the largest number of IncRNA isoforms, with three isoforms each (Supplementary
Material —Github). Conversely, mRNA loci showed a higher degree of isoform diversity, with up to five isoform
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Figure 2. Comparison of transcripts among experiments at varied temperatures (35, 40, 45, and 50 'C)
revealing structural identical and non-identical transcripts. Colored transcripts demonstrated structurally
identical transcripts found in each experiment.

variants detected, suggesting that alternative splicing could not be a common mechanism for generating IncRNA
isoforms in this fungal species.
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Figure 3. Venn diagrams showing the overlap of IncRNA and mRNA transcripts. The IncRNAs identified in
intergenic, intronic, and antisense regions of experiments ranging from 35 to 50 “C. Each diagram represents a
specific type of transcript, with the number in the circle indicating the total number of transcripts identified. The
overlap between the circles represents the number of transcripts that are present in multiple experiments.

This study found that the highest level of IncRNAs occurred in the 45 C experiment for all types of IncRNAs
with 189 intergenic, 28 antisense, and three intragenic transcripts detected (Supplementary Table 10). Venn
diagrams were generated from IncRNAs expressed in all experiments to provide insights into the distribution
and overlap of IncRNA transcripts across various temperature conditions (Fig. 3). This finding is consistent
with previous studies® indicating that this fungus prefers to grow at higher temperatures (>45 °C). In contrast,
mRNAs were the lowest level at 45 °C, with 5382 detected transcripts (Supplementary Table 9), which is opposite
to what was found for the IncRNAs. Nonetheless, at 50 ‘C, mRNA transcripts were at the highest levels, with
6422 transcripts, while the quantity of IncRNA was the lowest, presenting only 91 transcripts (Fig. 3). These
results raise the question of whether IncRNAs could be a strategic mechanism used by the fungus to modulate
gene expression at milder temperatures. Besides, considering only energy consumption, why does the fungus
rely on mRNAs to respond to thermal stress, given that mRNA undergoes translation, which is a more energy-
consuming mechanism?

With respect to intergenic transcripts, there were 189 IncRNAs expressed at 45 “C, which is 51 more tran-
scripts expressed at 35 ‘C. In comparison to the control (35 ‘C), the hottest experiment (50 “C) expressed 57 less
intergenic IncRNAs, totalling only 81. Regarding the antisense transcripts, the temperature at which the great-
est number of IncRNAs was observed was once again at 45 °C, which was more than 2 times the expression of
IncRNA in the control experiment. Furthermore, the experiment with the lowest number of antisense IncRNA
transcripts was at 50 ‘C, with only ten IncRNAs expressed. Interestingly, a similar pattern was observed for the
intragenic IncRNAs, with three IncRNA expressed in the experiment at 45 °C, one in the 35 °Cexperiment, and
none in the experiments at 40° and 50 C.

Finally, it is worth mentioning that 18 intergenic and two antisense IncRNAs, which were expressed in all four
temperature experiments, can potentially serve as candidate housekeeping IncRNAs since they were expressed
in all conditions, regardless of the temperature the fungus was cultivated.

Filtering out non-identical transcripts and differential expression analysis

This study performed a differential gene expression quantification analysis to determine whether the fungus
was cultivated under thermal stress conditions when comparing the control and the experiment at the hottest
temperature. Prior to describing the next differential gene expression quantification analyses using curated reads,
it should be noted that the prepDE.py3 script is not able to filter out “Unlikely” and “Likely” transcripts, and
generates a gene count matrix only with structurally identical transcripts identified during the transcriptome
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Figure 4. (A) mRNA and IncRNA CG-content comparison between temperatures. (B) Length comparison
of different IncRNA classes and mRNA. (C) Quantity of transcripts across experiments. (D) Distribution of
IncRNA exons.

assembly. Therefore, a Python script was used to filter out these transcripts as well as to retain gene isoforms
with the highest read counts only (Supplementary Material —Github).

As previously discussed, the TCONS 00003679 transcripts were expressed in three samples of the experi-
ment cultivated at 35 °C, but still present in two other samples labeled as q2 and g8, which respectively belong to
the sample from 50 ‘C (q2) and 40 C (q8). These two transcripts were not validated transcripts and, consequently,
they should be excluded from the final DEG output results.

The resulting gene count matrix was then processed by DESeq2, and the results are displayed in Supplemen-
tary Fig. 6A-D. It should be noted that the heatmap grouped all three samples in an orderly manner according to
each experiment temperature, particularly in the context of varying temperatures and emphasized the underlying
patterns in gene expression data. Regarding the PC1 and PC2, they revealed less explainability (69%) compared to
the prior PCA analysis (80%). This might be attributed to the decreased number of genes in the new gene count
matrix and may have contributed to the reduction of variability explained by the PCA analyses.

Additionally, the DESeq2 results also demonstrated that the experimental investigation conducted at 45 C,
when compared to the control group (35 ‘C), yielded 56 differentially expressed IncRNAs, with 51 up-regulated
and five down-regulated (Fig. 5). Surprisingly, differentially expressed IncRNAs at 50 ‘C exhibited an inverse
profile contrasted to the previous experiment, with 10 down-regulated and nine up-regulated IncRNA genes. This
inversion of IncRNA expression profile can be observed at the chromosome sets A and B (Fig. 6). Furthermore,
even though the longest fungal chromosome is the chrl, it only harbored 10 differentially expressed IncRNAs
at 45 “C, while the chromosome 2, which is almost half its size, contained 19 differentially expressed IncRNAs,
whereas seven IncRNAs were expressed in chromosomes 1 at 50 “C. Interestingly, chromosome 1 harbors 10 HSP
genes out of 21 HSP in the entire genome.

In general, our results suggest that temperature has a complex effect on IncRNA expression and, apparently,
it is regulated by different chromosomes.

Functional enrichment analysis after reads curation

STRING enrichment analysis was conducted on the newly curated and validated set of 1046 differentially
expressed genes from control (35 °C) and treatment at 50 C. The STRING database recognized all PCG and
reported the same three clusters related to protein refolding and chaperone binding clusters consisting of 17,
14, and 10 gene members with False Discovery Rate (FDR) < =0.05 as in the previous analysis (Supplementary
Table 11).
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Figure 6. Distribution of differentially expressed IncRNAs within the 7 chromosomes of the fungus expressed
in three different experiments (A) (35x40 C), (B) (35x45 ‘C) and (C) (35x 50 “C). Highlighted genes represent
IncRNA up-regulated (blue) or down-regulated (red)—(Anand & Lopez, 2022).

In addition, STRING also identified three novel GO Biological Process activity consisting of cellular car-
bohydrate metabolic process (36/149), carbohydrate catabolic process (38/162), and carbohydrate metabolic
process (64/317) and FDR <0.035. They are involved in energy production, structural maintenance, and overall
metabolic adjustments necessary for fungal survival and adaptation.

Ultimately, our proposed pipeline yielded similar enriched pathways with slight reduction in the number of
DEG before and after curation and validation. Moreover, it was able to identify novel and important enriched
metabolic pathways that are essential for fungi.

LncRNA and temperature

Our study also evaluates IncRNA abundance and expression patterns across experiments and their contributions
to the temperature response. Among the 500 most differentially expressed genes, 55 IncRNAs were distributed
across the heatmap (Fig. 7). Six HSP genes, including two small heat shock proteins, one chaperonin Cpn60/
GroEL, 2 ClpA/B family members, and one Hsp90 family member were up-regulated at high temperatures.
Notably, the majority of IncRNA genes showed a down-regulation profile at high temperatures, with only a few
displaying a similar expression pattern and grouped to the HSP genes.

Examining the cis-acting of IncRNAs with HSP, hierarchical clustering (Fig. 7) revealed an inversion of
expression between these two transcripts. While HSP exhibited an up-regulated pattern at high temperatures,
the expression of IncRNAs was down-regulated. To further explore the IncRNA and HSP transcript relationships
in the fungus, Weighted Correlation Network Analysis showed that some IncRNAs share the same expression
pattern with the cytochrome P450 family, an important stress-related gene family regulated in response to envi-
ronmental stresses. Previous studies have shown that long noncoding RNAs (IncRNAs) and cytochrome P450
monooxygenases (P450s) are involved in the detoxification process®. Finally, IncRNAs exhibited a stronger
correlation with CP450 proteins than with HSP (Fig. 9B).
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Weighted correlation network analysis
A WGCNA was constructed on a filtered and validated gene dataset consisting of 7261 genes after removing low
count reads to study the potential roles of IncRNAs in thermal stress and their relationship with HSP. The analysis
identified 10 (Fig. 8A) modules containing similar patterns of expression. Four modules (magenta, blue, brown
and green colors) harbor around 80% of all the analyzed genes and the highest number of IncRNA respectively.
The remaining modules comprise a small number of clustered genes, including a limited number of IncRNAs.
Ten HSP were clustered in the yellow module, with three HSP genes found in both blue and magenta modules,
and one HSP each found in brown, green, and pink modules (Fig. 8B). A heatmap showing correlation between
co-expression modules was plotted (Supplementary Fig. 7). Conversely, the yellow module, which contains the
great majority of HSP genes, harbored 393 clustered genes and six IncRNA genes only. Interestingly, the modules
that clustered the most quantities of PCG also contain a great amount of CP450 genes (six in magenta, eigh in
blue, two in green and eight in brown). Oxidoreductase enzymes, such as the Cytochrome P450 monooxygenase,
are involved in the fungal metabolism as well as response to stress in various organisms, including other fungi.
The oxidoreductase activity was investigated further due to its metabolic function in fungi. Computationally
annotated gene sequences from the Oxidoreductase protein family (54 genes) were retrieved from the UniProt
website, and used for a correlation analysis. Spearman’s rank correlation coeflicients were performed to investigate
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Figure 8. (A) The 10 modules identified by the WGCNA package. The blue bars represent mRNA and the
orange bars represent IncRNAs. The bars were displayed in descending order according to the gene number in
each cluster. (B) Bar plot showing the number of HSP (in red) and CP450 (in blue) genes in each module from
the WGCNA analysis.

a possible regulatory involvement of IncRNAs with PCGs, HSPs, and CP450 in thermal stress response (Fig. 9A-
B). The p-value was obtained to verify how likely the observed correlation is due to chance. The correlation
between PCGs and IncRNAs (Fig. 9C) was strong and positive (r=0.9333, p=0.00024). Conversely, while the
correlation between IncRNAs and HSPs was almost non-existent (r=0.26352, p=0.6684), the correlation between
IncRNAs and CP450 was positive and stronger (r=0.69183, p=0.0573) than the correlation between IncRNA
and HSP. This finding is an indication that IncRNAs may play a regulatory role in the expression of CP450 rather
than HSPs under thermal stress conditions.

The modules Magenta, Blue, and Yellow were then selected for downstream analysis on STRING since those
modules contain the major number of HSP (Fig. 8B). The Magenta Gene Ontology analysis on STRING showed
the most significantly enriched GO terms were Cellular process, Cellular metabolic process, and Cellular component
biogenesis, all of them having an FDR <0.01. The Yellow Gene Ontology analysis demonstrated that those genes
are involved in protein folding and refolding processes. Besides, the STRING analysis suggests that those genes
may interact with chaperone proteins to aid in protein folding and refolding, corroborating with the KEGG
pathway analysis, which indicates that those proteins could be involved in protein processing in the endoplas-
mic reticulum. Finally, the Blue Gene Ontology analysis suggests the majority of genes are involved in cellular
metabolism, including nitrogen compound metabolic process and small molecule catabolic process, which are
essential processes for fungi to survive and thrive in their environment.

Concluding remarks

Living organisms exhibit inherent variability. Therefore, replicated measurements are necessary”’ to enhance
statistical power and assess the reproducibility of research findings affected by this inherent biological variabil-
ity. Having multiple biological replicates increases the statistical robustness of the analysis and provides a more
accurate estimation of variability within the samples, helping to distinguish experimental noise from techni-
cal artifacts. Consistent findings across replicates increase confidence in the reliability of the results, and this
principle applies to RNA sequencing experiments as well*®. Hence, after preparing the RNA experiments with
biological replicates, accounting for biological variability, as well as mitigating technical variability introduced
during RNA sample preparation, sequencing, and data analysis, it is important to note that there will still be a
stochastic factor. Even under uniform conditions, individual cells may exhibit variability in gene expression levels.
This stochasticity can lead to differences in gene expression profiles between biological replicates®.

We have developed this pipeline to focus on reducing the variability in RNA-seq analysis by mitigating this
stochastic effect. We achieved that by analyzing structurally identical transcripts as they represent the most
commonly observed form of a gene in a particular condition through all replicates. This approach acts as a
reference point for understanding the gene expression level and establishing its function. It provides a clearer
picture of the organism’s transcription activity when comparing treatment and control or biological replicates,
increases accuracy of the analysis and strengthens confidence in the RNA-seq results. Therefore, structurally
identical transcripts act as a control group to help distinguish true biological variation within the replicates from
technical artifacts.

Furthermore, the pipeline does not ignore transcripts arising from alternative splicing events. Actually, if
those transcripts were identified in the set of replicates, they would be classified as structurally identical and then
they are reported by the pipeline. This allows researchers to identify which splicing events are significant and
potentially influence gene function. Studying the expression and function of structurally identical transcripts

Scientific Reports |

(2024) 14:19797 | https://doi.org/10.1038/s41598-024-67975-x nature portfolio



www.nature.com/scientificreports/

A)
400

300

IncRNA
%)
o
(=]

100

120

100

a0

60

IncRNA

40

B)
) 150 R20.69183
R*: 0.26352 p-value:0.0573
p-value:0.6684 125
100 .
g %
o
g so
- 25
°
T o T e e e
R e e e o 8.
-25
2 4 6 8 10 1 2 3 4 5 3 7 8
p— CP450

R2: 0.93333
p-value:0.00024 4

250

500 750 1000 1250 1500 1750
PCG

Figure 9. The graphs show Spearman’s rank correlation and the relationship between IncRNAs, HSP (A) and
CP450 (B), with the orange dots representing the residual errors. Data from the WGCNA analysis. (C) The
graph represents Spearman’s rank correlation. The blue line exhibited a linear relationship between PCG and
IncRNA. The residual error is shown in orange.

arising from splicing events is crucial for understanding the roles of genes. This knowledge serves as the foun-
dation for further exploration of alternative splicing mechanisms and their potential impact in the organism.

Adversely, it is absolutely possible that by comparing non-structurally identical transcripts, one might be
comparing a canonical form of a gene with one its isoforms once these transcripts arise from the same gene but
with variations in their structure due to alternative splicing events. This comparison could affect all downstream
analysis. For example, if someone is comparing gene Transcripts Per Million (TPM) values from a triplicate
experiment, it could be comparing two structurally identical transcripts with one non-identical transcripts (or
isoform) and therefore violating statistical test assumptions. ANOVA test, for instance, requires homogeneity
of variance or the variance among the groups should be approximately equal®. Non-structurally identical tran-
scripts may violate this assumption if they exhibit different expression patterns or levels of variability between
experimental conditions.

Moreover, DESeq2 assumes that the transcriptome data follows a negative binomial distribution and performs
normalization to account for technical variations. However, the different distribution of a non-structurally identi-
cal transcript might not be fully normalized and potentially leading to an inflated fold change and false positive
differently expressed (DE) result®®. This analysis might struggle to distinguish the true difference from biological
variability, potentially leading to miss DE genes or the analysis will recover only genes with the largest effect size.

To sum up, long non-coding RNA transcripts (IncRNAs) pose a level of complexity in RNA-seq analysis
due to their lower abundance when compared to mRNA transcripts, their heterogeneity of expression across
different cell types, tissues, and species, their low sequence conservation, their multitude of functions, and
also their splice variants. For instance, the HOTAIRM1 IncRNA, which is localized in the HOX gene cluster,
acts as a critical regulator of embryonic development and is known for its role in regulating axial patterning in
vertebrates® -*, HOTAIRM1 has different splice variants each with different biological functions. Therefore,
focusing on IncRNA transcripts with the same exon-intron structure allows for a more accurate assessment of
true biological variability in gene expression levels across replicates. Furthermore, comparing identical tran-
scripts minimizes technical and transcriptional noises, resulting in more reliable expression analysis of those
transcripts. Finally, prioritizing structurally identical transcripts from RNA replicates with enough sequencing
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depth enables accurate quantification of the overall expression of a gene in a specific condition or cell type,
providing an additional and essential step in analyzing IncRNA transcripts.

Conclusions

In the rapidly evolving field of high-throughput genomics and transcriptomics sequencing®, a challenge lies in
distinguishing artifacts or biased elements from valuable biological transcripts within transcriptome data, par-
ticularly in the long non-coding RNA world where these molecules exhibit remarkable structural diversity with
limited conservation across species, and play crucial roles in diverse biological processes'®. In response to this
challenge, we have developed a computational pipeline (Fig. 10) that employs a novel approach to track structur-
ally identical IncRNA transcripts among different biological samples in fungi. This pipeline integrates multiple
tools and algorithms to streamline the analysis of IncRNAs, identifies identical transcripts across different sam-
ples, ensuring a robust foundation for subsequent analyses and enables a more comprehensive understanding
of their roles in fungal adaptation to extreme temperatures.

To sum up, our innovative pipeline offers a comprehensive framework for the study of IncRNAs in thermo-
philic fungi. Our findings provide valuable insights into the complex interplay between IncRNAs, temperature
stress, and key genes involved in fungal thermal adaptation. Therefore, our study enhances the understanding of
non-coding RNA biology in extreme environmental contexts and lays the groundwork for future investigations
into the molecular mechanisms governing fungal responses to environmental challenges.

Data availability
The computational codes used in this study are available at GitHub (https://github.com/rogergsilva/structural
ly-identical-Incrnas/).
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Abstract

Fungi demonstrate the ability to thrive across a diverse range of temperatures and
environments. Thermophilic fungi, a group adapted to living under thermal stress, have
developed unique molecular mechanisms to cope with extreme conditions. Recently, long
non-coding RNAs (IncRNASs), a class of RNA molecules longer than 200 nucleotides and not
encoding proteins, have emerged as important regulators of gene expression, playing a role in
the response of organisms to heat stress. In this paper, we explore the role of IncCRNAs as
potential genomic adaptations of thermophilic fungi by comparing their repertoire with that of
mesophilic counterparts, which inhabit moderate temperatures. Additionally, we have analyzed
the expression of RNA polymerases within these fungi. For achieving our aims, we have used
different available IncRNA tools for characterizing these RNA molecules. Collectively, our results
indicate that the genomes of these fungi contain putative syntenic IncRNAs which are enriched
in shared sequence motifs. Additionally, we have identified likely thermal adaptation in the RNA
polymerases of the thermophilic species.
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INTRODUCTION

Fungi diverged from the animal kingdom approximately 1 to 1.5 billion years ago! and
this evolutionary relationship is well-supported by substantial scientific evidence*3. This
divergence marked the split of the Opisthokonta supergroup into two major lineages: the
Holomycota (also called Holofungi or Nucletmycea), which includes Fungi and their unicellular
relatives and the Holozoa, which encompasses Metazoa (animals) and their unicellular relatives
like choanoflagellates. The fungi kingdom is incredibly diverse, encompassing a wide range of
organisms from unicellular yeasts to multicellular molds, as well as those that can thrive in

extreme environments, including both cold and hot temperatures.

Cryophilic fungi are an ecological group of fungi that thrive in cold environments (<0°C),
such as the Antarctic continent*. They have adapted to living in temperatures that would be
inhospitable to most other organisms, by producing antifreeze proteins and unsaturated fatty
acids with high catalytic activities that help protect their cells from freezing. On the hot side of
Earth, thermophilic fungi are predominantly found in soil and other habitats characterized by the
decomposition of various plant materials and grow at temperatures extending up to 62°C®,
demonstrating their remarkable adaptability to high-temperature environments. These fungi
produce thermotolerant enzymes that can break down complex organic matter even at high

temperatures.

In between these two extreme temperatures, mesophilic fungi prefer temperatures that
are moderate, such as those found in soil and decaying organic matter. They have developed an
arsenal of enzymes that allow them to break down tough organic materials, such as cellulose

and lignin, which are essential for maintaining healthy ecosystems.

Furthermore, fungi are not just important for their ecological and industrial roles. They are
also fascinating creatures. Thermophilic fungi is a small and interesting group in Ascomycota
phylum booming at temperatures that challenge cell membrane stability and other biological
structures®. Phylogenetically closely related to mesophilic fungi®, which usually grow best in
moderate temperatures (20-45°C), these heat-lovers fungal species are on the spot of scientific
and commercial interests due to their potential sources of thermostable enzymes®. They feed on
where organic matter decomposes and cannot grow below 30°C, clearly showing they are

biologically adapted for living at that temperature range.
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Temperature influences almost everything within an organism, spanning from biological
functions to cellular integrity. Genome size seems to be one of those adaptive processes that
have happened to these organisms to cope with elevated temperatures. Despite fungi genome
sizes vary greatly among different species, from 2.9 mega base pairs of the Encephalitozoon
intestinalis” to 893.2 Mbp from Gymnosporangium confusum?, there is noticeable genome
reduction in thermophilic genomes when they are compared to the closest mesophilic species®.
Moreover, genes interrupted by short introns, reduction of intergenic regions, loss of
protein-coding genes, repetitive sequences, transposable elements, diversity of gene structure
are all characteristics of the fungal genomes®. Those notable features have demonstrated a

challenge for fungal studies and even more for thermophilic fungi investigations.

Recently, long non-coding RNAs have emerged as significant gene expression regulators
and are involved in distinct organism heat-stress responses®*?, Those single-stranded RNAs
are longer than 200 nucleotides and do not encode for proteins. They can be classified
according to their position in the genome as sense, antisense, intergenic, intronic, and
bidirectional®®. Although those molecules once were thought to be “junk” RNA, it is now known
as important regulatory mechanisms in gene expression, chromatin structure and involvement
with other cellular processes. Their functions are often dependent on their specific sequence,
structure and its ability to interact with other cellular molecules, specifically in thermophilic
organisms that make them important thermal markers. However, their mechanisms of action

remain largely unknown*3.

Considering the thermophilic genome reduction event which would have influenced the
intergenic region contraction as well as collaborated to the protein length reduction hypothesis,
gene losses are also another genome reduction contributor that might include IncRNA genes.
This reduction could be a consequence of the high cost of their functional maintenance,
adaptation to a high environmental temperature, or even an elimination of genes that have low
thermal stability. The present study compares IncRNAs between thermophilic and mesophilic

fungi and their implication in genome reduction.
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MATERIAL AND METHODS

Transcriptome data collection and assembly

In this study, it was analyzed 22 single-end 75bp poly-A cDNA RNA-seq libraries from the
mesophilic fungus Chaetomium globosum (SRA Study SRP198385) and 12 paired-end 150bp
poly-A cDNA RNA-seq from the Thermothelomyces thermophilus (SRA Study SRP336977), a
thermophilic fungus, obtained from the NCBI Sequence Read Archive (SRA).

Mesophilic fungi libraries were inspected by FastQC and MultiQC®. Illlumina adapter
sequences were removed, including low quality reads from both ends below Phred 30 using
BBDuk?. A ribosomal decontamination with sequences downloaded from the RFam database?’
was applied also using BBDuk. Reads shorter than 50 bp were removed. Salmon
pseudo-alignment tool® with default parameters and --gcBias --validateMappings
--numGibbsSamples 200 --seqBias flagged was used to identify library strandness. The
remaining reads were then mapped de novo using the genome based splice-aware aligner
HISAT2'® with --no-mixed --no-discordant parameters. StringTie2?° was applied to assemble the
mapped reads and generate a meta-transcriptome, according to the StringTie2 protocol. The
gffcompare and gffread” tools were used for evaluating transcript assemblies, extracting FASTA
files from the already merged assembled transcriptome and track structurally identical transcripts
between the RNA-seq libraries. Ultimately, the meta-assembly FASTA file was evaluated by the
raQUAST tool* according to the reference genome and its annotation file (Table 1). Regarding

the thermophilic libraries, we applied the methods described by Silva, R. G., et. al®.

Identification of IncRNAs

The gffcompare tool classifies transcripts based on their position within the reference genome.
Transcript sequences whose length were longer than 200 bp were classified as "u", “x”, and “i"
by gffcompare were selected. These codes stand for intergenic, antisense, and intragenic
transcripts respectively. A Fungi protein-coding genes BLAST database was built locally and
IncRNA genes were compared to this local protein database using BLASTx. Antisense IncRNA
sequences were preprocessed before BLASTx alignment, according to methods described in
Silva, R. G., et. al®.
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Additionally, InterproScan® was used to detect Pfam protein domains in intermediate IncRNA
sequences. Any IncCRNA sequence exhibiting similarity to protein domains or family were
excluded. Ultimately, transcripts classified as non-coding by CPC2? tool in both strands without
being aligned by BLASTx nor detected belonging to any protein domain or family by

Interproscan were maintained.

Orthology and synteny analysis

A phylogenetic study® analyzed the proteomes of thermophilic and mesophilic fungi, revealing
their evolutionary relationship and relatedness in the phylogenetic tree. To investigate the
presence of conserved IncRNAs in both genomes, the OrthoMCL tool*® was used for ortholog
gene prediction. The analysis was performed using the Synima pipeline®’, which encompassed
the execution of all-versus-all protein alignments through BLASTp® searches. Additionally, the
DAGchainer tool® was employed to identify conservation blocks within the compared genetic

data of the thermophilic and mesophilic fungi.

Identification of conserved IncRNA sequences between fungus

To discover conserved IncRNA within the two fungus species, a BLAST? database was built with
all IncRNA DNA sequences for each fungus. Then, a reciprocal best hit sequence alignment was
conducted using the following parameters: e-value < 1x107, identity and query coverage > 50%,
and the difference in length between each pair of sequences = 50% for thermophilic-mesophilic

and mesophilic-thermophilic fungi sequences. The best hit for each alignment was retained.

Secondary structure conservation

The multifaceted functions of INcRNAs are frequently linked to their capacity to recognize and
bind to different molecular targets. In this context, their secondary and tertiary structures play
crucial roles. To compare IncRNA secondary structures, BEAGLE?® was applied to study the
secondary structure similarities between the putative orthologous IncRNAs. This tool calculates
a z-score value for each pairwise comparison and, accordingly to their authors, z-score = 3 and

p-value <0.01 was considered a significant match.
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Protein interaction analysis

LncRNA-protein interactions play crucial roles in diverse cellular processes, including gene
expression regulation®. The specific binding between IncRNAs and proteins is often mediated
through motifs or sequence elements present in the INcRNA molecule. Therefore, the catRAPID
omics v2.1% computation-based tool was used for predicting the interaction of IncRNA-protein,
by computing scores of the IncRNA-protein interaction propensities using physicochemical

properties, such as secondary structure, hydrogen bonding and intermolecular force.

LncRNA localization

To investigate the subcellular localization of IncRNAs, DeepLncLoc computational tool was used.
DeepLncLoc?* is a deep learning framework designed for predicting the subcellular localization
of IncRNA sequences. Only the housekeeping INcRNAs were analyzed by the DeepLncLoc web

server.

Motif discovery analysis

Recent studies have observed that IncRNA conservation might be restricted to small regions
within the overall sequence®®. Therefore, to evaluate the degree of motif similarities between the
IncRNAs from both fungi, IncRNA sequences were assessed using the MEME online suite®.
Motifs were considered significant with e-value <0.05. Additionally, the motifs were searched in
the Fungi JASPER database® to identify likely transcription factor binding sites. It was also used
the LncLOOM?® algorithm, which is designed to identify deeply conserved short sequence motifs
in ordered way within orthologous sequences. The parameters flagged in this tool were --startw
30, which sets IncLOOM for scanning motifs of length 30 nucleotides long and decreases until 6
nucleotides. The other parameter was -r 100 which defines the number of random interactions

for statistical purposes.
Analysis of RNA polymerase expressions
RNA Polymerase is an enzyme responsible for synthesizing RNA from a DNA template during

the process of transcription. Therefore, to investigate differences in RNA Polymerase gene

expressions between the two fungi, the largest subunits of RNA polymerases (RNAP) I, 1l and IlI
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from mesophilic and thermophilic fungi were retrieved computationally from the OrthoDB
database (https://www.orthodb.org/) based on their annotations. The subunits RPA1 for RNAP I,
RPB1 for RNAP Il and RPC1 for RNAP Ill were selected because those subunits contain the
catalytic site or the site where the polymerization of RNA occurs. Subsequently, all retrieved
genes were searched and analyzed on the UniProt website, having demonstrated a minimum of
50% identity in the Uniprot Reference Clusters. Transcripts per million (TPM) expression for
each gene symbol was then queried in the StringTie assembled transcript tracking file. Deseq2*’
analysis method was applied to transcript count matrix files from libraries of thermophilic fungi.
Kruskal-Wallis H and post-hoc pairwise Dunn's test analyses, both non-parametric tests, were

performed on TPM values of thermophilic RNA polymerase genes.

RESULTS

Characterizing features of mesophilic and thermophilic IncRNAs

Considering the phylogenetic relatedness of the mesophilic and thermophilic selected fungal
species, a comparative analysis on both transcriptomes was performed to determine the
abundance and diversity of their transcripts and to characterize their IncRNAs. This analysis
uncovered intriguing findings. Figure 2 presents the total number of transcripts, for both mRNAs
and IncRNAs, and it demonstrates that the transcript repertoire of the thermophilic fungus is
significantly larger than the mesophilic fungus, except for the mesophilic intragenic INCRNAS,
which showed a difference of 2 transcripts more than the thermophilic. The results indicated that
there were three types of IncRNAs in both transcriptomes, 350 intergenic, 45 antisense and 4
intragenic for the thermophilic fungus, whilst for the mesophilic IncRNAs, there were 206

intergenic, 21 antisense and 6 intragenic.

Currently, the mesophilic genome assembly is at the scaffold level and likely missing gene
annotations. Nevertheless, a more precise quantification will be achievable when both genomes
are fully assembled at the chromosome level. Moreover, both fungi should be cultivated at
temperatures higher than their optimal growth temperatures, which was the case only in the
thermophilic experiment. Despite these considerations, the thermophilic transcriptome exhibited
the expression of 75% of all annotated protein-coding genes (9,292), whereas the mesophilic
transcriptome expressed only 41% of its annotated protein-coding genes (11,048). This

divergence in expression raises intriguing questions regarding the underlying reasons for such
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differences in transcription pattern between the two fungal species. Therefore, further
investigations are needed to elucidate the molecular mechanisms and environmental factors that

contribute to these observed characteristics.

When it comes to analyzing alternative splicing transcripts, limited depth in RNA library data
could have higher chance of missing lowly expressed or rare isoforms, but, on the other hand,
by prioritizing structural identical isoforms, the analysis increases the likelihood of capturing
isoforms that contribute the most to the overall gene expression pattern. Therefore, Figure 3
demonstrates the differences in isoform abundance between the thermophilic and mesophilic
fungus. The thermophilic mMRNA exhibited approximately three times more isoforms (1233)
compared to the mesophilic mMRNA (407). This pattern was also observed in intergenic INCRNAS,
with 61 isoforms identified for thermophilic intergenic IncRNAs and only 22 for mesophilic
intergenic INcRNAs. Interestingly, no antisense isoforms were detected in the mesophilic fungus,
while 6 were identified in the thermophilic fungus. Additionally, this analysis did not identify any
intragenic isoforms in these fungi. These findings might provide evidence on the differential
isoform pattern between thermophilic and mesophilic fungi, suggesting that thermophilic fungi

may rely on isoforms to cope with elevated temperatures.

The GC content of each fungus was calculated and plotted for mRNA and the analyzed IncRNAs
(Figure 4). It is evident that the CG content of mMRNASs is notably higher than that of the IncCRNAs,
reaching approximately 60% for both fungi. It is worth noting that one possible adaptation for
thermophilic fungi to thrive at higher temperatures is an increase in the dinucleotide C-G.
However, comparing their mRNA, they exhibit similar CG content distributions. Additionally,
looking at the INcCRNA molecules, they display comparable interquartile distributions, with minor
variation in the median for each distribution. Intragenic IncRNAs showed a slightly larger

interquartile range, likely due to the number of samples in the distribution.

Protein-coding gene losses contribute to genome reduction in thermophilic fungi. Interestingly,
when comparing transcript lengths (Figure 5) between the thermophilic and mesophilic fungi, it is
noticeable that the median length of transcripts in the thermophilic fungus is located close to the
third quartile of mRNA lengths in the mesophilic fungus. The thermophilic median is
approximately 1700 bp, while the mesophilic median is around 1100 bp, indicating that the
MRNA transcripts from the thermophilic fungus are longer than those from the mesophilic

counterpart. While the median is centered for both antisense transcripts in the fungi, the
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intergenic transcript distribution is slightly right skewed, suggesting the presence of shorter
transcripts in both samples for this category. Overall, the distributions of antisense and intergenic
IncRNAs are similar for both fungi, with the mesophilic transcripts exhibiting a broader dispersion
compared to thermophilic transcripts.

Regarding the expression levels between the mesophilic and thermophilic fungi, Figure 6
compares mRNA and IncRNA transcripts, revealing higher expression of thermophilic mMRNA
compared to the mesophilic fungus. Despite the use of the transcripts per million (TPM)
normalization method to plot the expression values, TPM calculations rely on the total number of
mapped reads. Consequently, variations in library depth can impact TPM values, leading to
inflated values for certain transcripts*?. Additionally, only the comparison of antisense IncRNA
TPM values showed comparable results, with 929 for the mesophilic fungus and 1280 for the
thermophilic fungus when comparing the same antisense transcripts. In contrast, other transcript
types, such as mRNA, intergenic, and intragenic IncRNAs, displayed substantially different
values between the two species. For instance, intergenic transcripts exhibited higher abundance
in the mesophilic fungus (63,678 TPM) compared to the thermophilic fungus (10,961 TPM).
Similarly, intragenic transcripts followed a similar pattern, with greater expression in the
mesophilic fungus (550 TPM) than in the thermophilic fungus (95 TPM), representing an
approximately five-fold difference in expression levels between the two species. To analyze in
detail the TPM values for mMRNA and IncRNAs, Figure 7 depicts expression levels of mMRNAs
and IncRNAs across mesophilic scaffolds and thermophilic chromosomes in each fungus. The
discrepancy in TPM values, showing a higher abundance of thermophilic transcripts at lower
values, when compared to the mesophilic, could be an indicator of specific gene expression

levels or potential variation in transcriptional activity between the organisms.

Finally, the distances in base pairs between the Transcription Termination Site (TTS) of protein
coding genes and the closest downstream Transcription Start Site (TSS) of intergenic INCRNAs
were compared in mesophilic and thermophilic fungi. Additionally, the distance from the TTS of
intergenic INcCRNAs to the closest downstream Transcription Start Site (TSS) of protein coding
genes was also computed (Figure 8). The graph reveals that the distance from the TTS of
protein coding genes to intergenic INCRNAs is smaller in the mesophilic fungus compared to the
thermophilic fungus. A similar trend is observed when comparing the distance between the TTS
of an intergenic IncRNA to protein coding genes and the transcription termination site of

IncRNAs, suggesting that there is a relatively shorter distance between intergenic IncRNAs and
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protein coding genes in the mesophilic fungus compared to the thermophilic fungus. The
maintenance of intergenic INcCRNA elements in the thermophilic genome, even after the genome
reduction event, may indicate their functional significance in important regulatory processes of

the thermophilic fungus.

LncRNA sequence conservation

Although the evolutionary conservation of INcCRNA nucleotide sequences across different species
can vary from poorly conserved to highly conserved compared to protein-coding gene
sequences*®, the conservation of IncRNA sequences within these fungi was analyzed. Out of a
total of 350 IncRNAs for the thermophilic fungus and 233 for the mesophilic fungus, this analysis
identified a limited number of conserved INcRNAs and one IncRNA isoform that aligned to the
same IncRNA in both databases using BLAST tool. This outcome suggests that the majority of
IncRNAs show limited conservation between the two species, an indication of rapid sequence
evolution of the INcRNAs, possibly due to an acquiring species-specific functions, regulatory

roles or even thermal adaptation.

Secondary structure conservation

The lack of sequence conservation in the previous analysis of INCRNAs suggests that their
functional elements may reside in other features, such as their secondary structure. In this
regard, pairwise alignments of mesophilic IncRNAs with all other thermophilic IncRNAs were
analyzed. Applying the threshold recommended by the authors of the BEAGLE algorithm
(z-score > 3), only 5 IncRNAs were considered structurally similar across the mesophilic and
thermophilic fungi. The BEAGLE algorithm identified 416 alignments with a z-score > 3 and
p-value < 0.01. Nevertheless, considering the importance of structural identity when aligning
RNA secondary structures to determine functional similarity, a structural identity threshold of =
50% was also applied to the previous selection, resulting in five alignments. Remarkably, one
mesophilic IncRNA aligned to three different thermophilic IncRNAs. Based on these results, it
appears that this approach did not provide significant evolutionary inferences between the two

sets of fungi INCRNAs.

Finding orthologous IncRNAs
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Since the previous approaches failed to identify orthologous IncRNAs based on sequence
similarity or secondary sequence conservation, further investigation into orthology and synteny
was deemed valuable and subsequently conducted. The orthologous study revealed the
presence of 6,498 shared genes (Figure 9) between the mesophilic and thermophilic fungi,
indicating a significant overlap in protein coding gene content and emphasizing the substantial
conservation observed among these organisms. In addition, the syntenic study (Figure 10)
aimed to determine the presence of INcCRNAs within genomic regions between orthologous
genes. The analysis identified 74 likely loci for intergenic IncRNAs in mesophilic adjacent
orthologous genes and 172 likely loci for intergenic IncRNAs in the thermophilic fungi. Moreover,
a subset of 8 housekeeping INcRNAs was identified between the adjacent orthologous genes,

representing potential candidates for conserved regulatory roles essential to both fungal species.

Subcellular localization of IncRNAs

The housekeeping INcRNAs were utilized in the DeepLncLoc tool, which predicts IncRNA
localization in cellular compartments within a cell, including Cytoplasm, Nucleus, Exosome,
Ribosome, and Cytosol. Using this tool, the localization patterns between mesophilic and
thermophilic IncRNAs were compared. Nonetheless, the results displayed a different subcellular
localization for eight pairs of IncRNA and did not provide any insights into the evolutionary
relationship of housekeeping INcCRNAs. Only two pairs exhibited localization in the same cellular
region within the cell, which were identified in the cytoplasm (TCONS_00000833,
TCONS_00003919) and nucleus (TCONS_00018980, TCONS_00007770). Therefore, this tool
was not so effective in identifying a consistent subcellular localization pattern for the

housekeeping INcRNAs and a complementary approach is needed.

Protein interaction with IncRNAs

One established function of INncCRNAs is to act as protein scaffolds, bringing protein into close
proximity forming functional complexes of RNA-binding proteins. The catRAPID tool estimates
the binding propensity of protein-RNA pairs by combining secondary structure, hydrogen
bonding and van der Waals contributions. It was computed the protein-RNA potential interaction
between all protein coding-genes and all sets of mesophilic and thermophilic IncRNAs. The
analysis did not exhibit any significant predicted interaction between mesophilic and thermophilic

IncRNAs and any proteins, not even using the shortened list of IncRNAs found previously.
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Motifs within the IncRNAs

Despite the limited sequence conservation observed within both sets of IncRNAs, as well as the
lack of substantial evolutionary inferences based on their secondary structures, subcellular
localizations, and protein interactions, this study aimed to investigate the potential enrichment of
shared sequence motifs. To explore this aspect, two motif discovery tools were employed to
analyze the sets of IncRNAs. Conserved sequence motifs were analyzed by the MEME suite,
which detected one motif containing 29 nt long in 127 sequences with an e-value of 1.7e-054 for
the mesophilic INcCRNA sequences. For the thermophilic IncRNA sequences, a motif of 29 nt in
length was detected in 168 sites with an extremely low e-value of 4.9e-072. However, after
having analyzed these finding motifs in the Fungi JASPER database through the MEME suite,
e-value (calculated by multiplying the p-value by the total number of target motifs in all the target
databases) and g-value (False Discovery Rate) exhibited non-significant values. Additionally,
LncLOOM, an algorithm designed to identify orderly biologically relevant short conserved motifs
within INcCRNAs was also executed. This algorithm requires a set of orthologous INcRNAs to be
compared to and the authors demonstrated that functional elements require motif conservation,
and the order of these motifs are conserved across long evolutionary distances. Therefore, the
shortened list of IncRNAs previously found was processed by IncLOOM, and this approach was
able to identify motifs with each pair of IncRNAs. Table 2 describes the mesophilic and
thermophilic IncRNAs, the number of motifs found in order, and their respective lengths. Based
on the findings of the IncLOOM paper, which examined Cyrano INCRNAs across 17 species and
identified 9 conserved motifs in each sequence, a threshold of 9 motifs was applied in this
analysis. Consequently, the first, second, fourth, and fifth IncRNAs were filtered out, resulting in
the identification of 4 orthologous INCRNASs that contained 9 or more motifs. Concluding, despite
the limited sequence conservation, IncLOOM algorithm and orthologous analysis highlighted the
motif conservation and motif order in functional elements across evolutionary INcRNAs and was
able to identify four biologically relevant transcripts within the mesophilic and thermophilic
INcRNAs.

RNA polymerase expression analysis

RNA polymerases are essential for gene expression in all living organisms. RNA polymerase | is

responsible for transcribing ribosomal RNA (rRNA) genes, which are essential for ribosome
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biogenesis and protein synthesis. RNA polymerase |l is essential for transcribing protein-coding
genes in both mesophilic and thermophilic fungi and is highly conserved across eukaryotes,
including fungi. Along with these two RNA polymerases, RNA polymerase Il transcribes genes
encoding small non-coding RNAs, such as tRNAs and 5S ribosomal RNA and some small
nuclear RNAs (snRNASs). These three classes of RNAs are the main types of RNA polymerases
typically found in fungi. Furthermore, they consist of multiple subunits, both small and large, that
come together to form a functional enzyme. At Sordariales (Ascomycota - Sordariomycetes)
level, the OrthoDB classified the fungi RNAPs orthologous genes from ten different species,

each presenting single copies and none multi-copy in those ten species.

Our analysis showed that DESEQ2 did not detect any differences in the expression of RNAP
genes among the thermophilic RNA libraries. The mesophilic RNA libraries were not analyzed by
DESEQ2 because they were not prepared under the same cultivation temperature conditions as
the thermophilic libraries. Additionally, structurally identical RNAP | and RNAP IIl were not found
in any mesophilic transcriptomes, only RNAP Il (identified by the gene CHGG_01704).
Therefore, mesophilic RNAPs were not analyzed due to the lack of structurally identical
transcripts between different classes of RNAP. Moreover, no structurally identical samples were
found for RNAP | and RNAP Il in the experiment conducted at 45°C in thermophilic fungi.
Consequently, RNA Il expressions for experiments carried out at 45°C in all samples were

excluded from subsequent analysis.

We were interested in two questions. Firstly, if there is any difference in gene expression of
RNAP 1, II, or 1l among thermophilic samples at different temperatures; and secondly, if there
are any differences in RNA polymerase expressions among them in order to address those
guestions, we applied Kruskal-Wallis H-test and Dunn's test pairwise comparisons. The Dunn’s
test is commonly used as a post-hoc test for comparing multiple group means. Table 4 and 5
present the results of both tests. It shows that only RNAP Il samples rejected the null
hypothesis for all tested temperatures. Additionally, RNAP | and RNAP Il expressions cultivated
at 50°C, and RNAP Il and RNAP Il expressions cultivated at 40°C did not meet the threshold of

0.05 and, consequently, the null hypotheses were not rejected.
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DISCUSSION

The mesophilic fungus Chaetomium globosum and its evolutionary counterpart,
Thermothelomyces thermophilus, a thermophilic species, present an opportunity for studying
IncRNAs due to the potential to observe adaptive evolutionary mechanisms at the molecular
level. Since these fungal species share a common ancestor®, their adaptation to distinct
environmental temperatures likely involved regulatory changes at the genomic level, including
alterations in protein-coding genes or changes in gene expression patterns mediated by
non-coding RNAs®. Utilizing our recently developed computational pipeline for identifying
structurally identical IncRNAs, which adds another level to IncRNA identification and
characterization, we have applied this approach to publicly available bulk RNA-seq datasets
from mesophilic and thermophilic libraries. This investigation aimed to elucidate the conservation
and divergence of IncRNAs between these closely related fungi, shedding light on the

evolutionary dynamics of non-coding elements in response to thermal environmental stress.

In our analysis, we explored the IncRNA repertoires within these two fungal species and
compared them in each fungus. Primarily, we focused on elucidating the role of INncRNAs in
temperature adaptation, particularly regarding their abundance, diversity, and potential
regulatory functions. Significant intergenic INCRNA quantity was observed in thermophilic fungi,
~70% higher than the mesophilic fungi, suggesting their potential involvement in mediating
responses to temperature stress. Interestingly, the length of intergenic INCRNA transcripts
apparently exhibited the same median in both fungi, a genetic location supposed to be shrinked
in thermophilic fungi. The detected higher number of thermophilic isoforms (~3x), particularly in
intergenic regions, suggests a potential role for using isoform splicing in fine-tuning gene
expression under elevated temperatures, likely due the genome reduction in these organisms.
Moreover, Figure 8 demonstrates the distance in base pairs from Transcription Start Site (TSS)
and intergenic INcRNA Transcription Termination Site (TTS) is longer in thermophilic fungus than
in mesophilic fungus, which is another interesting finding since genome reduction is typical of
thermophilic fungus. This result highlights the importance of intergenic regions in the regulatory

landscape of thermophilic fungi.

The expression analysis between these two species displayed an interesting finding. Figure 7
showed the discrepancy in TPM values in thermophilic organisms, specially the higher

abundance of transcripts at lower TPM values, implying that certain genes may be tightly
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regulated or highly expressed even at relatively low levels. This pattern may reflect the
importance of certain genes or pathways in the adaptation of thermophilic fungi to
high-temperature environments and highlights that IncRNAs, which presents low abundance
when compared to protein coding genes and are involved in fine-tuning gene expression by
regulating the transcription, splicing, or translation of protein-coding genes, could be important
players in regulating thermophilic gene expression. Moreover, these differences may also
involve transcription factors, epigenetic modifications, or other regulatory elements in response
to environmental cues or evolutionary pressures. Hence, understanding the regulatory
mechanisms underlying these expression patterns can contribute to our knowledge of fungal

adaptation and evolution.

Examining the motifs found within each fungal species, our approach identified biologically
relevant motifs within both mesophilic and thermophilic IncRNAs, suggesting potential roles in
regulatory processes despite sequence divergence. Despite the sequence differences, both
motifs share some common features, such as the presence of repetitive sequences and
alternating nucleotide patterns. These conserved features may indicate functional elements or
structural motifs that are conserved across IncRNAs in both thermophilic and mesophilic fungi.
Repetitive sequences and alternating nucleotide patterns have been associated with RNA
secondary structure formation, RNA-protein interactions, and regulatory functions in gene
expression®“!, Thus, the differences in motif sequences between the thermophilic and
mesophilic fungi may reflect adaptations to their respective environmental conditions and
regulatory requirements. Nonetheless, further analysis is needed to determine the exact roles

and significance of these conserved features in INcCRNA biology.

Furthermore, we have analyzed the expression of RNA polymerase |, I, and Ill, which are
crucial for understanding the transcriptional regulatory mechanisms underlying temperature
adaptation, evolutionary adaptation, and non-coding transcripts. RNA polymerase Il shows
significant expression across all tested temperatures, aligning with our other findings and
showing the importance of non-coding loci in the thermophilic fungi. Additionally, Table 3 shows
that RNAP | and RNAP Il length from mesophilic fungi are smaller than the thermophilic
counterparts. This likely demonstrates another thermal adaptation from this fungi which could
impact in facilitating transcriptional activity at high temperatures as well as in its efficiency and
specificity to transcribe their genes. This evolutionary change could also impact regulatory

elements within the thermophilic genome, such as promoters and enhancers may need to be
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adapted to accommodate these differences in size, linking again to the importance of intergenic

regions.

CONCLUSION

This comparative analysis of INcRNAs in mesophilic and thermophilic fungi offers a wealth of
information on the regulatory mechanisms underlying temperature adaptation. By elucidating the
functional roles, expression patterns, and genomic organization of IncRNAs, this study
significantly contributes to our understanding of the molecular basis of fungal adaptation to
environmental stressors. Besides, it further paves the way for future studies aiming to unravel
the intricate mechanisms of IncRNAs and fungal gene regulation and their evolutionary

dynamics.

While IncRNAs may indeed be expressed at lower levels compared to protein-coding genes,
their lower abundance does not necessarily diminish their biological importance. Instead,
INcRNAs probably play critical regulatory roles in diverse cellular processes despite their
relatively modest expression levels. In spite of the fact that available IncRNA tools still present
challenges in elucidating their evolutionary history, even within these closely related organisms,
fungi play critical roles in ecosystems as decomposers, symbionts, and pathogens and represent
one of the earliest branching lineages among eukaryotes in the evolutionary timeline, and the

study IncRNA in fungi is still in its infancy.
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Figure 1: FastQC results of the 22 RNA-seq libraries displaying the relationship between base position
(x-axis) and Phred score (y-axis). The graph was generated using Multigc from FastQC analyses.
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Figure 2: Comparison of transcript quantity in mRNA and Intergenic, Antisense, and Intragenic INCRNAs
across thermophilic and mesophilic fungi.
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Figure 3: The bar graph shows a comparison between alternative splicing isoforms in thermophilic and
mesophilic transcriptomes for mMRNA and IncRNAs.
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Figure 4: Distribution of CG content with outliers for mMRNA and IncRNAs transcripts across thermophilic
and mesophilic fungus.
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Figure 5: The graph compares the length distribution of different RNA categories in thermophilic and
mesophilic fungus.
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Figure 6: The bar graph illustrates the transcript abundance measured in transcripts per million (TPM)
values for different RNA categories in the mesophilic and thermophilic fungi
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Figure 7: TPM values for each mesophilic fungus scaffold and thermophilic fungus chromosomes. The
graph A) shows TPM values for all mRNA transcripts, while the graph B) presents TPM values for all types
of INcRNAs.



53

5000 4

4000 4

3000 4

2000 4

Distance (bp)

1000 4

T T
PCG-TTS-IncRNA-TSS IncRNATTS-PCG-TSS
Type

B Mesophilic Thermuphiliu:l

Figure 8: Boxplot comparing the distance in base pairs from a protein coding genes Transcription
Termination Site (TTS) to an Intergenic INcCRNA Transcription Start Site (TSS) and from an Intergenic
IncRNA Transcription Termination Site (TTS) to a protein coding genes Transcription Start Site (TSS)
across the mesophilic and thermophilic fungi.
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Figure 9: The venn diagram showing the number of shared orthologous protein coding genes between the
genomes of the fungi.
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Figure 10: Ideogram representation of syntenic regions between the genomes of the fungi.
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Figure 11: Motif Analysis of Mesophilic and Thermoph|I|c IncRNA Sequences. A) Motlfs found in
Mesophilic IncRNA sequences, comprising 29 base pairs (bp), identified in 127 sites with an e-value of
1.7e-054. B) Motifs found in Thermophilic IncRNA sequences, also spanning 29 bp, discovered in 168

sites with an e-value of 4.9e-072.
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Table 1: This table exhibits alignment results reported by rnaQuast for the merged assembled
transcriptome. It shows values for aligned transcripts greater than 500 and 1000 base pairs, total of

aligned transcripts, database coverage and uniquely and multiply aligned transcripts.

Species Genes

Transcripts

> 500 bp > 1000 bp Total Aligned | Database | Uniquely Multiply Unaligned
coverage aligned aligned
C. globosum 11,232 23430 17874 27229 27229 0.859 27183 46 0

Table 2: All putative orthologous IncRNAs between adjacent orthologous genes with their respectives

motifs and sizes.

Mesophilic IncRNA | Thermophilic IncRNA Motifs Motif's lengths
TCONS_00000452 TCONS_00004091 5|8,9,7,8,7

TCONS_00000833 TCONS_00003919 6/6,8,8,6,7,7

TCONS_00002358 TCONS_00008942 9/10,6,6,9,8,7,8,10,6
TCONS_00003032 TCONS_00009020 717,7,7,6,8,6,7

TCONS_00017694 TCONS_00003064 8|7,6,6,9,7,8,7,8
TCONS_00018837 TCONS_00001345 14|6,8,6,6,10,8,8,7,9,8,8,6,8,7
TCONS_00023834 TCONS_00014608 13|8,6,7,8,6,7,6,6,7,7,6,8,6
TCONS_00023932 TCONS_00015086 916,7,6,8,6,6,7,6,8
Table 3: Orthologos RNA polymerases from mesophilic and thermophilic fungi

Mesophilic Gene | Thermophilic Type of RNA Evolutionary rate | Length
symbol Gene symbol (Mesophilic /
Thermophilic)

CHGG_10294 MYCTH_2312447 RNAP | 0.87 147571721
CHGG_01704 MYCTH_2294525 RNAP I 0.77 1756/ 1754
CHGG_08628 MYCTH_2307483 RNAP Il 0.86 1290/ 1555

Table 4: Kruskal-Wallis H-test table summarizing the p-value results from RNA polymerase I,Il and lIlI
expressions for thermophilic fungi cultivated at different temperatures.

RNAP 35X40 35X50 40x50

RNAP | 0.82725 0.51269 0.82725
RNAP I 0.51269 0.27523 0.27523
RNAP 111 0.04953 0.04953 0.04953
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Table 5: Multiple comparison of means performed by Kruskal-Wallis H-test, comparing thermophilic fungi

RNAP I, Il and IIl.
Group 1 Group 2 35 40 50
RNAP | RNAP I 0.04953 0.04953 0.27523
RNAP | RNAP 111 0.04953 0.04953 0.04953
RNAP 11 RNAP I 0.04953 0.51269 0.04953

Supplementary information

Packages and their version used in this chapter

BBDuk tool - 39.01
DESeq2 - 1.40.2
HISAT2 - 2.2.1
StringTie2 - 2.2.1

Gffcompare - v0.11.2

Gffread - v0.12.7
Samtools - 1.17
Salmon - v1.9.0
raQUAST -v.2.2.2
FastQC - v0.11.9
Multigc - v1.14

mstrg_prep.pl - https://qist.github.com/gpertea/b83f1b32435e166afa92a2d388527f4b

Pandas - 2.0.3
Numpy - 1.25.2
Matplotlib - 3.7.2
Seaborn - 0.12.1
Biopython - 1.80
Venn - 0.1.3
Scipy - 1.11.2
Statistics - 3.4

Python - 3.10.8
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Conclusion and future perspectives

Undoubtedly, INCRNA research is a fascinating field due to the multitude of functions this
singular molecule has been associated with. Even though they do not code for proteins,
less conserved across species, and were once dismissed as “junk DNA”, these
molecules have emerged as crucial players in a wide range of biological processes,
including chromatin maodification, transcriptional regulation, RNA processing,
post-transcriptional regulation and epigenetic regulation. This versatility helps explain

why some scientists believe RNA may have preceded DNA in early life forms.

In this PhD research project, Chapter 3 aimed to develop a novel computational pipeline
for robust identification of structurally identical IncRNAs across replicates in public bulk
RNA-seq datasets. RNA-seq replicates are multiple measurements taken from the same
biological sample, and they help assess the variability of biological systems. This
variability can arise from subtle changes during sample preparation, biological
fluctuations in gene expression, technical variations introduced during library preparation
steps, or sequencing errors. Replicates are essential for obtaining reliable results and
capturing both biological and technical variabilities, thereby increasing statistical power
and reproducibility. Today, IncRNA identification and annotation are challenging tasks due
to their low expression levels when compared their expressions to protein coding genes,
and their myriad of isoforms they can express. Furthermore, the inner nature of IncRNAs
make them difficult to distinguish from artifacts in RNA-seq data. With the use of this
pipeline, we can increase confidence in INCRNA identification and annotation using bulk
RNA-seq data by filtering out noise naturally found in RNA-seq analysis and focusing on

consistent structural patterns in transcripts.

In this chapter, we also employed the new computational pipelined and explored the
IncRNA diversity in the thermophilic fungi Thermothelomyces thermophilus, specifically
their potential regulatory interactions between HSP, a family of proteins produced by cells
in response to exposure to thermal stressful conditions to help refolding other proteins or
target proteins for degradation when their conditions are beyond repair. Altogether, these
proteins help the cell maintain its function under tough conditions. Additionally to their
interactions with HSP, we characterized the landscape of these transcripts in the fungal

organism under different temperature conditions, contributing to our understanding of the
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diversity and dynamics of IncRNAs in response to environmental changes. Moreover,
INcRNAs were classified into groups based on their expression patterns, a classification
scheme which provided insights into the variability of INCRNA expression in this fungi.
Along with that, correlation analysis identified correlations between IncRNAs and the
cytochrome P450 stress-related protein family, a large and diverse superfamily of
enzymes found in all kingdoms of life. These enzymes are linked to stress response

pathways particularly heat stress and oxidative stress.

Additionally, it was demonstrated that the pipeline can also be used for the identification
of structurally identical mRNAs and IncRNAs. The pipeline levares of consistent
identification of the same transcripts across multiple replicates, ensuring the reliability
and high-confidence of the downstream analysis and also reducing the impact of

technical variability of sequencing artifacts.

The chapter 4 focuses on two closely related fungi, the Chaetomium globosum, a
mesophilic fungi, and its thermophilic cousin Thermothelomyces thermophilus. These two
fungi offer an unique opportunity to observe their adaptive evolutionary mechanisms at
the molecular level on IncRNA repertories. The novel computational pipeline developed
in the previous chapter was employed, adding a level of sophistication to the IncRNA
identification and characterization. Our study characterized the INcRNA arsenal within the
two fungi, trying to elucidate the role of INCRNAs in the fungi temperature adaptation
once an it has been stated that genome reduction is a possible adaptation of the
genomes of thermophilic fungi compared to related mesophiles. Genome reduction could
have several potential implications for the organism’s INncRNAs such as those IncRNA
molecules that are found in intergenic regions, introns of protein-coding genes and also
antisense which are transcribed from the opposite strand of protein-coding genes. With
higher gene density in thermophilic fungi, the presence or absence of certain IncRNAs

may be correlated with thermal adaptation strategies.

Comparative studies showed the thermophilic fungus has a significantly larger
transcriptome compared to the mesophilic fungus, except for mesophilic intragenic long
non-coding RNAs. Additionally, we have found intergenic, antisense, and intragenic
IncRNAs in both fungi, but thermophilic fungus has a higher number of each type

compared to the mesophilic fungus. Moreover, the comparison of alternative splicing
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transcripts between mesophilic and thermophilic revealed approximately three times
more isoforms in both mMRNA and intergenic IncRNAs compared in the thermophilic
fungus and absence of antisense isoforms in the mesophilic fungus, suggesting a

potential adaptive mechanism in response to elevated temperatures.

GC content is considered a potential adaptive mechanism in thermophilic fungi and
higher GC content is often associated with increased thermal stability of nucleotides.
However, we found similar mRNA GC content distribution between the two fungi.
Furthermore, the interquartile distributions of GC content in INCRNAs are comparable
between the two fungi, with minor variations in the median for each distribution, showing
that GC content may not be a major determinant of thermal adaptation. Notably, the
median length of transcripts in the thermophilic fungus is longer than those found in the
mesophilic fungus. Interestly, both thermophilic and mesophilic fungi exhibit conservation
in the antisense and intergenic IncRNAs distribution of transcript lengths, suggesting that
these transcript lengths in both fungi there may be under selective pressure pottentally to

maintain specific regulatory functions across different environmental conditions.

By analyzing the Transcription Termination Site of protein-coding genes and the
Transcription Start Site of intergenic long non-coding RNAS, our analysis indicated that
the distance between these two transcripts is shorter in the mesophilic fungus compared
to the thermophilic fungus. Similarly, the distance from the Transcription Termination Site
of IncRNAs and the Transcription Start Site of protein-coding genes is also shorter in the
mesophilic fungus, corroborating with the maintenance idea of intergenic IncCRNA
elements, even after genome reduction events in the thermophilic fungus, may indicate
their functional significance in regulatory processes. Additionally, synteny studies
between mesophilic and thermophilic revealed a significant overlap of protein-coding
genes (6498 from 9292), being considered a high degree of conservation between the
fungi, therefore it is expected that IncRNAs may play regulatory roles with conserved
intergenic regions in thermophilic, potentially influencing its physiological adaptation to

the thermal stress.

In addition, we analyzed the role of highly conserved RNA Polymerases (I, Il and Ill) in
both fungi, being each polymerase responsible for transcribing specific types of genes,

such as ribosomal RNA genes, protein-coding genes, and genes encoding small
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non-coding RNAs. Our results show that there are differences in RNA polymerase I
(RNAP 1lIl) expression among thermophilic samples at different temperatures,
contributing to our hypothesis of intergenic regulatory regions in thermophilic fungi may
take part in its thermotolerance function in thermophilic fungi. Also, differences in the
gene length of RNA polymerases between mesophilic and thermophilic fungi suggest
evolutionary adaptations related to transcriptional activity and efficiency at high
temperatures, potentially affecting regulatory elements within the genome, such as
promoters and enhancers by facilitating transcriptional activity under different

environmental conditions.

In summary, this PhD research project investigated the intricate world of INCRNAs in
mesophilic and thermophilic fungi and how they contribute to fungal adaptation in
response to temperature. Our study developed a new computational pipeline to identify
structurally identical transcripts, enabling a precise identification and characterization of
IncRNA transcripts amidst the genomic complexity and technical variability inherent in
RNA-seq datasets. Moreover, the comparative analyses between mesophilic and
thermophilic fungi unveiled significant differences in transcriptome sizes, isoform
diversity, and expression patterns, shedding light on evolutionary strategies to cope with
environmental stressors, unraveling the IncRNA functional significance in complex

biological systems.

Finally, during this research project, an intriguing question emerged. Although INncCRNAs
are recognized for their significant roles in gene regulation, their conservation across
species remains an area urging for new explorations. Therefore, our future work will
focus on studying antisense INCRNAs overlapped by protein-coding genes. This new
avenue of research will illuminate the evolutionary significance and functional

consequences of IncRNA and protein-coding gene preservation and interactions.
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Paper 1 - Rebuttal letter

To the Assigned Editor of Scientific Reports.
Dear Editor,

We thank the Editor for having considered our work for publication in the Scientific Reports
journal, and we would like to thank the Reviewers for their valuable comments. Herein, we
provide a specific rebuttal for each point raised by the two Reviewers and the general comments
of the In-house Editor.

Thank you for the update and for the opportunity to revise my manuscript. I appreciate the
feedback provided by the reviewers and will start working on the revisions promptly. Please let
me know if there are any specific guidelines or deadlines I should be aware of during this
process.

In-house Editor's comment:

In-house editorial comment: To aid our readers, and to maximise the accessibility of your.
manuscript, the title should have a clear, precise scientific meaning and should not contain a
colon. Where possible, the title should be read as one concise sentence. Please could you re-write
the title ensuring that it is informative and appropriate.

Edited as suggested.

Reviewer #1's comments
Major remarks:

e While the authors are able to obtain some biologically interpretable results (most of
which are not really new knowledge or could be expected from what is already known
regarding IncRNAs biology), the focal point is the pipeline itself. The pipeline, however,
raises a couple of concerns. Firstly, I don’t think the authors have sufficiently convinced
the reader that considering structurally-identical or similar transcripts is beneficial in a
broader perspective — what is lacking is employing the pipeline in the other settings,
beyond a single fungi species. Moreover, this approach seems to lead to a significant
reduction in the number of IncRNAs being considered — how does this impact the
biological side? There are also some flaws in the pipeline itself as well as in the
manuscript (see below). Also, the authors haven’t compared their pipeline with similar
solutions. Finally, the pipeline’s code itself is published (GitHub), but it is not really
usable, as it lacks proper documentation and the code is adapted to the published study
only — it is unclear how one could adapt it to own studies. Taking into consideration the
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overall scientific quality - the quality and impact of research - I believe the manuscript is
not fit for publishing with Scientific Reports.

We thank the Reviewer #1 for the point raised regarding not having adequately
demonstrated the broader benefits of considering structurally identical or similar
transcripts, specifically, not showing evidence of the utility of our pipeline with different
settings beyond a single fungal species.

Living organisms exhibit inherent variability. Therefore, replicated measurements are
necessary’ to enhance statistical power and assess the reproducibility of research findings
affected by this inherent biological variability. Having multiple biological replicates
increases the statistical robustness of the analysis and provides a more accurate estimation
of variability within the samples, helping to distinguish experimental noise from technical
artifacts. Consistent findings across replicates increase confidence in the reliability of the
results, and this principle applies to RNA sequencing experiments as well?. Hence, after
preparing the RNA experiments with biological replicates, accounting for biological
variability, as well as mitigating technical variability introduced during RNA sample
preparation, sequencing, and data analysis, it is important to note that there will still be a
stochastic factor. Even under uniform conditions, individual cells may exhibit variability
in gene expression levels. This stochasticity can lead to differences in gene expression
profiles between biological replicates®.

We have developed this pipeline to focus on reducing the variability in RNA-seq analysis
by mitigating this stochastic effect. We achieved that by analyzing structurally identical
transcripts as they represent the most commonly observed form of a gene in a particular
condition through all replicates. This approach acts as a reference point for understanding
the gene expression level and establishing its function. It provides a clearer picture of the
organism's transcription activity when comparing treatment and control or biological
replicates, increases accuracy of the analysis and strengthens confidence in the RNA-seq
results. On the other hand, the appearance of a large number of transcripts with
unexpected structures in the transcriptome might indicate technical issues during
RNA-seq library preparation or sequencing itself’. Therefore, structurally identical
transcripts act as a control group to help distinguish true biological variation within the
replicates from technical artifacts.

Additionally, the pipeline does not ignore transcripts arising from alternative splicing
events. Actually, if those transcripts were identified in the set of replicates, they would be
classified as structurally identical and then they are reported by the pipeline. This allows
researchers to identify which splicing events are significant and potentially influence gene
function. Studying the expression and function of structurally identical transcripts arising
from splicing events is crucial for understanding the roles of genes. This knowledge
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serves as the foundation for further exploration of alternative splicing mechanisms and
their potential impact in the organism.

Adversely, it is absolutely possible that by comparing non-structurally identical
transcripts, one might be comparing a canonical form of a gene with one its isoform since
these transcripts arise from the same gene but with variations in their structure due to
alternative splicing. This comparison could affect all downstream analysis. For example,
if someone is comparing gene Transcripts Per Million (TPM) values from a triplicate
experiment, it could be comparing two structurally identical transcripts with one
non-identical transcripts (or isoform) and therefore violating statistical test assumptions.
ANOVA test, for instance, requires homogeneity of variance or the variance among the
groups should be approximately equal®. Non-structurally identical transcripts may violate
this assumption if they exhibit different expression patterns or levels of variability
between experimental conditions.

Furthermore, DESeq2 assumes that the transcriptome data follow a negative binomial
distribution and performs normalization to account for technical variations. However, the
different distribution of a non-structurally identical transcript might not be fully
normalized and potentially leading to an inflated fold change and false positive differently
expressed (DE) result’. This analysis might struggle to distinguish the true difference
from biological variability, potentially leading to miss DE genes or the analysis will
recover only genes with the largest effect size.

Long non-coding RNA transcripts (IncRNAs) pose a level of complexity in RNA-seq
analysis due to their lower abundance when compared to mRNA transcripts: their
heterogeneity of expression across different cell types, tissues, and species, their low
sequence conservation, their multitude of functions, and also their splice variants. For
instance, the HOTAIRM1 IncRNA, which is localized in the HOX gene cluster, acts as a
critical regulator of embryonic development and is known for its role in regulating axial
patterning in vertebrates. HOTAIRM1 has different splice variants®®. The HOTAIRM1-1
isoform (unspliced transcript) activates UTX/MLL and silences PRC2 complexes, and is
required for conformational changes of the HOX cluster after retinoic acid induction®. On
the other hand, the isoform HOTAIRMI1-1 (3 exons) recruits PRC2 to regulate
NEUROG?2, with its function mainly in neuronal differentiation’. Myeloid differentiation
requires HOTAIRM1-2 (2 exons) to regulate HOXA1 and HOXA4 expression”®. The
HOTAIRMI1 (three variants, 1, 3, 5) acts as sponges of miRNA-20a/106b and miR-125b
and activates ULK1, E2F1, DRAM2 genes, thereby regulating autophagy®. Therefore,
focusing on IncRNA transcripts with the same exon-intron structure allows for a more
accurate assessment of true biological variability in gene expression levels across
replicates. Furthermore, comparing identical transcripts minimizes technical and
transcriptional noises, resulting in more reliable expression analysis of those transcripts.



76

Additionally, prioritizing structurally identical transcripts enables accurate quantification
of the overall expression of a gene in a specific condition or cell type, providing an
additional and essential step in analyzing IncRNA and mRNA transcripts.

The "significant reduction in the number of IncRNAs" is the result of selecting only
structurally identical transcripts. When planning and conducting an experiment with three
biological replicates, the aim is to capture observed effects that represent genuine
phenomena in organisms of the same type, treated or grown under identical conditions'.
It is expected that the same set of genes will be expressed in each replication, thereby
reducing the stochastic factor and increasing the statistical power in RNA-seq
experiments. Excluding non-structurally identical transcripts improves the quality of
RNA-seq data by reducing noise and ambiguity in transcript quantification, enhancing the
accuracy and reliability of gene expression measurements, ultimately leading to more
robust and interpretable results. Prioritizing canonical isoforms in the analysis increases
the likelihood of capturing isoforms that contribute the most to the overall gene
expression pattern and are most commonly observed in each replicate. This reduction not
only refines the accuracy of variability estimation within the samples but also aids in
distinguishing genuine biological signals from experimental noise and technical artifacts.
Consequently, it enhances the reliability and interpretability of the results obtained.

As requested, we have applied our pipeline to a species beyond the fungi kingdom.
Specifically, we have downloaded and processed BioProject PRINA553580, which
focuses on maize root inoculated with an AM fungus. Although this BioProject does not
involve a fungus organism as requested, we chose it because the authors validated four
differentially expressed IncRNAs using Real-Time PCR (see Paper supplementary Figure
1). We believe that fungal genomes have their own specificities, and while our pipeline
was parameterized for them, the authors have provided IncRNA fasta files and utilized
strand-specific RNA-sequencing libraries.

Paper Transcript ID: TCONS_00025975
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As you can verify, our pipeline has catched all four Real-Time PCR validated IncRNAs.
LncRNA fasta sequences from our transcriptome assembly can be found below along

with the IncRNA ids from the paper.

>TCONS_00025975 832bp (from paper)

>TCONS_00002503 tss_id=TSS3973;num_samples=3
GTCACTATCTTGACCCACAATCCTTTATTTATTGCAATTCCAACAGTAGTATGAAGTATTTCCATGTTTT
CTTTGATCTCGTGCAAAGACCGGAATAAAGACAATTACTTTACTGTAAAAAGGATAAGGAGACCAAGATC
TCTATATTGCAGTAACCAGTAGTAGTCTAGACGTTGGATTCCATGGCAATGGATAATCCTGCATTCTGCT
AGTACTAATAAAGACCATTTCCGACTGGTGCAGCCGGGTTTACCAGTCCTAGCCTGGCGCAGTCTGCCCC
AAACGTGCAGTTGCCGCCGATGCAAGGCATGGAGGTGAGGTTGAACATGTTTCTCAAGCCCGGCTGGCAG
CGGCACTGGTAACTGGAGCCGGCGCCCTTCTCGCAGTCACCTCCCTGGCCGCAATTGACGAGGGCGCAGG
GGTCTGTGAGAGGAATGCTCCGCATCGGCACGGTAGGGTTGAAGCAAGCACTGCTGAAGGTGCAGTTGGG
CACGATGCAGGGCATGAAGGGTAGGACCGTTAGGTTGAGCAACTTCGGCTGGGACCAGCCCGGGTCGCAG
GTGCACTTGTAGGAagtcgtgacctcggggatgatcCCCGGCACCTCACTGCAGGTGCCCTTGCCGCACT
CCGCCGTGTCGCAGATAGGGCTACTGTcggttgctgctgectgctgttcctGCTCTACCTCCTGCGAAGCC
AAGCAGCAGcaacatcaggagcagcatcacaTCTGGGCTAGCCATGGCCACCATCACCGTCTCGGCAAGC
TCCCGCTGCGATGTGCAGGTCAGTGCGCGTACGTTCGTGCGTTCTTCTAGCGTGGCTCTCTGACGGACGC
ACACGATCGAGCGACCCCACGACGACGACGATGCAGATGCAGTGCCGGCACCGGCCGGG

>TCONS_00125081 499bp (from paper)

>TCONS_00045556 tss_id=TSS35074;num_samples=3
TCCGAATCAGTCATTCTATAATAAATATTCAACCATTCAGTGGCGGATACAATATCGTGCGTGCCGAGGT
TGCAGCCGCGGTCGCCCCCAATAACACTTATACAATATCGCGCCCCAATAACACATGTATATATAATAAA
AGCTCACAAAGCTTAACTAGAACAGGTTACACCGTTACAACCTCTTTCTGACCACGACGTTCAGCAAATT
TGCGGATGTATGTAGTATCAACTAAACCAGCTGTTACCATTGTATAAATATTATTTTATACCACTATTAC
ACGGATGGGAGGCCGAGTAAGAGGATGGGATCGACGACATCACGGCGAGCTCAGCTAGCAGTTGGTGAAG
CACCAGCAACGAGGTGGGGAGTCAAAGCAAGCGCCGCCGACGTTGTTGCTGTCTTCCCCTTTGCATGTAT
CTAGGCAGGGGGTGTAGGAGGTGTCGCACAAGCCATGGTAGGAGCCGCTCAGGTGCCTGCAGGTGCATAT
GTCTGCCCCAACGGAGGCCATCTCGGTGGTGACGATGGCCGCGAGTAGAAGGAAGATAGCAGCGGTGGCA
GAGAGAGTCCTTGGTGACGGCGCCATTGGAGGATGCTTAATAGCCTTTTATTTACTGCAAGGTGGTATGT
TAATTGGAGACGAATGTAatggcctagtgaggagat tgctGAATGAGTGAGTGATTCATCGA



>TCONS_00165851 755bp (from paper)

>TCONS_00070970 tss_id=TSS53453;num_samples=3
GTTGGAATaagggcaaaggtataaatgtatgtATCATAATTTATATGTACACCGTATCAGACTGAACGTT
AACTCGAAATATAGACCACGTAAACGTGACAAAAGCAATCCAAAGAAAACGCAGCTACTCTCGTCACACG
ACGTACAGGCATGCATGTGAGCATGTTTGATGTGTCTGATTCTGCATGCACGAGAACACGTATAGTTACC
TACTAGTAAAACGTTCCAGCAGCCACGTCATCACGTCCCAGTATTATTCATTGATCTAATAACACTAATA
TATATAGCTCACTAGCATCGCAAGCACACCGATCGAAGAAGAGACGCACGGACGGCTCCGATGAGTCGGT
GGTTGCATCGATTCGCGACGTTGCCATGCTGTGCTGGTGCTATATACGATACTACGGGGAATCGTCGGAC
GCCGGggcagcgtcgtcgtcgtcggacgCGCAGCAGTTCGGCCCCGGCCTGCAGCATCGGTCGCCGGGGT
CCTCGCCATCAGTCACCACCGCGTGTGGCAGAGCCGCCGGGAGGACGCTGGCTCTCAGCACAGCTCGCGG
CACGGCCGCAGCGCCGGCGCTCATCTCGGCGCCGGAGATGAGTATGACGCACACGAGAGCTACGACTAGC
AGTTTGGAGACCTGCATGCTGCCGCTTGTTATTTAATTTTCCGGTTACTTCTCACTCAGGATGGCCTGCC
TTTCTTTGCATGGACGAGTGCTGTGCTGAT

>TCONS_00175390 477bp (from paper)

>TCONS_00071146 tss_id=TSS53749;num_samples=3
TCACTCGTCAACACAAGACATCTAATTGTTTATAATTCAATATATTGAGTAGGACACCACTCAATACATA
TTCAACACGGACACTTAAAAGTATGAAATCAACAATGAAAGCAAGATCAGACATCACACTCGTATTATTC
AATTGATGCTTGCCTTTCATATATCAAGGCATAAAAAGGTGTAAAGGTAGCCTTTGCTAGGCAACCTAGA
GAATATATGGAATTTCTTCAACGGTTTCCACATTAGTGTTTGGGTCCACGCTGAAGTAGATGACAACACG
TATAGTTCCGGTTGCGAGTTGGTCAGCAGGCCTCGGGGTCTCGTTCAAATCCACATCTAGTGACTCAAAG
AATGTTACATCATCCCgttgttcttctattttttcaatTGCATCATTAATCTCCCAGCCAATCAACTCGG
GCCAACTGGTCTTGTCCGGCATAGACATGATCACGTACTATCCTTAGCTTTTCTCACTTTTGAAACTGT

Additionally, we have attached a screenshot of the IGV tool showing one IncRNA
identified as intergenic by our pipeline, but without being structurally identical among
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two replicates only. If someone does not apply our pipeline, these two transcripts could be

identified as belonging to all samples mistakenly without using our pipeline.
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Finally, reviewer #2 suggested two papers to compare our pipeline with. The paper

TEroomorar

entitled "Identification and function annotation of long intervening noncoding RNAs"

o
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developed a pipeline specifically for the identification of novel long intergenic
non-coding RNAs (lincRNAs) and the prediction of their functions. Also, the paper
"Plant-LncPipe: a computational pipeline providing significant improvement in plant
IncRNA identification" retrained several models, including CPAT, PLEK, and LncFinder,
using plant datasets.

Our pipeline is based on transcriptome data obtained from RNA-seq libraries, enabling it
to compare real transcripts among biological replicates. This approach provides a more
accurate representation of gene expression patterns compared to methods that do not use
identical transcripts. Moreover, our pipeline uses publicly available and well-documented
RNA analysis tools. This integration leverages established tools and algorithms, ensuring
reliability and reproducibility in the analysis process. It also facilitates transparency and
ease of use for researchers familiar with these tools.

We have addressed the premises of our pipeline and incorporated part of the comment
into the Discussion section in the concluding remarks of the manuscript. Additionally, we
have discussed some shortcomings of not using structurally identical transcripts during
RNA-seq analysis. Therefore, we believe this pipeline should be utilized before any other
downstream computational pipelines. The two aforementioned pipelines would yield
better outcomes if complemented with our pipeline.

Minor remarks:

e "Genome size appears to be another adaptive process that has occurred in these
organisms'". — genome size is not a process.

We thank the Reviewer for the suggestion. We amended the sentence to “Genome size
appears to be another evolutionary adaptation in these organisms.”

e '"Recently, important roles in cellular responses to environmental stress have been
assigned to long noncoding RNAs (IncRNAs)11-14. These include regulating
double-strand DNA breaksl1l, differentially expressed IncRNAs under various stress
stimulil2, regulating gene expression in response to stress conditions in the nucleolus13,
and chromatin modification under low temperaturel4. All those functions support the
stress environmental responses at the molecular and genomic levels within cells." - these
are selected examples from plants and animals. How about fungi?"

We thank the Reviewer #1 for the point raised. We have changed the text and added
another reference to cite the IncRNAs in fungi (lines 70-75).

® “others are 5-capping, poly- or not adenylated”: language
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Edited as suggested.

“...converted to BAM format and indexed for efficient data retrieval and manipulation” —
how exactly was it done (software, versions, parameters)

We have uploaded the script onto the github website with the commands used for
converting the SAM file to the BAM file.

“For the initial step, StringTie2 was executed with the parameters -j 5 that requires at
least five spliced reads to be aligned across a junction, and —c 10, which sets a minimum
coverage of 10 reads for a transcript to be predicted.” — why such strict criteria were
applied? How this relates to other studies?

When analyzing spliced reads, there might be a balance between sensitivity (capturing
real splicing events) and specificity (avoiding false positives). Choosing lower thresholds
(2-3 reads) but with a more relaxed False Discovery Rate (FDR), acknowledging the
possibility of including some false positives. Or using a stricter FDR threshold between 5
and 10 reads aligned across a junction gives a reliable detection with higher confidence in
identified junctions'>. Moreover, some protocols exhibit reduced sensitivity when
examining junctions covered by fewer than five reads'.

“The next step in the pipeline was the merge step. StringTie2 was executed with the option
-g 10, whose value was selected due to thermophilic genome reduction characteristic.” —
this parameter is actually “gap between transcripts to merge together (default: 250)”;
why such a low value was applied, compared with default 250?

According to the StringTie manual, the -g parameter is "Minimum locus gap separation
value. Reads that are mapped closer than this distance are merged together in the same
processing bundle. Default: 50 (bp)". Additionally, we have chosen a lower gap value
because of the reduction of genome size which is considered a hallmark of thermophilic
organisms, including this fungi, as cited in the manuscript.

“The merged meta-assembly FASTA file produced by the gffread was evaluated by the
rnaQUAST tool33 according to the reference genome and its annotation file.” —since
there is a reference annotations file, was it used to guide the transcriptome assembly with
StringTie?

Yes. StringTie uses the reference annotation file as a guide to assembly and tag the genes
with names from that file'’.
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e How exactly was rnaQUAST implemented?

The implementation of maQUAST can be found in the already uploaded script. As
reference, the command line used in MaQUAST was: rmaQUAST.py --transcripts
{param['fasta']} --reference {param['geno']} --gtf {param['gff']} -o {param['output']}

® “Read counts below 10 were removed from the analysis before executing the DESeq2
analysis” — this is not a standard procedure, please justify

DESeq2 used with default values already applies an independent filtering in the analysis
of differentially expressed genes. This function discards low count reads depending on the
distribution of small p-values over the filter statistic. Generally, this method is less
stringent than applying a hard cutoff on read counts directly once the independent filtering
takes into account the overall data distribution and avoids arbitrarily discarding
potentially informative genes with slightly lower counts. Applying a low count filter
before DESeq2 analysis can remove genes with very low expression levels that are
unlikely to be biologically relevant®. This can further reduce noise in the data and
potentially improve the signal-to-noise ratio. Furthermore, focusing on genes with a
higher probability of having reliable expression estimates potentially leads to more robust
results.

e |ogFC2 |1.5|. — this is unclear.
Edited as suggested.

e “Principal component analysis (PCA) and hierarchical clustering using the DESEq2
package between groups were also tested.”

Edited as suggested.
® specie. — a typo
Edited as suggested.

e Instead of STRING, it would be much better to annotate the transcriptome (e.g. with
Trinotate) and try other approaches.

We appreciate the Reviewer #1 suggestion to explorer Trinotate for transcriptome
annotation. Our primary interest was in understanding potential interactions between
IncRNAs in conjunction with Heat Shock Proteins (HSP). STRING provides a vast
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amount of interaction data from various sources, including protein-protein interactions,
protein-chemical interactions, genetic interactions, and co-expression data with a
user-friendly interface with well literature-supported information. We are always open to
exploring alternative approaches, and Trinotate could be a valuable tool for future
projects.

“For the downstream analysis, only transcripts that were structurally identical across all
replicates in each experiment (35°C, 40°C, 45°C and 50°C) were selected and used for
filtering IncRNAs and HSP from the curated reads.” - since DE analysis was at the gene
level, how was information about structurally identical transcripts (not genes) was
integrated within this analysis?

Thank the Reviewer #1 for this insightful comment. We initially filtered structurally
identical transcripts across all replicates within each temperature condition (35°C, 40°C,
45°C, and 50°C). Once the filtering step identified reliable transcripts, we linked them
back to their corresponding genes. With the transcripts linked back to genes, we could
then proceed with DE analysis using DESeq2 at the gene level. We have made changes to
the manuscript in order to provide clarity about this procedure.

“For downstream analysis of IncRNA sequences, the classes “u”, “x”, and “i” were
selected, and these codes represent intergenic, antisense, and intragenic transcripts
respectively.” — the class code “i” denotes intronic transcripts, not intragenic ones.
Besides, it is unclear why only these class codes were accepted. Why exact matches (“="
or alternative splicing isoforms (“j”) were absolutely excluded from considerations?
Were the reference genes 100% protein coding?

We would like to extend our appreciation to Reviewer #1 for bringing the
intragenic/intronic typo to our attention. It has been corrected in the manuscript. Also, we
bring to your attention that the class code “=" or exact matches was depicted on Figure 3
and summarized on 454-455, 477-478, 527-529, 705-708 lines and it was also quantified
on Supplementary Table 8. Regarding the alternative splicing isoforms (“j”) transcripts,
those transcripts were not analyzed because they might be alternative splicing isoforms of
protein-coding genes rather than IncRNAs™.

“The gffcompare, when executed with -r option, classifies transcripts based on their
position within the reference genome.” - what transcriptome annotations were used as a
reference?

We used the reference genome/annotation files in the analysis. We added this information
in the section material and methods, subsection Computational pipeline, lines 144-146.
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e “Antisense IncRNA sequences were processed before executing BLASTx because those
IncRNA are localized on the opposite DNA strand and can overlap with protein-coding
genes and, consequently, executing BLASTx would identify part of those sequences as
belonging to opposite coding exons. Therefore, antisense IncRNA sequences were trimmed
off their overlapping protein-coding portion before processing them into a BLASTx.” —
why not simply filter blastx results taking into consideration the relative orientation of
query and subject (+/+ vs +/-)?

While filtering BLASTx results based on orientation (+/+ vs. +/-) seems a viable option,
trimming the overlapping protein-coding portion from antisense IncRNAs before
BLASTx might be more efficient and accurate because BLASTx searches for protein-like
sequences in a nucleotide database. Even with orientation filtering, antisense IncRNAs
might still generate partial alignments with protein-coding sequences on the opposite
strand due to overlapping regions. Moreover, trimming the protein-coding gene
overlapping portion reduces the search space for the unique portions of antisense IncRNA
in BLASTx as well as the number of irrelevant comparisons against overlapping
protein-coding regions.

e Blastx is not enough, because it does not take into consideration the actual ORFs, so one
would expect huge numbers of false positives, especially that relatively loose threshold for
E-value (1e-3) was applied. Instead, one should look for ORFs and encoded proteins and
then use blastp agains protein databases, e.g. SwissProt.

We thank Reviewer #1 for raising this point. The Blastx tool is used to compare a protein
query sequence against a protein sequence database. It converts a nucleotide sequence
into a protein by translating it in all six possible reading frames. Open reading frame
(ORF) analysis is done by the CPC2 tool, which utilizes four features for classifying
non-coding transcripts. These features are: the Fickett TESTCODE score, open reading
frame (ORF) length, ORF integrity, and isoelectric point (pI). Therefore, ORF
characteristics were taken into account when putative IncRNA sequences were filtered
out. Weak or short ORFs with low conservation are unlikely to be protein®'. Apart from
that, the reduction of false positive IncRNAs can be achieved by applying a combination
of in-silico approaches, as it was done in the pipeline. Additionally, the Blastx tool has
been used extensively for classified transcripts as IncRNAs'®2°,

Reviewer #2's comments
Major comments:
1. The figures need to be improved. Such as ImageGP (https://doi.org/10.1002/imt2.5) can
generate high quality figures and with reproducible scripts.
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We have plotted all images in higher resolution as requested.

The structure of the results appears not in concise. The authors should have presented
their findings in around 3 mainly sections will be better.

We have edited our paper to mainly 3 sections as requested.

. MATERIAL AND METHODS-Transcriptome data. The authors used data from the
SRP336977 (SRR15886248-SRR15886259) project, but this is the poly-A cDNA RNA-seq
libraries. It is well-established in the field that IncRNAs are generally not
polyadenylated, and as such, poly(A) RNA sequencing may not accurately represent the
IncRNA landscape. The standard approach for IncRNA discovery and analysis should
involve the use of rRNA-depleted, strand-specific libraries, which provide a more
complete and unbiased view of the transcriptome, including non-polyadenylated species
(https://doi.org/10.1186/s12864-016-2365-3; Doi:10.1016/j.ygeno.2019.11.009;
Do0i:10.3389/FPLS.2023.1118011). In the absence of strand-specific libraries, IncRNAs
on antisense cannot be obtained. It is obviously inappropriate to develop an analysis
process with unsuitable data, and the authenticity of IncRNA obtained under these
conditions was not verified experimentally in this paper. Therefore, the reviewers believe
that the design of the paper is flawed.

The reviewer #2 raised a valid point. Poly(A) RNA-seq libraries primarily capture
polyadenylated transcripts, which are mainly mRNAs. However, many other IncRNAs are
polyadenylated and exhibit mRNA-like characteristics*. Furthermore, many IncRNAs are
localized in the cytoplasm and are associated with ribosomes through 5 untranslated
regions®*?, These rRNA-depletion methods could remove these transcripts or despite the
researcher efforts to deplete rRNA, some rRNA molecules may remain in the sequencing
library, which could affect the sensitivity of IncRNA detection. Moreover, it has been
reported that IncRNAs can be transcribed by polymerase I, II, and III, resulting in
IncRNA transcripts with specific traits. Thus, creating a computational pipeline to address
a specific class of IncRNA based on the RNA kit extraction the researcher had used
would impose significant limitations on the IncRNA landscape.

Additionally, our computational pipeline is highly parameterizable and well documented.
These features provide users flexibility to change the script to their specific transcriptome
analysis needs, aiming to explore different experimental conditions, study diverse
biological systems, or focus on specific transcript types. The pipeline facilitates
researchers to adapt the pipeline according to their objectives with ease and confidence,
still retaining the ability of tracking structurally identical transcripts.
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We have implemented a decontamination step in the pipeline. The decontamination
process using Kmers as probes was used to identify and remove contaminant sequences
from the transcriptome data. For that, we have used the BBDuk tool from the BBMap
package and have set the k-mers parameter to 31-mers.

. Lack of Rigorous Validation: Even if poly(A) data were appropriate for IncRNA analysis,
the manuscript does not provide sufficient validation of the identified IncRNAs. Validation
steps should include, but are not limited to, experimental verification of the IncRNA
candidates, such as Northern blotting or RT-gPCR, and functional assays to provide
evidence of biological significance.

We have answered this question in the reviewer #1 major comment.

The researchers developed a robust computational process to address this problem,
aiming to identify Incrnas with the same structure across different replication samples to
ensure the reliability and accuracy of RNA studies in thermophilic fungi. That with the
existing IncRNA process (doi:10.1093/bib/bbw046, https://doi.org/10.1093/hr/uhae041)
compared to do what improvements, had better have benchmarking analysis

We appreciate the suggestions from Reviewer #2 to compare our pipeline with others.

The paper entitled "Identification and function annotation of long intervening noncoding
RNAs" developed a pipeline specifically for the identification of novel long intergenic
non-coding RNAs (lincRNAs) and the prediction of their functions. While the paper
"Plant-LncPipe: a computational pipeline providing significant improvement in plant
IncRNA identification" retrained several models, including CPAT, PLEK, and LncFinder,
using plant datasets.

Our pipeline is based on transcriptome data obtained from RNA-seq libraries, enabling it
to compare real transcripts among biological replicates. This approach provides a more
accurate representation of gene expression patterns compared to methods that do not use
identical transcripts. Moreover, our pipeline uses publicly available and well-documented
RNA analysis tools. This integration leverages established tools and algorithms, ensuring
reliability and reproducibility in the analysis process. It also facilitates transparency and
ease of use for researchers familiar with these tools.

In response to Reviewer #1's major remark, we have addressed the premises of our
pipeline and incorporated part of the comment into the Discussion section in the
concluding remarks of the manuscript. Additionally, we have discussed some
shortcomings of not using structurally identical transcripts during RNA-seq analysis.
Therefore, we believe this pipeline should be utilized before any other downstream
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computational pipelines. The two aforementioned pipelines would yield better outcomes
if complemented with our pipeline.

6. The software, tested data and results are required to be uploaded on GitHub for peers to
use, and conda and/or docker installation modes are recommended for software with
complex dependencies. We will take software Star, Fork, and downloads of GitHub as one
of the audience indicators. Software installation and User tutorial are required in
Readme.md or Wiki in GitHub.

We have uploaded the software, tested data and the results to Github as well as
documented each step/method.

7. A video of software download, installation, operation, and result display is required with
a computer or server without any related software installed, to make sure that any new

user can perform the whole process according to the tutorial.

We have written in detail how to use the pipeline.
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Minor comments:
1. In the Introduction, a large number of Thermophilic biological problems are introduced in
the Introduction, which is too much, and it is recommended to simplify.

Edited as suggested.

2. In the Discussion, there is a lack of critical examination of how the findings align or
contrast with the field of IncRNA research.

We thank Reviewer #2 for this suggestion. We have made amendments to the manuscript
and added a subsection in the discussion section.

3. The stringtie2 step needs to filter transcripts of single exons, otherwise there will be a
large number of false positives.

We have decided not to filter single-exon transcripts because a portion of bona fide
IncRNAs are indeed single-exonic, and filtering them out could lead to the exclusion of
genuine non-coding RNAs from our analysis. Recently, the RNA Atlas* has applied a
very stringent sequencing and pipeline in the human transcriptome from 300 human
tissues and cell lines and shown that out of 5471 IncRNAs, 89% were single-exon genes
rather than contaminating DNA. Therefore, we have chosen not to exclude these
transcripts, as such exclusion might cause the analysis to miss potentially interesting
evolutionary insights or conserved functional elements.

4. About “LncRNA identification and coding potential: the classes “u”, “x”, and “i” were
selected”.  Authors should show the number of all transcripts classified, and the
proportion of these.

We thank Reviewer #2 for this suggestion. We have made amendments to the manuscript
and added this relevant information as Supplementary Table 8, referring to it in the text
(lines 463-464).

5. The transcript is marked with a "j" class code, indicating that at least one intron of the
transcript is the same as the intron of the annotated gene, while others may be different,
thus suggesting that such a transcript may be a novel isoform of the annotated gene. In
addition, the classification of "i,o,u,x" conforms to the characteristics of IncRNA and can
be used for IncRNA recognition. Thus, the five classes of transcripts "i,j,o,u,x" indicate
possible new transcripts. The author needs to explain why only i u x is used.

We have opted to analyze only the transcript class code "x", "i", "u" because it has been

suggested that transcripts of the ‘c’, ‘k’, ‘j°, ‘m’, ‘n’ or ‘0’ class may represent new
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isoforms of known genes rather than IncRNAs'®. However, the pipeline is easily
parameterized to access other structurally identical transcripts, including any transcript
classified by StringTie tool.

6. "as small RNA (< 200 nt) and long non-coding RNA (> 200 nt), with other subsets within
this group"(In the introduction). One is... 200, the other should be >200.

Edited as suggested.

7. The manuscript could improve by providing a more comprehensive review of existing
studies on IncRNAs in thermophilic organisms, particularly how these findings compare
or contrast with previous research, to better situate its contributions within the existing
body of knowledge.

We thank reviewer #2 for this valuable suggestion. Although it would be interesting to
provide a more comprehensive review of existing studies on IncRNAs in thermophilic
organisms, we believe that thermophilic bacteria and fungi respond to temperature stress
differently. For example, while thermophilic fungi can thrive at temperatures up to 60°C,
there are some bacteria surviving at temperatures usually above 80°C. Therefore, a review
about thermophilic organisms would be out of the scope of this paper. However, we have
added (lines 103-110) information about the only study on thermophilic fungi in the paper
to better situate the readers and the studies that have been done on thermophilic fungi.
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