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Resumen

Analisis in-silico predictivo y funcional de RNAs pequefios en la
interaccion Trichoderma-Arabidopsis.

Las plantas y sus microorganismos han desarrollado mecanismos moleculares,
producto de su coevolucion, los cuales son fundamentales para poder establecer
una relacion simbidtica entre ellos. Ejemplos de estos mecanismos es el uso de
RNAs pequefios (SRNAs) para modular la expresion génica entre reinos, suceso
denominado ck-RNAi (por sus palabras en inglés cross-kingdom RNAI). La
biogénesis canodnica de un sRNA involucra el reconocimiento de una molécula
precursora de RNA la cual madura a un RNA < 200 nucleoétidos (nt) de longitud.
Esto mediante la participacion de proteinas como las ribonucleasas tipo llI,
denominadas en plantas como proteinas similares a Dicer (DCLs, por sus siglas
en inglés). Recientemente se ha reportado que los SRNAs pueden ser generados
a partir de moléculas de tRNA o rRNA, pero poco se conoce de sus mecanismos
moleculares. De la misma manera se tiene poco conocimiento acerca de ck-RNAI
en interacciones simbidticas de origen mutualista. Se estudiaron 8 genotecas de
secuenciacion masiva de sRNAs en la interaccion Trichoderma-Arabidopsis
durante 24, 48, 72 y 96 horas de cocultivo (hcc) y 18 genotecas de secuenciacion
masiva de mMRNAs a 48, 72 y 96 hcc. Se implementaron andlisis bioinformaticos
para detectar SRNAs que posiblemente participen en un evento de ck-RNA:i;
determinar su organismo productor, moléculas precursoras y sus posibles
funciones. A su vez también se infirid una red de co-expresion SRNAs-mRNAs
para identificar las diversas asociaciones (co-expresion y regulacion) entre estos.
Durante los tiempos de interaccion, Arabidopsis y Trichoderma produjeron
diferentes cantidades de sRNAs. Aquellos sSRNAs que presentaron mayores
cambios a lo largo de los tiempos estudiados fueron anotados como tRFs. Los
blancos predichos de estos tRFs estan involucrados en la defensa de la planta,
en su actividad metabdlica y de traduccion. Se observé una red de regulacion de
estos tRFs con diversos blancos al compararlos con datos de expresion génica,
siendo principalmente genes asociados involucrados en la defensa de la planta.
Los resultados sugieren una posible comunicacién ck-RNAIi principalmente
compuesta de fragmentos de RNA derivados de tRNAs (tRFs), siendo
producidos predominantemente por Arabidopsis durante 48 y 72 hcc y por
Trichoderma durante las 96 hcc, afectando principalmente procesos de defensa
en la planta.

PALABRAS CLAVE. Simbiosis, Comunicacién entre reinos, secuenciacion de
RNAs pequefios, Bioinforméatica, tRF, RNA de interferencia.
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Abstract

Predictive and in-silico functional analysis of small RNAs in the
Trichoderma-Arabidopsis interaction.

Plants and microorganisms have co-evolved molecular mechanisms to establish
symbiotic relationships. One of these mechanisms is the use of small RNAs
(sRNAs) to modulate gene expression to each other, which is called cross-
kingdom RNAIi (RNA interference). The canonical SRNA biogenesis includes
recognition of a precursor RNA and the activity of Ribonucleases type lll, called
in plants Dicer-Like proteins (DCLs) to produce RNAs < 200 nucleotides (nt) in
length. The biogenesis of SRNAs derived from tRNA and rRNA molecules has
been recently reported, although little is known about their biogenesis and
function in gene regulation. Currently, information related to cross-kingdom RNAI
in mutualistic symbiotic interactions is scarce. In this study, 8 SRNA-seq libraries
and 18 mRNA-seq libraries from the interaction between Trichoderma atroviride,
a mutualistic fungus, and the model plant Arabidopsis thaliana during 24-, 48-,
72-, and 96 hours of coculture (hcc) were analyzed. Bioinformatic analyses were
carried out to dissect the sRNAs that putatively participate in a cross-kingdom
interaction (ck-sRNAs), as well as to determine their producing organism,
precursor molecules, and their potential roles. Additionally, an sRNA-gene co-
expression network was inferred to identify diverse associations (co-expression
and regulation) between them.

Arabidopsis and Trichoderma produce different amounts of SRNAs through their
time of interaction. tRNA-derived RNA fragments (tRFs) are the main sRNA found
in both organisms, changing their abundances through time. Targets for these
sRNAs were associated with plant defense, metabolic activity, and translational
processes in the plant. The sRNA-gene co-expression network has, in their
majority, targets involved in plant defense response. Results suggest a possible
ck-RNAI communication derived from tRFs at different times of the interaction
(24- to 96 hcc), being mainly produced by Arabidopsis at 48- and 72 hcc and by
Trichoderma at 96 hcc. These regulations mainly affected plant defense
biological processes; thus plant defense mechanisms are the main regulatory
objective during Trichoderma-Arabidopsis interaction in 24-, 48-,72-, and 96 hcc.

KEYWORDS. Symbiosis, Cross-Kingdom, sRNA-seq, Bioinformatics, tRF, RNAI.
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Introduction

Plants depend on each cell's innate immune response to confront pests and
pathogens. The plant immune response is triggered by the detection of
microorganisms through the cell membrane pattern recognition receptors
(PRRs), which interact with microbial-/ pathogen-associated molecular patterns
(MAMPs and PAMPs, respectively), such as bacterial flagellin or fungal chitin, to
stimulate a MAMP- / PAMP-triggered immunity (MTI and PTI, respectively). In
consequence, microorganisms release effectors molecules (virulence factors or
toxins) altering the cell functions, facilitating the infection process by interfering
MTI/PTI, generating an effector-triggered susceptibility (ETS). Effectors can
trigger the defense responses as well. Effectors can be grouped into two classes:
Apoplastic effectors, which are secreted into the plant apoplast to interact with
extracellular targets and receptors, or Cytoplasmic effectors, that are
translocated inside the plant cell (Selin et al., 2016). However, plants
counterattack by detecting such effectors through resistance (R) proteins, such
as nucleotide-binding and leucine-rich repeat proteins (NB-LRRs), stimulating a
second immune layer, called effector-triggered immunity (ETI), leading to the
hypersensitive response (HR), a kind of programmed cell death, to avoid the
growth of biotrophic and hemibiotrophic pathogens (Jones & Dangl, 2006).

Plants can develop a systemic protection against future attacks when interacting
with microorganisms, a process called induced resistance. Plant-pathogen
interaction can result in the triggering of the systemic acquired resistance (SAR),
wherein accumulation of pathogenesis-related (PR) proteins and salicylic acid
(SA) takes place. Instead, the induced systemic resistance (ISR), is stimulated
by mutualistic microbes and is characterized by the accumulation of Jasmonic
Acid (JA) and Ethylene (ET) (Pieterse et al., 2014).

Early studies about the interaction between the mutualistic fungus Glomus and
alfalfa (Medicago sativa) revealed that expression of defense- and stress-related
genes are enhanced during the early stages of the interaction and then declines
as symbiosis developed (Kapulnik et al., 1996). Later, a genomic study and
genome-scale expression profiling in Laccaria bicolor, other mutualistic fungus,
found proteins that shared significant similarity with pathogen effectors used
during the infections of pathogenic basidiomycetes (Martin et al., 2008). These
data suggested that plants initially perceive mutualistic fungi as potential invaders
and perform defense responses, which were then countered by effector-like
molecules by mutualistic fungal symbionts (Zamioudis & Pieterse, 2012).

Further studies about the identification of these effector-like molecules and how
they could be regulating different aspects of plant defense during early times of
the mutualistic interactions have been performed. For instance, the mycorrhiza-
induced small-secreted protein 7 (MiSSP7) is released by L. bicolor entering the
plant cell via endocytosis like pathogenic effectors. Then, MiSSP 7 is transported
to the plant nucleus where it positively regulates auxin-responsive gene families
like the auxin/indole-3-acetic acid (Aux/IAA); cell wall remodeling genes (e.g.,
beta-glucosidase, pectinase, and extensin) and reactive oxygen species
production-related genes (GRIM REAPER). (Plett et al., 2011).
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Non-coding RNAs (ncRNAs) are RNA molecules that are not translated to
proteins, and they can be divided, according to their regulatory roles, into two
categories: 1) the housekeeping ncRNAs, which are ubiquitously expressed in
cells, participating generic cellular functions and, 2) the regulatory ncRNAs, which
regulate gene expression at transcriptional, and post-transcriptional levels.

Housekeeping ncRNAs range in size from 50 nucleotides (nt) to 500 nt and
includes ribosomal RNAs (rRNAs), transfer RNAs (tRNAs), small nuclear RNAs
(snRNASs), and small nucleolar RNAs (snoRNASs). They are essential in protein
synthesis, RNA splicing, and RNA modifications, for rRNAs and tRNAs, snRNAs,
and snoRNAs respectively (Zhang et al., 2019).

On the other hand, regulatory ncRNAs could be further classified as long non-
coding RNAs (IncRNAs) with sizes greater than 200 nt and small non-coding
RNAs (sRNAs), smaller than 200 nt (Zhang et al. 2019).

LncRNAs also lack the protein-coding ability and concerning their regulatory
effects, these RNAs can be classified as cis-IncRNAs (cis-acting INcRNAS) or
trans-IncRNAs (trans-acting INcRNAS) that regulate the expression of close and
distant genes, respectively (Zhang et al. 2019).

Small RNAs regulate gene expression by sequence complementarity at
transcriptional (TGS) or post-transcriptional levels (PTGS) in Eukarya (Zhang,
2009). The main classes of SRNAs are microRNAs (miRNAs), small interfering
RNAs (siRNAs), and piwi-interacting RNAs (piRNAs). The biogenesis process of
an sRNA involves the maturation of a double-stranded RNA (dsRNA) or hairpin
structured RNA (hpRNA) precursor through the action of Dicer or Dicer-like (DCL)
type Il ribonucleases to produce a mature double-stranded RNA (Henderson et
al., 2006). Subsequently, one of the two strands of mature RNA (-3p or -5p) is
loaded into Argonaute proteins (AGOs) and used to guide the RNA-induced
silencing complex (RISC) by sequence complementarity to a specific mMRNA
target in case of PTGS (Fire et al., 1998). In the case of TGS, the RISC complex
is transported to the nucleus where it interacts with the RNA transcribed from the
target DNA and recruits other factors like Domains Rearranged Methylase2
(DRM2), resulting in an RNA-directed DNA Methylation (RdDM) (Guo et al.,
2016).

It has been described that housekeeping ncRNAs like tRNAs and rRNAs can act
as precursor molecules of SRNAs under certain conditions (Gebetsberger et al.,
2017; Locati et al., 2018) producing tRNA derived fragments (tRFs) or rRNAs
derived RNA fragments (rRFs), which can be 14 ~ 40 nt long in both cases
(Lambert et al., 2019; Loher et al., 2017; Xie et al., 2020).

In the case of tRFs, the strict use of dicer enzymes is not a fundamental step,
instead, other animal RNase called angiogenin (ANG) can produce the sRNAs
under certain conditions of stress (Su et al., 2019).Their products are tRNA-
halves (tRHs), 30 ~ 40 nt tRFs molecules, and results from the cleaving within
the anticodon loops of mature tRNAs (Thompson & Parker, 2009). In plants, the
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participation of the RNAse T2 (RNS) has been identified as a major player in tRFs
biogenesis instead of Dicer-likes (Chen et al., 2013; Ivanov et al., 2011).

Some sRNAs can be transferred from different kingdoms. This phenomenon has
been called cross-kingdom RNAI (ck-RNAI), and the sRNAs involved, cross-
kingdom sRNAs (ck-sRNAs) (Hou et al., 2019).

Examples of ck-RNAI have been mainly observed in parasitic interactions. One
common example is the resistance to the malaria disease of humans with sickle
cell disease and Plasmodium falciparum. It has been observed that erythrocytes
from sickle cell individuals have an expression enrichment of miR451 and let-7i
mMiRNAs. These miRNAs translocate into the parasitic cells and bind to P.
falciparum mRNAs, like cAMP-dependent protein kinase (PKA-R), leading to
specific translation inhibitions reducing their parasitemia (Lamonte et al., 2012).

During pathogen-plant interactions, ck-sRNAs can function as effectors
molecules through sequence complementarity with its target mMRNA attenuating
the immune response. An example of this ck-RNAI is the cross-kingdom
communication of the pathogenic fungus Botrytis cinerea when infecting A.
thaliana and tomato plants (Weiberg et al., 2013). In that work, B. cinerea mature
SRNAs (Bc-sRNAs) are exported into the plant cells where they bind to and
kidnap the endogenous plant's AGO1 protein, and silence genes, like mitogen-
activated protein kinases (MPKs) MPK1 and MPK2 and Mitogen-activated protein
kinase kinase kinase 4 (MAPKKK4), that participate positively during plant
defense response.

In the plant side, it has been observed that A. thaliana cells infected with B.
cinerea secrete ck-sRNAs to silence vacuolar protein sorting 51 (Vps51),
dynactin complex (DCTN1), and suppressor of actin (SAC1) encoding genes, all
of them related to vesicle-trafficking, a main factor in virulence during infection of
plants by B. cinerea (Cai et al., 2018).

Cross-kingdom sRNAs have been suggested to regulate more pathogen-host
interactions, such as Plasmopara viticola-Vitis vinifera (Brilli et al., 2018), Cotton
plants infected with Fusarium oxysporum or Verticillium dahliae (Shapulatov et
al., 2016; T. Zhang et al., 2016), A. thaliana challenged against Phytophthora
capsici (Hou et al., 2019) and A. thaliana versus Cuscuta campestris (Shahid et
al., 2018).

Some studies involving the participation of ck-sRNAs in the mutualistic symbiotic
association between microorganisms and plants have been reported. For
instance, the interaction of the rhizobacterium Bradyrhizobium japonicum with
soybean (Glycine max), where sRNAs derived from tRNAs (Bj-tRFs) of B.
japonicum are involved as effector molecules by silencing the genes: root hair
directive 3 (GmRHD3a/GmRHD3b), hairy meristem 4(GmHAM4a/GmHAMA4b)
and leucine-rich repeat extension-like 5(GmMLRX5RHD3), that negatively regulate
the generation of root hairs, thus promoting the development of nodules in the
roots (Ren et al., 2019).

Recently, the participation of small RNAs in fungal-plant mutualistic interaction
has been suggested, however information about their mechanistic participation
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is scarce (Ramirez-Valdespino et al., 2019). For instance, Populus spp. plants
present a different SRNA production profile when co-inoculated with ecto- and
endo-mycorrhizal fungi like Rhizophagus irregularis or L. bicolor. Some of the
plant SRNAs have predicted putative targets in fungal genes (Mewalal et al.,
2019). Thus, these data suggest that potentially a ck-RNAi communication could
be carried out during early times of mutualistic fungi-plant interactions, however,
more investigation is needed.

Trichoderma spp. are filamentous fungi that are common inhabitants of soil where
they colonize the plant roots establishing a mutualistic relationship. It has been
observed that Trichoderma spp. can improve plant growth and their resistance
against abiotic stresses (Kleifeld & Chet, 1992; Salas-Marina et al., 2011; Guler
et al., 2016; Gonzalez-Pérez et al., 2018). The usefulness of Trichoderma spp.
as biocontrol agents has been documented, due to its ability to produce
antibiotics (Oh et al., 2002) and feed on other fungi (mycoparasitism) (Rocha-
Ramirez et al., 2002).

The genome of Trichoderma atroviride bears two dicer (dcrl and dcr2), three
Argonaute (agol-ago3), and three RNA-dependent RNA polymerases (rdrl-rdr3)
homologs genes. Although mutation of these genes altered reproductive
development and vegetative growth (Carreras-Villasefior et al., 2013), there is no
direct evidence for modulation of plant immunity by Trichoderma sRNAs.

Early stages of plant root colonization at 24 to 96 hours post-inoculation (hpi) by
Trichoderma, have been associated with chromatin modifications, modulating
beneficial effects like plant growth, and defense against pathogens (Estrada-
Rivera et al., 2019). In our Lab group, sequencing of SRNAs during Arabidopsis—
T. atroviride interaction at different times revealed the production of 37 fungal
sRNAs that potentially regulate A. thaliana host genes (Dautt-Castro,
unpublished; Ramirez-Valdespino et al., 2019).

In this present study, we aim to identify the composition and possible participation
of ck-sRNAs in a Trichoderma-Arabidopsis mutualistic interaction model after
24-, 48-, 72-, and 96 hcc by means of different bioinformatic studies like SRNA
annotation, differential expression analysis (DE), target prediction, and GO
enrichment analyses, using sRNA-seq and mRNA-seq data. Finally, a co-
expression network was inferred to allow us a better understanding of the
potential SRNA-target associations.



Results

The composition of small RNAs producing loci from A. thaliana and
T. atroviride changed during different interaction times

Although previous studies involved ck-sRNAs participation in different plant
mutualistic interactions (Mewalal et al., 2019; Ren et al., 2019; Silvestri et al.,
2019), little is known about Trichoderma’s sRNAs and their role to establish a
mutualistic interaction with plants. Thus, it is of our interest to know a possible
bidirectional regulation by ck-sRNAs.

Eight sSRNA-seq libraries from A. thaliana-T. atroviride at 24-, 48-, 72- and 96
hours of coculture (hcc), which are part of our Lab collection were used through
this work.

To determine the A. thaliana and T. atroviride production of 18 to 40 nt SRNAs
during their interaction, an A. thaliana-T. atroviride concatenated reference
genome was generated (see methods section for more details). We calculated
the percentage of reads that mapped to the reference genome for each of the 8
analyzed sRNA-seq libraries (24-, 48-, 72-, and 96 hcc, Table 1).

Table 1. Total number of timmed sRNA-Seq reads mapped to A. thaliana and T.
atroviride genomes.

Sample |Total reads |[Mapped reads |A. thaliana mapped |T. atroviride
reads mapped reads

24h_R1[12,620,955 (12,102,228 11,184,944 (89%) {634,970 (5%)
(96%)

24h_R2(14,062,629 12,974,002 6,620,906 (47%) 6,122,744 (43%)
(92%)

48h_R1|59,106,424 |55,454,102 15,271,481 (26%) |38,951,180 (66%)
(93%)

48h_R2 19,368,598 (18,971,041 17,025,660 (88%) |1,613,636 (8%)
(98%)

72h_R1 10,740,056 |10,508,052 9,938,672 (92%) 293,400 (3%)
(98%)

72h_R2 (14,483,650 14,081,090 12,836,612 (89%) |1,024,901 (7%)
(97%)

96h_R1|15,096,804 |14,049,699 5,858,711 (39%) 7,968,291 (53%)
(93%)

96h_R2 10,338,594 (9,991,199 2,070,074 (20%) 7,709,867 (75%)
(97%)

% Corresponds to the percentage of mapped reads recovered from their total sample reads.

From every interaction time analyzed, about 90% of the reads mapped to the
concatenated reference genome (Fig. 1A). The mapped reads were mainly
composed of A. thaliana multimapping reads (At_Multi_map, reads that mapped
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multiple times only over A. thaliana genome) at 24- and 72 hcc, with 64% and
84% of total mapped reads, respectively. On the other hand, there were more
reads of Trichoderma at 96 hcc (65% of total mapped reads), composed in a 50%
of the total mapped reads, by unique mapping reads (Ta_Unique_map, reads
that mapped a single time only over T. atroviride genome) (Fig. 1B).
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Fig. 1. Arabidopsis thaliana and Trichoderma atroviride varied in their sSRNA compositions
through the time of interaction. A) The mean mapped (blue)/Junmapped (red) genome reads
percentage. (B) The mean mapping types in percentage. Ta_Unique_map (orange) = T. atroviride
unigue mapping reads; Ta_ Multi_map (brown) = T. atroviride-specific multimapping reads;
At_Unique_map (green) = A. thaliana uniqgue mapping reads; At_Multi_map (dark green) = A.
thaliana-specific multimapping reads; Ambiguous_map (purple) = ambiguous reads.

These results suggest that the origin of the analyzed sRNAs is not equally
distributed between the two organisms through time, being Arabidopsis the main
producer at 24 and 72 hcc, and Trichoderma at 96 hcc.

Arabidopsis thaliana bears most of the variety of SRNA producing loci

tRFs have been found during the interaction of B. japonicum, a mutualistic
symbiotic bacterium with G. max, whose main effect is in promoting the
development of nodules in soybean roots (Ren et al., 2019). So, we wanted to
know if there was a contribution of SRNAs derived from tRNAs (tRFs) and rRNAs
(rRFs) molecules in our Trichoderma-Arabidopsis interaction model.

To associate the mapped reads to the different classes of SRNAs loci (miR, rRNA,
tRNA, DCR, Other), we performed annotation of SRNAs producing loci
throughout the concatenated reference genome using ncRNAs annotation tools
and databases (see methods).



The 28, 764 total loci were distributed in similar proportions between T. atroviride
(52%) and A. thaliana (48%) (Fig. 2A). Considering total loci in both organisms,
94% corresponded to possible Dicer cleavage (DCR loci). This percentage
represented a 92% composition of the total A. thaliana annotated loci and a 96%
for T. atroviride.

Considering remaining loci types (6%) a non-equally distribution of producing loci
were found between both organisms, being primarily originated from A. thaliana
genome (4%) and in less proportion from T. atroviride (2%) (Fig. 2 B). From these
6% annotated loci we found miRNAs (0.4%), tRNAs (potential tRFs, 2.7%),
rRNAs (potential rRFs, 0.9%), and other kinds of ncRNAs loci (2%).
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Fig. 2. DCR sRNAs were the main produced loci in A. thaliana and T. atroviride. (A)
Percentage of loci type composition in the two organisms for all SRNAs annotated loci. (B)
Percentage of loci type composition and their producing organism, for non-DCR type loci.

Excluding the participation of DCR-type producing loci, Arabidopsis contributed
with most of the variety of the annotated loci during its interaction with
Trichoderma.

The tRNAs were the main producing loci that statistically change in
A. thaliana.

As previous work on these eight SRNA-seq libraries, showed Trichoderma sRNAs
being accumulated at interaction with Arabidopsis (Ramirez-Valdespino et al.,
2019), we wanted to know if there was a temporal association with changes in
SRNAs abundances during early stages of interaction.



To determine which annotated SRNAs producing loci could be modulating their
SRNA abundances through interaction times, a differential expression analysis of
such sRNAs was performed.

Counts associated with the 28,764 producing loci were transformed to counts per
million (CPM) values. Those loci with CPM < 4 and found in at least two libraries
were filtered out. The remaining 2,954 (10.3%) loci were used for differential
expression analysis through an ANOVA test.

From these 2,954 loci, 230 (7.8%) sRNAs producing loci were determined with
dissimilar abundances (Fig. 3A). From these loci, we observed that 141 were
potentially generated in the T. atroviride genome. The higher quantity of loci type
were DCR (107, 46.4%)), followed by tRNA (23, 10%), rRNA (9, 3.9%), and other
kinds of ncRNAs loci (2, 0.9%) (Fig. 3B). The remaining 89 loci corresponded to
Arabidopsis and were mainly composed by tRNA (57, 24.8%) and DCR loci (17,
7.4%). In a minor quantity rRNA (11, 4.8%), miRNA (2, 0.9%) and other kinds of
NcRNAs (2, 0.9%) conformed the total of Arabidopsis loci (Fig. 3B).

These 230 loci augmented their tRNAs composition in comparison to the total
annoated loci type composition, mostly in Arabidopsis.
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Fig. 3. Trichoderma DCR was the main producing loci with statistical differences through
time. (A) Logio (CPM) abundances of annotated loci with differences in their abundances through
time (FDR = 0.1). Each line corresponds to one of the 230 loci with dissimilar abundances. (B)
Percentage and type composition of loci belonging to A. thaliana and T. atroviride, total organism-
associated loci are depicted above each bar.

In summary, 230 loci showed statistical dissimilar abundances through time,
being mainly originated from Trichoderma. DCR was the principal sRNA-



producing loci-type that changed their abundance in Trichoderma. On the other
hand, Arabidopsis sRNAs principally were composed of tRNA-producing loci.

A. thaliana and T. atroviride sRNAs were mainly abundant at 48-72
and 96 hcc, respectively.

To identify producing loci with similar abundance profile patterns through time,
the 230 loci with statistical changes were clustered into 4 groups using the k-
means algorithm (k = 4) (see methods section for details) (Hartigan & Wong,
1979) (Supplementary Fig. 1).

Accordingly, to their overall profile patterns through time, these 4 clusters can be
grouped into two more general groups. The first group correspond to clusters 1
and 2 that progressively dropped their abundances at 96 hcc. In the contrary, the
second group conformed by clusters 3 and 4, showed an increase in their
abundances at 96 hcc (Fig. 4A).

These first two groups (clusters 1 and 2) originated mainly from the A. thaliana
genome (Fig. 4B) and were predominantly composed of tRNA loci (tRFs). In
contrast, clusters 3 and 4 originated mainly from the T. atroviride genome (Fig.
4B) and are mainly composed of loci annotated as DCRs or rRNAs (rRFs),
respectively.
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Fig. 4. Arabidopsis sSRNAs were mainly abundant at 48-72 hcc and at 96 hcc by Trichoderma sRNAs. (A) Logio (CPM) abundances through time of the
cluster loci and its representative cluster pattern, each cluster representative is colored in a different grade of cyan (total cluster corresponding loci are noted
between parenthesis on legend). (B) The amount and type composition of cluster loci that mapped to A. thaliana or T. atroviride genomes, total organism-
associated loci are depicted above each bar.
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In summary, Arabidopsis-derived sRNAs contributes to the major sRNA
abundances during the intermediate times of the interactions analyzed (48- and
72 hcc, cluster 1 and 2). Cluster 1 and 2 were mainly composed of A. thaliana
SRNAs (100% and 65%, respectively). In these clusters the most represented
SRNAs were tRFs (54% and 86%, respectively).

On the other hand, we observed that sRNAs were mainly derived from
Trichoderma producing loci at 96 hcc (cluster 3 and cluster 4, 97% and 61%
respectively). From these clusters, 85% of sRNAs derived from DCR loci for
cluster 3 and 50% to tRNA for cluster 4.

Representative sRNAs derived from tRNAs loci

To in deep analyze the characteristics of the 230 sRNAs during early root
colonization by Trichoderma, we selected for every cluster the top 4
representative SRNAs based on their -logio(FDR) values.

A total of 28 representative SRNAs were obtained, being the lowest -logi0(FDR)
a value of 1.4 (FDR = 0.04) (Fig. 5). From these 28 sRNAs, the major part
corresponded to tRFs (22, 78.57%) and rRFs (5, 17.86%). These sRNAs have -
log10(FDR) values ranging from 1.4 to 5.2 (FDR = 0.04 and 6.31x10°
respectively). In contrast, only one DCR (3.57%) was observed.

Due that most of the DCRs, with significant changes in their abundance,
presented lower -logio(FDR) values (higher FDRS) (Fig. 5) and being the highest
one a -logio(FDR) of 2.6 (FDR=2.51x10-3), DCR derived sRNAs were not
selected. Additionally, we considered an sRNA annotated as a mMIRNA
(ncRNA_5780) that has changes in their abundance through time.
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To conclude, tRFs are the main loci type of SRNAs associated with changes in
abundance through early root colonization by Trichoderma, representing them as
potential players in a ck-RNAi communication.

tRFs would be implicated in regulating plant defense-related genes
during interaction with Trichoderma

Prediction of putative targets and Gene Ontology (GO) enrichment analysis were
performed with the objective to associate the 28 sSRNAs with possible biological
functions.

Target predictions of SRNAs were performed using psRNATarget (Dai et al.,
2018). Due that a previous work reported that tRHs-mRNA binding could be
performed by different parts of the sRNA, like the center or the 3’ (Jehn et al.,
2020) and 79% of our SRNAs have sizes ranging from 30 to 41nt in length, we
opted to split out these sRNAs into k-mers of 22 nt, covering the 5’, center, and
3’ regions of the original sRNA sequence predicted, this to infer putative
interactions for each region. The scores for each region were added up by
summing the expectation, type of inhibition, and site accessibility values,
obtaining a representative prediction score for each target. Then, target
predictions (representative score) for every sSRNA were used to perform GO
enrichment analysis (see Supplementary Fig. 3 and methods).

Additionally, we used floral development Arabidopsis microRNAs: ath-miR172a
(MIMAT0000203) and ath-miR156a-5p (MIMATO0000166), as controls for SRNA
prediction and GO enrichment results. Expecting that such microRNAs will target
genes related to floral development.

Control miRNA ath-miR156a-5p showed top target enriched GO biological
processes (BP) related to anther development (GO:0048653, p = 0.03) and
regulation of timing of transition from vegetative to reproductive stages
(G0:0048510, p = 0.06). In the case of ath-miR172a, the top enriched processes
were meristem maintenance (GO:0010073, p = 0.14) and specification of floral
organ identity (G0O:0010093, p = 0.14). In both cases predicted targets were
mainly related to floral development biological processes.

From the 28 representative sSRNAs, 24 have predicted targets, and 4 do not have
any predicted target. The top 4 enriched target biological processes per
representative SRNA were obtained. A total of 77 different terms were obtained,
all of them derived from A. thaliana targets.

tRFs showed most frequently BP enrichments related to the structure of cell
cytoskeleton (GO:0030036 and GO:0051016), plant immune response
(GO:0042742 and GO0O:0002238), and metabolism (G0:0019516 and
G0:0009854). Rather, rRFs have sRNA frequencies associated with DNA
maintenance (G0O:0006302) and segregation (GO:0007062) (Table 1).
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Table 2. Top ten most frequently Biological Process terms (Gene Ontology) found in the enrichment analysis (out of 77).

Term loci Organism SRNA Enrichmentp- GO ID
frequency |alues

actin cytoskeleton organization tRNA A.thaliana 5 0.44-1 G0:0030036
barbed-end actin filament capping tRNA A.thaliana 4 044 -1 G0:0051016
_defense response to bacterium, incompatible tRNA A.thaliana 3 0.33 G0:0042742
interaction

dephosphorylation tRNA A.thaliana 3 0.42 G0:0016311
glucosinolate biosynthetic process tRNA A.thaliana 3 0.28 G0:0019761
response to molecule of fungal origin tRNA A.thaliana 3 0.42 G0:0002238
double-strand break repair rRNA A.thaliana 2 0.32 G0:0006302
sister chromatid cohesion rRNA A.thaliana 2 0.32 G0:0007062
lactate oxidation tRNA A.thaliana 2 0.65 G0:0019516
oxidative photosynthetic carbon pathway tRNA A.thaliana 2 0.65 G0:0009854
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From these results, we can suggest that in general, tRFs could regulate biological
processes related to plant defense, cell structure, and metabolism. On the other
hand, rRFs could be orchestrating genomic modulation, by affecting genomic cell
maintenance and replication.

Some predicted tRFs have cross-kingdom targeting in both
organisms

Gene expression analysis over 18 mRNAseq libraries of Trichoderma-
Arabidopsis interactions at 48-, 72- and 96 hcc was performed with the aim to
select the potential target candidates that could be regulated by these 24 sRNAs.
Arabidopsis seedlings growing alone at the same times were included as controls
(9 mMRNA-seq libraries).

The top 2 targets with the highest prediction score for each sSRNA were selected.
Then, we calculated the correlation (Spearman correlation method) between the
abundances of the selected sRNA and the expressions of their top targets
through interaction times, 48-, 72- and 96 hcc (see Supplementary Fig. 2B and
methods).

In the case of the flowering microRNAs, AT1G27360 and TRIATDRAFT 147585
were predicted as putative targets for ath-miR156a-5p, being related to flowering
(G0:0048510) and a putative metal ion transporter respectively; AT5G60120 and
AT4G36920 were putative targets for ath-miR172a, being both implicated in
flowering processes (G0:0048409). Although changes in expression were
observed in the best scored putative targets, abundance of such miRNAs was
not detected (Fig. 6), which may indicate that they are not induced during the
interaction.
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Fig. 6. Control flowering miRNAs, miR156a_5p and miR172a_3p, were not induced during
Trichoderma-Arabidopsis interaction. Changes in logio (CPM) abundances through 48, 72,
and 96 hcc of control miRNAs (maroon) and their targets expression during Trichoderma-
Arabidopsis interaction (blue) and in not inoculated Arabidopsis (green).

From the target prediction analysis of the 24 sRNAs, 8 predicted targets resulted
with a representative psRNATarget score > 2 and were negatively correlated with
their corresponding sRNAs, thus being considered the targets with the best
potential (Fig. 7).
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Fig. 7. Top eight target candidates would be regulated by tRFs, which suggest endogenous
and cross-kingdom regulations. Changes in logio (CPM) abundances through 48-, 72-, and 96
hcc of SRNAs (maroon) and their targets (green in control and blue in interaction condition). Above
each graph, the sSRNA IDs, loci types, and regulations are depicted as shown in the legend. Target
IDs, prediction score, and sSRNA-Target correlation are specified below each graph. The fungus
(yellow circles) or plant (green circles) cartoons into the yellow or green circles followed by an
arrow indicates a potential endogenous or cross kingdom-regulation.

All these 8 target candidates were predicted as tRFs targets. The main sRNA
regulation observed was a cross-kingdom regulation (6 of 8 candidates) being
equally distributed by Arabidopsis-Trichoderma and Trichoderma-Arabidopsis
interactions. The remaining 2 targets were predicted as endogenous regulation
in Arabidopsis.

Only 3 of the 8 candidates have a BP GO annotation. From the resting 5, BP was

deduced by analyzing GO annotations from their interacting proteins reported in
the STRING database (Table 2).
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Table 3. Top eight sSRNA candidates, showing their corresponding gene targets and functional information.

SRNA Target score |Correlation, Correlation |GO ID Function
Spearman p-value
NncRNA_4832 TRIATDRAFT_150201 5.23 -0.77 0.068 DNA binding protein
NncRNA_27604 AT5G49690 4.37 -0.78 0.065 Metabolism
ncRNA_13700 AT2G42010 4.02 -0.93 0.007 G0:0009816 |Defense response to
bacterium,
incompatible
interaction
NncRNA_4832 AT3G01970 3.37 -0.77 0.068 G0:0006817 |Phosphate ion
transport
ncRNA 26071 AT4G34910 3.34 -0.79 0.059 Ribosome biogenesis
ncRNA 3184 TRIATDRAFT 150849 3.14 -0.78 0.062 Ribosomal protein
ncRNA_26071 AT1G52520 2.90 -0.73 0.095 Light control of
development
NncRNA_3184 TRIATDRAFT_297870 2.70 -0.77 0.068 GTP Binding protein
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T. atroviride TRIATDRAFT_150201, TRIATDRAFT_150849 and
TRIATDRAFT_297870 were predicted as putative targets of the Arabidopsis
SRNAs ncRNA_4832 and ncRNA_3184, respectively. These Trichoderma targets
have similar expression patterns between them (having an increment in their
expression from 72- and 96 hcc) and similar negative correlations with their
corresponding sRNAs. None of these targets have their own biological
annotations, neither inferred by their interacting proteins. Functional domains and
descriptions associate TRIATDRAFT 150201 to DNA binding, whereas
TRIATDRAFT_150849 to ribosomal protein and TRIATDRAFT_297870 to GTP
binding protein.

A. thaliana candidate targets that were related to cross-kingdom sRNA targeting,
have biological functions related to metabolism (AT5G49690), translation
(AT4G34910), and flowering (AT1G52520). Having the last two, similar
expression behaviors.

A. thaliana candidate targets with endogenous sRNA targeting, were implicated
in plant immune response (AT2G42010) and phosphate transportation
(AT3G01970). These targets have opposite expression behavior through the
interaction time with Trichoderma.

The biological functions for these target candidates (Table 3) and their changes
in expression through interaction times (Fig .7) suggest that T. atroviride cross-
kingdom tRFs (Ta-ck-tRFs) would be regulating metabolism, translation, and
development processes in Arabidopsis. On the other hand, A. thaliana cross-
kingdom tRFs (At-ck-tRFs) would be regulating targets with putative functions in
transcriptional and translational mechanisms in Trichoderma, and endogenously
modulating plant defense mechanisms and metabolism, respectively.

Arabidopsis-Trichoderma sRNA-gene co-expression reveals complex
RNA modulation communities mainly affecting plant defense
mechanisms

An sRNA-gene co-expression network was inferred to assess possible sRNA-
target associations.

Cluster representatives of differentially expressed (DE) genes with changes
through interaction times were obtained by differential expression analysis and
subsequent k-means clustering.

From a total of 23,114 DE genes, 221 have differential expressions with FDR
values < 0.1. From these 221 DE genes, 160 belong to A. thaliana genes,
whereas the remaining 61 pertain to T. atroviride. From these 221 DE genes, 78
(35 %) were downregulated and 143 (65%) upregulated at 72 hcc, whereas 80
(36 %) were downregulated and 141 (64 %) upregulated at 96 hcc.

These 221 DE genes, as well as the top 8 target candidates, were clustered into
8 and 6 clusters, for A. thaliana and T. atroviride respectively (Supplementary
Fig. 3 and Supplementary Fig. 4).
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For each cluster, the top of 3 representative genes were selected based on their
-logi0(FDR) values. A final set of 50 genes (42 cluster representatives and 8
target candidates) were obtained. This final set was used to infer the SRNA-gene
co-expression network. The network was based on the correlation, obtained from
the Spearman correlation method, of the 50 cluster representative gene
expression and the 24 representative SRNAs abundances. In addition, mMRNAs
target scores were used to indicate a possible regulation by each of the 24
SRNAs. The resulting network consisted of 2,701 correlations (Supplementary
Fig. 5).

To consider sRNA-gene associations with relevant correlations among the
network, correlation with p-values > 0.1 were filtered out. Two resulting networks
of 904 and 1 correlations were generated (Fig. 8A). These networks kept all the
74 representative RNAs. In this network, there was a higher percentage of
positive correlations (483, 53%) than negative ones (423, 47%) (Pearson’s chi-
squared test, p = 0.003).
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Fig. 8. Trichoderma-Arabidopsis interaction SRNAs would regulate different biological functions, mainly related to defense response in plants. The
sRNA-target co-expression networks (A) and their correlation-based communities (B).
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To find densely connected associations (subnetworks also called communities)
inside the networks we use the random walk clustering algorithm (Pons & Latapy,
2005). This methodology finds 11 communities with different feature associations
(Fig. 8B). Communities 1, 2, 5, and 6 were considered for subnetwork properties
analysis, due to their density of associations and their predicted targeting.

Community number 1 was composed of 20 associations. Inside community
number 1 an Arabidopsis gene (AT2G14610) with function in defense response
in the plant (GO:0009814) was negatively correlated with the Trichoderma,
NcRNA 19235, and ncRNA 14956, both being rRFs. In the same community,
Trichoderma’s gene, TRIATDRAFT_80087 (EHK44781) a hypothetical protein,
was negatively correlated with 5 Arabidopsis sRNAs (ncRNA_5780,
NcRNA_ 5256, ncRNA 2009, ncRNA_2008, ncRNA_7945), of which 1 was
predicted as miRNA, 1 as rRF, and 3 as tRFs. The product for this gene is an
hypothetical protein.

Community number 2 has a total of 435 associations. Arabidopsis targets from
this community were involved in plant defense, response to stress, metabolism
or were hypothetical proteins. In contrast, Trichoderma genes were mainly
related to metabolism. In this community, two previously selected target
candidates, AT2G42010 and AT4G34910, with previously annotated sRNAs
(ncRNA_13700 and ncRNA 26071 respectively) were found with negative
correlations with other 3 sRNAs (ncRNA_7885, ncRNA_19560, ncRNA_75).

Interestingly Trichoderma’s target TRIATDRAFT_247300 (EHK43110), a
chitinase, was positively correlated with the abundance of the Trichoderma tRF
NcRNA_26071 and presented a targeting prediction score of 2.24.

Community 5 was composed of 102 associations. Trichoderma targets were
dominant in this community, composing 8 of the 11 genes, we found association
to metabolism functions. Although, putative and hypothetical proteins were
observed as well. The resting 3 Arabidopsis targets have functions in plant
metabolism (GO:0033559), DNA binding (GO:0006355) or was an hypothetical
protein. Inside this community, Trichoderma candidate targets
TRIATDRAFT_150201 (EHK43765) and TRIATDRAFT_297870 (EHK49216)
were found. Additionally, AT1G06080 the gene associated with metabolism, has
a positive correlation and a targeting prediction score of 1.95 with a Trichoderma
tRF (ncRNA_27604).

Community 6 was composed of an individual SRNA-target association between
the Arabidopsis-derived tRF ncRNA_534 and the Arabidopsis gene AT2G26020.
GO annotation for this gene was related to the plant defense response to other
organisms (G0O:0050832).

These results suggest complex cross-kingdom sRNA-gene co-expression
associations, particularly regulating metabolic and defense mechanisms in the
plant. On the other hand, 2 predicted targets for Trichoderma tRFs were positively
correlated in their expression, one for an Arabidopsis target (AT1G06080) and
the other for Trichoderma (TRIATDRAFT_247300). These results would suggest
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possible positive sRNA-gene regulation occurring in a cross-kingdom way as
endogenously by some Trichoderma’s tRFs.
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Discussion

Plant ck-RNAIi has been mainly studied on host-pathogen interactions, like A.
thaliana infection by the pathogen B. cinerea, where the fungus- and plant-
derived sRNAs exert an specific gene expression regulation each other (Cai et
al., 2018; Weiberg et al., 2013) with the objective of infecting or avert the infection.
On the other hand, little is known about ck-RNAi communication in a mutualistic
interaction, where the main objective in this symbiosis is to achieve a mutually
beneficial relationship. Here, we applied high-throughput RNA sequencing to
profile a ck-RNAIi communication between A. thaliana roots and the mutualistic
fungus T. atroviride after 24-, 48-, 72-, and 96 hcc.

By means of read mapping and sRNA annotation on an Arabidopsis-Trichoderma
concatenated genome, we identified different compositions of fungus- and plant-
derived sRNAs during the time points analyzed, being times of 24- and 72 hcc
mainly composed of A. thaliana sRNAs and in 96 hcc for T. atroviride sRNAs.
The annotated sRNAs loci were mainly annotated as tRNAs, where DCRs
derived sRNAs were taken out.

It is known that A. thaliana as well as fungi can produce tRNA fragments (tRFs)
in a regulated manner (Jochl et al., 2008; Lalande et al., 2020). Moreover, tRFs
have been implicated as ck-sRNAs during Homo sapiens infection by
Trypanosoma cruzi (Garcia-Silva et al.,, 2014), and B. japonicum-G. max
mutualistic interaction (Ren et al., 2019), thus promoting susceptibility or altering
developmental functions, respectively.

Our analysis of differential expression and clustering of the analyzed sRNAs
revealed that sRNAs that changed their abundances through time can be
clustered in 4 different profile patterns, where 48- or 72 hcc belong to A. thaliana
SRNAs, whereas 96 hcc pertained to T. atroviride.

The main type of SRNAs associated with dissimilar abundances through time of
interaction were tRFs with an 82% of the total of tRFs of 30 to 37 nt in size (thus
called tRHs). Although little is known about the molecular biogenesis
mechanisms of a tRH molecule or their functionality, they have been reported
being produced under oxidative stress conditions in yeast (Saccharomyces
cerevisiae), mammalian cells (HeLa cells), and plants tissues (A. thaliana),
suggesting that tRH production is a conserved aspect of the response to oxidative
stress in eukaryotes (Thompson et al., 2008; Xie et al., 2020). Moreover, tRHs
have been found as a principal source of SRNAs in T. cruzi ck-RNAI interaction
with human cells (Garcia-Silva et al.,, 2014) and even in transgenerational
epigenetic inheritance in mice (Chen et al., 2016). Whereby, the idea that ck-
RNAI communication between T. atroviride and A. thaliana would, mainly, be
performed by tRFs, specifically tRH molecules, is plausible.

Our GO enrichment results show that tRFs could be regulating targets associated
with plant defense responses as well as cell structure and metabolic changes in
the plant cell. Moreover, Arabidopsis target candidates with the best target
prediction scores were related to defense and metabolic functions (AT2G42010
and AT5G49690 respectively).
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AT2G42010 codes for a phospholipase DB1 (PLDB1), an enzyme that hydrolyzes
membrane phospholipids to generate phosphatidic acid (PA). Deficient
Arabidopsis mutants in PLDB1 show susceptibility to the fungal pathogen B.
cinerea (Zhao et al., 2013). The AT2G42010 expression pattern reveals that this
target would be negatively regulated at 72- and 96 hcc by the endogenous sRNA
ncRNA 13700, suggesting a putative role in regulating the plant immune
response to allow mutualistic symbiosis establishment.

On the other hand, AT5G49690 codes for a UDP-glycosyltransferase
(UGT91C1), an enzyme which predicted to perform glycosylations in soya
saponins (triterpenoids that form protective surfactants in plant cells). A previous
study links the activity of UGT91C1 to pesticide detoxification in Arabidopsis, by
glycosylating sulcotrione, a triketone herbicide. As sulcotrione mode of action is
the inhibition of the enzyme 4-hydroxyphenylpyruvate dioxygenase (HPPD)
activity, causing feedback suppression in tyrosine metabolism, glycosylation of
sulcotrione resulted in the enhancing of the plant tyrosine metabolic pathway
genes (Huang et al.,, 2021). There is evidence that Arabidopsis challenging
against Pseudomonas syringae pv. tomato strain DC3000 (DC3000) suffers
metabolite reconfigurations after 12 hcc that drastically enhance the production
of tyrosine (Ward et al., 2010). These findings, together with the observed
expression patterns here, suggests that UGT91C1 would be implicated in the
defense response by glycosylating un yet described targets and being negatively
regulated by T. atroviride during 24- and 48 hcc.

Taking into account that the possible regulation of these two putative targets
occurs in separated time lapses, UGT91C1 at 24- to 48 hcc and PLDB1 at 72- to
96 hcc, and in different contexts (UGT91C1 is targeted by Trichoderma’s sRNA
and PLDB1 by Arabidopsis sRNA) would suggest that Arabidopsis immune
modulation is an essential and complex biological process that needs to be
regulated in different times by the two organisms through tRFs to establish a
mutualistic interaction.

In our results, T. atroviride candidate targets were modulated similarly during the
interaction times analyzed. Although Trichoderma's candidate targets could not
be associated with a biological process, non-redundant BLASTp analyzes on
TRIATDRAFT_150201 and TRIATDRAFT_ 150849 resulted in matches with
metallothionein expression activators and ribosomal subunit S7 proteins,
respectively. Metallothioneins (MTs) are metal-binding proteins involved in
diverse processes, including metal homeostasis and detoxification (Takahashi,
2015). These findings suggest that Arabidopsis tRFs would be regulating protein
translation and survival capabilities in Trichoderma during 24- to 48 hcc.

Our network analysis clustered 24 dissimilar abundant sRNAs and 50 DE genes
during Trichoderma-Arabidopsis interaction into 11 communities, from which 4
presented associations that would lead to an sRNA-target regulation. Three out
of four communities were associated with the plant’s defense response (as is the
case of communities 1, 2, and 6) implying that immunity in plants is regulated in
different ways by the tRFs.
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Another interesting aspect of the network analysis is that it allowed us to find
SRNA target interactions with positive correlations. These occurring for
ncRNA 26071 and NncRNA_ 27604 (Trichoderma's tRHS) with
TRIATDRAFT_247300 and AT1G06080, respectively. This suggests a positive
regulation in gene expression by the action of tRHs. Recently, tRHs have been
reported modulating positively mRNA targets on primate hippocampal tissues,
being defined as "shelter target” due to the possibility that tRH interaction with
their targets could be stabilizing the mRNAs (Jehn et al., 2020). As tRFs can
interact with other effector proteins or act protein-independent to regulate genes
(Deng et al.,, 2015; Luo et al.,, 2018), tRFs would conduct different SRNA
regulation processes that are not currently known, which would lead to sheltering
of their targets in Trichoderma-Arabidopsis interaction.

Although our analyses suggest that a ck-RNAi seems to be occurring during
Trichoderma-Arabidopsis interaction, reverse transcription-polymerase chain
reaction (QRT-PCR) are needed to validate the changes in abundance and
expression of SRNAs and their targets, respectively. In a same way, validation of
SRNA biogenesis mechanisms would be performed by qRT-PCR over DCL, AGO
and RNAseT2 mutants in both organisms.

Further experimental analyses, like AGO-RNA immunoprecipitation followed by
high-throughput sequencing (AGO RIP-Seq), short tandem target mimics (STTM)
and gRT-PCR over sRNA mutants, are needed to validate these sRNA-target
associations, as well as to deduce functional regulations through phenotype
observations.

Deeper bioinformatic analyses involving gene annotation, to annotate genes with
no annotation or unknown functions, and sSRNA-mRNA-AGO molecular docking
are needed to better describe the interaction mechanisms of selected tRHs with
their corresponding targets and the possible modulations in both organisms.
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Conclusions

Both Arabidopsis and Trichoderma produce sRNAs at distinct times of interaction
through 24- to 96 hcc. From these sRNAs, tRFs (more specifically tRHs), are the
main type of abundant SRNA during Arabidopsis-Trichoderma interaction, having
the most notorious changes through 48- to 72 hcc in Arabidopsis and at 96 hcc
in Trichoderma (Fig. 9A).

Cross-kingdom communication by tRFs would be performed by both organisms
modulating as principal aspect defense response of the plant. Although
Trichoderma ck-RNAIi regulation processes by these tRFs are unknown,
functional analysis results point out to affect the survival and protein translation
processes in Trichoderma from 24- to 48 hcc (Fig. 9B).
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Fig. 9. Plant defense and fungus survival functions would be potentially affected by cross-kingdom communication, guided by tRHs, through the
Trichoderma-Arabidopsis 24-, 48-, 72- and 96 hcc. (A) An schema of T. atroviride-A. thaliana tRH mediated ck-RNAi. Both organisms produce, through the
cleavage of endogenous tRNAs, tRH products. This processing could be performed by RNAse T2 (RNS) in A. thaliana and by unknown RNAse in T. atroviride.
Then, tRHs would be transported through ck-RNAi transport mechanisms, like vesicles or multivesicular bodies (MVB), to another organism. The tRHs associate
with cargo proteins like endogenous argonautes proteins (AGO) that would be transported with them, other organism argonauts, or other proteins with tRH cargo
capacity. Assembled tRHs perform target regulation by binding to the mRNA. (B) Biological functions that were observed being affected by tRH target prediction
or by co-expression negative correlations in T. atrovirde (Top) and A. thaliana (Bottom).
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Methods

RNA sequencing
A. thaliana roots inoculation with T. atroviride was performed and then collected
from the interaction zone at 24, 48, 72, and 96 hcc. Total RNA was extracted and
sRNA-seq libraries were generated according to the sRNA cloning protocol
provided by Solexa.

RNA-seq data processing

Sequence quality checks were done using the MultiQC software (Ewels et al.,
2016) using the function multigc. Then removal of adapters (trimming) and size
selection of read sequences with 18 to 50 nt was performed using reaper and
Tally (Davis et al., 2013). The functions reaper and tally were used with the
modified parameters “3p-global 12/2/1 -3p-prefix 8/2/1 -3p-head-to-tail 1 -nnn-
check 3/5 -dust-suffix 20 -polya 5 -qqqg-check 35/10 -mr-tabu 14/2/1” and “-1 18 -
u 50 -tri 507, respectively.

Generation of a concatenated reference genome and transcriptome
for Trichoderma and Arabidopsis

A reference genome was generated by concatenating the A. thaliana
TAIR10.47(ftp://ftp.ensemblgenomes.org/pub/plants/release-
51/fasta/arabidopsis_thaliana/dna/) and T. atroviride
TRIAT _v2.0.47(ftp://ftp.ensemblgenomes.org/pub/plants/release-
51/fasta/arabidopsis_thaliana/dna/) genome versions, by custom shell scripts.
This allowed us for searching reads that could have an ambiguous origin region
(sRNA producing loci that are conserved between the two organisms) and make
equal conditions for the two organism genomes at the time of read mapping
(Bermudez-Barrientos et al., 2019). Following the same methodology, a
reference transcriptome was generated by concatenating the TAIR10.47
(ftp://ftp.ensemblgenomes.org/pub/plants/release-
51/fasta/arabidopsis_thaliana/cdna/Arabidopsis_thaliana. TAIR10.cdna.all.fa.gz)
and TRIAT v2.0.47 (ftp:/Mftp.ensemblgenomes.org/pub/fungi/release-
51/fasta/fungi_ascomycotal_collection/trichoderma_atroviride_imi_206040_gca
~000171015/cdna/Trichoderma_atroviride_imi_206040_gca 000171015.TRIAT
_v2.0.cdna.all.fa.gz) cDNA (complementary DNA) versions.

Annotation of SRNA producing loci

Reads were mapped to the reference genome using Bowtie 1.0 (Langmead et
al., 2009) with the function bowtie according to the following parameters: “-q -v 2
-p 6 -S -a -m 500 --best —strata”. From the results, 3 different kinds of mapping
were considered: 1) unique mapping: reads that only mapped to a specific region
of an organism; 2) multimapping: reads mapping on more than one region in the
same organism; 3) ambiguous mapping: reads mapping on regions in both
organisms. The mapped reads were used to predict SRNA-producing loci using
ShortStack (Axtell, 2013), MapMi (Guerra-Assuncéo & Enright, 2010), and Rfam
(Kalvari et al., 2021). Predictions of tRNAs and rRNAs producing loci were also
made using the tRNAscan-SE (Lowe & Chan, 2016) and RNAmmer (Lagesen et
al., 2007) to associate them to possible tRFs or rRFs. All the annotation process
was performed implementing custom shell scripts.
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Analysis of sRNAs with statistical abundance changes through the
time of interaction

The reads mapped to ncRNA annotated regions were quantified using custom R
scripts using the R package GenomicFeatures (Lawrence et al., 2013). Reads
abundances were normalized to counts per million (CPM) values and filtered
considering loci with a minimum of 4 CPMs in at least two libraries for the
differential expression analysis. The differential expression analysis was
performed using edgeR (M. D. Robinson et al., 2009) to identify ncRNA loci with
statistical abundance changes through time. This was performed using an
ANOVA test through the function gImLRT using default parameters. The ncRNA
loci were considered with statistical abundance changes if they have an FDR <
0.1.

The ncRNAs loci with statistical abundance changes across time were then
clustered, according to their CPM correlation through time, into 4 clusters using
the function kmeans from the R stats package (R Core Team, 2021), with default
parameters. A clustering by k-means is an unsupervised learning algorithm used
to find the abundance similarity profiles between ncRNAs in the data. Then, a top
of 8 SRNAs (4 for A. thaliana and for 4 T. atroviride, respectively) with the lowest
FDR values were obtained from every cluster to be considered as representatives
of that cluster.

Splitting of sSRNAs in k-mers

Due that targeting rules are poorly understood for tRFs and rRFs, and a previous
report showed that tRFs of ~30 nt long (tRHS) can interact with their targets by
their 3’ or center regions (Jehn et al., 2020). In the case of representative sRNAs
ranging 30 to 50 nt long: we performed, a manual selection of a possible
interacting region through the genome viewer tool IGV 2.8.13 (Robinson et al.,
2011) if there was an observation of inconsistencies in nucleotide composition.
At the same time, a fragmentation of the sequence into k-mers of 22 nt (or the
size of the manually selected region) covering the 5’, center and 3’ sections was
performed by custom R scripts to cover other potential target interacting regions.

SRNAs target prediction

Target prediction analyses were done by psRNATarget (Dai et al., 2018) using
the chosen fragment sequences and the concatenated reference transcriptome,
modifying the length of the scoring region for complementary analysis (HSP size)
parameter according to the actual sRNAs length. A scoring schema, that
considers the expectation, type of inhibition, and site accessibility, was created
to qualify the predicted targets using custom-made R scripts.

GO enrichment analysis

Custom-made R scripts were generated following hypergeometric tests to
determine target GO enrichment for each representative cluster of SRNAs. Then,
GO enrichment p-values were compared against random sequences of each
SRNA that preserved their original nucleotide composition, to discard possible
noise attribution in sSRNA regulation of a given functional process.

SRNAs target candidate’s analysis
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Putative SRNAs target expressions were searched against a count matrix of
Trichoderma-Arabidopsis interaction mRNA libraries (48-, 72-, and 96 hcc).
Target's mean expression changes through time were compared against their
corresponding sSRNA mean abundances through Spearman correlation tests
using the cor.test function from the R stats package (R Core Team, 2021), with
modified parameter “method = spearman”. The top 2 targets per sRNA were
selected based on their prediction scores, correlations, and correlation p-values
for candidate selection.

Additionally, those targets with correlation p-values < 0.1 were searched in the
STRING database through the STRINGdb R package (Szklarczyk et al., 2019)
using the function string_db$map with default parameters. Top 10 STRING
predicted interacting proteins were used to deduce biological function for those
targets candidates without GO BP information available.

Differential expression analysis and clustering of genes

Similar analysis processing was performed as with SRNAs abundances. Reads
derived from the count matrix mMRNA-seq data were normalized to CPM and
fillered considering 4 CPMs in at least three libraries. Then the differential
expression analysis was performed using edgeR (Robinson et al., 2009) through
an ANOVA test. Genes were considered deferentially expressed (DE) if they have
an FDR = 0.1. DE genes were clustered by k-means clustering, according to their
CPM correlation, into 8 clusters for A. thaliana genes and 6 for T. atroviride. In
addition, the top predicted target candidates were clustered inside these clusters.

SRNA-gene co-expression network analysis

Expression or abundance from the cluster representatives of the sRNAseq and
MRNA-seq datasets, as well as the selected candidate targets, were used for the
generation of the sSRNA-gene co-expression network. Correlation between the
abundances was performed through Spearman correlation tests and interactions
(correlations) with p-values < 0.1 were selected. Generation, analysis and
visualization of the network was performed with the igraph R package (Csardi &
Nepusz, 2006) through the function graph_from_data_frame using default
parameters. The network considered absolute correlation values as the edge
weight feature. Communities of interaction were determined by the random walk
clusterization algorithm (Pons & Latapy, 2005), using the function
cluster_walktrap with default parameters, provided by the igraph package.
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Supplementary Fig. 1. Dissimilar abundant sRNAs were grouped into four clusters (each with a representative pattern). The abundances through time of
dissimilar abundant loci that compose the 4 clusters and its representative cluster pattern (black line). Each sRNA loci is represented as a line, time analyzed is
shown in the x-axis and their abundance, in logi10(CPM), in the y-axis. The color of the line represents the loci type of each sSRNAs and the width of their statistical
-logi0(FDR) values from the DE analysis.
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Supplementary Fig. 2. SRNA k-mer splitting and prediction analyses workflow.(A) sSRNAs longer than 30nt were fragmented into 5°, center, and 3’ k-mers of
22 ntin length. In case of detecting nucleotide inconsistencies in the sequence composition, a manually selected (ideal) fragment was established, and fragment
sizes were adjusted to ideal fragment size. (B) Subsequently, complete sSRNAs, or sSRNAs fragments, sequences were given to psRNATarget to predict possible
targets and subsequently evaluate their regulation and implication in Trichoderma-Arabidopsis interaction.
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Supplementary Fig. 3. Clusters of DE genes from A. thaliana. The expression through time of the 160 DE genes that compose the 8 clusters (green), its
representative cluster pattern (red line), and A. thaliana target candidates (purple).
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Supplementary Fig. 4. Clusters of DE genes from T. atroviride. The expression through time of the 60 DE genes that compose the 6 clusters (orange), its
representative cluster pattern (red line), and T. atroviride target candidates (purple).
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Supplementary Fig. 5. sSRNA-gene co-expression network was composed by 2,701 connections. Total interaction network from the
expression/abundance correlations between 50 gene cluster representatives, 28 sRNAs cluster representatives and top 8 SRNA target candidates.
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