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Chapter 1

1. Plant biomass composition and its conversion

Plant biomass is a magnificent renewable resource and therefore is of major
importance for ecology and the global carbon cycle. In nature, fungi play
central roles in the degradation of plant biomass, as they are highly efficient
degraders of plant polysaccharides. Plant biomass degradation by filamentous
fungi has been the subject of numerous studies for decades. The use of fungi
and their encoded enzymes to produce high value products from plant biomass
holds great potential for transforming current fossil-based economies into a
sustainable bioeconomy [1]. For instance, fungal biotechnology has been
widely used in many industrial applications, such as baking, beverages,
animal feed, pulp and paper, textiles, detergents, production of bio-fuels and
bio-chemicals [2, 3].

Plant cell walls are the major fraction of the plant biomass and mainly consist of
plant polysaccharides, proteins and lignin [4]. Plant polysaccharides can also
be classified as plant cell wall polysaccharides (e.g., cellulose, hemicellulose
and pectin) and storage polysaccharides (e.g., starch, gums, inulin) [5].
The chemical composition and molecular structure of plant biomass vary

dramatically depending on their origin, organ type and harvest season.

To degrade plant biomass, fungi have evolved a fine-tuned system for the
efficient conversion of specific types of plant biomass. This process involves
several key cellular activities, including nutrient sensing, secretion of
degrading enzymes (Carbohydrate-Active enZymes, CAZy), sugar uptake
by transporters, intracellular metabolism, and the sophisticated transcription
regulation system for precisely governing all aspects of the process (Figure
1). As depicted in Figure 1, a monomeric or short oligomeric component of a
polysaccharide is transported into the cell, resulting in the activation of specific
transcription factors (regulators) that then enter the nucleus and bind to the
promoter of their target genes. These regulators promote the expression of
their target genes to activate specific sets of sugar metabolic and extracellular

plant biomass degrading enzymes, resulting in liberation and conversion of
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General introduction

more of the monomeric compounds from plant polymers. Therefore, a better
understanding of the molecular mechanisms and key genes underlying fungal
plant biomass conversion and investigating their evolutionary diversity across
different species is crucial for further exploring the ecological roles of fungi

and developing plant biomass related fungal biotechnology.
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Figure 1. Conversion of plant polysaccharides by fungi. The figure is modified from [5].

2. Plant polysaccharides-degrading enzymes

Given the complex structure of plant polysaccharides, a broad range of
extracellular enzymes is required to break the different linkages of plant
polysaccharides. In the well-known CAZy (Carbohydrate-Active Enzyme)
database (http://www.cazy.org/) [6, 7], most of these plant degrading
enzymes have been classified into specific enzyme families according to
the catalytic domains and carbohydrate binding modules present in their
amino acid sequences. Currently, the CAZy database has defined five major
enzyme classes: glycoside hydrolases (GHs), carbohydrate esterases (CEs),
polysaccharide lyases (PLs), glycosyltransferases (GTs), and auxiliary
activities (AA). Numerous families can be identified within each of these
classes, but only a subset of enzymes in the CAZy database have been
experimentally shown to be plant biomass degrading enzymes. Some families
contain only a single (known) enzyme activity (e.g. GH67 [8] and CES8, while
other families contain multiple activities (e.g. GH43 [9, 10], GH28 [11, 12],
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and GH30 [13]). A continuous effort is required to further explore the less
well-studied CAZymes families, as well as the functional diversity within
specific families [14]. Below we briefly summarize the CAZy families that

are involved in plant polysaccharide degradation (Table 1 and Figure 2).

2.1 Cellulose degradation

Cellulose is the most abundant plant cell wall polysaccharide, with linear
chains of B-1,4-linked D-glucose. Four enzyme groups are involved in the
biodegradation of cellulose: endoglucanases (EGLs), cellobiohydrolases
(CBHs), B-glucosidases (BGLs), and auxiliary activities (AAs) [15]. EGLs
and CBHs hydrolyze cellulose into gluco-oligosaccharides and cellobiose [ 16,
17], respectively. Subsequently, cellobiose is cleaved into D-glucose units by
BGLs. Cellulose-active lytic polysaccharide monooxygenases (LPMOs) from
AA9 and AA16 can boost cellulose degradation by increasing the substrate
availability and accessibility for EGLs and CBHs [18]. In addition, this
LPMO-boosting effect is suggested to benefit from synergy with cellobiose
dehydrogenases (CDHs, AA3 1) [19-23]. The enzymes involved in the

complete biodegradation of cellulose are indicated in Table 1 and Figure 2.

2.2 Hemicellulose degradation

Hemicellulose is the second most abundant polymeric constituent in plant
biomass, which is strongly associated with cellulose and plays an important
role in strengthening plant cell walls [24]. It is present in three structurally
different polysaccharide forms: xylans, xyloglucans and mannans. Xylans have
a B-1,4-linked D-xylose backbone and may also contain other monosaccharide
substituents like D-galactose, D-xylose, L-arabinose, and D-glucuronic acid.
Xyloglucan has the same backbone as cellulose but is decorated with a-1,6-
linked D-xylose residues, and additionally contains D-galactose, L-fucose,
or L-arabinose residues [25]. Mannans consist of a -1,4-linked D-mannose
backbone with D-galactose side chains and its backbone can be interrupted

by varying amounts of B-1,4-linked D-glucose residues. Hydrolysis and
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degradation of hemicelluloses requires a multi-enzyme system due to the
different types of backbones and side groups. A variety of hemicellulolytic
enzymes have been identified, including at least 20 GH families, four CE
families and FAE (Table 1 and Figure 2).

Xylan degradation

Xylans are sometimes referred to as arabinoxylan, glucuronoxylan or
glucuronoarabinoxylan, depending on the substitution of the xylose backbone.
Due to its variable composition, xylan requires a larger number of enzymatic
activities to achieve full degradation than cellulose (Table 1). Endo-B-xylanase
(XLN) and B-D xylobiohydrolase (XBH) are glycoside hydrolases (GHs)
able to cleave the xylan backbone [26, 27], while B-D-xylosidase (BXL)
acts on oligosaccharides. Depending on the types of xylan, various xylan
side chain degrading enzymes are required for the full xylan degradation,
mainly including a-arabinofuranosidase (ABF), a-glucuronidase (AGU),
glucuronoyl esterase (GE), acetyl xylan esterase (AXE), hemicellulose acetyl
esterase (HAE) [28], arabinoxylan arabinofuranohydrolases (AXH), and
feruloyl esterase (FAE) [27] (Table 1). They belong to different classes, i.e.,
GH and carbohydrate esterase (CE).

Xyloglucan degradation

Xyloglucan, contains a B-1,4-glucan backbone that is regularly decorated
with other sugar residues. Based on different side chain structures [29],
the complete hydrolysis of xyloglucan requires a vast arsenal of enzymes
with various activities and specificities (Table 1). For example, the linkages
between D-xylose and D-glucose are hydrolyzed by a-xylosidases (AXL),
those between D-galactose and D-xylose by -1,4-galactosidases (LAC) and
those between L-fucose and D-galactose by a-fucosidases (AFC). L-arabinose
residues can be removed by a-L-arabinofuranosidases (ABF). The degradation
of xyloglucan involves nine GH families: GH29, GH95 [11], GH141, GH12
[30], GH44 [31], GH74 [32], GH31 [11], GH2 and GH35 [15].
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Table 1. CAZy families involved in plant polysaccharide degradation.

Polysaccharide Enzyme activity Abz;‘:]VIa- CAZy families | Monomers
GH5 4,5 5,
B-1,4-endoglucanase EGL 5.22,12,45,
131;
cellobiohydrolases CBH GH©6, 7,
Cellulose B glucos1dases BGL GH 1, 3; D-glucose
1yt1c polysaccharlde LPMO AA9, 16:
monooxygenases
cellobiose
dehydrogenase CDH AA3_L
a—arabinofuranosidase ABF GH 43, 51 54;
glucuromdase AGU GH 67 115;
Xylan(s) acetyl Xylan esterases E AXE CE 1, 53
(Xylan, | 4 rabinoxyl bino- | .. | )
ylan arabino-
Glucu- furanohydrolase AXH GH 62; D-xylose,
FOMOX= b Do . '
) B-1,4-xylosidase BXL | GH3,43; L-arabinose,
ylan, ettt ettt e s e e et ettt e st be et e bt ettt e e sbe e beeeanes Fooees -~
Glucu- i i GE CE 15 D-galactose,
_ glucuronoyl esterase {  GE - 15; D-glucuronic
ronoarab- -
inoxylan, | Endoxylanase EXL ......... P GH 3"0 7 acid;
Arabi- | endo- p-1.4- xylanase XLN i GHI10, 11
poxylan)
hemlcellulose acetyl HAE CE 16;
esterases
feruloyl esterase FAE \
Hemi xyloglucan -1,4-endo- XEG GH 12, 44, 74;
cellulose glucanase
o- arablnofuran051dase ABF GH 43, 51 54;
e D-glucose,
. GH 29 95, D-eal
- a-fucosidase AFC galactose,
Xyloglu 141; L-fucose,
can SO S O -
(x—xy1051dase AXL GH 31; D-xylose,
""""""""" - (L-arabinose);
[3 1 ,4- galactosuiase LAC GH 2, 35;
hemlcellulose acetyl HAE CE 16
esterases
0-1,4-galactosidase AGL GH 27, 36;
=T IO FS OIS N - D-mannose,
B-l 4-endomannanase MAN GH 5_7’ 26’ D_ga]actose
Man- 134; ’
""""""""""""" - D-glucose,
nan(s) ) B 14 mann0s1dase MND GH2; D-glucuronic
hemlcellulose acetyl HAE CE 16 acid;
esterases
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(Table 1. Continued)

Polysaccharide Enzyme activity Ablt)il;?la_ CAZy families Monomers
endopolygalacturonases/
exopolygalacturonases/en- i PGA/PGX/
dorhamnogalacturonase/ | RHG/RGX/ GH 28;
exo-rhamnogalacturonase/ XGH
xylogalacturonase
a-arabinofuranosidase ABF GH 43, 51, 54,
endoarabinanase ABN GH 43;
f-1,4-endogalactanase GAL GH 53;
a-rhamnosidase RHA GH 78;
"""" wmsaturated ghuowronyl | o Degalen
UGH GH 88; ronic acid,
hydrolase
‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘ . D_galac_
exoarabinanase ABX GH 93; tose,
PN PR S e
HG. T ; i
)((G A’ turonan hydrolase URGH GH 105; IE) lﬁ?:;’
£ U OSSP UUR PP RUPR U . ceeterereteretetttetetsintctrttaranans - 3
RG-1, endo-pB-1,6-galactanase \ GH 5_16; Onose,
RG-II) s R - RS D-glucu-
pectin lyase PEL PL 1; ronic acid
PL12,14,17, D-xylose,
pectate lyase PLY 32,93 D-glucose,
rhamnogalacturonan lyase RGL PL4 1,4 3,11; L-fucose
pectin methyl esterase PME CE §;
rhamnogalacturonan RGAE CE 12;
acetyl esterases
feruloyl esterase FAE \
B-1,4-galactosidase LAC GH 2, 35;
lytic polysaccharide LPMO AA1T:
monooxygenases
a-glucosidase AGD GH 13 40, 31,
amylo-a-1,6-glucosidase AMG GH 133;
Starcb """""""""""""""""""""""""" 1 """" A MY GH 13 1 13 5 13 8‘
(Amylose, Am- :.............. g-amylase " mlelmllmnd D-glucose
ylopectin) glucoamylase GLA GH 15;
lytic polysaccharide LPMO AA 13;
monooxygenases
Inulin exdo-inulinase INU
(B-1,2- exo-inulinase INX GH32 D-glucose,
fructams) | D-fructose
ructans) invertase INV
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Mannan degradation

Mannanases are vital enzymes involved in the hydrolysis of mannan, mostly
including B-1,4-endomannanase (MAN), B-1,4-mannosidase (MND), B-1,4-
glucosidases, a-galactosidases (AGL) and hemicellulose acetyl esterases
(HAE). Fungal AGLs have been assigned to GH27 and GH36. Most of the
fungal MANSs are classified in GH5 7 and fewer in GH26 and GH134. MND
and HAE belong to GH2 [33] and CE16, respectively (Table 1).

CGHS_5 g GHas
GH7 ® ’
GH6 \\ AA3_1
GH5722.\ /. AA

9
AMG./ellulose\. GH1

GH131./ \.GHU
CE15 GH3 GH12 GH13_40
[ ) GH133
E1 H1
GH115 \ /.c GH29 GH141 .\ /.G 5
GH11 / h/. GH13_1

Starc
GH5_7
GH3077./
GH36
GH27
GH134 /

GH26

GH74

GH31 \.AAH
Xylogluc:
g
\..GH44

GH13_5

GH32

Inulin

GH78

GH88

PL4_1 PL93

Figure 2. CAZymes families related to plant biomass degradation. Families in bold

are involved in the degradation of multiple polysaccharides. The figure was copied from

Chapter 4.

2.3 Pectin degradation

Pectins are the major components of the primary cell wall, and they are present
in three main substructures that are rich in D-galacturonic acid, including:

homogalacturonan (HG), which is a linear homopolymer of a-1,4-linked
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D-galacturonic acid residues; xylogalacturonan (XGA), which is an HG
substituted with B-1,3-linked D-xylose; and two types of rhamnogalacturonan
(RG-I and RG-II) with very complex structures. The backbone of RG-I
consists of alternating a-1,4-linked D- galacturonic acid and a-1,2-linked
L-rhamnose residues, and its side chains contain D-galactose and/or
L-arabinose chains, sometimes with terminal ferulic acid residues. RG-II has
an HG backbone of at least eight (and most probably more) 1,4-linked a-D-
galacturonic acid decorated with four side branches consisting of 12 glycosyl
residues linked together by over 20 different linkages. All RG-II structures
contain D-galacturonic acid, D-glucuronic acid, L-rhamnose, D-galactose,

L-arabinose, and L-fucose [34].

Dueto the highly complex structure of pectin, the degradation of pectin requires
a broad set of enzymatic activities (Table 1). These enzymes are classified into
more than 20 CAZy families (Figure 2), mainly including pectin hydrolases
(GH2, GH5_16, GH28, GH35, GH43, GH51, GH54, GH78, GH88, GH93
and GH105), pectin lyases (PL1, PL3, PL4, PL9 and PL11) [35], and pectin
methyl esterases (CE8), and pectin and rhamnogalacturonan acetyl esterases
(CE12 [36]).

2.4 Storage polysaccharides degradation

The main forms of plant storage polysaccharides are starch and inulin, although
also a variety of gums with different structures can be found. Starch mainly
consists of a-1,4-linked polymer (amylose) of D-glucose residues which can
be branched at a-1,6-linked points (amylopectin) [37-39]. Starch is degraded
by the enzymatic actions of a-glucosidase (AGD), amylo-a-1,6-glucosidase
(AMG), a-amylase (AMY), glucoamylase (GLA) and LPMOs (Table 1).

Inulin is found in the roots and rhizomes of many plants and consists of
a branched B-2,1-linked chain of D-fructose with a terminal D-glucose
residue [40, 41]. Although GH32 is the only CAZy family involved in inulin

degradation, it has three enzymatic activities: endo-inulinase (INU), exo-
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inulinase (INX) and invertase (INV). This polysaccharide is hydrolyzed by
endo- and exo-inulinases to D-fructose and short fructo-oligosaccharides
[42, 43], while these oligosaccharides and sucrose are broken down into
D-glucose and/or D-fructose by the action of fructofuranosidase (invertase)
[44]. Previous research has shown that Aspergillus and Penicillium species
are the most prevalent filamentous fungi to produce inulinase. Several fungi
have been verified to produce endo-inulinase as well as exo-inulinase, e.g.
Aspergillus niger [42], Aspergillus ficuum [45], Chrysosporium pannorum

[46], Penicillium subrubescens [47] and Penicillium purpurogenum [48].

3. Fungal sugar metabolism related to plant biomass utilization

After fungal extracellular enzymatic decomposition, the complex plant
polysaccharides are degraded into mono- or short oligomers that can be taken
up by the fungus and then be further converted by a variety of intracellular
metabolic pathways (Figure 3). Plant biomass constitutive monomeric
components include D-glucose, D-fructose, D-galactose, D-mannose,
L-rhamnose, D-xylose, L-arabinose, D-galacturonic acid and D-glucuronic
acid. When these monomers are released from plant polysaccharides, they will

be taken up by fungi and enter a variety of specific sugar metabolic pathways.

D-Glucose and D-fructose are energetically favored monosaccharides because
they are easily catabolized. D-fructose and D-glucose are phosphorylated
into fructose 6-phosphate and glucose 6-phosphate, respectively, before
entering glycolysis. D-xylose and L-arabinose are both converted through
the pentose catabolic pathway (PCP) to form D-xylulose-5-phosphate,
which subsequently enters the pentose phosphate pathway (PPP) [49]. Other
sugars, like D-galactose, D-mannose, D-galacturonic acid, L-rhamnose and
D-gluconic acid are also not able to enter glycolysis or the PPP directly,
but require additional sugar-specific metabolic pathways [50, 51] for their

conversion.
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Figure 3. Fungal sugar metabolism related to the conversion of plant polysaccharides.

The disaccharides maltose (two a-1,4-linked D-glucose residues) and sucrose
(a-1,2 linked D-glucose and D-fructose residues) are components of starch
and inulin respectively. They enter glycolysis at different steps according to
their monosaccharide composition. In short, fungal central carbon catabolism

1s a complex network that involves many pathways.

3.1 Catabolism of D-glucose and D-fructose through glycolysis

As mentioned above, D-glucose and D-fructose are the most common
constitutive monomers in plant biomass, and converted through glycolysis
[52]. The former is phosphorylated to glucose-6-phosphate by glucokinase
(GLK, EC 2.7.1.2) [53] and hexokinase (HXK, EC 2.7.1.1) [54], and the
latter is converted to D-fructose 6-phosphate [54, 64] by through hexokinase
(HXK, EC 2.7.1.4). Afterwards, Glucose-6-phosphate can enter PPP or can be
converted to fructose-6-phosphate by glucose 6-phosphate isomerase (PGI,
EC 5.3.1.9) [55] to enter glycolysis.
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3.2 D-Galacturonic acid metabolism

D-Galacturonic acid is the main constituent of pectin, and it is catabolized
through a non-phosphorylating pathway [56]. In the first steps. D-galacturonic
acid is reduced to aldehyde-L-galactonate by D-galacturonic acid reductase,
which was named as GaaA in Aspergillus [57, 58] but GARI in T reesei [59].
In the following reaction, aldehyde-L-galactonate is dehydrated to 2-keto-3-
deoxy-L-galactonate by the L-galactonate dehydratase (GaaB, EC 4.2.1.146).
And then the 2-keto-3-deoxy-L-galactonate is split by 2-keto-3-deoxy-L-
galactonate aldolase (GaaC, EC 4.1.2.54) into pyruvate and L-glyceraldehyde.
The last step of this pathway requires NADPH as a cofactor and is catalyzed by
a glyceraldehyde reductase (GaaD, 1.1.1.372) converting L-glyceraldehyde
to glycerol, which enters the glycerol catabolism [60].

3.3 D-Mannose metabolism

D-Mannose forms the backbone of polysaccharide mannan or galactomannan
[5]. The catabolism of D-mannose is closely linked to glycolysis. The first
enzyme, mannokinase (EC 2.7.1.7) phosphorylates D-mannose to D-mannose-
6-phosphate, which is then converted to D-fructose 6-phosphate by mannose-
6-phosphate isomerase (PMI, EC 5.3.1.8). D-fructose 6-phosphate then can
be fed into glycolysis. In 4. niger, this first reaction was induced by the same
hexokinase [54] that phosphorylates D-glucose into D-glucose 6-phosphate,
so it recruited the same gene for both pathways [50]. However, in other studied
species, the genes assigned to this activity include not only the genes for the
first step in glycolysis, but also the genes involved in the phosphorylation
of D-fructose (EC 2.7.1.4) [61]. D-mannose-6-phosphate is also converted
to GDP-a-D-mannose through sequential actions of phosphomannomutase
(PMM, EC 5.4.2.8) and mannose-1-phosphate guanylyltransferase (MGT,
EC 2.7.7.13).

3.4 D-Galactose metabolism

Catabolism of D-galactose contains three (sub-)pathways: the Leloir pathway,
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the oxidoreductive pathway [62], and the non-phosphorylated De Ley-
Doudoroft pathway (Figure 3).

The Leloir pathway refers to the pathway that converts D-galactose
into D-glucose-6-phosphate. [43, 63]. In this pathway, D-galactose is
phosphorylated to D-galactose-1-phosphate by galactokinase (GalK, EC
2.7.1.6), and D-galactose-1-phosphate is further converted to D-glucose-
1-phosphate by D-galactose-1-phosphate uridylyl transferase (GalT, EC
2.7.7.12). Phosphoglucomutase (PgmB, EC 5.4.2.2) catalyzes the conversion
of D-glucose-1-phosphate to D-glucose-6-phosphate.

In the oxidoreductive pathway, B-D-galactose is converted into D-fructose
by a series of reductive and oxidative steps [62]. The enzymes involved in
this pathway differ between different species [61]. In T reesei and A. niger,
D-galactose is sequentially converted to D-galactitol, L-xylo-3-hexulose and
D-sorbitol [63, 64]. However, L-sorbose was identified as an intermediate
product in the conversion between D-galactitol and D-sorbitol in 4. nidulans
[65-68]. Following the conversion of D-sorbitol to D-fructose, D-fructose is
then phosphorylated by fructokinase (EC 2.7.1.4) to D-fructose 6-phosphate,

which enters glycolysis.

In the non-phosphorylated De Ley-Doudoroff pathway, D-galactose is
converted into glyceraldehyde and pyruvate via the intermediates D-galactono-
1,4-lactone, D-galactonate, and 2-dehydro-3-deoxy-D-galactonate galactitol.
Only the enzymatic activities of the last step of this pathway have been

identified, while the genes encoding the enzymes are as yet unknown [69].

3.5 Catabolism of D-xylose and L-arabinose through pentose catabolic
pathway (PCP)

L-Arabinose and D-xylose are the most abundant pentoses found in
hemicelluloses (such as (arabino)xylan and xyloglucan), and pectin of the
plant cell wall [65]. In general, L-arabinose and D-xylose are metabolized

by fungi through the pentose catabolic pathway (PCP). The final metabolite,
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D-xylulose-5-phosphate, then enters the PPP.

L-arabinose catabolism initiates with the reduction of L-arabinose to
L-arabitol through the enzymatic reaction (EC 1.1.1.21) catalyzed by
NADPH-dependent L-arabinose reductase (LarA) and D-xylose reductase
(XyrA/XyrB). L-arabitol is then oxidized to L-xylulose by L-arabitol-4-
dehydrogenase (LadA, EC 1.1.1.12), xylitol dehydrogenase (XdhA), and
sorbitol dehydrogenase (SdhA) (EC 1.1.1.12). Subsequently, L-xylulose is
reduced to xylitol by two L-xylulose reductases (EC 1.1.1.10): LxrA [70]
and LxrB (Terebieniec et al, unpublished data). The oxidation of xylitol into
D-xylulose was catalyzed by the same enzymes related to the conversion of
L-arabitol to L-xylulose [71].

The L-arabinose and D-xylose pathways share the last two enzymatic steps.
The conversion of D-xylose into xylitol is catalyzed by the same enzymes
(LarA/XyrA/XyrB, EC 1.1.1.307) involved in the reduction of L-arabinose.
Xylitol is further converted into D-xylulose and D-xylulose 5-phosphate

sequentially, as described in L-arabinose metabolism [61].

3.6 L-Rhamnose metabolism

L-Rhamnose is enriched in some fractions of plant biomass, such as pectin.
The metabolism of L-rhamnose includes four steps: L-rhamnose is first
oxidized to L-rhamnose-1,4-lactone by an NADH-dependent L-rhamnose-
1-dehydrogenase (LraA, EC 1.1.1.173). L-Rhamnose-1,4-lactone is further
metabolized to L-rhamnonate and subsequently to 2-dehydro-3-deoxy-I1-
rhamnonate in two consecutive reactions catalyzed by L-rhamnonic acid
lactonase (LrlA, EC 3.1.1.65) and L-rhamnonate dehydratase (LrdA, EC
4.2.1.90), respectively. Finally, 2-dehydro-3-deoxy-l-rhamnonate is cleaved
into pyruvate and L-lactaldehyde by a 2-keto-3-deoxy-L-rhamnonate aldolase
(LkaA, EC 4.1.2.53) [61, 72, 73].
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4. Bioinformatics approaches and omics data for fungal
biotechnology

The advancement of high-throughput “omics” technologies, including
genomics, transcriptomics, proteomics, and metabolomics, have significantly
improved our understanding of the complex plant polysaccharide degrading
machinery of individual filamentous fungi, such as the identification of key
genes involved in sugar metabolic pathways, and associated sugar transporters
and transcriptional regulators. These advancements hold great promise for
the development of more efficient and sustainable strategies for biomass

conversion, biofuel production, and other biotechnological applications.

In the genome era, as technology advanced to support inexpensive high-
throughput genome sequencing, the repositories of fungal genome sequences
have been continuously expanding [74]. Thus, the availability of fungal
genomes had a tremendous impact on fungal biology as a whole and also
on research in plant biomass degradation by fungi. According to the latest
report of the Joint Genome Institute (JGI), MycoCosm (https://mycocosm.
jgi.doe.gov/) currently includes over 2000 fungal genomes [75]. Efficiently
exploring these genomes allows the scientific community to address
challenges related to energy and the environment. In addition, the emergence
of large sets of fungal transcriptomic, proteomic and metabolomic data has
enabled the use of novel methodologies and improved our understanding
of the complex molecular mechanisms employed by filamentous fungi for
plant polysaccharide degradation. It has enabled the identification of novel
genes and enzymes, elucidation of regulatory networks, and characterization
of metabolic pathways involved in this process [76-78]. For example, in a
recent study of Neurospora crassa, transcriptome analysis and DNA affinity
purification sequencing (DAP-seq) was integrated to identify regulatory
factors and direct targets, respectively, which provides a more complete
understanding of cross talk between transcription factors and their target

genes [79]. In addition, multi-omics analyses (including transcriptomics,
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proteomics and metabolomics) were employed in the study of lignin
metabolism in two white-rot fungi, Trametes versicolor and Gelatoporia
(Ceriporiopsis) subvermispora. The results demonstrate that 7. versicolor
and G. subvermispora, in addition to exhibiting different lignocellulose
degradation patterns, also likely harbor different aromatic catabolic pathways
and/or regulatory mechanisms [80]. Another interesting study is about using
a machine learning based approach to predict novel pectinolytic enzymes in
A. niger, which integrated a diverse range of heterogeneous (post-) genomics
data [81]. Therefore, the integration of multi-omics data enables a holistic
and systems-level perspective, providing a deeper understanding of complex
biological processes. However, the application of this to evaluate differences
in the plant biomass degrading approach has only been occasionally done and
is typically not very in depth. In this thesis I aim to unearth this diversity of
plant biomass conversion approaches using integrated multi-omics, and by
comparing the response to pure monosaccharides and crude plant biomass

substrates.

In Chapter 2, we have comprehensively reviewed the basic bioinformatics
applications in fungal research, especially focusing on describing the
bioinformatics tools and methods applied in fungal genomics, transcriptomics,
proteomics and metabolomics studies, as well as the integrative analysis of

multiple omics datasets.

5. Aim and outline of this thesis

The aim of this thesis is to use a combination of bioinformatic and omics
approaches to obtain a deeper understanding of the molecular mechanisms
involved in plant biomass conversion by fungi, and the differences in these

approaches across the fungal kingdom.

In this thesis, we systematically evaluated the diversity of the sugar metabolism
and CAZymes production of six diverse fungi. Multiple omics data of these

fungi grown on diverse monosaccharides and crude biomass conditions have
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been integrated and comparatively analyzed to reveal the species- and carbon
source- specific molecular response. Six taxonomically distant fungi were
selected as the target species, including four Ascomycete species (4Aspergillus
niger, Aspergillus nidulans, and Penicillium subrubescens belonging to
order of Eurotiales, and Trichoderma reesei from the Sordariomycetes)
and two Basidiomycetes (Phanerochaete chrysosporium and Dichomitus
squalens). Among them, Trichoderma and Aspergillus are widely used
industrial workhorse for production enzymes and bio-products [1, 82,
83]. P. subrubescens has been demonstrated as a promising species for
producing plant biomass degrading enzymes [84, 85]. Two model white-rot
Basidiomycete, P. chrysosporium and D. squalens were selected because
of their strong wood-decaying ability, especially degrading the aromatic
polymer lignin [86, 87]. In this thesis, I evaluated the extent of diversity
among these six fungi with respect to their genetic response to a diverse set
of plant-derived monosaccharides and two crude plant biomass. I especially
examined the diversity of sugar metabolism and plant biomass degrading
CAZymes based on comparative (functional-)genomics analysis. Results
described in this thesis provide deeper insights into the diversity of fungal
plant biomass conversion across the fungal kingdom, which will facilitate
future metabolic engineering of industrial fungi species and development of
more efficient enzymatic cocktails towards more efficient utilization of plant
biomass for sustainable production of biofuel, biochemicals and other high

value biomolecules.

Chapter 2 summarizes the commonly applied bioinformatics approaches
for current fungal research. This chapter provides a general overview on
the basic operations and new developments of bioinformatics applications
in fungal research, with a particular emphasis on the bioinformatics tools
and methods applied in fungal genomics, transcriptomics, proteomics and
metabolomics studies as well as the integrative analysis of multiple omics

datasets. Additionally, this chapter highlighted several studies to show the
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importance of bioinformatic analysis of fungal omics data in advancing our

understanding of fungal physiology and evolutionary diversity.

Sugar catabolism by fungi [51] is directly linked to their ability to convert
plant biomass. A detailed insight into sugar catabolism of different species
is highly relevant for our understanding of the role of fungi in their natural
environment as well as for applying the sugar catabolic pathways for the
production of valued and/or novel biochemicals. In the group, my previous
colleagues Aguilar-Pontes, M.V,, et al., have established the first genome-
scale metabolic model for primary carbon metabolism in the laboratory
model fungus and industrial workhorse fungus, 4. niger [50], and this model
has a high potential to become a reference for other fungi. In Chapter 3,
we extrapolated the sugar metabolic model of A. niger to five fungi with
increasing taxonomic distance to 4. niger (A. nidulans, P. subrubescens, T.
reesei, P. chrysosporium and D. squalens) to explore to what extent sugar
catabolism differs across the fungal kingdom. We provided a detailed
metabolic map of these six evolutionarily diverse fungi, and our results
revealed that the sugar catabolic pathways were highly conserved in the other
two studied Eurotiomycetes (4. nidulans and P. subrubescens), while the level
of diversity was significantly increased between the Sordariomycete 7. reesei
and 4. niger, and even more so for the Basidiomycota species. In addition, we
performed transcriptomics, proteomics and metabolomics analyses, as well as
growth profiles on nine related monosaccharides, which further confirmed the

sugar metabolic diversity across different fungi.

Filamentous fungi produce extensive sets of extracellular Carbohydrate-
Active Enzymes (CAZymes) to be able to degrade complex polysaccharide
mixtures in plant biomass to metabolizable small sugars [1]. In Chapter 4, we
systematically compared the genomic repertoires and transcriptome profile
of plant biomass degradation related CAZy genes across six evolutionarily
diverse fungi (as described in Chapter 3). We discussed in more detail about

the diversity of genomic potential with respect to degradation of each specific

26



General introduction

polysaccharide. In addition, we comparatively analyzed the expression of
CAZymes encoding genes during fungi growth on nine common plant-derived
monosaccharides. The results showed noticeable diversity at the genomic and
transcriptomic level, suggesting that even in closely related species, their
degrading strategies differed markedly. Furthermore, we investigated the
possible relationship between the (post-)genomic profile of CAZymes and the
growth profiling on 18 plant biomass-related carbon sources, which revealed

only limited correlations between the omics and growth phenotypes.

To further investigate the diversity of different fungi with respect to their
molecular mechanisms in converting plant biomass, we comparatively
analyzed the transcriptome profile of five fungi grown on two crude plant
biomass in Chapter 5. The results revealed that the expression profiles of
sugar metabolic and plant biomass degrading CAZy genes displayed strong
time-, substrate- and species-specific differences. The combined analysis of
crude plant biomass and monosaccharide (from Chapter 4) data suggests
complex substrate preference and regulatory networks that differ among the
studied fungi.

Finally, the results of each chapter of this thesis are summarized and discussed
in Chapter 6, including suggesting for future research and the overall

relevance of the work presented in this thesis.
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Chapter 2
Abstract

Current biological research has been revolutionized by various “omics”
technologies, which can produce vast quantities of data and enable a
systematical monitoring of the genome-wide changes of e.g. genes
(genomics), mRNA (transcriptomics), proteins (proteomics) and metabolites
(metabolomics) in a specific biological sample. Over the past decades, a
large number of bioinformatics software and databases have been developed
to analyze the omics data flood and interpret their biological meaning. In
this chapter, we give an overview on the commonly applied bioinformatics
approaches in today’s fungal research, especially focusing on the tools and
methods used for the analysis of fungal genomics, transcriptomics, proteomics

and metabolomics data.

36



Bioinformatics approaches for fungal biotechnology

1. Introduction

Bioinformatics analysis plays a crucial role in today’s biological research.
Being an interdisciplinary branch of the life sciences, bioinformatics
integrates computer science and mathematical methods to reveal the
biological significance behind the continually increasing biological data.
It does this by developing methodology and analysis tools to explore the
large volumes of biological data, helping to query, extract, store, organize,
systematize, annotate, visualize, mine, and interpret complex data. In this
chapter, we aim to give a general overview on the basic operations and new
developments of bioinformatics applications in fungal research, especially
focusing on describing the bioinformatics tools and methods applied in
fungal genomics, transcriptomics, proteomics and metabolomics studies, as
well as the integrative analysis of multiple omics datasets. For each aspect,
we highlight several examples to demonstrate how various bioinformatics
methods have been successfully used to mine fungal omics data and improve
our understanding of fungal physiology and evolution, specially emphasizing

bioinformatics applications related to fungal plant biomass conversion.

2. Current states of fungal genomics analysis

Thesequenced genometogetherwithitsannotationisthebasis forunderstanding
the biological process and evolutionary history of an organism. Due to the
wide application of next generation sequencing (NGS) technology, biological
research has entered the genome era. More than 1500 fungal genomes have been
sequenced and still many more genomes are in progress since the first fungal
genome sequence (Saccharomyces cerevisiae) was published in 1996 [1]. For
instance, a broad range of reference fungal genomes have been sequenced,
including the yeast Schizosaccharomyces pombe [2], the filamentous saprobes
Neurospora crassa 3], Aspergillus nidulans [4], Aspergillus niger [5] and
Trichoderma reesei [ 6], the filamentous cereal pathogens Magnaporthe grisea
[7], Ustilago maydis [8] and Fusarium graminearum [9], and the white rot

basidiomycete Phanerochaete chrysosporium [10]. Moreover, the sequenced
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genomes together with their annotation information can be easily accessed
from a list of the databases dedicated to fungal genomes (Table 1). The rapidly
increasing amount of fungal genomics data not only provides us with a better
understanding of the fundamental cellular processes, but also benefits a broad
range of fungi related applications in human health, agriculture, enzyme

biotechnology, bioenergy, and ecological diversity [11].

Table 1. List of databases dedicated to fungal genomes.

Database URL

MycoCosm https://mycocosm.jgi.doe.gov/mycocosm/home
Joint Genome Institute (JGI) https://genome.jgi.doe.gov/portal/

FungiDB https://fungidb.org/fungidb/

EnsemblFungi https://fungi.ensembl.org/index.html
Aspergillus Genome Database (AspGD) http://www.aspgd.org/

Saccharomyces Genome Database (SGD) https://www.yeastgenome.org/

Candida Genome Database (CGD) http://www.candidagenome.org/

2.1 Bioinformatics workflow and tools for genomics analysis

The advent of NGS technologies is accompanied with the rapid development
of numerous bioinformatics methods and tools that were created to handle
the vast amount and different types of data generated by different sequencing
platforms. A specific set of bioinformatics tools are needed to process data in
each different step of genomic analysis. Space and expertise constraints do
not allow us to cover all bioinformatics tools deployed in the genomics field

and here we mainly focus on tools that are frequently used in the community.

The past decades have witnessed dramatical changes in sequencing
technologies. Early efforts of fungal genome sequencing were mainly made
by the Sanger sequencing method, such as the genome sequencing of S.
cerevisiae [1], T. reesei [6], P. chrysosporium [10] and Agaricus bisporus
[12]. However, due to the high cost and time-consuming use of the Sanger
method, more recent genomes were mainly sequenced by alternative
sequencing platforms, called “next generation sequencing (NGS)”. Several

NGS sequencing platforms are widely used by researchers, including Roche
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454, Illumina, Helicos, ABI SOLiD and newly developed Ion Proton, PacBio
and Oxford Nanopore. These sequencing platforms differ substantially in
terms of their sequencing mechanism, throughput, output (length of reads,
number of sequences), accuracy and cost [ 13]. The decrease of sequencing cost
compared to traditional Sanger sequencing has driven the rapid development
of NGS and made it the primary sequencing method. In this chapter, we focus

on the bioinformatics analysis of NGS data.

A typical workflow for genome analysis falls into the following steps: (1)
quality control and preprocessing of raw reads; (2) alignment (especially for
comparative assembly); (3) genome assembly; (4) genome annotation; (5)
other advanced analyses based on your research interest, such as phylogenetic
analysis and comparative genomics analysis. Typically, the raw reads of
NGS data are stored either as text in a Fasta file or with their qualities as a
FastQ file. The latter one is the most widely accepted format. Quality control
(QC) of raw reads is the first step of the genomic data analysis and several
tools are commonly used for this step. For instance, FastQC (http://www.
bioinformatics.babraham.ac.uk/projects/fastqc) is a powerful QC tool, which
can provide a range of useful QC statistics results, such as per-base quality,
average read quality, GC content, N content, sequence length distribution,
duplication levels, and overrepresented sequences. Read trimming is a
preprocess step which aims at removing unwanted information of sequence,
including leftover adapter sequences, low-quality bases at reads ends, known
contaminants (strings of As/Ts), reads containing too many N-bases along
their length, and more. Popular trimming tools include the FASTA-Toolkit
(http://hannonlab.cshl.edu/fastx_toolkit/), Trimmomatic [14], Fastx_trimmer
(https://rdrr.io/github/abshah/RADseqR/man/fastx trimmer.html) and
cutadapt [15]. In addition, NGS QC Toolkit [16] integrates various tools
for performing multiple tasks, including quality control, trimming, format
conversion, and generates corresponding statistics reports. After filtering the

reads, the clean reads are aligned to the reference genome during a comparative
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assembly. Widely used aligners include Bowtie2 [17], Burrows-Wheeler
Aligner (BWA) [18], STAR [19], HISAT2 [20], and StringTie [21]. The
alignments results are usually stored as SAM files or its binary compressed
implementation BAM files. Alignments can be viewed using user-friendly
and freely available software, such as the Interactive Genome Viewer (IGV)
[22], the GALAXY server [23] or Genome Browse (http://goldenhelix.com/

products/GenomeBrowse).

Genome assembly refers to the process of taking a large number of short
DNA sequences and putting them back together to create a representation
of the original chromosomes from which the DNA originated. The genome
assembly can be broadly categorized into two approaches: de novo assembly,
for reconstructing genomes without available reference genomes, and
comparative assembly, which uses the sequence of a closely related organism
as a reference during assembly. Comparative approaches can only be applied
to the genomes for which reference sequences are available. Even when a
reference genome is available, the sequence can also be reconstructed through
de novo assembly to improve the genome [24]. In terms of different demands,
there are several computational tools commonly used for genome assembly
(Table 2).

Alongside the steady increasing performance of NGS technologies in
genome sequencing, it still faces several persistent challenges to achieve
a fully assembled genome. For example, errors in reads and large repeats
in the genome complicate sequence alignment and genome reconstruction.
Therefore, it is necessary to statistically assess the quality of an assembly. The
quality of genome assembly can be assessed by several criteria, such as per-
base error rates, insert size distributions, k-mer distributions and fragment
(contig) length distributions. N50 is a widely used measure to assess the
contiguity of a genome assembly, which is defined as the sequence length
of the shortest contig for which longer and equal length contigs cover at

least 50% of the genome. For quality evaluation of assembly results, several
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software can be applied, such as GAGE (Genome Assembly Gold-standard
Evaluations) [32], QUAST [33], BUSCO [34], SQUAT [35] and GenomeQC
[36]. GAGE could evaluate repeat copy numbers, insertions, deletions, and
assembly errors in the various assemblies, even the correctness of assemblies
if the reference genomes are given. QUAST can evaluate assemblies with
or without a reference genome, and usually presents comprehensive metrics,
summary tables, reports and plots. BUSCO does a quantitative assessment
of genome assembly and annotation completeness. SQUAT tool (https://
github.com/luke831215/SQUAT) provides quality assessments for both
pre-assembly and post-assembly, and examines the correctness of de novo
assemblies and the input reads. GenomeQC characterizes both assembly and

gene annotation quality, and provides a comprehensive assessment summary.

The next step after genome assembly is to provide functional annotation. The
annotation is a bridge connecting the sequence with its possible biological
function. Genome annotation includes structural annotation and functional
annotation. The former refers to the identification features on a genome
assembly such as protein-coding, non-coding RNAs (ncRNAs), repeats and
transposable elements, and pseudogenes. There is a variety of programs
available for ab initio gene predictions including Genscan [37], Genemark.
hmm [38], SNAP [39], GlimmerHMM [40], MAKER [41] and AUGUSTUS
[42]. To improve the accuracy of gene prediction and annotation, the NGS
based transcriptome data is often integrated by many gene prediction tools.
In addition, the RepeatMasker (http://www.repeatmasker.org) is routinely
used to identify the repeat elements and mask them from the genome in
preparation for a more focused gene finding exercise. The TransposonPSI
(http://transposonpsi.sourceforge.net/) is often used to assist in the discovery

of transposable elements.
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Table 2. Common assemblers for diverse sequencing data.

Tools Description Availability Ref

ABySS paired-end sequence https://github.com/bcgsc/abyss [25]
assembler designed for
large genome assembly of
short reads

SOAPdenovo short read assembler https://www.animalgenome.org/bioinfo/  [26,
resources/manuals/SOAP.html 27]

ALLPATHS-LG  short read assembler http://software.broadinstitute.org/allpaths- [28]
lg/blog/

Canu long read assembler https://github.com/marbl/canu [29]

working on both third and
fourth generation reads

Falcon long read assembler https://github.com/PacificBiosciences/ [30]
designed for diploid FALCON
organisms.

Velvet de novo genome assembly  https://www.ebi.ac.uk/~zerbino/velvet/ [31]
and short read sequencing
alignments

Functional annotation refers to the computational assignment of functions to
the predicted genes. A common approach is using homology-based methods
like BLASTp to infer biological function based on top hits in a well-curated
and non-redundant database like the manually annotated SWISS-PROT
provided at UniProt (https://www.uniprot.org/) and the reference sequence
(RefSeq) collection of the NCBI (https://www.ncbi.nlm.nih.gov/refseq/)
A widely used protein homology-based gene-modeling tool is GeneWise
(https://www.ebi.ac.uk/Tools/psa/genewise/), which combines protein
alignment and gene prediction into a single statistical model via a paired
hidden Markov model (HMM) [43]. Additional functional characterization
includes assigning enzyme activity (EC-number), gene ontology (GO), Pfam
database (https://pfam.xfam.org/), and KEGG-pathway. Several tools are
commonly used for this analysis like InterProScan (http://www.ebi.ac.uk/
interpro/about/interpro/), Blast2GO software (https://www.blast2go.com/),
the “hmmsearch” of the HMMER tool (http://hmmer.org/), and Funannotate
(https://funannotate.readthedocs.io/en/latest/tutorials.html). Furthermore, the

secretion signal peptide and transmembrane characters can be predicted with
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the SignalP tool (http://www.cbs.dtu.dk/services/SignalP/), and TMHMM
(http://www.cbs.dtu.dk/services/ TMHMMY/), respectively. Additionally, the
comparative fungal genomics platform (CFGP, http://cfgp.riceblast.snu.ac.kr/
main.php), is a multifunctional fungal genome data warehouse, which enables
online analysis of large set of fungal genomes by integrating 37 common
bioinformatics tools and encompasses several specific repositories focusing
on specific fungal protein groups such as secretome, transcription factor and
cytochrome P450 proteins [44].

The annotation information of non-coding RNA is often derived from a
reference genome. If this is not available, the common method is to map
non-coding RNA sequences with known members from databases of non-
coding RNA. Rfam [45, 46] and INFERNAL [47] serve useful resources
for annotating transfer RNA (tRNA), small nuclear RNA (snRNA), small
nucleolar RNA (snoRNA), and other short non-coding RNA with conserved
sequences and secondary structures. NONCODE (http://www.noncode.org)
is an integrated knowledgebase dedicated to the complete collection and
annotation of non-coding RNAs (ncRNA) [48]. IncRNAdDb (https://rnacentral.
org/expert-database/Incrnadb) provides annotation of long non-coding RNAs
[49].

Another method of functional annotation is the classification of orthologous
genes. OrthoMCL [50] and OrthoFinder [51] are commonly used to analyze
orthologues. Due to their importance biological function and industrial
potential, some genes have been further annotated and classified into
specific protein families, such as the carbohydrate-active enzyme annotation
(CAZyme) and peptidases. CAZyme predictions are usually performed by
running hmmscan from the HMMER tool (http://hmmer.org/) by searching
the HMM profiles derived from well-characterized CAZymes [52, 53].
Similar approach could be used to identify the peptidases by using sequences
provided on MEROPS website (https://www.ebi.ac.uk/merops) and HMMER

tools. The resulting set of genes and functional annotation is typically less
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than perfect, and often need manual curation before its release to the public,
which requires continuous refining efforts from the scientific community

even after the release of the genome.

To make the best use of a genome, the newly assembled genome together
with its annotation is uploaded to public databases, which can be accessed
and shared by researchers worldwide. The most common databases dedicated
to fungal genomes are shown in Table 1. In general, there are two types of
databases. Several databases embrace a broader diversity of fungi, such as
Mycocosm and FungiDB. Some other database focus on specific fungal
species or genera. For examples, the SGD [54] and CGI [55] are specialized
databases for Saccharomycetes and Candida, respectively. AspGD was
designed for Aspergillus researchers, which provides visualization tools for
genomic features and alignments as well as a comparative genomics analysis
for the genus Aspergillus [56]. Currently the AspGD database is no longer
updated, and AspGD data has been integrated into FungiDB (https://fungidb.
org/fungidb/). Given their economic and scientific importance, several fungal
genomes have received more attention and are selected to be deeply annotated
to achieve gold-standard genome resources. Those flagship fungi include A.

niger [5], A. nidulans [4], T. reesei [6], and P. chrysosporium [10].

2.2 Examples of fungal genomic studies

With abundant and diverse fungal genomes available, comparative genomics
has emerged as a powerful approach to identify the link between genotype
and phenotype via comparatively analyzing genomic features and their
evolution across different species. In the past decade, numerous studies of
comparative genomics have greatly enhanced our understanding of the
genomic diversity and evolutionary mechanisms that are related to several
important aspects of fungal biology, such as plant pathogenicity [57-59],
plant biomass degradation [60-63], as well as stress response [64]. The
current rapid expansion of genomics data allows even large-scale comparison

of genomics at the genera or section level. For example, a recent comparative
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analysis of a large set of Aspergillus genomes have revealed remarkable
genomic diversity and similarities within Aspergillus species and part of
them could be associated with specific phenotypes [65]. Another comparative
genomics study of 23 Aspergillus species from section Flavi reassessed the
phylogenetic relationships of the studied species, and highlighted the genetic
and metabolic diversity within section Flavi by comparing evolution patterns
of CAZymes, secondary metabolite gene clusters and fungal growth profiles
[66]. A similar study of comparing inter- and intraspecies variation of 23
Aspergillus section Nigri also showed high genetic diversity and genome
flexibility of section Nigri [67]. Similar comparative studies have also been
performed for 12 Trichoderma species [68] and various sets of basidiomycete
fungi. A comparative analysis of 31 basidiomycete genomes, including both
white and brown rot basidiomycetes, reconstructed the evolution of lignin
decay mechanisms and suggested that the evolution of ligninolytic capabilities
was associated with the sharp decrease of carbon burial in geological time
[60]. A further comparison of 33 basidiomycete genomes revealed that the
current dichotomous classification of white rot and brown rot fungi was not
adequate to describe the whole spectrum of wood-decaying basidiomycetes
[69]. For instance, Botryobasidium botryosum and Jaapia argillacea have
lost ligninolytic class II peroxidases like brown rot fungi, but possess
diverse enzymes acting on crystalline cellulose normally associated with
white rot fungi, and thus represent so-called grey rot species. In summary,
with the continuous expansion of fungal genomics, comparative genomics
analysis have an enormous potential to help us better understand how fungi
have adapted to their lifestyles and ecological niches, and to discover new

biochemical mechanisms [70].

3. Current states of fungal post-genomics analysis

In parallel with the increase in fungal genome sequences, the amount of fungal
functional genomic data (transcriptomics, proteomics and metabolomics data)

has also increased rapidly. Meanwhile, a broad range of bioinformatics tools
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have been developed as a response to the exponential growth in the amount,
scale, and diversity of post-genomics data. In the post-genomic era, the focus
of research will shift from revealing the genetic information of an organism

to the functional biological research.

3.1 Transcriptomics

The transcriptome is the complete set of all RNA molecules in a cell, a
population of cells or an organism. There are several major types of RNA
inside a cell. The most studied one is the messenger RNA (mRNA) which is
translated into proteins. Other types of RNAs serve other important functions,
such as circular RNA (circRNA), microRNA (miRNA), ribosomal RNA
(rRNA), transfer RNA (tRNA), small interfering RNA (siRNAs), and long
non-coding RNA (IncRNA). Here we focus on mRNA related transcriptomics
performed with RNA-Seq, which is the most commonly used experimental
approach in current fungal studies. We focus on the bioinformatics analysis,

and do not address the experimental details.

3.1.1 Bioinformatics workflow and tools for transcriptomics analysis

Generally speaking, the RNA-Seq downstream analysis can include four
essential stages: quality control, alignment, qualification, and differential
analysis. Several NGS sequencing platforms are used by researchers,
including Roche 454, [llumina, Helicos, ABI SOLiD and PacBio [71]. Among
them Illumina is the most commonly used platform [72]. Depending on the
research requirement, single-end and/or paired-end reads can be generated.
After obtaining a large volume of raw sequence reads, similar as for genomic
analysis, quality analysis is needed to remove low quality reads by using
tools such as FastQC (http://www.bioinformatics.babraham.ac.uk/projects/
fastqc/), FaQCs (https://github.com/LANL-Bioinformatics/FaQCs), FASTX-
Toolkit (http://hannonlab.cshl.edu/fastx_toolkit/), Trimmomatic [14] and
RSeQC [73].
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After the quality filtering, the clean reads are aligned to the reference genome
or de novo assembly, depending on whether a reference genome is available.
The former is referred as “reference-based” transcript identification. The
most widely used and efficient aligners for this purpose include Bowtie [74],
TopHat2 [75], STAR [19], GMAP [76], and HISAT2 [20]. If no reliable
reference genome exists for the species, de novo transcript assembly can be
used to identify the transcripts using tools such as Oases [77], rnaSPAdes [ 78],
Cufflinks [79], StringTie [21, 80], SOAPdenovo-trans [81], CLC genomics
workbench [82] and Trinity [83, 84]. For species with a reference genome,

both mentioned strategies can be used alone or in combination.

The next step is to estimate the expression abundance of genes or transcripts
based on the alignment results. Gene (RNA) expression levels can be
typically expressed as Reads Per Kilobase per Million (RPKM), Fragments
Per Kilobase per Million (FPKM), Reads/Counts Per Million (RPM/CPM)
and Transcripts Per Million (TPM). One of approaches for quantification is to
aggregate raw counts of mapped reads using tools such as HTSeq-count [85]
and featureCounts [86]. The reads count tools rely on the alignment result
file (SAM or BAM file) and gene feature file (GFF) as input and generate
the count number of sequencing reads overlap for each of the gene features.
In addition, transcriptome assemblers like Cufflinks and StringTie could be
used to obtain the abundances of novel transcripts in addition to the known
ones. Several other tools like RSEM [87], Salmon [88], and eXpress [89] are
also commonly used to estimate transcript abundance as well as abundance

of gene isoforms.

Once quantitative counts of each transcript are available, the following step is
to identify differentially expressed genes (DEGs) across different samples and
conditions. Multiple prevailing approaches are applied to accurately detect
differentially expressed genes, which include count-based techniques like
DESeq2 [90], limma [91], and edgeR [92], assembly-based techniques like
Cuftdiff [93] and Ballgown [94], or sleuth [95] which performs differential
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analysis on alignment-free quantifications. In addition, many genes involved
in the same cellular pathways often share similar expression profile and the
detection of co-expression genes across different growth conditions has
received broad attention. The weighted gene co-expression network analysis
(WGCNA) is one of the most used tools to identify co-expressed groups of
genes [96].

In addition to the above quantitative analysis, RNA-Seq data can also be
used to identify important genomic and transcriptomic variations. GATK
[97] is the best practices workflow to call variants such as SNPs and indels
from RNA-seq data. Furthermore, a useful tool is vcftools [98], which is a
program package designed for working with VCF files and used to filter out
specific variants or summarize variants etc. The widely used applications for
functional annotation of variants include SnpEff [99] and ANNOVAR [100].

Transcriptome analysis is also commonly applied to identify target genes of
a specific transcription factor (TF). This is often done by firstly identifying
the DEGs through comparing transcriptomic profiles of a TF mutant and the
corresponding reference strain. Next, the specific motif enriched in promoters
of these DEGs could be used to infer the TF binding consensus sequence.
Several tools are widely used for the motif analysis such as MEME [101] and
RSAT [102].

The commonly used bioinformatics tools for each aspect of RNA-seq analysis

are summarized in Table 3.
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Table 3. The widely used tools in transcriptomics analysis.

Tools Quick links
Quality control
fastQC https://www.bioinformatics.babraham.ac.uk/projects/fastqc/
Trimmomatic http://www.usadellab.org/cms/?page=trimmomatic
Fastx_trimmer https://rdrr.io/github/abshah/RADseqR/man/fastx_trimmer.html
RSeQC http://rseqc.sourceforge.net/
Alignment
HISAT2 http://daechwankimlab.github.io/hisat2/
StringTie https://ccb.jhu.edu/software/stringtie/
STAR https://github.com/alexdobin/STAR
SOAPdenovo-trans  https://github.com/aquaskyline/SOAPdenovo-Trans
Cufflinks http://cole-trapnell-lab.github.io/cufflinks/
Variant calling and genotyping
GATK https://gatk.broadinstitute.org/hc/en-us
Variant annotation
SnpEff http://snpeft.sourceforge.net/
ANNOVAR https://doc-openbio.readthedocs.io/projects/annovar/en/latest/
Calculate reads count
HTSeq-count https://htseq.readthedocs.io/en/release 0.11.1/count.html
featureCounts http://subread.sourceforge.net

Differential expression

DEseq2 https://bioconductor.org/packages/release/bioc/html/DESeq2.html
edgeR https://bioconductor.org/packages/release/bioc/html/edgeR . html
Visualization

1GV https://software.broadinstitute.org/software/igv/

Gene annotation

GO https://go.princeton.edu/

KEGG https://www.genome.jp/kegg/

GSEA https://www.gsea-msigdb.org/gsea/index.jsp

BLAST2GO https://www.blast2go.com/

Pfam https://pfam.xfam.org/

http://horvath.genetics.ucla.edu/html/CoexpressionNetwork/Rpackages/

WGENA WGCNA/
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(Table 3. Continued)

Tools Quick links
Utility tools
Bedtools https://bedtools.readthedocs.io/en/latest/
SAMtools https://www.htslib.org/
Vcftools http://veftools.sourceforge.net/

Online platform

Galaxy https://usegalaxy.org/

3.1.2 Examples of fungal transcriptomics studies

RNA-seq analysis has been widely applied in a broad range of fungal studies
and greatly advanced our understanding of fungal physiology and genetic
regulation. For example, RNA-seq has been widely deployed to study
fungal plant biomass degradation in diverse fungal species across different
growth conditions. These studies range from the dynamic transcriptional
responses of fungus to lignocellulose [103-106] and lignocellulose-derived
compounds [107-109], to complex transcriptional regulation network [110-
112]. In addition, sophisticated bioinformatics analysis of strand-specific
RNA-seq data have indicated that antisense transcripts [103, 113, 114] and
RNA editing [115] may play a role during fungal grown on plant biomass.
The combined analysis of large-scale transcriptome datasets across different
fungal species and growth conditions have enabled us to detect conserved
genes and pathways during fungal development or their adaption to natural
biotopes [116, 117].

3.2 Proteomics

The concept of proteome was first proposed in 1994 by Marc Wilkins [118].
The proteome is the entire set of proteins in a given cell, tissue or biological
sample, at a precise developmental or cellular phase. Proteomics, the global
analysis of proteins, aims for qualitative and quantitative measurements of
the production, function and regulation of the entire set of proteins encoded

by the genome at a specific condition. Mass spectrometry (MS) is the most
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common technique for proteomics analysis and has been widely applied in
fungal research [119-124]. Due to the increasing throughput and accuracy
of current MS instruments, the importance of bioinformatics analysis of vast
amounts of proteomics data is becoming evident. Here we mainly focus on
the proteomics related bioinformatics methods, while only give a very short
summary of experimental methods. The experimental methods of proteomics

can be found in other well-written reviews [125-127].

The most widely-adopted proteomics methodology for large-scale proteomics
analysis is the MS based bottom-up proteomics approach [128-130], while the
top-down and middle-down proteomics strategy is still in the development
stage [131-133]. In bottom-up proteomics, we do not use MS to analyze the
intact protein, but analyze a peptide mixture digested from proteins. Then MS
detecting signals are used to infer peptide information, which can be furtherused
to infer protein information. Owing to the recent advances in instrumentation,
sample preparation and computational algorithms, proteomics researchers can
routinely identify and quantify thousands of proteins in a single experiment.
A generic proteomics workflow can be broadly categorized into three major
steps, i.e., (i.) sample preparation, (ii.) MS data acquisition and (iii.) data
analysis or post-MS data acquisition. Proteins extracted from a biological
sample are digested with a specific enzyme (typically trypsin). The resulting
peptides are separated by liquid chromatography. Then the ionized peptides
are introduced to mass spectrometry that detects the mass and ion intensity
for peptides and their fragments. At the last step, via computational software,
peptides and proteins are identified and quantified. The possible biological
function can be further annotated via various bioinformatics analysis. Many
strategies used in transcriptomic data analysis for biological function mining

can be directly or slightly modified to be applied in proteomics data analysis.

3.2.1 Bioinformatics workflow and tools for proteomics analysis

Today, proteomics is a multi-disciplinary field, which has been extended

from the initial large-scale protein identification, to quantification, and to
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the characterization of complex protein-protein interactions. In parallel,
corresponding bioinformatics tools are also evolving so as to address
problems arising from specific branches of proteomics research. In fact,
intensive developments in these areas have led to the creation of a new field
named ‘“computational proteomics” dedicated completely to this pursuit
[134-136]. In this section, we mainly focus on data analysis methods that
are commonly used in most fungal proteomics studies including: (i.) peptide
and protein identification; (ii.) quantification of proteins; and (iii.) biological

interpretation of proteomics results.
1) Peptide and protein identification

Normally, it takes two steps to infer protein identities from MS data. The first
step is by matching a MS/MS spectrum to a peptide sequence, known as a
peptide spectrum match (PSM). Subsequently, peptide sequences obtained
from PSMs are used to infer proteins. As with any large-scale studies such as
genomics and transcriptomics, statistical models play a key role for controlling
the false discovery rate (FDR) for both peptide and protein identification.
A number of computational algorithms and software solutions have been
developed to assign peptide sequences to fragment ion spectra. These tools

can be classified into three categories according reviews [137-139]:

1. Database searching: peptide sequences are identified by correlating an
acquired MS? spectrum with a theoretical spectrum predicted from peptides
obtained from in silico digestion of a protein sequence database [140, 141].
Alternatively, in the so-called spectral-library search approach a fragment ion
spectrum can be correlated with a library of experimental MS/MS spectra

identified in previous experiments [142-144].

2. De novo sequencing: peptide sequences are directly inferred from fragment
ion spectra without reference to any database information. Many newly
developed tools designed for de novo peptide sequencing have introduced

advanced machine learning algorithms and showed promising results, such
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as pNovo 3 [145], Novor [146], and DeepNovo [147].

3. Hybrid approaches that combine database search and de novo sequencing:
based on the extraction of short “sequence tags” of 3-5 residues in length,

followed by “error-tolerant” database searching [148-150]

A list of tools commonly used for these different types of peptide spectrum
matching is provided in Table 4. Currently, database searching strategies

represent the most-used method for high-throughput peptide identification.

After peptide to spectrum matching, the next step is to assemble peptide
sequences into proteins. However, mapping peptide sequences to proteins
is not always straightforward, as some peptide sequences are shared among
more than one protein, due to sequence homology or alternative splicing of
genes. To solve this problem, a common strategy is by simply reporting the

parsimonious set of proteins to explain the observed peptides [174].

Table 4. Overview of software available for peptide and protein identification.

Program Website Ref
Database search

SEQUEST http://fields.scripps.edu/sequest/ [141]
MASCOT http://www.matrixscience.com/ [151]
X!tandem http://www.thegpm.org/tandem/ [152]
Andromeda http://www.coxdocs.org/doku.php?id=maxquant:andromeda  [153]
Comet http://comet-ms.sourceforge.net/ [154]
MS Amanda https://ms.imp.ac.at/?goto=msamanda [155]
MS-GF+ http://proteomics.ucsd.edu/software-tools/ms-gf/ [156]
SearchGUI http://searchgui.googlecode.com [157]
ProLuCID ht‘rp://ﬁelds.scripps.edu/yates/wp/?pa& id=821 [158]
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(Table 4. Continued)

Program Website Ref
Database search

msFragger https://github.com/Nesvilab/MSFragger [159]
De novo peptide sequencing

pNovo 3 http://pfind.ict.ac.cn/software/pNovo/index.html [145]
pNovoM http://pfind.ict.ac.cn/software/pNovoM/ [160]
DeepNovo https://github.com/nh2tran/DeepNovo [147]
DeNovoGUI http://compomics.github.io/projects/denovogui [161]
Novor https://www.rapidnovor.org/novor [146]
PepNovo http://proteomics.ucsd.edu/Software/PepNovo [162]
PEAKSs https://www.bioinfor.com [163]
Hybrid approaches

MS Dictionary http://proteomics.ucsd.edu/Software/ [149]
TagRecon https://lab.vanderbilt.edu/msrc-bioinformatics/software/ [150]
PEAKS DB https://www.bioinfor.com/peaksdb/ [148]
Statistical validation

PeptideProphet http://peptideprophet.sourceforge.net/ [164]
ProteinProphet http://proteinprophet.sourceforge.net/ [165]
Percolator https://noble.gs.washington.edu/proj/percolator/ [166]
Scaffold http://www.proteomesoftware.com/ [167]
Proteomics data repositories

Global Proteome http://gpmdb.thegpm.org/ [168]
Machine Database

PeptideAtlas http://www.peptideatlas.org/ [169]
jPOST https://jpostdb.org/ [170]
ProteomeXchange http://www.proteomexchange.org/ [171]
Consortium

Proteomics https://github.com/PRIDE-Toolsuite/pride-inspector [172]
Identifications (PRIDE)

Database

PASSEL http://www.peptideatlas.org/passel/ [173]

As with other high-throughput “omics” technologies, proteomics is capable
of generating massive amounts of data, albeit with a certain degree of noise,
which affects peptide and protein identifications. As such, assessment of the
quality of proteomics data is of utmost importance [166, 174-177]. Many

probabilistic methods have been developed to provide a statistical measure
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of confidence and an estimate of error rates [174]. For estimating the false-
positive rate in peptide to spectrum matching, the most popular method makes
use of a target-decoy analysis [178]. This method requires a decoy database,
which is created by shuffling or reversing the protein sequences in the target
protein database of the organism under study. It assumes that scores of spectra
matched to a decoy database distribute similarly as those of incorrect matches
to the original target database. The false discovery rate (FDR) of a certain
score threshold can be determined by the number of PSMs in the decoy
search divided by the PSM counts in the target search. Other approaches
to separate the correct PSMs from incorrect ones are based on machine
learning methods, such as PeptideProphet [164] and Percolator [166]. For
protein inference, several statistical models have been proposed to estimate
the reliability of the assigned identified protein. For instance, ProteinProphet
computes a probability that a protein is present in the sample by combining
the probabilities of peptides assigned to this protein [165]. In addition, several
statistical methods have been specially developed to assess the confidence
of the post-translation modification sites, such as Ascore [179], PTM score
[180] and PhosphoRS [181].

In addition, with continually increasing of proteomics application, sharing
and reusing of data become essential for the research community. Currently, a
number of proteomics tools, databases and repositories have sprung up which
provide a highly valuable source for bioinformatics data mining (Table 4)
[182, 183].

2) Data analysis of quantitative proteomics

MS based proteomics has not only been successfully used for large-scale
protein identification, but is also widely applied for quantifying global protein
production [184]. Over the past decade, many quantification strategies for
MS-based proteomics have been introduced [137, 174, 185, 186]. In these
methods, quantitative information from mass spectra at various levels can be

extracted and used for estimating protein abundance. This information can
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either originate from a MS! feature (peaks in the MS' spectrum characterized
by their intensity, m/z value, and the time of acquisition of the spectrum),
or MS? features (fragment ion spectra) or even peptide features (the PSMs
for each peptide or groups of isotopic mass peaks originating from the same
peptide ion). In general, based on the particular sample preparation workflow,
quantitative proteomics can be categorized in two flavors: (i.) Based on stable
isotope labeling or (ii.) Based on label free methods which mainly include
spectral counting (PSM-based) and determination of precursor ion signal
intensities (MS!-based).

Quantitative proteomics analysis is not straightforward as the intensity detected
by MS may be noisy, biased or contain missing values. Instead, the next step
is to apply data analysis methods to clean up the data or to correct for these
biases, followed by statistically determining and confirming differentially
expressed proteins [187-190]. These statistical methods address key issues
in data analysis ranging from data normalization [191, 192] to imputation of
missing values and also significance analysis [193]. As transcriptomics and
proteomics data do bear some similarities, statistical methods successfully
applied in quantitative proteomics are mostly adapted from microarray-based

data analysis.
3) Biological interpretation of proteomics results

Bioinformatics plays an important role in the research of functional protein
annotation, and prediction of protein-protein interactions. For function
prediction of an unknown protein, one simple and common method is to
compare its sequence with the known proteins by using sequence alignment
tools like Clustal W [194], Jalview [195], and MAFFT [196], or using BLASTp
to search the sequence against well curated databases such as NCBI [197] and
Uniprot [198]. In addition, the general functional annotation of proteins, such
as GO terms, KEGG, and PFAM are also useful to infer their function. Several
tools can be used to achieve this goal such as Blast2GO [199], InterProScan
[200] and FungiFun2 [201]. Specifically in fungi, the carbohydrate-active
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enzymes (CAZymes) which are responsible for the breakdown, biosynthesis
or modification of glycoconjugates, oligo- and polysaccharides, could be
assigned to a particular class in the CAZy database [202] to predict their
function. Furthermore, the fungal secreted protein could be predicted with
several common bioinformatics tools, such as SignalP, WolfPsort [203]
and Phobius [204], or can be directly retrieved from the fungal secretome
databases such as FunSecKB (http://bioinformatics.ysu.edu/secretomes/
fungi.php) [205] and FSD (http://fsd.snu.ac.kr/) [206]. Enrichment analysis
like GO enrichment, and gene set enrichment algorithms (GSEA) can be
performed to further explore the function of a selected protein list [207].
Algorithms such as motif-x [208] or PhosphoMotif Finder [209] analyze the
sequence environment of phosphorylation modification sites in a proteomics
dataset, reporting enrichment of certain amino acid motifs which can help to

identify the kinases catalyzing the modification.

For protein-protein interaction, a widely used resource of interaction data is
STRING [210, 211], which is not only a widely used database for protein
interaction data, but also providing various other resources for literature
mining. Cytoscape [212] is a convenient tool to visualize the protein-protein
interaction network. With many plug-ins, Cytoscape enables further analysis
of the protein network, such as the MCODE [213] for topological analysis
and BiNGO for Gene Ontology enrichment analysis [214].

3.2.2 Examples of fungal proteomics studies

The capability of high-throughput identification and quantification of proteins,
the actual functional molecules in the cell, enables proteomics to provide
complement information to genomics and transcriptomics in reflecting
the cellular state. In the past decade, numerous proteomics studies were
carried out alone or together with transcriptomics to investigate fungal plant
biomass utilization. For instance, MS based proteomics have been widely
used to monitor the fungal secretome, which revealed dynamic changes of

key lignocellulolytic enzymes in response to different carbon sources [215,
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216]. The comparative transcriptome and secretome analyses of the brown rot
fungus Postia placenta and the white rot fungus P. chrysosporium cultured in
wood containing media elucidated the different mechanisms of lignocellulose
degradation mechanisms employed by these model wood decay fungi
[217-220]. Comparison of secretome from different fungi showed that the
similar genomic content could generate a very diverse secretome, especially
the CAZyme profile, in response to plant biomass degradation [221]. In
addition, several studies have indicated an important role of post-translational
modification (such as phosphorylation) in regulating fungal plant biomass

degradation through phospho-proteomics analysis [222, 223].

3.3 Metabolomics

Metabolomics originated from metabolic profiling. Fiehn proposed
“metabolomics” in 2001 and defined it as “a comprehensive and quantitative
analysis of all metabolites in a biological system” [224]. Because metabolites
and their concentrations directly reflect the underlying cellular biochemical
activity, metabolomics is a useful and complementary approach to other

omics techniques in deciphering the complexity of biological systems.

The general procedure for metabolomics analysis includes the separation,
detection, identification and quantification of metabolites. Gas or liquid
chromatography-mass spectrometry (GC-MS or LC-MS) and nuclear
magnetic resonance (NMR) are the most frequently used tools for determining
and quantifying as many metabolites as possible, including both known
and unknown compounds. The analytical methodologies for metabolite
profiling have been extensively reviewed in many papers and books [225-
227]. The high separation efficiency, excellent reproducibility, and many
well-established and available libraries for structural identification are key
advantages of GC-MS analysis [228]. Typically, classes of metabolites
routinely measured by GC-MS include sugars, amino acids, phosphorylated
metabolites, organic acids, lipids, and amines. LC-MS is another technique

commonly used in metabolomics. Sample preparation for LC-MS is simple
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and it caters well for compounds that are not well suited for GC-MS, such as
macromolecular metabolites, thermally labile compounds, polar compounds
large, and compounds that do not volatilize easily. To date in fungi, LC-MS is
a robust technique for examining and screening secondary metabolites [229].
As for NMR, it has the advantage of simplicity of sample preparation, high
precision as well as high resolution. However, it suffers from relatively low
sensitivity, and concentration insensitivity on detecting metabolites with large
concentration differences in biological systems [230, 231], which hinders
its application in fungal metabolomics [228]. Particularly for fungi, direct
infusion mass spectrometry (diMS) [232] can probably be the best and most
efficient approach used for the quantitative analysis of metabolites. In addition
to relative easy-to-use and high resolution and accuracy, the major advantage
of diMS is that each observed ion can be associated with a unique chemical
formula so that the accurate mass of this ion can be determined. Therefore,
diMS is applied to rapidly classify filamentous fungi. The classified species
were typically identified based on their mass profile rather than a conventional

phenotypic identification [233].

After the chromatographic separation of biological metabolites, a large
amount of generated spectral and multivariate data needs to be analyzed by
employing statistics and computational tools. Independent of the employed
analytical technique, in broad terms, metabolomic profiling falls into two
categories: targeted and untargeted analyses. For the targeted approach, it is
restricted to defined metabolites, for example a group of particular metabolic
enzymes, and can quantify and identify by monitoring a set of annotated
known substances. By contrast, untargeted profiling methods try to detect
all measurable compounds, including unknown or at least unidentified
[234-236]. Thus, untargeted approaches have the potential of probing the
entire metabolic space [237]. GC-MS could be well applied to non-targeted
metabolite profiling, especially for volatile and thermally stable polar and

non-polar metabolites [229].
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3.3.1 Bioinformatics workflow and tools for metabolomic analysis

Over the last decade, several software programs for automated processing of
metabolomics data have been introduced to assist data mining in metabolomics.
MZmine 2 (http://mzmine.sourceforge.net/) is an open-source software for
mass-spectrometry data processing, with the main focus on LC-MS data,
which has been applied to both targeted and non-targeted metabolomic
analyses [238]. MetAlign has been successfully used in many metabolomics
studies, which can process GC-MS and LC-MS data with multiple threads
for untargeted analysis [239]. OpenMS 2.0 (http://www.openms.de) provides
many tools that are specifically designed for the metabolite quantification and
metabolite identification in non-targeted metabolomics analysis [240]. XCMS
(https://xcmsonline.scripps.edu) also processes untargeted metabolomic data,
and provides a complete workflow including feature detection, retention time
correction, alignment, annotation, statistical analysis, and data visualization
[241]. In addition, XCMS Online is integrated with METLIN [242], a large
metabolite database. Several metabolic pathways and biochemical databases
are available for metabolomics analysis. Among them, BioCyc (https://
biocyc.org/), MetaCyc (MetaCyc Encyclopedia of Metabolic Pathways,
https://metacyc.org/), KEGG (https://www.genome.jp/kegg/) and YMDB
(http://www.ymdb.ca/) are dominant databases for fungal research. However,
a fungi-specific well-established metabolomics database is still lacking.
Establishment of a microbial metabolomics database will accelerate the
identification of compounds and species. Besides those mentioned databases,
FUNGIpath (http://fungipath.i2bc.paris-saclay.fr/) appears to be a useful tool
to assess fungal metabolic pathways predicted by orthology [243]. In addition,
the metaP server (http://metap.helmholtz-muenchen.de/metap2/) can provide
automated and standardized data analysis for quantitative metabolomics data,
which is an easy-to-use and web-server-based platform covering series of

analysis from data acquisition to biological interpretation [244].

Previous studies have shown that genes involved in secondary metabolite
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biosynthesis are often co-regulated and physically linked into gene
clusters on the chromosomes [245, 246]. Those metabolic gene clusters
are referred as biosynthetic gene clusters (BGCs). BGCs in fungi encode
various unexploited high-value metabolites that are closely related to food,
agriculture, and medical fields. In the past few years, various bioinformatics
methods have been developed for detecting gene clusters in fungi, including
antiSMASH (antibiotics & Secondary Metabolite Analysis Shell) [246], BiG-
SCAPE/CoRASoN [247], and SMURF (Secondary Metabolite Unknown
Regions Finder) [248], MIDDAS-M (Motif-Independent De novo Detection
Algorithm for Secondary Metabolite gene clusters) [249], CASSIS-SMIPS
(Cluster Assignment by Island of Sites and Secondary Metabolites by
InterProScan) [250], C-Hunter [251] and NRPSpredictor2 [252]. Genome
data and transcriptome data can also be integrated in the identification of
gene clusters. For instance, a comparative genomic method was applied to
analyze five Aspergillus species and ten other filamentous fungal species,
which successfully identified secondary metabolite biosynthesis gene
clusters by searching for a similar order of genes and their presence in non-
syntenic blocks based on synteny analysis [253]. A “multi-omics”-based
method was performed on Aspergillus nidulans, which integrated metabolite
profiling analysis and transcriptomics analysis to accurately determine fungal
the secondary metabolites (SMs) gene cluster members [254]. In addition,
FunGeneClusterS software [255] was developed for accurate prediction of
gene clusters from genome and transcriptome data, which can predict co-
regulated clusters not limited to secondary metabolism. In response to an
increasing interest in the research of secondary metabolites, several databases
have been developed in recent year, including ClusterMine360 (http://www.
clustermine360.ca/) [256], IMG-ABC (https://img.jgi.doe.gov/cgi-bin/abc/
main.cgi) [257] and MIBiG (Minimum Information about a Biosynthetic
Gene Cluster, https://mibig.secondarymetabolites.org/) [258]. They provide
useful information on gene clusters and related function annotation, which

enable the exploitation of fungal metabolome.
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3.3.2 Examples of fungal metabolomics studies

Metabolomics has been widely used to investigate changes of fungal
metabolites profile in response to various environmental stimuli or genetic
modification [259-262]. For instance metabolomics were extensively used
in studies of fungal pathogen-plant interactions to understand plant defense
mechanisms, such as identifying fungi, determining infection mechanisms,
and detecting interactions with the host [228]. Up to now, metabolomics
analyses of fungal pathogen-plant interactions are limited to several reference
fungi and their host plants, such as F. graminearum [263, 264], Magnaporthe
oryzae [265], U. maydis [266], Rhizoctonia solani [267, 268], Botrytis
cinerea [269-271], Sclerotinia sclerotiorum [272], Aspergillus oryzae [273],
Penicillium digitatum [274] and their hosts [228]. Metabolomics has also
been commonly used to discover metabolic molecules related to fungi-fungi
interaction. In addition, metabolomics has been increasingly used in help

understanding of fungal plant biomass degradation [275, 276].

4. Integrative analysis of multiple omics

The single-level omics approaches (e.g. genomics, transcriptomics,
proteomics, and metabolomics) have resulted in vast amounts of data and
advanced our understanding of fungal biological processes. Combining
multiple levels of omics information is an emerging approach, which helps
uncover the hidden complex biological mechanism that may become evident
only through integrative analysis of multiple molecular profiles [277]. The
increase in different omics data available in public databases and newly
developed bioinformatics tools accelerate the applications of integrative
analysis. One of the straightforward applications of integrated multiple
omics data analysis is using transcriptomics and proteomics for improving
genome annotation and validating gene prediction. Other applications
include directly correlating or sophisticatedly integrating different molecular
profiles to discover new biological mechanisms. For instance, a comparative

analysis of multiple transcriptome datasets from 10 different basidiomycetes

62



Bioinformatics approaches for fungal biotechnology

available in public databases showed that a large set of conserved genes,
especially the CAZymes encoding genes, are highly expressed in plant
biomass related substrates, suggesting that these genes are critical for fungal
plant biomass conversion [117]. A large-scale co-expression analysis of A.
niger transcriptome data was applied to improve the genome annotation
and identify new function of several genes [278]. Several recent combined
analyses of transcriptome, secretome and even metabolome data have showed
great potential for a comprehensive understanding of the process of fungal
plant biomass degradation [276, 279, 280]. In addition, more ambitious
efforts have been performed to integrate different omics data, genetics and
biochemical characterizations to reconstruct the networks of fungal plant

biomass utilization, such as performed in N. crassa [281] and A4. niger [282].

To date, several tools have been developed to address the integration of
different omics data based on biochemical pathway, ontology, network
and correlation (see recent review of [283]). For more advanced users
with expertise in programming, a variety of tools are available for perform
integrative analysis of multiple omics data, such as IntegrOmics [284],
SteinerNet [285], Omics Integrator [286], MixOmics [287], SNF [288],
iCluster [289], omicade4 package [290], CIMLR [291], and ShinyOmics
[292]. As most of these tools are originally designed for analyzing human
and plant related data, some modifications are needed to enable them to be
applied in fungal studies. Recently, Miyauchi et al. designed a bioinformatics
pipeline for integrative analysis of transcriptomic and secretomic data based
on self-organizing map algorithm and enrichment analysis. In the test case,
it successfully identified condition-specific expressed genes and secreted
enzymes that are synergistically involved in fungal plant biomass degradation
[293].

5. Challenges and perspectives for future bioinformatics
analysis

The progress of genomic and post-genomic technologies during the past
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decades has exponentially increased a variety of omics data and significantly
enriched the list of potential genes and pathways related to fungal evolution,
physiology and industrial applications. However, how to make best use of
those large omics datasets remains a challenge. Firstly, the number of well-
annotated genomes is severely lagging behind the total number of available
draft genome sequences. Due to the remarkable genetic diversity that exists
in the fungal kingdom, most gene function predictions based on sequence
homology to well-annotated reference fungi cannot guarantee an accurate
gene function assignment for many of the newly sequenced genomes. A large
part of the genes in most fungal genomes are simply assigned as unknown
function based on computational prediction due to their low similarity with
characterized genes. Since genome annotation is the starting point for analysis
of genome content, the lack of well-annotated genomes could severely hinder
proper interpretation of functional genomics data. For example, the accuracy
of most functional enrichment analyses relies heavily on genome annotation
quality. To address this issue, a gold-standard genome program covering a
wide range of fungi species is ongoing [294, 295]. Transferring the annotation
of gold-standard genomes to other closely related species could help to
explore genome and gene function in a broader set of species, and ensure
complete and consistent annotation sets. A modified gene annotation method,
named RATT, can be applied using well-annotated genome and gene models
as a reference to quickly transfer genome annotation [296]. Secondly, the
integrative analysis of multiple omics datasets is still at an early stage. Most
current integrative analyses rely on manually collecting comparable datasets
from different public databases or self-generated large-omics datasets,
which is time consuming. Building a central database to connect all related
biological data (including omics data, phenotypes, genetics and biochemical
characterizations), could help to recycle existing datasets and discover new
biological mechanisms via integrate analysis of multiple datasets. In addition,
the tools and algorithms for integrative analysis of fungal omics lag behind,

compared to the numerous tools designed for handling single omics data, and
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multiple integrative analysis tools developed for handling animal and plant
related data. Thirdly, most current analyses focus only on certain sets of genes
depending on the specific research interest, but future bioinformatic studies
need to conduct more network analysis, which could help to identify new
genes associated with specific phenotypes. For instance, co-expression [278]
has been used to link unknown genes with known ones based on their similar

expression patterns across a large set of transcriptomic data.

With many applications of various omics technologies and rapid expansion
of omics data, bioinformatics has become an indispensable unit in today’s
biological research. In this chapter, we only selectively introduced a number
of commonly used bioinformatic tools, which only represent a small part of
total available tools. The Galaxy (https://usegalaxy.org) project, a web-based
scientific analysis platform has currently collected more than 5500 tools that
have been frequently used by tens of thousands of scientists across the world
to analyze various omics data. In the future, we expect more advanced and
user-friendly bioinformatics tools to be developed to deal with the increasing
large, complex and high-dimensional biological data and to help identify new
biological mechanisms.
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Chapter 3
Abstract

Fungi play a critical role in the global carbon cycle by degrading plant
polysaccharides to small sugars and metabolizing them as carbon and
energy sources. We mapped the well-established sugar metabolic network
of Aspergillus niger to five taxonomically distant species (Aspergillus
nidulans, Penicillium subrubescens, Trichoderma reesei, Phanerochaete

chrysosporium, and Dichomitus squalens) using an orthology-based approach.

The diversity of sugar metabolism correlates well with the taxonomic distance
of the fungi. The pathways are highly conserved between the three studied
Eurotiomycetes (4. niger, A. nidulans, P. subrubescens). A higher level of
diversity was observed between the 7. reesei and A. niger, and even more
so for the two Basidiomycetes. These results were confirmed by integrative
analysis of transcriptome, proteome and metabolome, as well as growth

profiles of the fungi growing on the corresponding sugars.

In conclusion, the establishment of sugar pathway models in different fungi
revealed the diversity of fungal sugar conversion and provided a valuable
resource for the community, which would facilitate rational metabolic

engineering of these fungi as microbial cell factories.
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1. Introduction

Plant biomass is one of the most abundant renewable resources on earth,
and it serves as a primary raw material in a variety of industries [1]. In
nature, fungi can effectively release monosaccharides from plant biomass
polysaccharides [2-4], and further metabolize them for energy and growth
through a variety of sugar catabolic pathways [5]. D-glucose is by far
the most abundant monosaccharide in plant biomass, and it is the major
component of cellulose, starch and some hemicelluloses. D-fructose is found
as a free monosaccharide in many fruits and plants, as well as being a major
component of the disaccharide sucrose and polymer inulin [6]. Typically,
D-glucose and D-fructose are easily taken up from the environment and
catabolized by fungi, making them preferential monomeric carbon sources.
D-fructose enters the cell and is phosphorylated to fructose 6-phosphate before
entering glycolysis. D-glucose is phosphorylated to glucose 6-phosphate
by glucokinase [7] and hexokinase [8], which can then be converted into
fructose 6-phosphate. The pentoses D-xylose and L-arabinose are converted
through the pentose catabolic pathway (PCP) to D-xylulose-5-phosphate,
which enters the pentose phosphate pathway (PPP) [9]. Other sugars, like
D-galactose, D-mannose, D-galacturonic acid, L-rhamnose and D-gluconic
acid are converted through sugar-specific metabolic pathways [5, 10] and
eventually all entering glycolysis. The final product of glycolysis is further
metabolized through the tricarboxylic acid (TCA) and the glyoxylate cycles.
The TCA cycle is present in almost all aerobic living organisms, including
most fungi [11, 12]. The glyoxylate cycle is essentially a truncated version
of the TCA, which metabolizes acetyl-CoA without the loss of CO, [13].
The inputs to both cycles are acetyl-CoA and oxaloacetate, which originate
from pyruvate of glycolysis. In short, fungal central carbon catabolism is a

complex network that involves many pathways.

Sugar catabolism by fungi is directly linked to their ability to utilize plant

biomass as sugars are the main components of these substrates. A systematical
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investigation of the components and diversity of sugar metabolic networks
of different species is crucial for our understanding of the role of fungi in
their natural environment as well as many fungal industrial applications. In
a previous study of 4. niger NRRL 3 [10], a model for the sugar metabolic
pathways of this species has been established, which consists of 155 genes
involved in 11 sugar metabolic pathways (glycolysis, PCP, PPP, D-galactose
metabolism, D-mannose metabolism, D-gluconate metabolism, D-galacturonic
acid catabolism, L-rhamnose metabolism, glycerol metabolism, TCA and
glyoxylate cycles). Meanwhile, recent experimental studies have refined this
predicted sugar metabolic network and identified new enzymes involved in
L-rhamnose catabolism [14] and PCP [9]. In this study, we aimed to transfer
the sugar metabolic model of A. niger to five taxonomically diverse fungi
(Aspergillus nidulans, Penicillium subrubescens, Trichoderma reesei,
Phanerochaete chrysosporium, and Dichomitus squalens) using an orthology-
based approach. In addition, we filtered out the potential pseudogenes and
compared the expression profiles of the predicted enzyme-encoding genes
based on transcriptomic, proteomic and metabolomic data of fungi grown on
diverse sugars, and partially validated the predicted sugar catabolic pathways

with fungal growth profiles on the corresponding sugars.
2. Materials and Methods

2.1 Fungal strains

The five fungi chosen for this study differ in their taxonomic distance to 4.
niger, ranging from very close (4. nidulans - a member of a different clade
of the same genus) to close (P. subrubescens - sister genus in the order of
Eurotiales) to more distant (7. reesei - belonging to the Sordariomycetes, a
different ascomycete class), to very distant (P. chrysosporium and D. squalens
- members of a different phylum, Basidiomycota). The details of the fungal
species of this study are denoted in Table S1.
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2.2 Identification of orthologs of sugar metabolism genes across six fungal
species

Orthologous SMGs were identified using OrthoMCL (https://orthomcl.
org/orthomcl/app) [15] and OrthoFinder (https://github.com/davidemms/
OrthoFinder) [16]. The protein sequences of the fungal species were
downloaded from the JGI MycoCosm Portal (https://mycocosm.jgi.doe.gov)
[17] as input for these two tools. For OrthoMCL, the protein sequences of
the selected fungal genomes were compared using all-against-all BLASTP
with a P-value cut-off of le-5. Many-to-many ortholog groups including
recent paralogs were then detected based on all-against-all BLAST searches
of complete proteomes as described previously [15]. The OrthoFinder
method provides a fast, accurate and comprehensive platform to infer the
complete set of orthologs between selected species based on the phylogenetic
information from the ortho-group tree. OrthoFinder was performed using
default parameters with DIAMOND [18] for sequence similarity searches
and DendroBLAST [19] for the tree inference of orthogroups. Since the
OrthoFinder method is an alternative and auxiliary method to OrthoMCL,
it can predict orthologs that are misidentified by OrthoMCL. We merged
ortholog mapping results of these two tools as our final ortholog set. For any
two ortholog groups identified by OrthoMCL and OrthoFinder that share one
or more common member genes, we merged the two ortholog groups into a

new group by taking the combined set of all their member genes.
2.3 Data gathering and preparation for Pathway Tools

The sugar metabolic pathway construction was carried out by the PathoLogic
component of Pathway Tools v24.0 software (http://pathwaytools.com/) [20,
21]. This software enables users to generate and manage an interactively
edited organism-specific database (DB) named Pathway Genome Database
(PGDB). The PGDB is built from an annotated genome of an organism, which
integrates information of the genome, genes, proteins, biochemical reactions,

and predicted metabolic pathways and operons. The annotated genome of
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an organism was imported into PathoLogic to predict metabolic pathways.
We collected annotation files derived from a wide variety of sources. The
Kyoto Encyclopedia of Genes and Genomes (KEGG, https://www.kegg.jp/)
annotation [22], Gene Ontology (GO) annotation [23], InterPro database
annotation [24], SignalP annotation [25], Eukaryotic orthologous groups
(KOG) annotation [26], Pfam [27, 28] and genome functional information
(.gft file) were all derived from the JGI MycoCosm Portal (https://mycocosm.
jgi.doe.gov) [17]. In addition, we included the annotation of best BLAST hit
in the Swiss-Prot [29] database with an E-value <le—5, as well as functional
annotation obtained from our ortholog mappinganalysis (Table S2). Tocombine
all these annotations, we created a home-made Perl pipeline to generate a
set of PathoLogic format files that can be recognized by the PathoLogic
component of Pathway Tools software to automatically build databases. After
uploading the annotation files for PathoLogic, the program can infer metabolic
pathways and enzymes by assessing the genome annotation with respect to a
series of reference databases of metabolic pathways, such as EcoCyc [30] and
MetaCyc databases [31]. Finally, the metabolic pathways were visualized in
the corresponding organism-specific DBs, and we manually refined them by
filling gaps according to ortholog mapping results and removing the predicted
genes sharing low sequence homology to the reference gene of A. niger
and excluding potential pseudogenes with extremely low expression levels

(maximum FPKM < 10 in the transcriptomes of all tested conditions).

2.4 Transcriptome sequencing and analysis

The transcriptome data of 4. niger [32] and D. squalens [33] were obtained
from our previous studies (Gene Expression Omnibus (GEO) database
accessions: GSE98572 and GSE105076). Transcriptome data of the other
four species grown on nine monosaccharides were newly generated in this
study. In detail, the A. nidulans FGSC A4 and P. subrubescens FBCC1632/
CBS132785 were pre-cultured in complete medium [34] with 2% D-fructose

and mycelial aliquots were then transferred to minimal medium [34] with 25
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mM D-glucose, D-fructose, D-galactose, D-mannose, L-rhamnose, D-xylose,
L-arabinose, D-galacturonic acid or D-glucuronic acid, respectively, and
cultivated for 2 h. The same cultivation approach was used for 7. reesei QM6a
and P. chrysosporium PR-78, but with media optimized for these species [35,
36]. Mycelial samples were harvested after 4 h and immediately frozen in

liquid nitrogen.

Total RNA was extracted from ground mycelial samples using TRIzol reagent
(Invitrogen) according to the instructions of the manufacturer. Purification of
mRNA, synthesis of cDNA library and sequencing were conducted at DOE
Joint Genome Institute (JGI) as previously described [14]. The reads from
each of the transcriptome sequencing (RNA-seq) samples were deposited in
the Sequence Read Archive at NCBI under the accession numbers: 4. nidulans
SRP262827-SRP262853, P. subrubescens SRP246823-SRP246849, T reesei
SRP378720-SRP378745, and P. chrysosporium SRP249214-SRP249240.

In this study, we filtered out the genes whose maximum expression levels
(FPKM) were less than 10 in all tested conditions.

2.5 Proteome quantitation and statistical analysis

The sample preparation and proteomics analysis of intracellular proteins was
performed similarly as previously described [37]. Briefly, the intracellular
proteome was analyzed using equal amounts of proteins from each sample.
MS analysis was performed using a Q-Exactive Plus mass spectrometer
(Thermo Scientific) outfitted with a homemade nano-electrospray ionization
interface. The ion transfer tube temperature and spray voltage were 300°C
and 2.2 kV, respectively. Data were collected for 120 min following a 10 min
delay after completion of sample trapping and start of gradient. FT-MS spectra
were acquired from 300 to 1800 m/z at a resolution of 70k (AGC target 3e6)
and the top 12 FT-HCD-MS/MS spectra were acquired in data-dependent
mode with an isolation window of 1.5 m/z at a resolution of 17.5 k (AGC

target 1e5) using a normalized collision energy of 30, dynamic exclusion
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time of 30 s , and detected charge state of an ion 2 to 8. Generated MS/
MS spectra were searched against protein sequences of each fungus obtained
from MycoCosm (Table S1) using (MSGF+) [38, 39]. Best matches from the
MSGF+ searches were filtered at 1% FDR and MASIC software [40] was
used to pull abundances for identified peptides. Only protein specific peptides
(peptides unique to protein in the whole protein collection) were used in
consequent analysis and aggregation. InfernoR software [41] was used to
transform peptides abundances (log2) and perform mean central tendency
normalization. Protein grouped normalized peptide abundances were de-
logged, summed, transformed (log2) and normalized again in InfernoR to
produce normalized abundances for the protein level roll-up (Table S5).
Proteins abundances were then filled with zeros for missing values. The
average values of nonzero abundances from the three replicates of each
carbon source were used to represent the corresponding protein abundance
of each growth condition. The mass spectrometry proteomics data have been
deposited to the ProteomeXchange Consortium via the MassIVE partner
repository with the data set identifier (MSV000090477).

2.6 Metabolomics data preprocessing and analysis

Metabolomics analysis of intracellular metabolites was performed as
previously described [42]. Briefly, metabolites were extracted from the
ground mycelia underwent methoximation and silylation with N-methyl-
N-trimethylsilyltrifluoroacetamide and 1% trimethylchlorosilane (MSTFA).
Derivatized samples were analyzed using an Agilent GC 7890A coupled with
a single quadrupole MSD 5975C (Agilent Technologies) with a standard
mixture of fatty acid methyl esters (FAMESs) for RI alignment. GCMS raw
files were processed and analyzed using Metabolite Detector software, version
2.5 beta [43]. The GCMS data have been deposited to the MassIVE database
with accession number MSV000090441. A correlation analysis between the
expression values of SMGs and the abundances of related metabolites was

performed by using WGCNA R package [44]. Only significant correlation
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between SMGs and metabolites (with the absolute Pearson correlation
coefficient (PCC) > 0.5 and p-value < 0.05) were selected for further analysis.

2.7 Growth profiling on nine monosaccharides

For growth phenotype analyses, strains were grown on minimal medium (MM)
[34], with the exception of T. reesei and P. chrysosporium that were grown
on optimized medium for these species [35, 36], on 1.5% (w/v) agar plates
with one of nine monosaccharides (http:/www.fung-growth.org/), including
25 mM D-glucose, D-fructose, D-galactose, D-mannose, L-rhamnose,
D-xylose, L-arabinose, D-galacturonic acid and D-glucuronic acid. Growth
was performed at 30°C for both Aspergilli and 25°C for the other species.
Media with no carbon source was used as a control. If growth on a specific
carbon source is the same as with no carbon source, it is considered as no

growth.
3. Results

3.1 Identification of orthologs between A. niger and five other fungi

Orthologs are genes in different species that originated from a common
ancestor after a speciation event, resulting in the retention of similar functions
during evolution. An orthology-based approach can assist us in inferring
functions among different organisms. We identified orthologs among three
Eurotiomycota species (4. niger, A. nidulans and P. subrubescens), one
Sordariomycota species (7. reesei) and two Basidiomycota species (P
chrysosporium and D. squalens) by using OrthoMCL and OrthoFinder (see
Materials and Methods). Except for one gene involved in glyoxylate cycle
and one gene involved in D-gluconate metabolism, 153 sugar metabolism-
related genes (SMGs) of A. niger had one or more copies in at least one of
five tested fungi (Table S2). Subsequently, the ortholog mapping results were

incorporated into PathoLogic files to build the sugar metabolic networks.
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3.2 Generation of sugar metabolic models for the selected fungal species

We established the sugar metabolic pathways for each of the selected fungi
by integrating diverse annotation sources using the Pathway Tools software
[20, 21]. Furthermore, we excluded candidate genes with extremely low
expression levels (see Materials and Methods, Table S3 and Table S4). As
shown in Figure 1, we summarized the total number of genes predicted to be
involved in each specific sugar metabolism pathway of each studied fungus,
as well as the overall completeness of the pathways based on the percentage of
total reactions predicted for each pathway of each studied fungus compared to
the reactions reported for A. niger. Overall, most of sugar metabolic pathways
and SMGs are highly conserved between A. niger and the studied fungi, while
the galactose oxidoreductive pathway and D-gluconate metabolic pathways
showed clear variations among the studied species, and the glycerol,
L-rhamnose and PCP pathways particularly differed between the Ascomycota
and Basidiomycota species (Figure 1). In the following sections we will detail
the evolutionary conservation and multi-omics profiles of the predicted sugar
metabolism across different species, as well as the link between the predicted

sugar metabolic network and growth profile.
3.3 Conservation of sugar metabolism among different fungal species

3.3.1 Sugar catabolic pathways with strong conservation

The sugar metabolic models revealed that glycolysis, TCA and glyoxylate
cycles, and D-galacturonic acid catabolic pathway are highly conserved

among the tested fungi (Figure 1).

Glycolysis

Glycolysis is one of the major pathways of central metabolism and plays
a key role in the growth of almost all organisms [45]. It converts glucose
into pyruvate along with the formation of adenosine triphosphate (ATP) and

nicotinamide adenine dinucleotide (NADH).
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Figure 1. Conservation of sugar metabolic pathways among A. niger, A. nidulans, T.
reesei, P. subrubescens, P. chrysosporium and D. squalens. The size of the dots indicates
the number of genes involved in each pathway, and the color indicates the completeness of
the pathway. The completeness score of a pathway is defined as the percentage of predicted
reactions in a studied fungus compared to the total reactions reported in 4. niger for each
specific sugar metabolic pathway.

Typically, fungal glycolysis is a sequence of ten enzymatic reactions
catalyzed by the following enzymes, namely, glucokinase (GLK, EC 2.7.1.2)
[7] and hexokinase (HXK, EC 2.7.1.1) [8], glucose 6-phosphate isomerase
(PGI, EC 5.3.1.9) [46], phosphofructokinase (PFK, EC 2.7.1.11) [47],
D-fructose 1,6-phosphatase (FBP, EC 3.1.3.11) [48], fructose-bisphosphate
aldolase (FBA, EC 4.1.2.13) [49], triphosphate isomerase (TPI, EC 5.3.1.1),
glyceraldehyde 3-phosphate dehydrogenase (GPD, EC 1.2.1.12) [50],
phosphoglycerate kinase (PGK, EC 2.7.2.3) [51], phosphoglycerate mutase
(PGM, EC 5.4.2.11/5.4.2.12) [31], enolase (ENO, EC 4.2.1.11) [52], as well
as pyruvate kinase (PKI, EC 2.7.1.40) [53]. Additionally, the metabolism of
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D-fructose is linked to glycolysis through hexokinase (HXK, EC 2.7.1.4) that
converts D-fructose into D-fructose 6-phosphate [8, 54].

Given the essential role of the glycolysis pathway, it is not surprising that all
the glycolytic enzyme-encoding genes were detected in all the six studied
fungi (Figure 2, Table S3). In contrast to the completeness of glycolysis
in all studied fungi, the gene copy numbers for different enzymes showed
variations across different species. The PGI, PFK and PGK encoding genes
are extremely conserved, and present as a single copy in each fungus, while
the copy numbers of other genes show a slight difference between 4. niger
and the other species. Overall, the studied Ascomycetes seem to have more
similar numbers of glycolysis-related genes than the two Basidiomycetes
(Table S3). For instance, the glycolytic genes between A. midulans and
A. niger are very conserved, with almost the same numbers of orthologs
identified for each enzymatic reaction step, except two more predicted genes
encoding HXK/GLK and one fewer gene encoding PGM. P. subrubescens
has more copies for both HXK/GLK and FBA. T reesei has one extra copy
for both HXK/GLK and PKI, but one copy less for FBA, GPD and PGM. In
contrast, the two Basidiomycete species only have a single copy for HXK,
GLK, PGI, PFK, FBP, TPI, GPD, PGK and PKI encoding genes. However,
we identified one extra copy of ENO and PGM for P. chrysosporium, whereas
in D. squalens, we found extra copies of FBA and PGM. In addition, many
of our predicted genes related to glycolysis in A. nidulans and T. reesei have

been experimentally characterized in previous studies [55, 56].

The tricarboxvlic acid (TCA) and glyoxylate cycles

Similar to glycolysis, the TCA cycle is another major pathway of central

metabolism, which is essential for energy metabolism in fungi [11, 12].

The input to the TCA cycle is acetyl-CoA, derived from metabolism of
carbohydrates, fatty acids and amino acids. The TCA cycle is a closed loop
consisting of eight enzymatic reactions, where the oxaloacetate reacting with

acetyl-CoA in the first step is reformed in the last step (Figure 2). A common
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source of acetyl-CoA is from the oxidation of pyruvate, the end product of
glycolysis. In addition, acetyl-CoA is also provided from coenzyme A and
acetate through the reaction catalyzed by acetyl-CoA synthetase (AcuA,
EC 6.2.1.1) [57]. Acetate used in the above reaction can be obtained from
the conversion of oxaloacetate into oxalate by oxaloacetate acetylhydrolase
(OAH, EC3.7.1.1) [58]. As amodified TCA cycle, the glyoxylate cycle shares
three enzymatic reactions with the TCA cycle: malate dehydrogenase (MDH,
EC 1.1.1.37), aconitate hydratase (ACO, EC 4.2.1.3), and citrate synthase
(CIT, EC 2.3.3.1/2.3.3.16). Therefore, the glyoxylate cycle can access the
reactions of the conversion of pyruvate to oxaloacetate and acetyl-CoA, as
well as the other reactions of the conversion between oxaloacetate and acetyl-

CoA through the intermediate compound acetate, as described in Figure 2.

We identified almost all the necessary genes for TCA and glyoxylate cycles
in the genomes of all our tested fungi, except for the OAH encoding genes
that are not present in 7. reesei and P. chrysosporium. Similar to glycolysis,
some of the genes are present in more than one copy (Table S3). For
example, the acud gene encoding acetyl-CoA synthetase has a single copy
in Basidiomycetes, but has additional in-paralogs in Ascomycetes. The acuD
gene encoding isocitrate lyase, which breaks down isocitrate into glyoxylate
and succinate, has additional in-paralogs in all tested fungi except for A. niger.
Two copies of pyruvate carboxylase (PYC, EC 6.4.1.1) were identified in the
other two Eurotiomycetes, while one copy was found in 7. reesei and the two

Basidiomycetes.
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(Figure 2. Continued) A color bar was also used to highlight the presence and absence
of genes in specific reactions in the studied species. The question marks indicate that the

corresponding reaction remains to be discovered.

D-Galacturonic acid metabolism

D-Galacturonic acid is the main constituent of pectin, and it is an important
carbon source for microorganisms living on plant material [59]. In fungi,
D-galacturonic acid is catabolized through a non-phosphorylating pathway
involved in five steps (Figure 2). After the spontaneous conversion of
D-galacturonic acid to aldehyde-D-galacturonate, the latter is eventually
converted into pyruvate and L-glyceraldehyde through three enzymes:
D-galacturonic acid reductase (GaaA, EC 1.1.1.365), L-galactonate
dehydratase (GaaB, EC 4.2.1.146), and 2-keto-3-deoxy-L-galactonate
aldolase (GaaC, EC 4.1.2.54). The further conversion of L-glyceraldehyde to
glycerol is catalyzed by L-glyceraldehyde reductase (GaaD/LarA, 1.1.1.372),
which enters the glycerol catabolism [59-65].

Based on our prediction, the orthologous genes of all characterized enzymes
in A. niger were identified in all five studied species (Table S3). Only small
variations in the number of gene copy numbers across different species
were found for the D-galacturonic acid pathway. The GaaA and GaaD/LarA
encoding genes are extremely conserved, and are present as a single copy
in each fungus. In addition, an exclusive orthologous gene encoding GaaB
can be identified in the other four studied species, except for two copies in
T. reesei. In addition, gene encoding GaaC only has a single copy in the two
Eurotiomycetes but has two copies in 7. reesei and in the two Basidiomycota
species. Overall, this five-step D-galacturonic acid catabolism pathway is

evolutionarily conserved in all the studied fungi (Figure 1).

3.3.2 Sugar catabolism with moderate conservation

Besides the highly conserved sugar catabolic pathways described above,
several sugar catabolic pathways showed moderate conservation, which

include glycerol metabolism, D-mannose metabolism, pentose phosphate
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pathway and D-galactose catabolism. For each of these pathways, we failed
to identify corresponding enzyme encoding genes for one or more essential

reactions in at least one studied species.

Glycerol metabolism

Glycerol is an ubiquitous organic compound in nature that can be metabolized
by many fungi as a source of carbon and energy [66, 67]. In addition, glycerol
can be derived from the D-galacturonic acid catabolism pathway as described
in the section above. Before glycerol enters glycolysis, it needs to be converted

into dihydroxyacetone phosphate as shown in Figure 2.

The reversible conversion from glycerol to sn-glycerol 3-phosphate is
mediated by glycerol kinase (GlcA, EC 2.7.1.30) and glycerol 1-phosphatase
(GPP, EC 3.1.3.21). The further conversion of sn-glycerol 3-phosphate to
dihydroxyacetone phosphate, which is also produced in glycolysis, is catalyzed
by two different glycerol 3-phosphate dehydrogenases (GFD, EC 1.1.1.8;
EC 1.1.5.3). In addition, glycerol can be converted to dihydroxyacetone and
then to dihydroxyacetone phosphate by glycerol dehydrogenase (GldB, EC
1.1.1.156) and dihydroxyacetone kinase (DakA, EC 2.7.1.29), respectively
[68-70].

Genomes of all the tested fungi encode at least one copy of each enzyme
involved in this pathway, except for the two Basidiomycetes that lack gldB,
which is required for reduction of glycerol to dihydroxyacetone (Figure 2).
The glcA gene had additional in-paralogs (paralogs that arose after the species
split) in A. nidulans and P. subrubescens. In addition, we found multiple
copies of gldB in P. subrubescens, T. reesei and P. chrysosporium, which was

present as a single copy in A. niger and 4. nidulans.

D-Mannose metabolism

D-Mannose forms the backbone of polysaccharide mannan or galactomannan,
which is one of the major constituents of hemicellulose in the plant cell wall
[3]. Within the cell, D-mannose is phosphorylated by hexokinase (HXK,
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EC 2.7.1.7) to produce D-mannose 6-phosphate. The latter can either be
catabolized by mannose 6-phosphate isomerase (PMI, EC 5.3.1.8) into
D-fructose 6-phosphate entering into glycolysis, or be converted to GDP-a-
D-mannose through sequential actions of phosphomannomutase (PMM, EC
5.4.2.8) and mannose-1-phosphate guanylyltransferase (MGT, EC 2.7.7.13).

In A. niger, the formation of D-mannose 6-phosphate from D-mannose recruits
the same /xk gene set involved in the conversion of D-glucose to D-glucose
6-phosphate [5, 10]. However, in T reesei and the two Basidiomycetes, only
parts of hxk genes were predicted to be involved in D-mannose catabolism
(Table S3). In general, all reactions of mannose metabolism have at least one
gene identified in the studied fungi, with the exception of genes involved in
the conversion of a-D-mannose 1-phosphate to GDP-a-D-mannose missing

in D. squalens.

Pentose phosphate pathway (PPP)

The pentose phosphate pathway (PPP) is an important part of central
metabolism as well. It is the major source of NADPH, and also provides
the intermediate ribose 5-phosphate that is essential for the synthesis of

nucleotides and nucleic acids [71].

The PPP is connected with D-ribulose, D-ribose and D-xylulose catabolism
and produces several glycolytic intermediates, including glucose 6-phosphate,
D-fructose 6-phosphate, D-glyceraldehyde-3-phosphate, and NADPH that
are essential components during glycolysis. The PPP can be divided into two
phases, the oxidative phase and the non-oxidative phase. In the oxidative
phase, glucose 6-phosphate is oxidized via three enzymatic steps to ribulose
5-phosphate with the generation of NADPH [72]. The first three reactions
are catalyzed by glucose 6-phosphate dehydrogenase (GSD, EC 1.1.1.49),
6-phosphogluconolactonase (PGL, EC 3.1.1.31), and 6-phosphogluconate
dehydrogenase (GND, EC 1.1.1.44). The non-oxidative branch is composed
of a series of rearrangements catalyzed by an isomerase (ribose 5-phosphate

isomerase, RPI, EC 5.3.1.6), an epimerase (ribulose-phosphate 3-epimerase,
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RPE, EC 5.1.3.1), two different transketolases (TktA, EC 2.2.1.1/TktC,
EC 2.2.1.3), and a transaldolase (TAL, EC 2.2.1.2), successively involving
C5 compounds (D-xylulose 5-phosphate and D-ribose S-phosphate), C3
and C7 compounds (D-glyceraldehyde 3-phosphate and D-sedoheptulose
7-phosphate), and C4 and C6 compounds ( D-erythrose 4-phosphate
and D-fructofuranose 6-phosphate). In addition, the conversion between
D-erythrose 4-phosphate and D-glyceraldehyde 3-phosphate can also be
catalyzed by TktA. Unlike the oxidative branch, the non-oxidative branch
is reversible. Another source of D-ribulose 5-phosphate and D-ribose
S-phosphate is derived from the phosphorylation of D-ribulose and D-ribose
by ribulokinase (RBT, EC 2.7.1.47) and ribokinase (RBK, EC 2.7.1.15),

respectively.

Except for the absence of RBK in the two studied Basidiomycota species, all
reactions in the PPP have their corresponding enzymes assigned (Figure 2
and Table S3). However, the number of genes involved in specific reactions
of different fungi shows large variability (Table S3). For example, the genes
encoding GsdA and RpeA are extremely conserved. The former is present as a
single copy in each fungus, and the latter has a single copy in five fungi apart
from P. subrubescens possessing two copies. The PglA encoding gene has a
single copy in the three studied Eurotiomycetes, while additional copies were
observed in other fungi. The other genes showed different patterns across
different fungi. For instance, RPI encoding gene has additional copies in the
three Eurotiomycetes, but a single copy in the one Sordariomycete and the
two Basidiomycetes. The two TKT enzymes showed different conservation
among different species. The TktC encoding gene has a single copy in five
studied fungi except for A. niger that has one more copy. The TktA-encoding
gene has a single copy in 4. niger and T. reesei, but two copies in the other
fungi. RbtA-encoding gene is present as two copies in 4. nidulans, while a

single copy exists in the other species.
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D-Galactose metabolism

D-Galactose is a common monosaccharide that can be utilized by all
living organisms. Most microorganisms, including filamentous fungi, can
utilize D-galactose for growth via three pathways: the Leloir pathway, the
oxidoreductive pathway (also referred to as the De Ley-Doudoroff pathway)
[73], and the non-phosphorylated De Ley-Doudoroff pathway (Figure 2).

The main route of fungal D-galactose metabolism is the Leloir pathway,
resulting in its conversion to glucose 6-phosphate, which can enter glycolysis
(Figure 2). In the first step of this pathway, B-D-galactose, which is the
most common form released during plant polysaccharides degradation,
is epimerized to a-D-galactose by galactose mutarotase (also known as
aldose 1-epimerase, GalM, EC 5.1.3.3). Subsequent reactions catalyzed
by galactokinase (GalK, EC 2.7.1.6), D-galactose-1-phosphate uridylyl
transferase (GalT, EC 2.7.7.12) and UDP-galactose 4-epimerase (GalE,
EC 5.1.3.2) convert D-galactose to D-glucose 1-phosphate, which is finally
transformed to D-glucose 6-phosphate by the action of phosphoglucomutase
(PgmB, EC 5.4.2.2). The Leloir pathway is highly conserved and we observed
that all five enzymes involved in this pathway are present in the six studied
species with at least one copy. The GalK and GalT encoding genes are
extremely conserved, and present as a single copy in each fungus, with the
exception of two copies of galK in D. squalens. In addition, almost all genes
involved in the Leloir pathway of 4. nidulans identified in this study have

been previously experimentally characterized [74].

In the oxidoreductive pathway, B-D-galactose is converted into D-fructose
by a series of reductive and oxidative steps via the intermediates galactitol,
L-xylo-3-hexulose, D-sorbitol, and D-fructose [ 73]. The enzymes successively
involved in this pathway include aldose reductase (EC 1.1.1.21), galactitol
dehydrogenase (LadB, EC 1.1.1.-), L-xylo-3-hexulose reductase (XhrA,
EC 1.1.1.-), and D-sorbitol dehydrogenase (GutB, EC 1.1.1.14). At the end,
D-fructose is then phosphorylated by fructokinase (EC 2.7.1.4) to D-fructose
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6-phosphate, which enters glycolysis. Previously studies in 4. niger and T.
reesei showed that two distinct enzymes were involved in catalyzing the first
enzymatic step of the oxidoreductive pathway. In 7. reesei the conversion of
galactitol to L-xylo-3-hexulose was mediated by L-arabinitol dehydrogenase
(LADT1)[75], while in 4. niger a different gene, the D-galactitol dehydrogenase
(LadB), instead of ortholog gene of LADI, has been identified for catalyzing
this reaction [76]. Similarly, the ortholog of LadB, AN4336 in A. nidulans
was predicted for this conversion. However, different from other species the
product of galactitol oxidation was suggested as L-sorbose in A. nidulans
[77-80]. L-sorbose was produced from D-galactitol oxidation catalyzed by
LadA, and it was then reduced to D-sorbitol by the L-xylulose reductase LxrA
[77, 81]. In line with this hypothesis, LadA (AN0942) associated with the
production of L-sorbose was suggested in a recent study [74]. In our study,
we predicted the same gene set involved in this oxidoreductive pathway in
A. nidulans as previously reported [79, 80, 82]. Although the oxidoreductive
pathway for D-galactose catabolism was well established in Aspergillus species
and T reesei, knowledge of the oxidoreductive pathway in Penicillium and
Basidiomycota species is scarce. As shown in Figure 2, the enzymes involved
in reduction of the galactitol into L-xylo-3-hexulose were not identified in P.
subrubescens and the two Basidiomycota species. Nevertheless, we identified
the potential genes related to the other four reactions, indicating presence of
a possible alternative enzymatic conversion between galactitol and L-xylo-3-

hexulose in these species.

In the non-phosphorylated De Ley-Doudoroff pathway, D-galactose is
eventually metabolized into pyruvate and D-glyceraldehyde-3-phosphate
through five consecutive reactions producing six intermediates including
D-galactono-1,4-lactone, D-galactonate, 2-dehydro-3-deoxy-D-galactonate,
pyruvate, D-glyceraldehyde and D-glyceraldehyde-3-phosphate, which
are catalyzed by five specific enzymes: D-galactose dehydrogenase (EC
1.1.1.48), gamma 1,4 lactonase (EC 3.1.1.25), D-galactonate dehydratase
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(DGD, EC 4.2.1.6), an aldolase (EC 4.1.2.51) and a dihydroxyacetone kinase
(DAK, EC 2.7.1.28). Pyruvate enters the TCA and glyoxylate cycles while
D-glyceraldehyde-3-phosphate enters glycolysis. With the exception of
the enzymes synthesizing the penultimate step in this pathway, which are
still elusive, the corresponding genes involved in other reactions have been
identified for all species in our study. Most species harbor two D-galactose
dehydrogenase encoding genes but 7. reesei has only one. The gamma 1,4
lactonase is highly conserved in all six tested species with one copy, while
DGD encoding gene has multiple copies, especially in P. subrubescens and T.
reesei that contain seven and eight copies, respectively. The DAK encoding
gene was detected in all species with one copy except in 7. reesei with two

duplicates.

Overall, the D-galactose metabolism is relatively conserved in all studied
species, despite several specific enzymes encoding genes that differ in copy
numbers depending on the species and their taxonomic distances. Notably,
the predicted gene content of D-galactose metabolism pathway in the two
Basidiomycota species showed the most differences from the four Ascomycota

species (Supplemental Table S3).

3.3.3 Sugar catabolism with low conservation

Pentose catabolic pathway (PCP)

L-Arabinose and D-xylose are the most abundant pentoses found in the
hemicelluloses (such as (arabino)xylan and xyloglucan), and pectin of the
plant cell wall [77]. Typically, L-arabinose and D-xylose are metabolized
by the fungus through the pentose catabolic pathway (PCP), consisting of
oxidation, reduction, and phosphorylation reactions to form D-xylulose-5-
phosphate, which enters the PPP.

PCP is present in the majority of filamentous fungi, although there are some
differences in the enzymes that catabolize each specific step. Traditionally,

only a single enzyme was assigned to catalyze each reaction in PCP. A recent
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study revealed the redundancy and complexity of the conversion of pentose
sugars in A. niger [9]. L-arabinose goes through the sequential reactions:
reduction catalyzed by NADPH-dependent L-arabinose reductase (LarA)
and D-xylose reductase (XyrA/XyrB) (EC 1.1.1.21); oxidation catalyzed
by L-arabitol-4-dehydrogenase (LadA, EC 1.1.1.12), xylitol dehydrogenase
(XdhA), and sorbitol dehydrogenase (SdhA) (EC 1.1.1.12); reduction
catalyzed by L-xylulose reductases (LxrA/LxrB, EC 1.1.1.10) [83]; and
again oxidation (LadA/XdhA/SdhA, EC 1.1.1.9), by which L-arabinose is
progressively converted to L-arabitol, L-xylulose, xylitol and D-xylulose
(Figure 2). D-xylulose is further phosphorylated into D-xylulose 5-phosphate
by D-xylulose kinase (XkiA, EC 2.7.1.17).

D-Xylose metabolism starts with the reduction of D-xylose into xylitol
catalyzed by the same enzymes (LarA/XyrA/XyrB, EC 1.1.1.307) involved
in the reduction of L-arabinose. Xylitol is further converted into D-xylulose
and D-xylulose 5-phosphate sequentially as described in L-arabinose
metabolism. Based on our prediction, the genes encoding the enzymes for
the D-xylose catabolic pathways are present in all studied species, in some
cases as multiple copies, particularly the D-xylose reductase and xylitol
dehydrogenase genes (Table S3). In contrast, not all the genes involved in
the metabolism of L-arabinose are conserved across our studied fungi, e.g.,
no orthologs of A. niger LadA and LxrA/LxrB genes were detected in the
two Basidiomycota species. In addition, instead of two copies of the gene
encoding LadA in A. niger, only a single LadA gene was found in the other
two studied Eurotiomycetes (4. nidulans and P. subrubescens), and in one

Sordariomycete species (1. reesei).

Given the resemblance between the reduction of L-arabinose and the first
reduction reaction of the D-galactose oxidoreductive pathway, it is not a
surprise that the same enzymes were reported for catalyzing the production
of L-arabitol/xylitol and galactitol in 7. reesei and A. nidulans [76, 77, 84]. In

this study, we predicted similar functions of these enzyme-encoding genes for
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the other four studied species (Supplemental Table S3).

Intriguingly, we predicted that the orthologs of A. niger LadA and LadB
seem to have broader functions in other studied species than their predicted
or characterized functions in 4. niger. For example, we predicted that LAD1
(TrB1462W) of T reesei, homologous to A. niger LadA, is involved in four
enzymatic conversions: L-arabitol to L-xylulose, xylitol to D-xylulose,
galactitol to L-xylo-3-hexulose and D-sorbitol to keto-D-fructose. The two
reactions, L-arabitol to L-xylulose and galactitol to L-xylo-3-hexulose, were
previously reported [84]. Exceptions are the conversions of galactitol to
L-xylo-3-hexulose in P. subrubescens and the two Basidiomycota species, in
which other genes seem to take over this function (Supplemental Table S3).
Similarly, LadB (AN4336) in A. nidulans was predicted to be involved in
multiple reactions (Supplemental Table S3).

L-Rhamnose metabolism

L-Rhamnose is enriched in some fractions of plant biomass, such as
hemicellulose and pectin. In fungi, L-rhamnose is generally degraded in
four consecutive reactions catalyzed by a NADH-dependent L-rhamnose-
I-dehydrogenase (LraA, EC 1.1.1.173), L-rhamnonic acid lactonase (LrlA,
EC 3.1.1.65), L-rhamnonate dehydratase (LrdA, EC 4.2.1.90) and 2-keto-
3-deoxy-L-rhamnonate aldolase (LkaA, EC 4.1.2.53), resulting in the
formation of L-rhamnose-1,4-lactone, L-rhamnonate, 2-dehydro-3-deoxy-I-

rhamnonate, pyruvate and L-lactaldehyde [14, 85].

All genes involved in the four enzymatic steps of this pathway have been
first identified in the yeast Scheffersomyces (Pichia) stipitis [86], and the
A. niger L-thamnose catabolic genes have also recently been characterized
[14, 85]. Therefore, based on six known genes in 4. niger (Table S3), we
predicted the genes associated with this pathway in the other species. The
genes encoding enzymes involved in the first and last (fourth) reactions were
highly conserved in all six studied species, except the two copies of the genes

encoding LraA and LkaA observed for A. niger and a single gene for other
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species. However, the LrlA and LrdA encoding genes involved in the second
and third reactions were only conserved in three studied Ascomycetes, but
missing in the two studied Basidiomycetes (Table S3), which may indicate
presence of possible alternative enzymes involved in these reactions in the
Basidiomycetes. In addition, we identified the same enzyme candidates of
L-rhamnose metabolism in 4. nidulans as in a previous study [87], with the

exception of LkaA.

D-Gluconate metabolism

A wide group of filamentous fungi have the ability to produce gluconic acid,
such as Aspergillus and Penicillium [88]. In A. niger, D-gluconate catabolism
includes five enzymatic reactions which are catalyzed by five enzymes: glucose
oxidase (GOX, EC 1.1.3.4), D-glucono-1,5-lactone lactonodehydrolase
or gluconolactonase (EC 3.1.1.17), gluconate dehydratase (EC 4.2.1.140),
2-dehydro-3-deoxy-D-gluconate D-glyceraldehyde-lyase (EC 4.1.2.51) and
gluconate kinase (GukA, EC 2.7.1.12).

In all the studied species, missing enzymes in the D-gluconate catabolism
were observed (Figure 2). Furthermore, the gene(s) involved in the conversion
of 2-keto-3-deoxy-D-gluconate to pyruvate remains unknown among all the
studied fungi. Apart from P. subrubescens, the other fungi have one or more
copies of glucose oxidase (GOX). The highest number of GOX encoding
genes was identified in P. chrysosporium with five genes, followed by D.
squalens with three genes. The genes encoding gluconolactonase (EC
3.1.1.17) involved in the second step were present with more than two copies
in most species except P. chrysosporium. The gluconate dehydratase (EC
4.2.1.140) is highly conserved in all species. In addition, D-gluconate can
enter the PPP through the catalysis by GukA, which was identified in most of
the studied fungi, except D. squalens.

3.4 The expression profiling of sugar metabolic genes in each fungus

In order to explore transcriptional responses of different fungi to distinct
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monosaccharides, we performed RNA-seq experiments from fungal
cultivations on nine monosaccharides. The clustering results indicate the
similarity of overall expression profile across different growth conditions. The
hexose (D-glucose, D-mannose and D-fructose) and pentose (D-xylose and
L-arabinose) conditions were well clustered to each other, respectively, on
the transcriptome data of the three Eurotiomycetes (4. niger, A. nidulans, P.
subrubescens) (Figure 3 and Figure S1), while in the other species L-arabinose
was clustered more closely with D-galactose than with D-xylose. In addition,
the samples of D-galacturonic acid and D-glucuronic acid were also closely

clustered together for all studied species.

Furthermore, we observed obvious sugar-specific inducing patterns for many
SMGs during fungal growth on the corresponding sugars (Figure 3 and
Figure S1). These clear inducing patterns of specific sugar metabolic genes on
corresponding growth conditions support their predicted function in our sugar
metabolic models. For example, the predicted galacturonic acid metabolism
related genes were significantly more highly expressed during fungal growth
on galacturonic acid than their expression on other sugar conditions for all
tested fungi, except for D. squalens that lacks the corresponding transcriptome
data. In addition, many of the L-rhamnose and PCP-related genes were
induced on the corresponding growth conditions in A. niger, A. nidulans,
P. subrubescens and T. reesei. A few D-galactose oxidoreductive pathway
related genes were also induced for the three tested Eurotiomycetes, while
no clear inducing patterns were observed for the other tested species. Several
genes that were involved in both PCP and the D-galactose oxidoreductive
pathway, were highly expressed on D-xylose, L-arabinose and D-galactose in
A. nidualans, P. subrubescens and T. reesei. In contrast to the evident sugar-
specific inducing patterns of SMGs observed for Ascomycetes, only a limited
number of SMGs induced by a corresponding sugar were observed for the

two studied Basidiomycetes.
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Figure 3. Expression profiles of sugar metabolism-related genes in 4. nidulans and P.

chrysosporium during their growth on diverse monosaccharides. The blue color from
light to dark indicates a gene expression level from low to high. Selected genes with specific
sugar induced expression patterns are marked with a red box on the heatmap, and their gene
IDs and the associated pathways are displayed. On the right bar, different colors indicate

different pathways.
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3.5 Proteome profile of sugar metabolism-related genes (SMGs) showed
similar sugar inducing pattern as transcriptome data

The intracellular proteome of the studied fungi (except D. squalens) grown
on each monosaccharide condition was also analyzed to reveal the fungal
response to each specific sugar at the proteome level. In general, the protein
abundance profile of SMGs showed higher similarity among replicates of
the same sugar, as well as more stable production among different sugars
compared to the corresponding production profiles analyzed using the whole
proteome (Figure S2).

The comparison of protein abundance profile of each specific sugar
pathway among different sugars showed similar patterns as observed in the
transcriptome data. The abundance profiles of proteins involved in sugar
pathways of the D-galacturonic acid, L-rhamnose and PCP in the studied
Ascomycetes (4. niger, A. nidulans, P. subrubescens and T. reesei) match
their predicted functions. As observed, the protein abundances of SMGs
involved in the above pathways were higher in corresponding sugars than
in other tested sugars (Figure 4A and Figure S3). In contrast, only proteins
involved in the D-galacturonic acid pathway showed strong sugar specificity
in P. chrysosporium, while the sugar inducing patterns of other SMGs were not
obvious in the proteome data (Figure 4B). For other studied sugar pathways
(e.g. TCA, glycolysis and PPP), we did not observe clear difference in protein

abundance among sugars.
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Figure 4. Protein abundance profiles of the sugar metabolism-related proteins involved
in each sugar metabolic pathway in A. nidulans (A) and P. chrysosporium (B). On the
boxplot, different colors indicate different monosaccharide growth conditions, and each small
circle indicates an individual protein related to each specific sugar metabolic pathway. The
metabolic enzymes that were detected in less than one third of the tested growth conditions
were not included in the boxplots. The y-axis represents the abundance of proteins (log2
scaled), and the x-axis depicts different sugar metabolic pathways.

3.6 Correlation between the abundance of metabolites and gene expression
levels of sugar metabolism-related genes (SMGs)

To further verify the accuracy of our predicted sugar metabolic pathways and
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investigate the association between metabolites and SMGs, we compared
the metabolomics profiles across different sugar conditions and performed
the correlation analysis between the abundance of SMGs and metabolites in
each fungus (except D. squalens that lacks related data). Overall, we detected
the sugars taken up by the cell, sugar metabolic intermediates and several
storage compounds for each fungus (Figure S4). Several intermediates
were consistently detected with higher abundance in corresponding sugar
condition for most of studied fungi, such as xylitol, galactitol and galactonic
acid showed higher abundance in D-xylose, D-galactose and D-galacturonic
acid conditions for most of studied fungi. The commonly detected storage

compounds include the erythritol, mannitol and ribitol.

Consistent with stronger inducing patterns of SMGs identified in the
transcriptome and proteome profiles of Ascomycetes compared to
Basidiomycete, we detected that more SMGs showed stronger correlation
with the corresponding metabolites in four studied Ascomycetes than in P
chrysosporium (Figure 5 and Figure S5). For instance, in total 21 SMGs in 4.
nidulans (mainly including PCP, D-galactose, D-galacturonic acid, L-rhamnose
pathways and glycolysis) showed strong positive correlations (correlation
coefficient > 0.8) with their corresponding metabolites (Figure 5). However,
only two SMGs displayed high positive correlations with the metabolites in P,
chrysosporium. In the other two studied Eurotiomycetes species, we identified
14, 1, 2, 1 and 1 SMGs, respectively, involved in the PCP, D-galacturonic
acid, L-rhamnose, glycolysis and glycerol pathways in 4. niger, as well as
3, 3, 2 and 4 SMGs respectively involved in the PCP, D-galacturonic acid,
L-rhamnose, and D-galactose pathways in P. subrubescens, which strongly
correlated to detection of the related metabolites (Figure S5). As for 7. reesei,
we discovered six PCP-related SMGs, which have high correlations with
xylitol (1), D-arabinose (3), and D-xylose (2), two glycolysis-related SMGs
highly associated with D-glucose (1) and D-glucose-6-phosphate (1), but no
SMGs showed high correlations with rhamnose (Figure S5). Taken together,
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the abundance profile of SMGs and metabolites confirmed the predicted sugar

metabolic pathways and the diversity of fungal responses to different sugars.
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Figure 5. Correlation between the abundance of metabolites and sugar metabolism-
related genes in A. nidulans and P. chrysosporium. The y-axis represents Pearson
correlation coefficient (PCC > 0.5), and x-axis depicts different metabolites and the related
sugar metabolic pathways (highlighted in blue). Each dot represents a gene and its color
indicates the corresponding sugar pathway that it is involved in. The positive and negative
correlation were shown in filled and open circles, respectively. Only the names of genes with
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high correlation (PCC > 0.8) to the analyzed metabolites are displayed.

3.7 Comparative growth profiles on different carbon sources

We performed growth profiling of the six fungi on nine different
monosaccharides as solo carbon sources to analyze the influence of different
sugars on their growth. Given that the completeness and efficiency of sugar
metabolic pathways are directly linked with their growth on the corresponding
sugar, we expect clear differences in growth profiles to be observed when
two different fungi with predicted different completeness of specific sugar
metabolic pathways are grown on the same sugar. Therefore, the comparison
of growth profiles of these fungi on different sugars could partially confirm

the accuracy of our predicted sugar metabolic pathways.

The growth profiles of the six fungi showed both notable similarities and
differences on different sugars (Figure 6). In line with the complete sugar
metabolic pathways of all tested sugars predicted for A. niger and the other
two studied Eurotiomycetes species (4. nidulans and P. subrubescens), they
showed similar growth profiles on all tested carbon sources. In addition,
we noticed good growth for all six species on D-glucose, D-fructose and
D-mannose compared to their growth on no-carbon source, which matches
the conservation and completeness of the sugar metabolic pathways of these
hexoses across all studied species. In contrast, different species show varying
degrees of growth on L-rhamnose. A. nidulans and P. subrubescens grew better
on this monosaccharide than 7. reesei, while the two Basidiomycota species
(P. chrysosporium and D. squalens) grew poorly on L-rhamnose, which can
be explained by the missing enzymes of L-rhamnose metabolic pathway
predicted for these species in our study. In addition, there is a clear difference in
growth on L-arabinose between the Ascomycota and Basidiomycota species.
The poor growth on L-arabinose for P. chrysosporium and D. squalens could
be linked to the predicted absence of both /adA and IxrA/IxrB encoding genes
in their genomes. Although orthologues of xdhA and sdhA were detected in

the two Basidiomycete species, they cannot fully compensate for the loss of
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ladA, which seems to play a key role in L-arabinose metabolism. In particular,

growth on L-arabinose was almost abolished for P. chrysosporium.

A. niger

A. nidulans

P. subrubescens
T. reesei

P. chrysosporium

Figure 6. Fungal growth profiling on different monosaccharides. All strains were grown
on MM with nine different carbon sources. Growth was performed at 30°C for the two
Aspergilli and 25°C for other species. If growth on a specific carbon source is the same as
with no carbon source, it is considered no growth.

Besides the consistency observed between growth profile and predicted sugar
pathway models, we also observed the scenario that despite the fact that
fungi possess a full enzyme set in a sugar pathway, it does not ensure their
good growth on the related sugar. For example, although the genes related to
D-xylose metabolism were present in all fungi, the two Basidiomycota species
showed poor growth on D-xylose. A similar profile was observed for the poor
growth of 7. reesei on D-galacturonic acid although the full enzyme set to
metabolize the D-galacturonic acid is present in its genome. In 4. niger and A.
nidulans, all genes involved in D-ribose metabolism were predicted, but their
growth on D-ribose was poor. However, P. subrubescens and T. reesei grew
well on D-ribose that is in line with the presence of the related genes in their
genome. Due to the absence of ribokinase encoding genes in P. chrysosporium
and D. squalens, poor growth on D-ribose was observed. A strong difference
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in growth on D-galactose was observed between A4. mniger, the other two
Eurotiomycetes species, and the two Basidiomycota species. Although A.
niger and T. reesei have a full set of D-galactose metabolic enzymes, the
growth of A. niger and T. reesei on D-galactose was poor. P. chrysosporium
and D. squalens also grew poorly on D-galactose, while 4. nidulans and P.

subrubescens displayed relatively good growth on D-galactose.

4. Discussion

We successfully established sugar metabolic networks among six diverse
fungi using an orthology-based approach and integrating of a broad range
of functional annotation and transcriptome data. The difference of predicted
sugar metabolic pathways between the reference species (4. niger) and the
other five studied fungi is well correlated with their taxonomic distances, e.g.,
most sugar catabolic pathways were highly conserved between the other two
studied Eurotiomycetes and 4. niger, while a larger level of diversity was
observed between the Sordariomycete species and A. niger, and even more so
for the Basidiomycete species. The predicted sugar metabolic pathways and
their corresponding genes were partially supported by the growth profiles and

multi-omics profiles of fungi grown on diverse sugars.

Many of our predicted SMGs in the two well studied model fungi (4. nidulans
and 7. reesei) have already been experimentally characterized (Supplemental
Table S3), which confirmed the accuracy of our prediction. For the less
studied P. subrubescens and the two Basidiomycete species, we provided the

first sugar metabolic blueprint of these species.

Compared to the fungal sugar metabolic pathway information available in
the well-known The Kyoto Encyclopedia of Genes and Genomes (KEGG)
database (https://www.kegg.jp/), we provided a more comprehensive and
detailed sugar metabolic network. For instance, there is no specific pathway
assigned to D-galacturonic acid metabolism in the KEGG database, and

galactose metabolic pathway (KEGG pathway: map00052) was not explicitly
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delineated into three different sub-pathways. Some crucial reactions of
PCP and PPP pathways (KEGG pathway: map00030 and map00040,
respectively) were not well-annotated. For example, four reactions (EC, 2.
7.1.47/1.1.3.4/4.2.1.140/4.1.2.51) involved in PPP and three reactions (EC,
1.1.1.21/1.1.1.12/1.1.1.10) in PCP were absent in KEGG for 4. nidulans and

T reesei.

Several sugar metabolic pathways were highly conserved across all studied
fungi, e.g., TCA, glycolysis, PPP and D-galacturonic acid metabolism.
Other pathways showed large variation across the different fungi, including
L-rhamnose and L-arabinose catabolism. However, the completeness of the
predicted pathways cannot ensure a very similar transcriptome response and
growth profile of the fungi grown on corresponding sugars. For instance,
although the completeness of pathways was identified for D-fructose and
D-galacturonic acid in all studied fungi, we observed the relatively poor
growth of P. chrysosporium on D-fructose, poor growth of 7. reesei and P.
chrysosporium on D-galacturonic acid. This could be related to the difference
of catalytic efficiency and regulation mechanisms of corresponding metabolic
enzymes in different species. In addition, the efficiency of fungal sugar
utilization is not only related to metabolic enzymes, but also to the sugar
transport system [89]. One of the best examples to support this hypothesis
is that the poor growth of A. niger on D-galactose was mainly due to the
inactivity of relevant transport and germination triggers [90-92]. On the other
hand, the predicted incompleteness of a metabolic pathway for a sugar does
not always mean a poor growth profile. For example, we failed to identify
one key enzyme converting L-xylulose to xylitol in L-arabinose catabolism
in the two Basidiomycota species, however, the corresponding intermediates
(e.g. arabitol, xylitol and D-xylulose) were detected in metabolomics analysis
of P. chrysosporium and the growth profile showed that they can utilize
L-arabinose. This indicates that possible new enzymes may be involved in

this pathway. The failure of identification of these alternative enzymes in our
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study could be due to their low sequence similarity to the enzymes predicted
or validated in 4. niger. An alternative approach integrating sequence features
and multiple omics data using machine learning could be used to detect those

enzymes [93-95].

The different transcriptome and proteome profile of SMGs between
Ascomycota and Basidiomycota species could be related to their different
transcriptional regulation and be linked with their adaption to different
ecological niches. In line with this, previous studies have demonstrated a
dramatic difference in the repertoire of regulatory proteins of Ascomycete
and Basidiomycete fungi [96, 97]. Orthologs of the well-studied transcription
factors controlling specific SMGs in Ascomycete fungi, e.g., XInR, AraR,
RhaR, GaaR, and GalX, were missing in the Basidiomycete fungi. The lack
of clear sugar inducing patterns in the Basidiomycota species could also
suggest that in their natural environment, the studied Basidiomycetes rarely
experience the relatively high monomeric-sugar concentrations that were

used in our study.
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Chapter 4
Abstract

Plant biomass is one of the most abundant renewable carbon sources, which
holds great potential for replacing current fossil-based production of fuels
and chemicals. In nature, fungi can efficiently degrade plant polysaccharides
by secreting a broad range of carbohydrate-active enzymes (CAZymes),
such as cellulases, hemicellulases and pectinases. Due to the crucial role
of plant biomass degrading (PBD) CAZymes in fungal growth and related
biotechnologies applications, investigation of their genomic diversity and

transcriptional dynamics has attracted increasing attention.

In this project, we systematically compared the genome content of PBD
CAZymes in six taxonomically distant species, Aspergillus niger, Aspergillus
nidulans, Penicillium subrubescens, Trichoderma reesei, Phanerochaete
chrysosporium, and Dichomitus squalens, as well as their transcriptome
profiles during fungi grown on nine monosaccharides. Considerable genomic
variation and remarkable transcriptomic diversity of CAZymes was identified,
implying the preferred carbon source of these fungi and different transcription
regulation in them. In addition, the specific carbon utilization ability inferred
from genomics and transcriptomics was compared with the fungal growth
profile on corresponding sugars, which to improve our understanding of the
conversion process. This study enhances our understanding of genomic and
transcriptomic diversity of fungal plant polysaccharide degrading enzymes,
and provides new insights into designing enzyme mixtures and metabolic

engineering of fungi for related industrial applications.
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1. Introduction

Plant biomass is a magnificent renewable carbon source on Earth, which is of
major importance for ecology and is attractive substrate for the production of
biofuels and biochemicals. Plant cell walls mainly consist of polysaccharides
(e.g., cellulose, hemicellulose and pectin), lignin and small amounts of protein.

In addition, starch and inulin are commonly found as storage polysaccharides.

In nature, fungi play a central role in the degradation of plant biomass due
to their unique ability to secrete a broad range of extracellular enzymes
for decomposition of recalcitrant plant polysaccharides into mono- or
oligosaccharides that can be metabolized for their growth and reproduction.
Based on sequence and structural similarity, carbohydrate active enzymes
are catalogued into five major families in the Carbohydrate-Active enZymes
(CAZymes) database (http://www.cazy.org/) [1, 2], including glycoside
hydrolases (GHs), carbohydrate esterases (CEs), polysaccharide lyases
(PLs), glycosyltransferases (GTs) and auxiliary activities (AA). Fungal plant
biomass degradation (PBD) has been extensively studied for several decades
due to its essential roles in global carbon cycles and increasing potential in
advancing the transition of fossil-based economy into more sustainable bio-
based economy. The plant biomass degrading enzymes from these fungi have
been widely used in many industrial sectors, such as biofuel, biochemical,

paper and pulp, food, feed, detergents, and textiles [3].

Since polysaccharide composition is highly variable between different
plant sources and environmental conditions, fungi need a highly diverse set
of enzymes to degrade them (Table S1). To control their production, fungi
have evolved a sophisticated regulatory system to tailor the energy-costly
production and export of CAZymes for efficiently utilizing each specific plant
substrate [4]. The outcome of this evolutionary adaptation is that different
fungal species showed enormous diversity in terms of their CAZyme content,
enzymatic production and transcriptional regulation related to plant biomass

degradation. The importance of the regulatory layer is highlighted for example
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by comparative genomics at the genus or section levels of Aspergillus
revealed that fungal growth profiles on polysaccharides do not necessarily
correlate with their PBD abilities inferred from genomic CAZyme content
[5, 6]. An integrative analysis of genomic content, enzyme activity and
proteomics data of eight taxonomically close Aspergillus species suggested
that fungi with similar genomic potential for PBD could differ dramatically in
CAZymes production and overall enzyme activities [7]. Similar results have
been reported for Trichoderma and Penicillium species [8-11]. In addition,
different species employ different sets of transcription factors (TFs) to regulate
the utilization of specific polysaccharides. For instance, L-arabinose release
from plant biomass and subsequent intracellular metabolism was controlled
by AraR in the Eurotiomycetes [12], but the regulation was governed by a
different unrelated TF, ARAT1 in the Sordariomycetes and Leotiomycetes [13,
14]. More strikingly, although a similar set of the CAZymes were involved in
PBD of Basidiomycete and Ascomycete fungi, very few of the characterized
ascomycete regulators have corresponding one-to-one orthologous genes in
basidiomycetes [4, 15].

Fungal enzymatic saccharification of plant polysaccharides results in the
release of monomeric and oligomeric sugars, and in turn these small sugars or
their metabolic conversion products act as inducer or repressor molecule for
boosting or suppressing the production of PBD-related CAZymes [16-19].
For instance, D-galacturonic acid and L-rhamnose, the main monomeric sugar
constituents of pectin, have been shown to induce the expression of pectinolytic
enzymes in Aspergillus niger, Trichoderma reesei, and Neurospora crassa
[20-23]. In 4. niger, the expression levels of xylanases are controlled by two
major regulators: induction via transcriptional activator XInR and repression
viatranscriptional repressor CreA, depending on different xylose concentration
[17]. However, most of previous (post-)genomics studies on fungal PBD-
related CAZymes were restricted to model species and were performed on

limited growth conditions, or solely relied on comparative genomics analysis.
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New studies based on both genomics and post-genomics on taxonomically
distant species will enhance our understanding of the molecular mechanisms
and biodiversity of fungal PBD, which will provide new insights into the
design of enzyme mixtures and guide metabolic engineering of fungi towards

improved plant biomass conversion during the related industrial applications.

In this study, we systematically compared the genomic repertoires of PBD-
related CAZymes in six evolutionarily diverse species, A. niger, Aspergillus
nidulans, Penicillium subrubescens, T. reesei, Phanerochaete chrysosporium,
and Dichomitus squalens, as well as their transcriptomic response to nine
plant-derived monosaccharides. In addition, the specific carbon utilization
ability inferred from genomics and transcriptome data was compared to

fungal growth profiles across a wide range of carbon sources.
2. Materials and Methods

2.1. Fungal strains

This study focuses on six evolutionarily diverse species: three Eurotiomycetes
(4. niger N402, A. nidulans FGSCA4 and P. subrubescens CBS132785/
FBCC1632), one Sordariomycete (7. reesei QM6a) and two Basidiomycetes
(P. chrysosporium RP-78 and D. squalens FBCC312/CBS432.34). The
genomes and related annotation of these six fungal species were described in

our previous study [24].

2.2. Ildentification of orthologs of CAZyme genes related to plant biomass
degradation across six fungal species

CAZyme annotation and related protein sequences of each species was
obtained from JGI MycoCosm Portal (https://mycocosm.jgi.doe.gov). The
PBD-related CAZy families (based on previous studies) were selected
for further analysis [7, 25, 26]. Orthologous genes were identified using
OrthoMCL [27] (https://orthomcl.org/orthomcl/app) and OrthoFinder [28§]
(https://github.com/davidemms/OrthoFinder) with the protein sequences as

input and default parameters applied. We took the combination of the two
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ortholog mapping results as our final ortholog set.

2.3. Phylogenetic analyses

Protein sequences of each selected CAZy family (PBD related) were aligned
by MAFFT v7.310 [29, 30]. Unusually long and incomplete sequences
were corrected manually based on NCBI BlastX searching results, whereas
duplicate and ambiguous sequences were discarded. Phylogenetic trees
generated using FastTree [23] were used to distinguish true orthologs across

six fungi. The resulting trees were visualized using iTOL [31].

2.4. Transcriptome sequencing and analysis

The transcriptome data of six monosaccharides of D. squalens was obtained
from our previous study (Gene Expression Omnibus (GEO) database
accession: GSE105076) [18].

Transcriptome data of A. niger was newly generated in this study and was
deposited in the Sequence Read Archive at NCBI under the accession
numbers: SRP448993, SRP449003-SRP449007, SRP449023, SRP449039,
SRP449049,SRP449062,SRP449079-SRP449081,SRP449083 -SRP449085,
SRP449089, SRP449068-SRP449070, SRP449098, SRP449125,
SRP449138, SRP449141, SRP449142, SRP449151, SRP449193, while the
other four species grown on nine monosaccharides were recently generated

in our previous study [24].

The culture conditions were maintained as similar as possible to allow a good
comparison of the species. In detail, A. niger NRRL3, 4. nidulans FGSC A4
and P. subrubescens FBCC1632/CBS132785 were pre-cultured in complete
medium [32] with 2% D-fructose and mycelial aliquots were then transferred
to minimal medium [32] with 25 mM D-glucose, D-fructose, D-galactose,
D-mannose, L-rhamnose, D-xylose, L-arabinose, D-galacturonic acid and
D-glucuronic acid, respectively, and cultivated for 2 h. The same cultivation
approach was used for 7. reesei QM6a and P. chrysosporium PR-78, but
with media optimized for these species [33, 34], and cultivated for 4 h. The
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cultivation approach for D. squalens can be found in our previous study [18].
So only the basic salt medium is specific for the species, but the carbon source
is the same in all species. Mycelial samples were harvested and immediately

frozen in liquid nitrogen.

Total RNA was extracted from ground mycelial samples using TRIzol
reagent (Invitrogen). Purification of mRNA, synthesis of cDNA library and
sequencing were conducted at DOE Joint Genome Institute (JGI). The details
of transcriptome data generation and related downstream analysis were

described previously [24].

In addition, the CAZy genes with strong sugar specificity were selected by a
sugar specificity index (SS7), which was calculated by following the equation
that has been widely used in studies of gene expression specificity [35, 36]:

1 U max (x;)
I<i<n

SST = Z;l:l(l_ij\l)f\, Xi
n—

For the above equation, x, is the expression of the gene in each specific
monosaccharide condition i, and n is the number of total tested monosaccharide
conditions. We define the CAZyme genes with SS7 > 0.7 as sugar specific
genes (SSGs). In addition, we filtered out the extremely low expressed
genes whose maximum expression levels (FPKM) were less than 10 in all
tested conditions. For each SSG, we defined the corresponding sugar growth
condition in which the gene showed highest expression level among all tested

sugars as its inducing sugar.

2.5. Growth profiling on 18 plant biomass-related substrates

For growth phenotype analyses, all strains were grown on minimal medium
(MM) [32] with monosaccharides, and disaccharides at 25 mM and
polysaccharides at 1% final concentration. Growth was performed at 30°C
for two Aspergillus spp. and 25°C for the other species. Media with no
carbon source was used as a control. If growth on a specific carbon source

is the same as on no carbon source, it is considered as no growth. Growth
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on D-glucose was used as an internal reference for growth. Substrates were
obtained from Sigma-Aldrich (Zwijndrecht, The Netherlands): D-glucose (G-
8270), D-fructose (F-0127), D-galactose (G-0625), D-mannose (M-2069),
L-rhamnose (83650), D-galacturonic acid (48280), D-glucuronic acid (G-
8645), sucrose (S-5016), maltose (M-9171), beechwood xylan (X-4252),
guar gum (G-4129), apple pectin (76282), inulin (I-2255), cellulose (C8002);
Difco (Leeuwarden, The Netherlands): soluble starch (217820); or Acros
(Geel, Belgium): cel-lobiose (108465000), citrus pectin (416862500).

3. Results

3.1. Genomic potential of PBD CAZymes shows diversity across six fungi

In total, the genome repertoire of 65 different CAZy (sub-)families and feruloyl
esterases (FAEs) involved in degradation of different plant polysaccharides
was comparatively analyzed in six fungi (Figure 1 and Figure S1). Specifically,
the selected PBD-related enzymes studied included four auxiliary activities
(AA) families (AA3, AA9, AA13, AA16), six carbohydrate esterase families
(CE1, CES, CE8, CE12, CE15, CE16), five polysaccharide lyases families
(PL1, PL3, PL4, PL9, PL11), 39 glycoside hydrolases families (GHs) and
FAEs (Figure 1). Notably, ten enzyme families (GH3, GH12, CE16, GH2,
GH35, GH31, GH43, GH51, GH54, FAE) are multifunctional and involved

in the degradation of more than one plant polysaccharide (Figure S1).

The potential for PBD as inferred from the genomic repertoire PBD
CAZymes shows clear diversity across the studied fungi (Figure 1 and
Table S2). Overall, the CAZyme repertoire differences correlate well with
the taxonomic distance of the studied fungi. The three Eurotiomycetes (4.
niger, A. nidulans and P. subrubescens) possess a relative high number of
PBD related CAZymes compared to 7. reesei and the Basidiomycetes (P,
chrysosporium and D. squalens), especially with respect to enzymes from GH
and PL families (Figure S2 and Table S3). T. reesei contains less CAZymes

involved in each plant polysaccharide then the other three Ascomycetes.
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The two Basidiomycetes have less hemicellulolytic, pectinolytic and starch
degrading enzymes, while the total numbers of cellulolytic enzymes are
comparable to Eurotiomycetes. Notably, a higher number of AA9 genes were
identified in the Basidiomycetes. In the following sections, we discussed in
more detail the diversity of genomic potential with respect to degradation of

each polysaccharide.

. Pectin/Xyloglucan/Mannan

Cellulose/Xylan Xylan/Pectin/Xyloglucan
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Figure 1. Distribution of gene numbers in selected CAZy families in the six fungi.
Bubbles with numbers represent the number of encoding genes in each CAZy family. Color
intensity and bubble size are related to the numbers within them.

3.1.1. Cellulose degradation

Cellulose is a major component of plant biomass. The degradation of
cellulose mainly involves in four groups of enzymes: endoglucanases (EGLs),
cellobiohydrolases (CBHs), and B-glucosidases (BGLs), as well as auxiliary
activities enzymes (AAs) (Table S1) [37].

EGLs, act mostly on amorphous regions of cellulose, releasing reducing
and nonreducing chain ends [38, 39]. They are mainly classified in GH12,
GH131, GH45 and three subfamilies of GH5 (GH5 4, GHS5_ 5 and GH5 22)
(Table S3). Many of these EGLs families showed noticeable difference
between both evolutionarily close and distant species, especially the GHS

(sub-)family. GH5 4 has a single copy in 4. nidulans and P. subrubescens,
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but missing in all other species. GH5 22 was not identified in two Aspergillus
and T. reesei, but present as two copies in P. subrubescens and the two
Basidiomycetes. P. subrubescens has more copies of GH5 5 and GH12 than
other species. In contrast to most EGLs with comparable or more copies in
Ascomycetes than Basidiomycetes, GH45 and GH131 have multiple copies in
both Basidiomycetes, but were present as a single copy in three Ascomycetes

(except for the absence of GH131 in 7. reesei).

CBHs release cellobiose from the reducing (CBH I) or non-reducing (CBH
IT) ends of the cellulose. Fungal CBH I and CBH II genes are classified in
GH?7 and GH6, respectively. Gene copies of GH7 are notably larger (eight)
in P. chrysosporium and varying among the other species (two to four). GH6
was present as a single copy in 7. reesei and the Basidiomycetes, and with two

genes in the three Eurotiomycetes.

BGLs are involved in the cleavage of cellobiose into glucose, and are mainly
grouped into the GH1 and GH3 families. GH3 BGLs are greatly expanded
in the three Eurotiomycetes, while GH1 is only significantly expanded in P,

subrubescens.

LPMOs and cellobiose dehydrogenases (CDHs) have been suggested to
be involved in the oxidative cleavage of cellulose and boosted cellulose
degradation [26, 40, 41]. AA9 is a widely distributed LPMO in fungi, which
was present as multiple copies in all studied fungi, and was significantly
expanded in the Basidiomycetes compared to the Ascomycetes. In contrast,
AA16 LPMO was only present as a single copy in the Eurotiomycetes and
was missing in the other species, while AA3 1 CDH showed less variation

among the studied fungi.

3.1.2. Hemicellulose degradation

In contrast to cellulose, hemicellulose is a heterogeneous polysaccharide,
which is composed of different residues that form diverse backbones

and branches. Degradation of plant hemicelluloses requires a variety of
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hemicellulolytic enzymes, which are divided over at least 20 GH families,
four CE families and FAE (Figurel and Figure S1 and Table S1).

Xylan degradation

Xylan is acommon hemicellulose polysaccharide. To degrade xylans, a specific
set of CAZymes is required, mainly including: p-D-endoxylanase (XLN)
from GH10 and GH11 [42], B-xylobiohydrolase (XBH) from GH30 7, BXL
from GH3 and GH43, a-L-arabinofuranosidase (ABF) from GH43, GH51 and
GH54, a-glucuronidase (AGU) from GH67 and GH115, glucuronoyl esterase
(GE) in CE15, acetyl xylan esterase (AXE) from CE1 and CES5, hemicellulose
acetyl esterase (HAE) from CE16 [43], arabinoxylan arabinofuranohydrolases
(AXH) from GH62, and feruloyl esterase (FAE). Overall, xylanolytic enzyme
encoding genes in the six studied species differs significantly. The genome
of P. subrubescens contains the largest number of xylanases, followed by the
two Aspergillus species, while T. reesei and the two Basidiomycetes had the
lowest number. Higher gene copies in GH3, GH43, GH51 and GH54 families
were found in the Ascomycetes than the Basidiomycetes, while GH10 and
CE16 showed opposite trends. In addition, CAZy families GH54 (ABF),
GH62 (AXH), GH67 (AGU) and CES (AXE) were exclusively found in the
Ascomycetes. CE15 is absent in the Eurotiomycetes but present in the two
Basidiomycetes and 7. reesei, while more copies of FAEs and GH43 were

identified in Eurotiomycetes than in the other species.

Xyloglucan degradation

Xyloglucan has complex structure with various sidechain and decorations
[44], thus its hydrolysis requires a vast arsenal of enzymes. Except for ABF
and HAE enzymes mentioned earlier, xyloglucan degrading enzymes also
include a-fucosidase (AFC) from GH29, GH95 [45] and GH141, xyloglucan
B-1,4-endoglucanase (XEG) from GH12 [46], GH44 [47] and GH74 [48],
a-xylosidase (AXL) from GH31 [45], and B-1,4-galactosidase (LAC) from
GH2 and GH35 [37]. High variability was observed in the copy number
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of these CAZy families. P. subrubescens has expanded several xyloglucan
degrading enzyme families, such as GH12, GH43 and GH54. Numbers in
families GH95, GH12, GH35, GH2 and GH31 varied remarkably in the
Ascomycota, but showed low variation between the two Basidiomycetes
(Figure 1). In contrast, GH29 was exclusively identified in 4. niger and P.
subrubescens, while GH44 and GH141 were only identified in D. squalens

and P. subrubescens, respectively.

Mannan degradation

The degradation of mannans requires the concerted action of several
mannanases, including B-1,4-endomannanase (MAN), B-1,4-mannosidase
(MND), a-galactosidases (AGL) and HAE. Fungal AGLs have been assigned
to GH27 and GH36. MANs are mainly classified in GH5 7 with fewer
copies in GH26 and GH134. MND and HAE belong to GH2 [49] and CE16,
respectively (Figure 1).

Overall, the genomes of 4. nidulans and P. subrubescens contain more copies
of mannanases than the other fungi (Figure 1). The differences are that A.
nidulans has more copies of MAN (GH26, GH134 and GH5_7), whereas
P subrubescens harbors large number of AGL (GH27 and GH36) and
MND (GH2) encoding genes. In general, the other four species have less
mannanases, except that 7. reesei and 4. niger contain considerable number
of AGL (especially GH27) and MND, and the Basidiomycetes have a higher
number of CE16 copies. Notably, GH36, GH26 and GH134 were absent in
both Basidiomycetes (Figure 1), and GH26 and GH134 were absent in the

Basidiomycetes and T. reesei.

3.1.3. Pectin degradation

Pectin is a very complex polymer, composed of a family of galacturonic acid-
rich polysaccharides, including: homogalacturonan (HG), xylogalacturonan
(XGA), and two types of rhamnogalacturonan (RG-I and RG-II) [50]. Its

degradation requires a variety of enzymes (Table S1), which are classified
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into more than 20 CAZy families, mainly including pectin hydrolases (GH2,
GHS5 16, GH28, GH35, GH43, GH51, GH54, GH78, GH88, GH93 and
GH105), pectin lyases (PL1, PL3, PL4, PL9 and PL11) [51], and pectin
methyl esterases (CE8), and pectin and rhamnogalacturonan acetyl esterases
(CE12) [52]. The gene content of pectinolytic genes showed huge difference
among six studied species. In general, three Eurotiomycota fungi have higher
number and more diverse set of pectinolytic genes than other three studied
species (Figure 1). Several enzyme families involved in pectin degradation
are reduced or absent in 7. reesei, including the absence of four GH families
(GH51, GH53, GH88, and GH93) and the much less genes encoding for GH28
and GH78 compared to other three Ascomycetes. PLs are exclusively present
and largely varied in three Eurotiomycota species, of which A. nidulans has
more types of PL families (e.g. PL1, PL3, PL4, PL9 and PL11). The other
studied species loss most of the PLs, except that D. squalens has one gene of
PL4 3. Regarding pectin methylesterases, CE8 was found as multiple copies
in most species except the absence in 7. reesei, while CE12 was present in the
three Eurotiomycota species and D. squalens and absence in 7. reesei and P.

chrysosporium.

3.1.4. Storage polysaccharides degradation

Starch and inulin are two main storage polysaccharides of plant. Starch
consists of an a-1,4-linked polymer (amylose) of D-glucose residues which
can be branched at a-1,6-linked points (amylopectin) [53-55]. It is degraded
by the joint enzymatic actions of a-glucosidase (AGD) from GH13 40 and
GH31, amylo-a-1,6-glucosidase (AMG) from GH133, a-amylase (AMY)
from GHI13 1 and GH13 5, glucoamylase (GLA) from GH15 and LPMOs
from AA13 (Table S1). Most starch degrading CAZymes were identified
with one or more copies in all studied species, except that AA13 was only
identified in 4. nidulans and P. subrubescens, and the absence of GH13 5 and
GH13 40 in T reesei and D. squalens, respectively. Additionally, the three

Eurotiomycetes contain more copies of GH13 1 than the other species, while

145



Chapter 4

P. subrubescens harbors the largest number of GH13 40 and GHI15 (Figure
1).

Inulin consists of a branched B-2,1-linked chain of D-fructose with a terminal
D-glucose residue [56, 57]. GH32 is the only CAZy family involved in
inulin degradation, which mainly acts as endo-inulinase, exo-inulinase and
invertase. GH32 enzymes were absent in 7. reesei and P. chrysosporium, but
were expanded in A. niger and P. subrubescens with five and nine copies,

respectively (Figure 1).

3.2. Expression profile of CAZy genes during fungi grown on different
monosaccharides

PBD CAZymes mediate the release of monomeric/oligo- sugars from plant
polysaccharides. In turn, the presence of these small sugars can induce or
repress the expression of CAZymes encoding genes. Here, we investigated
the transcriptome diversity of CAZymes in response to different plant-derived

monosaccharides of studied fungi.

Overall, the expression profiles of CAZy genes varied across the tested
species and enzyme families. The inducing pattern of pectinolytic genes
showed considerable consistency across the studied species (Figure 2). For
most of the studied Ascomycetes, relative high abundance of pectinolytic
genes were observed on L-arabinose, D-galacturonic acid, D-glucuronic acid
or L-rhamnose, which are the most abundant sugar present in the polymers
of pectin. 4. nidulans is an exception, in which pectinolytic genes were
mainly higher expressed on L-rhamnose, and were not clearly induced by
D-galacturonic acid (Figure 2 and Table S4). Additionally, the genes involved
in the degradation of xylan and xyloglucan showed relatively high expression
on L-arabinose in the Ascomycetes, particularly P. subrubescens, which had
more highly expressed genes on L-arabinose, while they were also induced
by D-xylose in A. niger and induced by L-rhamnose in A. nidulans. Notably,
no clear sugar inducing pattern was observed for the studied Basidiomycetes,

except that most of PBD-related CAZymes showed relatively high expression
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levels on D-galacturonic acid compared to the other tested sugars for P

chrysosporium.

. B3 D-glucose ES Dgalactose B Dxylose B L-hamnose B8 D-glucuronic aci d
Monosaccharide
ES Dfuctose B D-mannose B Larabinose B D-galacturonic acid

A. niger A. nidulans P. subrubescens

.

.
.

.
o
by
. .
.

T.reesei P. chrysosporium D. squalens

.

.

Expression Levels: log2(FPKM+1)

Figure 2. Distribution of the expression profiling of the CAZy genes involved in
degradation of different polysaccharides (mentioned at the bottom) in the tested fungi.
On the top, different colors indicate different monosaccharides that were used as carbon
source in the fungal cultures. The black dots indicate outlier genes with extremely low or
high expression values.

In addition, we also analyzed sugar specificity index of each CAZy gene.
Sugar specificity is often described based on gene expression levels, and we
define that the genes with high sugar specificity index are a group of genes
whose function and expression are specific for one certain sugar condition.
This index can be used to evaluate if the specific CAZy genes involved in
certain polysaccharide degradation showed corresponding inducing patterns

on the corresponding monosaccharides (Figure S3 and Table S5). As
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expected, in the three Eurotiomycetes, the CAZy genes involved in pectin
degradation showed clear D-galacturonic acid and L-rhamnose inducing
specificity (except mainly L-rhamnose inducing patterns in A. nidulans),
and the CAZy genes involved in xylan or xyloglucan degradation revealed
L-arabinose and D-xylose inducing patterns. Notably, parts of CAZy genes
involved in the degradation of the above polysaccharides also showed high
expression levels on D-galactose in A. niger and A. nidulans, but not in P,
subrubescens, which indicates metabolic cross talk between sugar-sensing
pathways and/or overlap in regulatory networks. In addition, ten and 18
CAZymes involved in pectin, xylan or mannan degradations showed sugar
specific induction on D-glucuronic acid in A. nidulans and P. subrubescens,
respectively. In contrast, 7. reesei only had a small number of CAZy genes
with a high sugar specificity index, such as six CAZy genes involved in xylan
and xyloglucan that showed L-arabinose induction, and three pectinolytic
genes with D-galacturonic acid induction specificity (Table S5). We detected
more than twenty CAZymes highly expressed on D-galacturonic acid in
P. chrysosporium, but only nine genes belong to pectinolytic genes. In D.
squalens, due to the limited transcriptome data, we only observed very small

number of genes showing sugar specificity (Figure S3 and Table S5).

3.3. Growth profiles are not always correlated with (post-)genomics profile
of CAZy

The noticeable diversity of genomics and expressional profiles of CAZy genes
identified above in the tested fungi strongly suggests that they employ different
PBD strategies. To evaluate the correlation between (post-)genomic profiles
and actual carbon utilization ability, we analyzed the growth profile of these
fungi on nine monosaccharides, two disaccharides and seven polysaccharides
(Figure 3A). Growth on D-glucose and no carbon source were used as an
internal reference for growth. The relative difference between growth on

different carbon sources was examined between the species.
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Figure 3. Overview of growth profiles, CAZyme content and transcriptome profiling in
the studied fungi. A. Growth profiles on various plant biomass related carbon sources. B.
Summary of CAZy genome content involved in the degradation of each plant polysaccharide.
The size of the dots indicates the number of CAZy genes, and the color indicates different
substrates that CAZymes act on. C. Distribution of CAZy genes with sugar specific expression
on each monosaccharide. The same color code as Figure 3B was used to indicate the different

substrates.

In general, the Eurotiomycetes showed better growth on most of the tested
polysaccharides than the other species, which is consistent with a higher
gene content of the corresponding degrading genes (Figure 3B). In contrast,
possibly due to the absence and reduction of many CAZy genes in the
genome, 7. reesei grew relative poorly on most of the tested polysaccharides
(except starch). Different species showed huge variation of growth on inulin.
A. niger and P. subrubescens grew well on inulin, whereas the other four
species grew very poorly. This correlates well with the diversity of inulin

degrading genes in different species. A. niger and P. subrubescens have many
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copies of inulinolytic genes, in contrast to the other species that are impaired
in their inulin degrading machinery. Compared to the other two analyzed
Eurotiomycetes, 4. nidulans had less copies of GH32, particularly missing
copies of endo-inulinase (Table S3), which reduces its ability to efficiently
utilize this substrate as a carbon source. In 7. reesei and P. chrysosporium,
GH32 was fully absent. In D. squalens, two copies of GH32 were identified,
but they were extremely lowly expressed (Table S4).

Besides these consistent observations for genomic repertoire, expression and
growth, also inconsistencies were observed. Good growth on citrus pectin was
observed for T. reesei and P. chrysosporium, while their genome encodes fewer
pectinolytic genes than the Eurotiomycetes. Additionally, we observed active
gene expression of pectinolytic genes for these two species on D-galacturonic
acid, the major sugar component of pectin (Figure 2 and Figure 3C). In
contrast, D. squalens grew poorly on pectin. In line with the crucial role of
pectin lyases (PLs) on degrading apple pectin [58], the absence of PLs on the
genome of 7. reesei and P. chrysosporium could explain their relative poor
growth on apple pectin. All tested fungi could grow relative well on starch,
while none of the studied species grew well on cellulose as the sole carbon
source despite a significant number of cellulases encoded in their genomes.
The Eurotiomycetes grew well on xylan, while the other three tested species
showed only minimal growth on xylan, which is consistent with the fact that
fewer xylanase genes were identified in their genomes and actively expressed
during growth of these fungi on xylan-related monosaccharides (Figure 3).
In contrast, we observed poor correlation between (galacto-)mannan (guar
gum) and mannan degrading CAZymes content in the fungal genomes. The
Eurotiomycetes grew well on guar gum, even though A. niger has a very small
number of mannan degrading genes. Compared to 4. niger, T. reesei and the
Basidiomycetes have a comparable number of mannan degrading genes, but
they all showed impaired growth. Unexpectedly, none of the fungi showed
expression specificity on mannose (Figure 3C and Table S5), but showed high
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sugar specificity on other monosaccharides, like 4. niger and P. subrubescens
on L-arabinose. For 4. niger it has been shown that mannobiose, rather than
mannose is the inducer of the mannanolytic enzyme system [59], which could

explain why there is no mannose-specific induction observed.

4. Discussion

The genome content of CAZymes showed considerable differences among
the tested species, especially among the taxonomically distant species. The
CAZymes repertoire and their expression under different carbon source of each
specific fungus implies the possible different PBD approaches. In general, the
studied Eurotiomycetes possess more diverse sets of PBD genes that enable
them to grow well on most tested polysaccharides, while 7. reesei and two
Basidiomycetes grew poorly on most polysaccharides due to relatively small
repository or less actively expressed PBD genes. Particularly, 7. reesei is the
only tested Ascomycete that showed impaired growth on maltose and starch,
which correlates with less starch degrading enzymes identified in the genome

of this species.

Among the three tested Eurotiomycota, only A. niger and P. subrubescens
can grow well on both sucrose and inulin, while A. nidulans showed impaired
growth on inulin. The divergence could be explained by the lower copies
of GH32, and the low expression level of intracellular invertase SucB
(Aspnid1|2301) [60].

The detailed structure and composition of polysaccharides significantly affects
its degradation by specific fungi, especially for species with less variety of
enzyme families encoded in their genome, which was demonstrated by the
growth profile of 7. reesei and P. chrysosporium on pectin extracted from two

different plant sources.

Although crucial PBD CAZy genes were present in their genomes, the two
tested wood-degrading Basidiomycetes showed relatively poor growth on

most tested polysaccharides and showed clear different gene expression
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profiles of PBD genes than the tested Ascomycetes. The possible reason
could be that these fungi mainly grow on wood in nature, and have adapted
their induction system to grow on complex polysaccharides as carbon sources

instead of being optimized for individual polysaccharides as we tested here.

Poor growth on cellulose was observed for all tested species, although
cellulolytic genes were identified in their genomes. One possible explanation
is that the necessary enzymes were not fully activated during fungal growth
on cellulose. For instance, many cellulolytic genes in 4. niger are controlled
by the xylanolytic transcriptional activator XInR, which was mainly activated
in the presence of xylose [61, 62]. In line with this, visible growths on the
cellulose-derived oligosaccharide, cellobiose, were observed for all six
species (Figure 3A), which require much fewer degrading enzymes to fully
decompose than intact cellulose. In addition, commercial cellulose is not

structurally identical to natural cellulose, due to the method of extraction.

We identified several CAZy families that are uniquely present in certain
species or phyla, which could indicate a special physiological role and potential
industrial applications. For example, the AA16 family only exists in the three
Eurotiomycetes, while the AA9 family is broadly present in all six species.
A recent study suggested these two fungal LPMO families were counterparts
and targeted the same substrates [26]. Contradicting this, a recent study found
that AA16 can only boost the cellulase activity of AA9, but cannot break
down cellulose independently [63]. Clearly, more detailed studies in this area
are warranted. In addition, among the six tested species, the GH44 enzymes
were only identified in D. squalens [47], which indicates the scarcity and
unique function of this enzyme. Additionally, we found CE15 only in the two
Basidiomycetes and 7. reesei, which was proposed to cleave ester linkages
between lignin and glucuronoxylan [64]. GH141, whose active site pocket of
the hydrolase is likely to be significantly more open than other fucosidases
(e.g. GHI95 and GH29), was only present in P. subrubescens, revealing it has

a more variable PBD mode [65]. Only 4. nidulans contains genes encoding
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PL3 and PL9 pectate lyases, as well as PL11 rhamnogalacturonan lyases,
which indicated that 4. nidulans may have great potential for commercial

applications in pectin degradation [66].

In addition, some genes encoding specific family present phyla specificity.
GH54 is only present in the four Ascomycetes, and has been reported to
remove decorations including L-arabinose and D-galactose in the presence of
metal cofactors, which may suggest that it could be introduced in enzymatic
cocktails to assist in the hydrolysis of xylan and xyloglucan. Similarly, GH62
was only found in the four Ascomycetes, and is the sole GH family that
contains only arabinofuranosidases (ABFs) specificities [67]. However, high
variability was also observed in the number of genes within the same phyla.
For example, multiple gene copies of GH51, GH54 and GH62 encoding ABFs
were identified in P. subrubescens, which implies a potential enhancement in
the ability of P. subrubescens to release L-arabinose from plant biomass in
a more specific manner [68]. Moreover, this is in line with our finding that
CAZy genes involved in xylan, pectin and xyloglucan in P. subrubescens

show evident L-arabinose specificity (Figure 3C).

Additionally, the expression profile of PBD genes in six tested species showed
dramatic differences during fungal growth on nine monosaccharides (Figure
2 and Figure 3C). For the closely related Eurotiomycetes, although they have
comparable content of pectinolytic genes, the varying expression patterns
of these genes suggest the activity of an underlying complex regulatory
networks. In 4. niger, a comparable set of pectinolytic genes were induced
on L-arabinose, L-rhamnose, and D-galacturonic acid, while the same set of
genes in A. nidulans were largely induced by L-rhamnose alone, and in P,
subrubescens mainly induced by L-arabinose and D-galacturonic acid (Table
S5). Similarly, sugar-specific CAZymes involved in xylan or xyloglucan
degradation in different fungi also displayed different inducing patterns on

L-arabinose and D-xylose.
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5. Conclusion

In this study, we revealed the diversity of fungal plant polysaccharide
degrading enzymes at both genomics and transcriptomics level. Considering
the importance ecological role and increasing industrial potential of fungal
plant biomass degradation, the findings revealed in this study will improve
our understanding of the fungal diversity and provides new insights into
designing enzyme mixtures and metabolic engineering of fungi for related

industrial applications.
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Figure S3. Heatmap visualization of expression profiles of CAZy genes
with sugar specific induction in the six fungi during their growth on nine
monosaccharides. Available upon request from the author

163



Chapter 5



Comparative
transcriptomics reveals
a diverse approach for

the degradation of plant
biomass of five filamentous
fungi

Manuscript in preparation for publication
Mao Peng?, Jiajia Li*, Li Xu, Igor V. Grigoriev, Ronald P. de Vries
#These authors contributed equally



Chapter 5
Abstract

Fungal plant biomass conversion is of great importance in the Earth’s carbon
cycle, as well as in many industrial applications, such as the production of
biofuel and biochemicals from plant lignocellulose materials. To obtain a
deeper insight into the diversity of approaches that fungi employ to convert
crude plant biomass, we comparatively analyzed the transcriptome profile of
five diverse fungi during their growth on two common feedstocks, soybean
hulls and corn stover, at three different time points. The selected fungi
included the ascomycetes Aspergillus niger, Aspergillus nidulans, Penicillium
subrubescens, Trichoderma reesei and the white-rot basidiomycete
Phanerochaete chrysosporium. The gene expression profile of lignocellulose
degrading enzymes, sugar transporters and sugar metabolic enzymes showed
strong time-, substrate- and species-specific differences. By combining
these transcriptome profiles on crude plant biomass to those on a diverse
set of plant-derived monosaccharides, we were able to reveal complex gene
regulation and substrate preference during the adaptation of these fungi to
crude plant biomass. These results improve our understanding of the diversity
and molecular mechanisms of plant biomass conversion by fungi, which will
facilitate future studies of fungal ecological roles and further development of

fungal biotechnology.
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1. Introduction

Plant biomass is the most abundant and renewable carbon source in the world.
The common polymers in plant biomass include cellulose, hemicellulose,
pectin, lignin, as well as protein and storage polysaccharides (e.g., starch,
gums and inulin). In nature, many fungi have evolved a sophisticated system
for the efficient degradation and utilization of plant polymers. During the past
decades, fungal plant biomass conversion (FPBC) has attracted increasing
research interest due to its important ecological role in the Earth’s carbon
cycle, and huge industrial potential to produce biofuel, biochemicals and

enzymes from renewable plant biomass [1].

FPBC is a highly dynamic and complex process which involves several
crucial sets of genes. Firstly, a diverse set of fungal extracellular enzymes are
required for degradation of plant biomass. Most of these enzymes belong to
the carbohydrate-active enzymes (CAZymes) that has been well cataloged in
the CAZy database (http://www.cazy.org/) [2], including glycoside hydrolases
(GHs), carbohydrate esterases (CEs), polysaccharide lyases (PLs) and lytic
polysaccharide monooxygenases (LPMOs). After enzymatic decomposition,
a diverse set of mono- and oligosaccharides are released from plant biomass,
which are transported into the cell mediated by various sugar transporters
[3]. In addition, most fungi harbor a robust sugar metabolic network [4-6]
that enables them to convert plant derived sugars into desired molecules
and generate energy to support their growth and reproduction. Previous
studies have demonstrated that fungi tailor their production of CAZymes to
the plant substrate on which they grow [7-9]. In addition, analysis of fungal
genomes has revealed that the content of lignocellulolytic CAZy genes
varied significantly across fungal species [10-12]. Comparative functional
genomics (e.g. transcriptome and proteome) have demonstrated even more
significant diversity with respect to the activation and production of plant
biomass degrading enzymes [13-17]. In contrast to the extensive studies

of CAZymes, the comprehensive analysis of the (post-)genomics diversity
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of sugar transporter and sugar metabolic networks severely lags behind.
Recently, a limited number of studies have indicated the sugar transporters
and sugar metabolic genes also showed a considerable diversity at genomic

or post-genomics levels across different fungi [18, 19].

In this project, we aim to systematically evaluate the diversity of the fungal
transcriptome response to lignocellulose, with the focus on expression
profiles of CAZy enzymes, sugar transporters and carbon metabolic enzymes
in five taxonomically diverse fungi grown on two common agriculture plant

residues, corn stover (CS) and soybean hulls (SBH).
2. Materials and Methods

2.1 Strains, media and growth conditions

The same set of five taxonomically diverse fungi were used that were also
analysed in a previous study [18]. These include three Eurotiomycetes
(Aspergillus niger, Aspergillus nidulans, Penicillium subrubescens), one
Sordariomycete (7richoderma reesei) and one Basidomycete (Phanerochaete

chrysosporium).

The fungi were grown in minimal (MM) or complete (CM) medium as
previously described [18]. In detail, A. niger N402, A. nidulans FGSC A4
and P. subrubescens CBS132785 were pre-cultured in complete medium
[20] with 2% D-fructose. The same cultivation approach was used for 7.
reesei QMo6a and P. chrysosporium PR-78, but with media optimized for
these species [21, 22]. Mycelium was washed with MM and transferred to
250ml Erlenmeyer flasks containing 50 ml MM supplemented with 1% CS or
1% SBH. Mycelium was harvested after cultivation for 4h, 24 h and 48 h, by

vacuum filtration, dried between tissue paper and frozen in liquid nitrogen.

2.2 RNA sequencing analysis

Total RNA was extracted from ground mycelial samples using TRIzol

reagent (Invitrogen, Breda, The Netherlands) according to the instructions
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of the manufacturer. Purification of mRNA, synthesis of cDNA library and
sequencing were conducted at DOE Joint Genome Institute (JGI), as previously
described [23]. The replicates with poor reproducibility (Pearson correlation

coefficient of raw counts < 0.9) were excluded for further statistical analysis.

DESeq2 v1.20 [24]t was used to determine differentially expressed genes
(DEGs) between different growth conditions. Raw counts were used as
DESeq?2 input. The threshold of fold change (FC) >4 or < 0.25 and adjusted
P-value <0.01 was used to define significant DEGs (higher-/lower- expressed
genes). Besides the newly generated transcriptome data of fungi grown on
two crude plant biomasses (CS and SBH), we also integrated and analyzed
transcriptome data of fungi grown on nine different monosaccharides from our
previous study [18]. Carbon metabolic enzymes and pathways were extracted
from our previous study [18]. The CAZy family information was obtained
from JGI MycoCosm database, and annotation of plant polysaccharide
specificity of CAZymes was based on previously publications [9, 17].
Heatmap and clustering were plotted using R package “ComplexHeatmap”
[25]. The principal component analysis (PCA) was performed with the DEseq2
using the normalized counts by applying the ‘regularized log (rlog)’ method.
Gene set variation analysis (GSVA) [26] was performed to estimate variation
of pathway activity over the tested conditions based on the average values of
gene expression (fragments per kilobase of transcript per million fragments
mapped, FPKMs) in each studied condition, and the analysis mainly focused
on the genes encoding preselected CAZy and sugar metabolic enzymes. The
RNA-seq data generated in this study is available at the JGI portal (proposal
ID 504291).

3. Results and discussion

3.1 Transcriptome analysis revealed strong condition-dependent and
species-specific responses

We performed comparative transcriptome analysis of five fungi to study their

molecular response to different plant biomass at different time points. The
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principal component analysis (Figure 1) and differentially expressed genes
(DEGs) analysis (Figure 2 and Table S1) revealed that fungal adaption to
plant biomass showed strong time-, substrate- and species-specific patterns.
We compared the expression on the two crude plant biomass substrates to
expression on D-glucose, as on this substrate typically CAZy genes are not or
poorly expressed. All studied fungi grown on CS and SBH showed significantly
different transcriptome profiles in terms of the number of genes showing
differential expression relative to D-glucose. Moreover, a considerable
diversity of their response to CS and SBH was observed, indicating that fungi
tailor their transcriptome response to the composition of the plant biomass
substrate. The transcriptome of 4. niger on CS at different time points showed
only a minimal difference, while its transcriptome on SBH showed a clear
time-specific response. For A. nidulans, large differences in its response to
the two tested substrates was identified at the early time point (4 h), while
very similar expression profiles were observed at the later time points (24 h
and 48 h) (Figure 1). P. subrubescens displayed the strongest substrate- and
time-specific response, with a relatively large set of differentially expressed
genes that were identified in each comparison and clearly separated substrate-
time course trajectories in the PCA. T. reesei showed a similar expression
behavior as A. nidulans, with many significantly different expression profiles
at the early time point (4 h) and only small sets of DEGs detected at later time
points for both types of plant biomass substrates. P. chrysosporium presented
aminimal substrate specific response at 4 h compared to the other four species,
in which only 68 DEGs were detected. However, a clear differential response
was identified between 4 h and the later time points (24 h or 48 h) for both
plant biomass substrates. These differences in expression patterns most likely
reflect a different organization of the regulatory system controlling these
genes in the studied fungi.
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Figure 2. The total number of differentially expressed genes identified in comparison of
fungi grown on corn stover (CS) and soybean hulls (SBH) at three time points (4 h, 24
h and 48 h). The total number of higher and lower expressed genes in each comparison were
indicated in red and blue, respectively.

3.2 Expression diversity of key genes related to plant biomass conversion
across the fungi

Several important biological processes and related genes have been
well-characterized to play essential role during FPBC. These include
the CAZymes involved in lignocellulose degradation, sugar transporters
mediating transmembrane uptake of small sugars, sugar catabolic enzymes
for intracellular metabolism of sugars and transcription factors that control
the whole system [27]. We therefore analyzed the expression profiles of these

four categories of genes in more detail.

3.2.1 Expression profile of CAZy genes related to plant biomass degradation
(PBD)

Our previous study revealed that taxonomically close fungi often have a similar
CAZy content (see Chapter 4 of this thesis). However, our transcriptome
analysis revealed that a similar genomic profile of FPBC related CAZy genes

did not guarantee a similar transcriptomic profile (Figure 3 and Figure S1).
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For instance, the genomes of A. niger and 4. nidulans have a comparable set
of CAZy genes involved in FPBC (Table S2), but these genes show distinct
transcriptome profiles, indicating the influence of the differences in the

regulatory system that controls their expression.
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Figure 3. Differentially expressed FPBC related CAZy genes when comparing fungi
grown on corn stover (CS) and soybean hulls (SBH) at three time points (4 h, 24 h
and 48 h). The number of genes involved in decomposition of different plant polymers are
indicated in different colors. The bars represent the number of differentially expressed genes
between two conditions. The upper bars show genes that are higher expressed in the first
condition for each comparison, while the lower bars show genes that are higher expressed in
the second condition.

The expression profile of these CAZy genes during growth of 4. niger on CS
at different time points showed much less difference compared to its profile on
SBH (Figure 3). A considerable number of CAZymes genes involved in xylan,
xyloglucan, pectin and starch degradation were more actively expressed on
SBH than on CS, while specific temporal changes were also observed during
its growth on SBH. Notably, a high number of pectinolytic genes of A. niger
were significantly induced at 4 h compared to 24 h or 48 h during fungus
grown on SBH. Although both the CS and SBH contain abundant cellulose,
a relatively small number of cellulolytic genes were differentially expressed
during the growth of A. niger on these substrates compared to several of the

other studied fungi (except 7. reesei) (Figure 3).
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For A. nidulans, many FPBC related CAZy genes showed higher expression
at the early time point (4 h) on both CS and SBH, and much less CAZy
genes were identified as DEGs in the comparison between 24 h and 48 h.
In A. nidulans, CS induced a higher number of genes related to degradation
of cellulose, xylan, xyloglucan and mannan at 4 h, while SBH specifically
induced starch degrading genes at 4 h and induced some genes involved in

cellulose, mannan and pectin degradation at 24 h and 48 h.

P. subrubescens continuously tailored its expression of FPBC genes during
growth on both substrates. The genes involved in degradation of cellulose,
xylan, xyloglucan, pectin, and starch showed strong temporal expression
profiles on both substrates. The comparison between CS and SBH showed
that CS induced more genes related to degradation of cellulose, xylan and
xyloglucan at all time points, while SBH induced more genes involved in

mannan degradation at 4 h.

T reesei has a relatively small size of genes involved in FPBC [28] (see
Chapter 4 of this thesis). Growth of 7. reesei on different conditions
identified less differentially expressed FPBC genes compared to the three
Eurotiomycetes. The FPBC genes of 7! reesei were predominantly induced at
the early time point (4 h) during its growth on CS, while some genes involved
in cellulose, xylan and mannan were induced at 48 h compared to 4 h or 24
h on SBH. Compared to growth on SBH, growth on CS induced more genes
at 4 h and 24 h related to degradation of cellulose and xylan, while some

mannanolytic genes were specifically induced on SBH at 4 h.

For P. chrysosporium, we also identified a relatively small set of FPBC
related genes that were differentially expressed. During growth of the fungus
on CS, higher expression of cellulololytic genes was observed at 4 h and 48 h
compared to 24 h, while xyloglucanolytic genes were mainly induced at 4 h.
In contrast, during growth of the fungus on SBH, most FPBC genes showed
low expression at 48 h (Figure S1). The comparison between CS and SBH
identified some FPBC genes at 4 h and 24 h, but a considerable number of
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genes related to cellulose, xylan and xyloglucan genes showed significantly
higher expression on CS than SBH at 48 h.

Overall, the diverse expression profiles of FPBC related CAZy genes are
in line with the polysaccharide composition of two tested plant biomass
substrates and polysaccharide preference of the tested fungal species. For
instance, the higher abundance of xylan in CS than in SBH induced a larger
number of xylan degrading genes during fungal growth on CS than on SBH
for most of the studied fungi (except 4. niger). Compared to other species, a
relatively small set of cellulolytic and pectinolytic genes showed differential
expression, respectively, during growth of A. niger and P. chrysosporium,
respectively, which is in line with the relatively poor growth of A. niger on
cellulose, and less efficient use of pectin for P. chrysosporium (see Chapter 4
of this thesis). This demonstrates that both the genome content as well as the

expression profiles correlate well with growth for these two species.

3.2.2 Expression profile of genes related to sugar metabolism (SM)

The comparison of expression profile of SM genes also revealed clear
diversity across different studied fungi (Figure 4 and Figure S2). For 4.
niger, a higher number of SM related genes were highly expressed and their
expression changed dynamically during growth on SBH compared to CS. The
genes involved in metabolism of D-galactose, D-galacturonic acid, pentose
catabolic pathway (PCP) and tricarboxylic acid (TCA) cycle were the major
temporally changed genes during growth on SBH.

For A. nidulans, similar as for the FPBC related CAZy genes, a larger number
of differentially expressed SM genes were identified when comparing early (4
h) and later time points (24 h or 48 h) than between the two later time points.
The comparison of time points on both plant substrates showed that SM genes
related to the D-galacturonic acid pathway and the PCP were predominantly
induced at 4 h, while genes related to glycolysis and glycerol metabolism

were mainly induced at 24 h and 48 h. The comparison of A. nidulans grown
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on CS and SBH showed that SM genes related to the D-galacturonic acid
pathway were higher expressed on SBH at all tested time points, which is
consistent with the corresponding sugar composition of these two substrates

[29]. In addition, a few genes related to D-galactose metabolism were higher
expressed on SBH at 24 h and 48 h than CS.
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Figure 4. Differentially expressed sugar metabolic genes when comparing fungi grown
on corn stover (CS) and soybean hulls (SBH) at three time points (4 h, 24 h and 48
h). The number of genes involved in different sugar metabolic pathways are indicated in
different colors.

The comparison of P. subrubescens showed a slightly different expression
profile compared to the trend of the CAZy profile discussed above. For
instance, the majority of SM genes were induced at the early time point, while
we observed a comparable number of CAZy genes that were specifically
induced at both early and later time points. The most obvious expression
difference between P. subrubescens grown on CS and SBH occurred at 4 h,
where a significant higher number of SM genes involved in the metabolism
of D-galactose, D-galacturonic acid, PCP and D-rhamnose showed higher

expression on SBH than on CS.

The SM genes of T. reesei during growth on both plant substrates showed a
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similar expression profile as observed for P. subrubescens, in which most genes
were predominantly induced at 4 h and only few genes were differentially

expressed between 24 h and 48 h.

Compared to the other species, a relatively small set of SM genes of P,
chrysosporium showed significant differential expression, except that during
growth on SBH at 24 h a significant larger number of SM genes was induced
than in the other conditions (Figure 4 and Figure S2). In contrast, the most
significant transcriptome change of FPBC related CAZy genes was identified
at 48 h during growth P. chrysosporium on CS and SBH (Figure 3).

3.2.3 Expression profile of sugar transporters (ST5)

The genomes of here studied fungi encode variable numbers of sugar
transporters (STs). Based on a computational search for conserved protein
domains that define STs, we identified 90, 83, 117, 52 and 23 STs for 4. niger,
A. nidulans, P. subrubescens, T. reesei and P. chrysosporium, respectively
(Table S2). The expression of these STs showed generally similar expression
trends as CAZy genes and SM genes. We identified distinct differences in
the expression of STs during growth of 4. niger on SBH and CS. A minimal
set of STs showed expression changes during growth of A. nidulans and T.
reesei on plant substrates at the two later time points (24 h and 48 h). P
subrubescens tailored the expression of a specific set of STs for adaptation
to each tested condition, while only few STs of P. chrysosporium showed

significant differential expression (Figure 5).
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Figure 5. Differentially expressed sugar transport genes when comparing fungi grown
on corn stover (CS) and soybean hulls (SBH) at three time points (4 h, 24 h and 48 h).
The total number of higher and lower expressed genes in each comparison were indicated in
red and blue, respectively.

3.2.4 Diverse expression profile of transcription factors (TF’s)

The dynamic change of gene expression is driven by TFs. Previous studies
have identified a set of key TFs related to FPBC and suggested their functional
diversity across different species [30], even though only three TFs for FPBC
have so far been reported in Basidiomycetes (i.e., crel [31], pacC [32] and
ace3/rocl [30, 33]). Comparing the expression profile of these TFs (both
experimentally characterized and ortholog-based predicted TFs) across our
tested species revealed a strong transcriptional diversity for most of the
selected TFs (Figure 6). For example, the highly conserved TFs cred/crel of
A. niger showed higher expression on SBH than CS at 4 h, while its ortholog
in A. nidulans had higher expression on CS than SBH at 4 h and 24 h, and
higher expression in P. subrubescens occurred on both SBH and CS at 4 h.
In contrast, the overall expression of cred/crel orthologs in T. reesei and P.

chrysosporium was low in all tested conditions.
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Figure 6. Gene expression profiles of known and predicted transcription factors involved

in FPBC.

The pH-responsive TF, pacC, is another conserved regulator that has

been suggested to be involved in FPBC. Expression of pacC was higher

during growth on SBH than on CS for the three Eurotiomycetes, while it

showed overall high and low expression for 7. reesei and P. chrysosporium,

respectively, on both tested plant substrates.

In addition, the expression profile of a crucial TF involved in pectin utilization,

gaaR, showed higher expression on SBH at 4 h and 24 h for 4. niger, and

higher expression on CS at 4 h for 4. nidulans, while no clear differential

expression was identified for the other Ascomycetes.
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The genes encoding the starch utilization regulator AmyR showed higher
expression on SBH at 4 h for A. niger, A. nidulans and T. reesei, while its

overall expression was low in P. subrubescens.

The ace3 gene has been characterized as an important TF for regulating
cellulose degradation in 7. reesei [34] and Basidiomycete fungi [30, 33]. In
our expression profiles, this gene showed relative high expression in 7. reesei
and P. chrysosporium grown on both plant substrates. The highest expression
of ace3 during growth of P. chrysosporium on CS at 48 h is consistent with

the general higher expression of cellulase genes in this condition.

The strong species-specific expression profile of TFs shown here already
indicates a complex and fast evolving regulatory networks govern the
diversity of FPBC process. In addition, the post-transcriptional activation of
transcription factors will further affect the regulatory system in each species,
likely contributing also strongly to the differences in expression profiles

observed between the studied fungi.

3.3 Transcriptomic comparison of plant biomass substrates and
monosaccharides provides insights into the polysaccharide preference of
some of these fungi

To reveal the sugar preference and interaction between FPBC-related CAZy
and SM genes during fungal utilization of complex plant polymers, we
combined and analyzed transcriptome data of fungi grown on both crude
plant biomass substrates and nine monosaccharides. GSVA analysis [26]
was applied to estimate the variation of gene expression levels over the test
conditions, which revealed a considerable difference across different samples
and fungal species (Figure 7). As expected, the enrichment profiles obtained
from the GSVA analysis on crude plant biomass samples are consistent with
the DEGs analysis results discussed above. For instance, overall higher
expression levels of genes encoding CAZymes and sugar metabolic enzymes
were identified on SBH at 4 h and 24 h for A. niger, on both CS and SBH at 4
h for 7. reesei, and on SBH at 24 h for P. chrysosporium.
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Figure 7. Gene set variation analysis of FPBC related CAZy and SM genes across
transcriptome data of five fungi grown on two crude plant biomass and nine different
monosaccharides. The x-axis shows the different carbon sources used in the cultures. CS
and SBH were analyzed at three time points, while all monomeric carbon sources were only
analyzed after 2 h.

The detailed expression levels of CAZy genes during growth on
monosaccharides showed huge differences across species. Many cellulolytic
and hemicellulolytic CAZy genes of A. niger showed higher levels during
growth on two pentoses (L-arabinose and D-xylose), while the pectinolytic
CAZy genes were induced on D-galacturonic acid and L-arabinose. The CAZy
genes of P. subrubescens and T. reesei showed a similar expression profile as
those of A. niger, except that D-xylose showed no clear induction for CAZy
genes of P. subrubescens and the two pentose sugars showed relative weak
induction for (hemi-)cellulolytic genes of 7 reesei. In contrast, the expression
of CAZy genes in A. nidulans and P. chrysosporium was mainly induced by
L-rhamnose and D-galacturonic acid, respectively. These results confirm the
strong influence of the differences in the regulatory system that control which

enzymes are produced on each plant biomass substrate.
The expression profile of SM genes showed considerable similarity in
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monosaccharide induction patterns among the species. For instance, the
SM genes related to TCA and glycolysis in all five species showed relative
high expression on easily metabolizable sugars, i.e., D-glucose, D-fructose
and D-mannose. The genes related to metabolism of D-galacturonic acid,
L-rhamnose and pentose showed as expected higher expression levels on
D-galacturonic acid, L-rhamnose and the two pentoses, respectively. In
contrast, the L-rhamnose and pentose metabolic genes of P. chrysosporium
were not induced in the corresponding monosaccharide samples, but were
slightly induced by D-galacturonic acid and D-glucuronic acid. In contrast,
the expression profile of SM genes showed clear diversity across crude plant
biomass samples among the species. The higher expression levels of each
specific group of SM were not always identified on the same plant substrate

at the same time points in different species.

The combined analysis of the expression profiles of CAZy and SM genes
(Figure 7) together with the chemical composition of the two tested plant
biomass substrates provided insights into the polysaccharide preference of

these fungi during growth on complex plant biomass.

A. niger appears to respond poorly to CS, which matches its relatively poor
growth on this substrate [29]. In contrast, the clear temporal expression profile
on SBH reveals that its primary response is mainly aimed at pectin degradation
and metabolism of D-galacturonic acid, L-rhamnose and pentose, the main
sugar components of this polysaccharide. At 24 h, expression of genes related
to xylan, xyloglucan, starch and cellulose are induced, suggesting that they
are of secondary preference as a carbon source compared to pectin for A.
niger. SBH contains a significant amount of pectin, but also the other types of

polysaccharides, suggesting a clear pectin-favored approach for this species.

A. nidulans, P. subrubescens and T. reesei all have a broad response to CS at the
early time point in which genes related to the degradation of all polysaccharide
components are induced simultaneously. More differences are observed on

SBH, where A. nidulans initially induces amylolytic genes, while after 24 h
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genes related to the degradation of most other polysaccharides are induced.
In contrast, P. subrubescens induces both amylolytic and mannanolytic genes
at 4 h, with no clear induction of the other polysaccharide related genes at 24
h. Interestingly, both fungi induce genes of D-galacturonic acid metabolism
(and also L-rhamnose metabolism for P. subrubescens) at 4 h despite no clear
induction of pectinolytic genes. A possible explanation for this could be an
even earlier (and shorter) induction of these genes before the 4 h sample
was taken. 7. reesei induced mannanolytic and pectinolytic genes at 4 h on
SBH, together with genes of D-galacturonic acid metabolism, L-rhamnose
metabolism and the PCP. T_ reesei has a relatively small pectinolytic enzyme
set, but appears to prefer this component over xylan and cellulose during
growth on SBH.

The basidiomycete P. chrysosporium partially followed the pattern of A.
nidulans, P. subrubescens and T. reesei, with a broad induction response to
CS, but excluding induction of amylolytic genes. On SBH, clearest induction
of polysaccharide degradation related genes occurred after 24 h with again a
broad response, together with induction of most carbon metabolism related
genes. The broad response of this fungus could be related to SBH and CS being
non-natural substrates for this fungus as it naturally grows on woody substrates
that have a significantly different composition [35]. P. chrysosporium shows a
similar response to D-galacturonic acid and D-glucuronic acid. While the first
compound is a main component of pectin which is only marginally present
in wood, the second is a common side chain of wood xylans [36]. It would
therefore be conceivable that the induction system in this species does not
distinguish between these two uronic acids, although the presence of the
genes of the D-galacturonic acid and L-rhamnose pathways also suggests that
this metabolic ability has been maintained in P. chrysosporium even though

they are not the main sugars in its natural habitat.

The differences between A. nidulans and A. niger on SBH mirror those

observed for another dicot feedstock (sugar beet pulp), in which a proteomic
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analysis revealed a higher production of cellulases for A. nidulans, while
A. niger produced largely pectinases [37]. Interestingly, on this substrate P.
subrubescens produced highly similar enzyme activities as A. niger [38],
while in our study it was highly similar to 4. nidulans, suggesting that culture

conditions and sample times strongly affect these comparisons.

4. Conclusions

In this study, we comparatively analyzed the transcriptomes of five fungi
grown on two crude plant biomasses. The gene expression profiles of
lignocellulose degrading enzymes, sugar transporter and sugar metabolic
genes showed strong time-, substrate- and species-specific manner, which
highlights the diverse approaches of these fungal species for adaptation to
crude plant materials and their complex transcription regulation. These results
enhanced our understanding of ecological role of fungi in FPBC and will
facilitate development of fungal biotechnology for better use of lignocellulose
as a renewable resource. They also demonstrate that comparison purely based
on genome content can provide a misleading picture, as the expression of
the genes strongly affects the approach used by each fungus and not always

follows the same pattern as the genome content.
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Chapter 6

In this thesis, I focused on two important aspects of plant biomass conversion:
primary sugar metabolism and largely secreted CAZymes involved in the
degradation of complex plant biomass substrates. The main objective of
this thesis was to improve our understanding of the diversity of primary
carbon metabolism and the enzymatic ability of fungi. These insights are
here discussed in a more general context and were also supplemented with
additional results obtained during my studies that were not included in the

previous chapters.

1. The diversity of sugar metabolism across the fungal kingdom

Knowledge on sugar catabolism is not only relevant to understand the roles
and abilities of fungi in natural habitats, but also for their potential as synthetic
pathways for the production of biochemicals. In Chapter 3 [1], I describe the
potential and limits of extrapolating the reference sugar metabolic model of 4.
niger to other fungi using an orthology-based approach combined with omics-
analysis on relevant carbon sources to compare the multi-omics response in
different fungi. The results revealed that reliable transfer of sugar metabolic
pathways is only possible to the close related species. A. nidulans has a smaller
taxonomic distance to 4. niger compared to the two Basidiomycetes, and has
a much better orthology-based functional prediction. Based on this, A. niger
cannot fully serve as a reference for other Basidiomycetes. It would therefore
be needed to generate a separate reference model for Basidiomycetes, and
the availability of high-quality reference genomes for P chrysosporium
(https://mycocosm.jgi.doe.gov/Phchr4 2/Phchr4 2.home.html) and/or D.
squalens  (https://mycocosm.jgi.doe.gov/Dicsqud64 2/Dicsqud64 2.home.
html) could be used to achieve this, significantly expanding the toolbox for
efficient metabolic engineering of these species. These resources contribute
to our understanding of lignocellulose conversion mechanisms, enable
comparative genomics analyses, and provide avenues for the development of

more sustainable and efficient biotechnological applications.
In addition, in Chapter 3, I employ transcriptome, proteome and metabolome
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data to comprehensively analyze the response of sugar metabolic genes to
different monosaccharide conditions. Comprehensive analysis of three
omics data shows that sugar metabolic genes of closely related species
(four Ascomycetes) show similar expression or abundance patterns on
the corresponding sugar conditions. Similar analyses have been done for
individual species [2-8] and comparisons have been made in their discussions.
However, this was the first time a comparison of highly diverse species was
performed using an identical approach and a direct gene comparison based
on orthology, providing a much deeper understanding of the species-specific

approaches, with respect to genome content and gene expression.

1.1 Comparing our models with the KEGG database
KEGG (Kyoto Encyclopedia of Genes and Genomes) PATHWAY [9],

established in 1995, contains maps for various metabolic pathways for a
variety of organisms. It is used for a variety of applications including genome
analysis and metabolic engineering. As described in Table S1.1, only 120
fungal species are available in the KEGG database, including 97 Ascomycetes
and 22 Basidiomycetes. With regards to carbohydrate metabolism, the KEGG
database divides carbohydrate metabolism into many categories (Table S1.2),
of which several important metabolic pathways (highlighted in Table S1.2)

are not well classified for fungi.

The studies described in this thesis went beyond the KEGG database with
respect to accuracy and completeness of fungal primary metabolism. Our
comparison between the sugar metabolism models of 4. niger, A. nidulans,
T. reesei, and D. squalens and the information available in the KEGG
database demonstrated that our models offer greater specificity and depth in

representing sugar metabolism of these fungi.

Firstly, we compiled a comprehensive list of associated reactions for each
monosaccharide. However, we found that the KEGG database does not

provide this specific information. For instance, within the Pentose Phosphate
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Pathway (PPP), we observed several reactions related to glycolysis or the
gluconate pathway (Table S1.4). These include glycolysis-related EC numbers
(4.1.2.13,3.1.3.11, and 2.7.1.11) and gluconate pathway-related EC numbers
(3.1.1.17 and 2.7.1.12). In addition, we observed the absence of crucial
reactions related to L-arabinose metabolism (such as EC numbers 1.1.1.21,
1.1.1.12, and 1.1.1.10) in the KEGG database (Table S1.5), as well as some
reactions within the D-galactose pathways (Table S1.7). Furthermore, it was
noted that the KEGG database includes certain unrelated reactions within
the glycolysis pathway (as shown in Table S1.3). Similar occurrences were

observed in other pathways as well, as outlined in Table S1.

Secondly, the KEGG database does not consistently update the genome
annotation information for each species and may still include pseudogenes
that have been eliminated in the latest genome version. This could potentially
mislead researchers and provide inaccurate guidance during searches. The
most obvious example is that in A. nidulans there are many genes that no
longer exist in the genome version currently available, e.g. AN1735 involved
in PPP (Table S1.4), as well as AN4828 and AN3516 in D-galactose
metabolism (Table S1.7). Besides, the annotations of many genes in A.
nidulans were derived from the deprecated Aspergillus Genome Database
(AspGD) database [10], such as the genes involved in starch and sucrose
metabolism in KEGG database, but their annotations are related to maltose

metabolism in the AspGD database.

Last but not least, no specific pathways were assigned for fungal L-rhamnose
and D-galacturonate metabolism in the KEGG database. Instead, these two
metabolic pathways are subsumed into fructose and mannose metabolism,
and pentose and glucuronate interconversions, respectively. So, we propose
that for fungi KEGG can be a starting point to evaluate metabolism, but
it clearly does not represent the full scale of pathways and related genes/
enzymes that is currently known in fungi. As an increasing number of fungal

genomic studies uses KEGG as one of their annotation tools [8, 11-17], more
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awareness of the limitations of KEGG and its accuracy should be raised in the
fungal community. Limited publications so far address this [18] and suggest
improvements, such as those of the bioreaction database [19, 20], which is

unfortunately not available online.

1.2 Considerations for functional separation

In Chapter 3 of this thesis, we described the extrapolation of sugar metabolism
of A. niger to different species by using an orthology-based approach. In fact,
the increasing taxonomic distance of these species to A. niger likely resulted in
an increasing error rate with respect to orthology-based functional predictions.
In certain instances, we may encounter a scenario where multiple orthologs
correspond to a single sugar metabolic gene, making it challenging to readily
identify or select authentic and reliable orthologs in other fungi. To solve this,
phylogeny (based on amino acid sequence similarity) is an effective method
that can help us with functional classification and true ortholog identification.
A phylogenetic tree, commonly referred to as a phylogeny, is a graphical
representation illustrating the evolutionary relationships and ancestral lineage
of various species, organisms, or genes derived from a shared ancestor [21].
Basically, phylogenetic tree generation consists of sequence alignment where
the resulting tree reveals how alignment can influence the tree formation.
Alignment-based methodologies are probably the most widely used tools in
sequence analysis problems. In our experiments, Multiple Alignment using
Fast Fourier Transform (MAFFT, https://maftt.cbrc.jp/alignment/server/) is
the most reliable tool for the alignment. Sequences obtained from different
fungal genomes (e.g., from the JGI MycoCosm database, https://mycocosm.
jgi.doe.gov/mycocosm/home) are combined with the characterized genes
(such as sugar metabolic genes in A. niger) to build phylogenetic trees. In
the phylogenetic tree, the classification status of genes without functional
description can be clearly inferred based on the functions of known genes.
However, when applying this method for functional separation, we must take

into account an additional factor - the high error rate of fungal gene models.
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Incorrect gene models are commonly present in fungal genomes even if
fungal genomes with good quality are selected. These errors primarily occur
in the prediction of the start codon (ATG), stop codon (TAG, TAA, and TGA),
and in the intron-exon boundaries [22]. Thus, reliable phylogenies should be
based on correct amino acid sequences, and manual curation of gene models,
even though this is time consuming, is crucial to achieve a correct annotation

and reliable phylogenetic analyses.

2. The diversity of CAZy families involved in plant biomass
degradation

2.1 Genomic diversity in plant biomass degradation

Before the genome era, many of the in-depth studies focused on a relatively
small number of species, whereas now, many species can be addressed in
detail, revealing the large variety in the approach used by fungi to degrade plant
biomass. Diversity of CAZy content in fungal genomes has been observed in
many studies [23-26], although not all of them compared this down to the
individual gene function or orthology. In Chapter 4, I compared five fungi
with increasing taxonomic distance to A. niger in detail, revealing the large
variety in the approach to degrade plant biomass. We observed variation
at many levels, including genomic adaptation to the preferred biomass
component as well as distinct variation in sets of CAZy families encoded in
their genomes related to individual polysaccharides. Specifically, among the
studied fungi, the Eurotiomycetes exhibit a higher abundance of CAZy genes
associated with pectin degradation, whereas the two basidiomycetes possessed
a larger number of CAZy genes involved in cellulose degradation (Chapter
4). However, we should not ignore the large CAZy content variability within
Basidiomycete genomes, especially when comparing species with either white-
rot, brown-rot, or grey-rot life styles [27]. T. reesei is a special case because
it contains a reduced enzyme set but it has been shown that it produces these
at high levels, especially cellulolytic enzymes [28, 29]. Other Trichoderma

species do not share this contraction, but have a more comparative CAZy
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content to other Sordariomycetes, based on a recent genomic comparison of
>20 Trichoderma species (unpublished data). Additionally, larger differences
were detected through transcriptome analysis, even between closely related
species, suggesting a high level of adaptation in individual species. As
summarized in Chapter 4, among the Eurotiomycetes, distinct sugar-specific
expression patterns were observed. For instance, 4. niger and P. subrubescens
have a larger number of CAZy genes with high sugar specific expression
on L-arabinose. In contrast, A. nidulans demonstrated an abundance of
CAZy genes primarily associated with L-rhamnose induction. Previously,
high variability between species of the same genus was also observed for
Aspergillus, Penicillium, Meliniomyces, Phanerochaete and Talaromyces
[22], demonstrating the high evolutionary changes in this biological process.
The two Basidiomycetes differed significantly from the Ascomycetes in that
they displayed moderate sugar-specific expression patterns. Possibly this is
due to the lack of orthologs of the Ascomycetes transcriptional activators
related to this process in Basidiomycetes [30], which suggests a differently
organized activation of these CAZy genes between the two phyla. It would
also be interesting for future studies to study the diversity of CAZy content
and the presence of such regulators in other fungal phyla, such as the

Mucoromycetes, which are also highly relevant for biotechnology.

2.2 The value of whole genus genome sequencing projects

Recent insights from my studies also revealed the high value that can be
obtained from whole genus genome sequencing projects that are summarized
here. The genome mining strategy has become increasingly popular with
the explosion of available fungal genome sequences. In recent years, new
initiatives have emerged that address genome sequencing of all species of
fungal genera. Currently, three of such projects are running through JGI
addressing the biotechnologically relevant genera Aspergillus [31-34],
Penicillium and Trichoderma (https://jgi.doe.gov/csp-2018-berka-genus-

wide-genomics-trichoderma/).
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Fungal genomics has revolutionized our understanding of the diversity of
fungi with respect to their enzymatic potential, and has unveiled substantial
variations in the number of genes for specific CAZy families [22]. As
mentioned in Chapter 4, we already know that even closely related fungi
deploy diverse enzymatic strategies to degrade plant biomass. Thus, we
would like to explore the diversity of CAZy families in larger sets of closely
related fungal genomes, such as across the Aspergillus genus. The Aspergillus
project is close to completion, which provides us with a good starting point,
so we evaluated a selection of 196 of these genomes for CAZy diversity
and evolution, which are classified into 24 sections, and also added four
Penicillium genomes as outgroup (Table S2). Despite belonging to the same
Aspergillus genus, the CAZy gene content among these 196 fungi exhibits
significant variation, ranging from less than 50 to over 300 genes. Even
within the same taxonomic sections (a taxonomic rank below the genus), we
observed that the distribution of CAZy content across species within the same
section is not concentrated as expected, especially in Fumigati, Nidulantes

and Nigri (Figure 1).

However, when we go through the CAZy genes content involved in each
plant biomass substrate, we found that fungi within the same section had
overall similar proportions of CAZymes involved in different substrates
although their total enzymes were variable (Figure 2). Interestingly, within
certain sections such as Nidulantes, Nigri, and Fumigati (and several others),
significant variations in scale are observed, indicating notable differences in
CAZy content among these species. In a recent analysis of another fungal
genus, Trichoderma, much lower variation of CAZy content in its sections

was observed (unpublished data).

In addition, as expected, it was observed that the variation between strains
is extremely minimal, such as the six A. niger strains included in this study
(Figure 2). For two of these A. niger strains included in this study, it was

previously shown that one abundantly produced cellulolytic enzymes, while
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the other produced hardly any [35, 36]. While the evolutionary drivers for
this diversity remain to be elucidated, it has been shown that expansion or
reduction of enzymes related to a certain polysaccharide correlates with
improved or reduced growth of the fungus on that polysaccharide [22, 34,
37].
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Figure 1. Distribution of CAZy gene content among different species within each
section of the genus Aspergillus. Each blue dot represents a fungal species or strain. The
box displays the five-number summary of a set of data. The five-number summary is the
minimum, first quartile, median, third quartile, and maximum, reflecting the distributions of
the number of CAZy genes within each section.
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Figure 2. Summary of the number of CAZy genes involved in individual plant
polysaccharide in the 200 studied fungi. The color of the bar indicates different substrates.
The name of fungi highlighted in blue indicates multiple strains of the corresponding species.
The color of the bar indicates different substrates.

As mentioned previously, Aspergilli have extensive sets of CAZy genes that
are crucial for the degradation of plant biomass. Therefore, it is essential to
examine the diversity within the genus at both the genotype and phenotype
levels to gain a comprehensive understanding of this trait. Based on the growth
profiles of 78 Aspergillus species on 36 plant biomass-related carbon sources,
I observed that species within the same section that possess similar numbers
of putative enzymes, have significantly different growth profiles related to the
corresponding CAZyme content (Table S3). For example, five species from
Circumdati section displayed quite different growth profiles. Although the
enzyme content involved in xylan degradation was comparable, significant
variations were noted in the growth profiles of the two types of crude xylan
substrates. Interestingly, these differences correlated with the growth profiles
observed on L-arabinose and D-xylose, further highlighting the impact of
specific sugar metabolic pathways on fungal growth. The similar scales are
seen in the Nidulantes and Nigri sections. Through such a pilot project, we
learned that while actual carbon utilization is complex, and understanding
these mechanisms solely based on gene content is insufficient, it does provide

us with some initial clues and a foundation for further exploration.

This post-genomic diversity was also observed in to previous studies [35,
36], in which the proteomic response of a number of Aspergilli was compared
during growth on plant biomass. Despite similar CAZy genome content, the
enzymes that were produced differed significantly, even between the two
A. niger strains that were included in these studies. This also indicates that
comparing plant biomass degrading ability of fungi, purely based on their
genome content, may not reflect their true abilities, as the regulation of the
expression of the corresponding genes appears to affect the produced enzyme

set even more.
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As mentioned earlier, more whole genus genome projects will follow.
Whole genus genome projects will help elucidate the genomic diversity and
evolutionary dynamics within a genus, like we did in the pilot project. By
analyzing variations in gene content, gene family expansions or contractions,
and genetic rearrangements, we could infer the mechanisms driving genome
evolution and adaptation within the genus. In addition, it will contribute to
taxonomic classification, phylogenetic analysis, and comparative genomics
studies. For example, comparative genomics can reveal conserved genes,
genomic features, and regulatory elements, as well as identify species-specific
or genus-specific genes and genomic variations. These comparative analyses
provide valuable insights into the genetic foundations underlying unique
traits, adaptations, and evolutionary processes exhibited by different species.
The low taxonomic distance and overall variability in genome content makes
such genome sets ideally suited for machine learning approaches to predict
growth phenotypes of a wide range of species based on a characterized
reference set. Finally, these projects will also allow comparison of the extent
of variation within different general as well as the correlation of genome
content to lifestyle (e.g. saprobe, symbiont, pathogen) for those species for
which this is known and possible prediction of life style for those for which
this is not yet known. Overall, whole genus genome sequencing projects
provide a wealth of data that contribute to our understanding of genomics,

evolution, taxonomy, and biology within a particular genus.
3. Insights into fungal postgenomic research

The development of postgenomic, e.g. transcriptomic, proteomic, and
metabolomic allows us to better track the diversity of fungal plant biomass
degradation approaches, from the transcript level, over the protein level, to
the metabolite level. In Chapter 2, I systematically introduced the principles
of different omics data and their applications in fungal research. Although
many transcriptome, proteome, and metabolome studies during the growth

of fungi on plant biomass have been reported [38], there still are certain
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considerations. Transcriptomic analysis captures gene expression at a specific
moment, providing a snapshot of the transcript levels. It allows us to capture
and analyze gene expression changes quickly, observe immediate responses
to different experimental conditions, and gain insights into transient or
dynamic biological processes. In these cases, we need to design transcriptomic
experiments to capture specific temporal events or transitions in gene
expression. For example, time-course experiments are designed to track
gene expression changes over a defined period, allowing us to study dynamic
processes such as response to a specific treatment [39]. For fungal research,
many expression profiles of a “large” time course of CAZy and pathway
genes have been reported in Aspergilli [40-42], T. reesei [43], Neurospora
crassa [44], and Myceliophthora thermophila [45] or mixed cultures [30,
46]. However, transcript abundance does not reveal the substantial role of
the regulatory mechanisms occurring after transcription as protein abundance

only partially can be explained by transcript abundance [47, 48].

In contrast, proteomics provides a more comprehensive view of protein
production and activity compared to transcriptomics. Proteomic analysis
could cover the methods to determine the identification and quantitation of
proteins as well as protein-protein interactions, protein modifications and
localization within cell or tissue. For example, posttranslational modifications
may influence protein activity and function, and more studies on this field
were reported [49-51]. In this respect mass spectrometry techniques are very
useful as they can characterize and quantify posttranslational modifications.
However, this process necessitates the proper separation and preparation
of biological samples to effectively detect modifications of interest [47].
Proteomics techniques also do not provide complete coverage of the proteome
so that certain proteins may be challenging to detect or quantify [52, 53],
especially low-abundance proteins. Thus, the detection and quantification
of both highly abundant and low-abundance proteins in the same sample

pose technical challenges. In addition, accurate identification and annotation
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of proteins from mass spectrometry data can be challenging. Appropriate
bioinformatics tools and accurate protein sequence databases both are
essential for protein identification [54]. For example, incomplete or inaccurate
databases, particularly for non-model organisms and mis-annotated gene

models, can lead to misidentification or non-identification of proteins.

Similarly, metabolomics techniques also cannot detect the entire metabolome
[55] because some metabolites may be present at low concentrations, or
remain undetected, or not fully characterized, or have properties that make
them difficult to detect using current analytical methods. It should also be
recognized that only metabolites that are part of the reference database
for the mass spectrometer used will be identified, while all others will
be labelled as unknown. In addition, the stability of metabolites could be
another complication. This can vary depending on several factors, such as
sample collection and storage conditions, and the analytical techniques used.
Therefore, it is important to carefully optimize sample handling and storage
protocols to minimize changes in metabolite composition and ensure data
stability. A fundamental advantage of metabolomics data is that it can be
reused for various purposes and analyses [56, 57]. After the data is acquired,
it can be analyzed using different bioinformatics tools to derive additional
insights and explore different research questions or integrate with other omics
datasets. In terms of databases, many specific databases are available for
metabolomics, which could provide a reference for metabolite identification,
pathway analysis, and data integration, facilitating the interpretation and
reuse of metabolomics data. However, these databases can often not be
transferred between different types of mass spectrometry instruments. While
databases provide valuable information, there are still many unknown or
poorly characterized metabolites, which undoubtedly brings challenges to
identify and annotate metabolites. Therefore, efforts to expand metabolomics
databases and improve metabolite annotation methods will contribute to

better metabolite identification and characterization.
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In summary, to gain a more comprehensive understanding of biological
mechanisms, integrating multiple omics approaches such as transcriptomics,
proteomics, and metabolomics can provide a more holistic view of biological

processes.

4. Phenotypic differences between the species

Although we observed significant diversities across different fungal species
in genomic and post-genomic levels, these differences did not always have
a clear correlation with growth profiles on plant biomass-related carbon
sources. In Chapter 3, the six fungi showed notable similarities and
differences with respect to growth on nine basic monosaccharides involved
in sugar metabolism. Overall, it has been shown that the absence or presence
of sugar metabolic genes related to a certain sugar metabolic pathway
directly affects fungal growth on the corresponding monosaccharides. An
obvious example illustrating this phenomenon is the contrasting growth
on L-arabinose observed between Ascomycetes and Basidiomycetes. The
limited growth of L-arabinose observed in two Basidiomycetes species can
potentially be attributed to the absence of key genes involved in the pentose
catabolic pathway (Chapter 3). However, this is not the case for the growth on
D-galactose. Despite the presence of the necessary genes for the D-galactose
pathway in the genomes of 4. niger and T. reesei, both fungi exhibit remarkably
poor growth on D-galactose. For A. niger, it was shown that the inability to
grow on D-galactose as the sole carbon source from spores was linked to
an absence of D-galactose import by conidiospores, while already growing
mycelium was able to import D-galactose [58]. Interestingly, this seems to be
a common feature among fungi as all black Aspergilli, except A. brasiliensis,
share this phenotype [59] as do many other fungal species. In Chapter 4,
growth of the six species (described in Chapter 3) was evaluated on 18 plant
biomass related carbon sources. The data suggest that the variation in growth
between taxonomic distant species could be linked to the differences in CAZy

gene content, but not always. Similar patterns were also found in previous
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comparative genomic studies [37, 60-63]. An illustrative example is the
observation that the reduction of CAZyme content in the genome of 7. reesei
roughly correlated with its poor growth on most of the tested polysaccharides.
Similarly, the absences of the crucial CAZy genes of GH32 in A. nidulans,
T’ reesei and two Basidiomycetes result in the diminished growth on inulin.
However, this was not the case for closely related species, as highlighted in
our aforementioned pilot project, thus reinforcing previous findings [31-33].
In summary, the genomic potential and variations are not necessarily reflected
in the growth. It is therefore likely that as suggested previously, the observed
variation is mainly caused by regulatory changes, rather than simply by gene
content [34, 64].

5. Exploration of co-evolution across the fungal kingdom

Fungi have evolved a sophisticated system to efficiently degrade and utilize
plant biomass (as depicted in Figure 1 in Chapter 1). In Chapter 5, a
comparative transcriptome analysis was conducted on five different fungi (A4.
niger, A. nidulans, P. subrubescens, T. reesei, and P. chrysosporium), focusing
on the transcriptome response of CAZymes, sugar transporters, and sugar
metabolic genes on two crude substrates (corn stover (CS) and soybean hulls
(SBH)) at three distinct time points. The results of the transcriptome analysis
revealed distinct time, substrate, and species-specific patterns in the fungal
adaptation to plant biomass, highlighting diverse approaches of these fungal
species for adaptation to crude plant materials and their complex transcription
regulation. Previous studies on individual fungi also demonstrated such
patterns [5, 43, 65-67], but this was the first time these were directly compared
between distant fungal species. In addition, an interesting observation was
made during this study, as CAZy genes, sugar metabolic genes, and sugar
transporters exhibited similar or consistent expression trends. This finding
sparked my thinking in exploring the potential co-evolutionary patterns

related to plant biomass degradation.
In theory, if gene expansion/reduction (or absence/presence) of CAZy genes,
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sugar metabolic genes and sugar transporters occurs at the same time, it can
be based on this genetic information to explain that they have co-evolved.
This would be expected as evolving random gene content would not be
sufficient to modify the approach of such a complex biological system.
Here, I selected 19 fungi from different phyla to compare their potential
evolutionary trends (Figure 3 and Table S4). As far as one of the three gene
categories is concerned, they generally show a trend consistent with the their
evolutionary, i.e., more distant species have smaller gene repertoires. This is
consistent with our previous results (Chapter 3 and Chapter 4). However,
we also noticed some features of phylum-specificity or species-specificity. In
terms of species specificity, CAZy genes involved in xyloglucan degradation
were almost absent in Neurospora crassa, and the GH32 family was absent
in Agaricus bisporus. Surprisingly, we did observe growth for A. bisporus
on inulin (Table S5), suggesting that it has employed other enzymes for its
degradation. In terms of phylum-specificity, only six Ascomycetes of this set
of 19 fungi possess genes related to sucrose metabolism (Figure 3). When
considering the integrated comparison of these three gene types, we observe
a general pattern of co-evolution. For example, Basidiomycetes have fewer

CAZy genes and sugar transporters.
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6. Concluding remarks

Taken together, in this thesis, the importance of gaining a deeper understanding
of the molecular mechanisms underlying fungal plant biomass conversion is
emphasized. The thesis starts by exploring the application of bioinformatics
in fungal research, providing an overview of the bioinformatics methods
and software used in the field (Chapter 2). These methods are continuously
evolving but still require further improvement. One example of this are the
gene model prediction algorithms. The high percentage of erroneous gene
models in fungal genomes have a major impact on research in this field [68].
They not only affect phylogenies and protein production by gene synthesis,
but also provide an incorrect reference for transcriptomics and proteomics,
causing an incorrect quantification of the levels of gene expression or protein
production. Better algorithms for gene model prediction are therefore urgently

needed to reduce these problems.

Chapter 3 delved into the possibility of transferring the fungal central carbon
metabolism from A. niger [69] to other fungi. Such models significantly
contribute to the understanding of the conservation of the catabolic pathways
and the order in which sugars are converted across the fungal kingdom. My
study demonstrated that the transfer of this model is only reliable within a
fungal phylum. Therefore, I suggest that a de novo model should be created
for each major fungal phylum and then be tested on several other species of
that phylum to evaluate its transferability. It would also be highly interesting
and relevant to expand the current model to involve not only primary sugar
metabolism, but link it to other important parts of metabolism, such as amino
acid metabolism and secondary metabolism. This would reveal to which
extent the carbon source affects those metabolic pathways, moving closer to

a full systems biology understanding of fungal physiology.

Chapter 4 presents a comparative analysis of genome content and expression
induction patterns across six fungi. This analysis provides a comprehensive

understanding of the diversity of plant biomass degradation at the genomic
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and transcriptomic levels. By comparing the genomes and studying gene
expression patterns, we can unravel the genetic basis for the variations
observed in plant biomass degradation among different fungal species.
The strong differences between them confirm previous studies done for
a set of Aspergilli [36] and highlight that similar genome content does not
imply a similar approach. The approach seems to be more dependent on the
regulation of the relevant genes and considering the only partial conservation
of transcriptional regulators related to plant biomass conversion in fungi [30],
this creates already significant differences between species. In addition, it has
been shown that the same regulator only has a similar, but not an identical
role in different species [64, 70, 71]. Care should therefore be taken when
comparing the ability of fungi for plant biomass conversion solely on genome
content. Similarly, the presence of an ortholog of a known regulator does not

automatically mean that the regulation of genes can be predicted.

This was further exemplified in Chapter 5 in which the transcriptome profile
of genes encoding CAZymes, sugar transporters, and sugar metabolic enzymes
was analyzed on two crude substrates and combined with the previously
established transcriptome response on nine monosaccharides. This analysis
highlights that different fungal species employ diverse strategies for adapting
to and utilizing specific plant materials, and reveals species-specific patterns,
indicating variations in the expression of CAZymes, sugar transporters, and
sugar metabolic genes among the different fungi. Plant biomass conversion
is a crucial process for many fungi in their natural environment as this
substrate is a major carbon and energy source. It is therefore not surprising
that a sophisticated regulatory system controls the expression of diverse gene
sets that have evolved to match very well to the substrates a fungus typically
encounters in its biotope. A better understanding of these different approaches
has enormous potential for the improvement of existing and design of new

applications for fungi in the development of the biobased economy.

The overall objective of this thesis was to contribute to the advancement of
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knowledge in the field of fungal plant biomass conversion. By integrating
bioinformatics approaches, examining sugar metabolism and CAZymes, and
conducting comparative genomic and transcriptomic analyses, this research
aimed to provide valuable insights into the mechanisms and diversity of
fungal plant biomass degradation. The two main overall results of my project
in this context relate to the comparison of the plant biomass conversion
abilities of fungi based on genome information alone. The study described
in Chapter 3 demonstrates clear limitations to homology-based assumptions
across the fungal tree of life. Within relatively small taxonomic distances
(within a phylum) homology-based functional assignment of individual genes
as well as pathways/systems is quite reliable, but this reliability is reduced
strongly when applying this approach beyond the phylum boundaries. [ would
therefore recommend the establishment of a reference species/genome per

phylum that has good experimental support.

Secondly, Chapter 4 demonstrates that comparing plant biomass degrading
ability of fungi on genome content alone does not provide an accurate situation.
Conserved genes between species can have significantly different expression
patterns, indicating the regulation of gene expression may more strongly
affect the plant biomass degrading ability than the genome content itself. This
can be partially explained by the presence/absence of relevant transcriptional
activators in fungal species, but is also due to the difference in functioning
and target gene set of conserved transcriptional activators. Genome-content
based comparisons therefore should be interpreted more cautiously than has
often been the case. Finally, Chapter 5 demonstrates the strong differences
when comparing the expression of genes involved in plant biomass conversion
on crude plant biomass to pure monosaccharides. The complexity of natural
substrates results in complex expression patterns that are not just combinations
of the monosaccharide profiles, and that show different relationships between
them in different species. Additional research should be dedicated to better

understanding the complex molecular mechanism underlying the expression
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profiles on crude substrates, as these are the natural substrates of fungi in their

biotopes and also often the ones used in industrial applications. A multi-omics

approach would be highly beneficial for this, as it allows an evaluation of

gene expression together with steady-state levels of enzymes and metabolites,

resulting in a more system-biology based understanding of the plant biomass

conversion process.
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English summary

Fungi use highly diverse approaches for plant biomass
conversion as revealed through bioinformatic analysis
Filamentous fungi play a crucial role as highly efficient microorganisms for
the conversion of plant biomass. Their ability to break down complex plant
polysaccharides, such as cellulose and hemicellulose, into simple sugars is
essential for the recycling of organic material in ecosystems. When it comes
to the conversion of plant biomass, two crucial aspects of plant biomass
conversion are of paramount importance: primary sugar metabolism and the
extensive repertoire of Carbohydrate-Active enZymes (CAZymes) involved
in the degradation of complex plant biomass substrates. Therefore, this thesis
enhanced our comprehension of the diversity of primary carbon metabolism
and the enzymatic capabilities of fungi. By investigating these aspects,
we aimed to unravel the intricate mechanisms underlying fungal biomass
conversion and shed light on the evolutionary adaptations and functional

variations across fungi.

In Chapter 1, the background and objectives of this PhD project are described.
The first part of the general introduction starts with the composition and
conversion of plant biomass. Subsequently, the structure and degradation
mechanisms of individual plant polysaccharides are presented, together
with the introduction of intracellular metabolic pathways involved in the
conversion process of plant biomass. In the second part, a short introduction
of basic bioinformatics applications in fungal research is provided. This
is extended in Chapter 2, which includes an overview and comparison of
various bioinformatics tools and methods employed in fungal genomics,
transcriptomics, proteomics, and metabolomics studies. This chapter aimed
to highlight the importance of utilizing bioinformatics approaches to analyze
large-scale datasets and extract meaningful insights from fungal omics data.
By leveraging transcriptomic, proteomic, and metabolomic, these multi-
omics analyses enable a comprehensive exploration of the diverse strategies

employed by fungi in degrading plant biomass.
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English summary

Knowledge on sugar catabolism is essential to understand the role and
abilities of different fungi in natural habitats, but also for their potential as
cell factories for the production of biochemicals. In Chapter 3, I generated
sugar catabolism genetic networks for five fungi, at different taxonomic
distances from Aspergillus niger by using an orthology-based approach.
The findings from my study demonstrated that the reliability of the sugar
metabolic model was relatively high in closely related species. Specifically,
the sugar catabolic pathways were found to be highly conserved in two other
studied Eurotiomycetes, Aspergillus nidulans and Penicillium subrubescens.
However, as the taxonomic distance increased, particularly in the case of
the Sordariomycete Trichoderma reesei and two Basidiomycota species, the
level of diversity in the sugar catabolic pathways significantly increased.
This suggests that the conservation of sugar catabolic pathways varies among
fungal species, with closer relatives exhibiting higher conservation compared
to more distantly related species. In addition, omics-analysis on nine relevant
carbon sources were used to compare the response in different fungi, which

confirmed the diversity of fungal sugar conversion.

In Chapter 4, I investigated the genomic and transcriptomic variations of
CAZymes involved in plant biomass degradation in six taxonomic distant
fungi (the same as described in Chapter 3). Considerable genomic variation
and remarkable transcriptomic diversity of CAZymes were revealed for these
fungi, demonstrating the large variation in their approach to degrading plant
biomass. In addition, the specific carbon utilization ability inferred from
genomics and transcriptomics was compared with the fungal growth profile on
corresponding sugars. This comparison aimed to enhance our understanding
of the conversion process and shed light on the relationship between gene
expression and functional outcomes in terms of fungal growth on specific
carbon sources. By integrating genomic, transcriptomic, and phenotypic data,
we gained novel insights into the complex interplay between gene regulation,

enzyme activity, and carbon utilization in plant biomass degradation.
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English summary

In Chapter 5, I explored the diversity of fungi in their approach to converting
crude plant biomass. Through a comparative analysis in five fungi, I
examined the gene expression patterns of CAZymes, sugar transporters,
and sugar metabolic genes. Notably, we observed significant differences
in these profiles that were influenced by the specific time point, substrate,
and fungal species. These findings indicate the presence of strong time-,
substrate-, and species-specific gene regulation during fungal adaptation to
crude plant biomass. Additionally, I expanded our analysis by comparing
the transcriptome profiles on crude plant biomass to such profiles on various
plant-derived monosaccharides. This comprehensive approach allowed us to
uncover complex gene regulation patterns and substrate preferences exhibited

by these fungi during their adaptation to crude plant biomass.

Taken together, the results described in this thesis enriched our knowledge
on the diversity of plant biomass conversion strategies of fungi. In the final
Chapter 6, I address several important points regarding the comparison
between our sugar metabolic models and the KEGG database. In addition, I
discuss the challenges associated with the separation of enzymatic functions
by using phylogenetic trees. Also considerations of using multi-omics data
were presented. Moreover, I presented some ideas for possible future research

directions based on the extended results described in this thesis.
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Schimmels gebruiken zeer diverse strategieén voor
de conversie van plantenbiomassa, ontrafelt door
bioinformatische analyse
Filemanteuze schimmels spelen een cruciale rol als zeer efficiénte micro-
organismen voor de omzetting van plantenbiomassa. Hun vermogen om
complexe plant polysachariden, zoals cellulose en hemicellulose, af te
breken tot eenvoudige suikers, is essentieel voor de recycling van organisch
materiaal in ecosystemen. Als het gaat om de omzetting van plantenbiomassa,
zijn twee cruciale aspecten van de omzetting van plantenbiomassa van het
grootste belang: het primaire suikermetabolisme en het uitgebreide repertoire
van koolhydraat-actieve enzymen (CAZymes) die betrokken zijn bij de
afbraak van complexe plantenbiomassa substraten. Dit proefschrift heeft
ons begrip van de diversiteit van het primaire koolstofmetabolisme en de
enzymatische mogelijkheden van schimmels vergroot. Door deze aspecten
te onderzoeken, wilden we de ingewikkelde mechanismen die ten grondslag
liggen aan de conversie van schimmelbiomassa ontrafelen en licht werpen

op de evolutionaire aanpassingen en functionele variaties tussen schimmels.

In Hoofdstuk 1 worden de achtergrond en doelstellingen van dit
promotieonderzoek beschreven. Het eerste deel van de algemene inleiding
behandelt de samenstelling en omzetting van plantenbiomassa. Vervolgens
worden de structuur en afbraakmechanismen van individuele plant
polysachariden gepresenteerd, samen met de introductie van intracellulaire
metaboleroutes diebetrokken zijnbijhetconversieproces van plantenbiomassa.
In het tweede deel wordt een korte inleiding gegeven van basale bioinformatica
toepassingen in het schimmelonderzoek. Dit wordt uitgebreid in Hoofdstuk
2, dat een overzicht en vergelijking bevat van verschillende bioinformatica
tools en methoden die worden gebruikt in genomische, transcriptomische,
proteomische en metabolomische onderzoek van schimmels. Dit hoofdstuk
was bedoeld om het belang te benadrukken van het gebruik van bioinformatica

benaderingen om grootschalige datasets te analyseren en zinvolle inzichten
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te extraheren uit omics gegevens van schimmels. Door gebruik te maken
van transcriptomics, proteomics en metabolomics, maken deze multi-omics
analyses een uitgebreide verkenning mogelijk van de diverse strategieén die

schimmels gebruiken bij het afbreken van plantenbiomassa.

Kennis over het suiker katabolisme is essentieel om de rol en capaciteiten
van verschillende schimmels in natuurlijke habitats te begrijpen, maar ook
voor hun potentieel als celfabrieken voor de productie van biochemicalién.
In Hoofdstuk 3 heb ik genetische netwerken voor suikerkatabolisme
gegenereerd voor vijf schimmels, op verschillende taxonomische afstanden
van Aspergillus niger, met behulp van een op orthologie gebaseerde
benadering. De bevindingen van mijn onderzoek toonden aan dat de
betrouwbaarheid van het suiker metabolisme model relatief hoog was bij
nauw verwante soorten. In het bijzonder bleken de suiker katabole routes sterk
geconserveerd te zijn in twee andere bestudeerde Eurotiomyceten, Aspergillus
nidulans en Penicillium subrubescens. Naarmate de taxonomische afstand
echter toenam, met name in het geval van de Sordariomycete Trichoderma
reesei en twee Basidiomycota soorten, nam de diversiteit in de katabolische
routes van suiker aanzienlijk toe. Dit suggereert dat het behoud van suiker
katabole routes varieert tussen schimmelsoorten, waarbij nauwere verwanten
een hogere conservering vertonen in vergelijking met verder weg verwante
soorten. Daarnaast werd omics analyse van negen relevante koolstofbronnen
gebruikt om de respons in verschillende schimmels te vergelijken, wat de

diversiteit van de suikerconversie van schimmels aantoonde.

In Hoofdstuk 4 onderzocht ik de genomische en transcriptomische variatie
van CAZymes die betrokken zijn bij de afbraak van plantenbiomassa in zes
taxonomisch diverse schimmels (dezelfde als beschreven in Hoofdstuk
3). Aanzienlijke genomische variatie en opmerkelijke transcriptomische
diversiteit van CAZymes werd onthuld voor deze schimmels, wat de grote
variatie aantoont in hun benadering om plantenbiomassa af te breken.

Bovendien werd het specifieke vermogen voor het gebruik van verschillende
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koolstoffen afgeleid uit genomische en transcriptomische data vergeleken
met het schimmelgroeiprofiel op overeenkomstige suikers. Deze vergelijking
was bedoeld om ons begrip van het conversieproces te vergroten en licht
te werpen op de relatie tussen genexpressie en functionele resultaten in
termen van schimmelgroei op specifieke koolstofbronnen. Door genomische,
transcriptomische en fenotypische gegevens te integreren, hebben we
nieuwe inzichten verkregen in het complexe samenspel tussen genregulatie,

enzymactiviteit en koolstofbron gebruik bij de afbraak van plantenbiomassa.

In Hoofdstuk S onderzocht ik de diversiteit van schimmels in hun
strategie voor het omzetten van ruwe plantaardige biomassa. Door
middel van een vergelijkende analyse in vijf schimmels onderzocht ik de
genexpressiepatronen van CAZymes, suiker transporters en suiker metabole
genen. We hebben met name significante verschillen waargenomen in deze
profielen die werden beinvloed door het specifieke tijdstip, het substraat
en de schimmel soort. Deze bevindingen duiden op de aanwezigheid van
sterke tijd-, substraat- en soortspecifieke genregulatie tijdens de aanpassing
van schimmels aan ruwe plantenbiomassa. Daarnaast heb ik onze analyse
uitgebreid door de transcriptomische profielen op ruwe plantenbiomassa te
vergelijken met dergelijke profielen op verschillende van planten afgeleide
monosacchariden. Deze alomvattende aanpak stelde ons in staat om complexe
genregulatiepatronen en substraatvoorkeuren van deze schimmels bloot te

leggen tijdens hun aanpassing aan ruwe plantenbiomassa.

Alles bij elkaar genomen, verrijkten de resultaten beschreven in dit
proefschrift onze kennis over de diversiteit van strategieén voor het omzetten
van plantenbiomassa door schimmels. In het laatste Hoofdstuk 6 behandel
ik verschillende belangrijke punten met betrekking tot de vergelijking tussen
onze suiker metabole modellen en de KEGG-database. Daarnaast bespreek ik
de uitdagingen die samenhangen met de scheiding van enzymatische functies
door middel van fylogenetische bomen. Ook werden overwegingen voor

het gebruik van multi-omics data gepresenteerd. Bovendien presenteerde ik
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enkele idee€n voor mogelijke toekomstige onderzoeksrichtingen op basis van

de uitgebreide resultaten die in dit proefschrift beschreven zijn.
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