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Abstract: The global habitat suitability of the fungus Ganoderma Ilucidum was simulated using the Maxent machine learning technique in
relation to a number of environmental factors. 1159 geographically thinned G. lucidum presence points were projected over three bio-climatic
time frames: current, 2050 and 2070, using four representative concertation paths (RCPs), namely 2.6, 4.5, 6.0 and 8.5 along with few non-
climatic variables like eecosystem rooting depth and rooting zone water storage size and ssurface soil characteristics. With these climatic and
RCPs projections, areas under the receiver operating curve (AUC) were reached 0.90, suggested the excellent predictive qualities of the
modelling. Based on Maxent output, habitat suitability types were identified using the ARC-GIS raster calculator tool, which provided optimum,
moderate, marginal, and low suitability classes. The largest optimum habitat for this fungus was detected during current bioclimate time-frame,
measuring 2983977.56 square kilometres, while smallest area (600355.52 square kilometres) under this niche type was recoded under 2050
RCP 6.0. By doing so, percent changes in each habitat class from their respective current to future projections were estimated and our analysis
revealed -41.82 to -79.88 percent reduction for the optimum habitat areas. The Permutation Importance value indicated that
energy/temperature variables have a much greater influence on this species’ global niche distributions than do water variables, and these
variables were identified as important predisposing factors for this fungus. Secondary predisposing variables for this fungus included an eight-
centimetre ecosystem rooting depth and soil organic carbon levels of up to 145 (g/kg). From present study, it can deduce that this fungus is
always present in specific European countries. However, both optimum and moderate habitat suitability for this species will deteriorate within
Asian countries, making wild collection for various medicinal product synthesis more difficult. As a result, its availability in such areas will be

heavily reliant on its in-vitro conditions (substratum) as well as the adjustment of micro-environmental variables identified in this work.
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Ganoderma is a genus of white-rot polypore fungi in the
Ganodermataceae family that is distinguished by the
development of a double-walled, generally echinulate
basidiospore. Ganoderma lucidum can be found all over the
world (Oke et al 2022). G. lucidum has been recognized as
the major pathogen on tree species such as Quercus spp.,
Cocos nucifera, Camellia sinensis, Prunus persica, Prosopis
cineraria, Acacia tortalis, A. senegal, A. nilotica, A. catechu,
Albizia lebbeck, Azardirachta indica, Casuarina equisetifolia.
Basal rot has killed Prosopis cineraria and Acacia tortalis
trees in India's dry and semi-arid regions (Schuch and Kelly,
2007, Bhansali 2012) (Fig. 1). Despite being a wood-rotting
mushroom, it also has antibacterial, antifungal, and antiviral
(especially against herpes and HIV) as well as anticancer,
anti-inflammatory, antioxidant, and radical scavenging
qualities (Sudheer et al 2019). G. lucidum supplements are
being marketed as food and medication supplements to
improve immune system and metabolic performance.
Frequently sold items include coffee, powdered tea, dietary
supplements, beverages, syrups, toothpastes, soaps, and

other similar products (Singh et al 2013). Because
Ganoderma extract inhibits the tyrosinase enzyme, which
stops the skin from producing melanin, it can be found in a
variety of facial and cosmetic products (Hyde et al 2010). Due
to its ability to reduce dihydrotestosterone and prostatic
hyperplasia, it is also used to improve male hair (Meehan,
2015). Around 200 Ganoderma medications and over 1,000
other products are available (Chan et al 2021). Products
made from G. lucidum are thought to be sold for more than
2.5 billion USD annually in Asian nations like China, Japan,
and South Korea (Bijalwan et al 2020).

The market for nutraceuticals based on Ganoderma is
expanding quickly in India, and is expected to reach $25
million USD in 2023 (El Sheikha et al 2022, Fatima et al 2022,
Bijalwan et al 2021). On online marketplaces like Amazon,
Flipkart, and others, a variety of genuine and verified
Ganoderma-based products are readily available
(www.vegamebeljepara.com; www. dazzlinggroup.com;
www.dxnmalaysia.com and www.vegamebeljepara.com;
Wu et al 2018). Figures 1d and 1e exhibit G. lucidum
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Fig. 1. Ganoderma lucidum on Prospois cineraria (A) and on
Acacia tortalis (B*: photo courtesy by Dr. R.K.
Bhansali). Dying of tree with infection of G. lucidum
(C), fruiting bodies collected from filed (D) and health
care product with G. lucidum as an active ingredient:
E, https://vegandukan.com/products/zindagi-
ganoderma-pure-extract-capsules-helpful -in-weight-
loss-increase-energy-stamina?variant=39433
736552634&currency=INR&utm_medium=product_
sync&utm_source=google&utm_content=sag_organ
ic&utm_campaign=sag_org (Jhanil Healthcare Pvt
Ltd)

basidiocarps and its commercial product. There has been an
effort to artificially cultivate this fungus due to the difficulty in
finding it in the wild and the rising demand for its raw material
on the global market (Bijlwan et al 2021). G. lucidum is
primarily produced by solid-state fermentation, and the
fruiting body develops over the course of about six months
(Magday et al 2017). Alternative methods of fungi cultivation
are required because the process is cumbersome and
difficult to control (Yang etal 2019, Subedi et al 2021).

This ecological niche modelling was done with the help of
the machine learning Maxent tool, which is a non-parametric
Java-based application. From such analysis it was
anticipated that such test facilitate scientific communities to
understand how much space on the world is suitable for this
species to grow in, based on bioclimatic and soil factors, as
well as other factors related to rooting depth, total plant
accessible water storage capacity. The study's findings add
to the concern over how much G. lucidum material will be
available from the wild under various climate change and
greenhouse gas scenarios, which may be related to the need
forits in-vitro production to meet industrial demands.

MATERIAL AND METHODS
Data collections: Distributional records for G. lucidum were
obtained from data repositories such as the Global
Biodiversity Information Facility (www.gbif.org/), the Indian
Biodiversity Portal (https://indiabiodiversity.org/species
/show/33318), published literature (Khara 1993, Khara and
Singh 1997, Pilotti, 2005, Bhansali 2012, Basnet et al 2017,
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Bijalwan et al 2021, Shah et al 2021) and from field-based
inventories (Jindal et al 2009 and 2010). The coordinates of
these sites were identified on a WGS84 coordinate datum
system using high-resolution Google Earth satellite image
data and GIS ArcMap (Coban et al 2020) software.
Furthermore, where occurrence data was unavailable, exact
geo-coordinates were obtained by determining latitude and
longitude values using Google Earth (http://ditu.google.cn/).
Using the aforementioned sources, the distributional
localities were assembled into a CSV database (.csv). To
reduce spatial autocorrelation and duplicate records, and
filtered our data set using the Spatial Thin window of the R-
based Graphical User Interface Wallace Software (Kass et al
2018) with a thinning distance of 10 kilometers.

Bio-Climatic (BC) and non-bioclimatic variables: Based
on where species are now, machine learning approaches can
predict where they will be in the future (Philliips and Dudik
2008, Mathur and Mathur 2023). The bioclimatic variables
used to estimate current and future distributions were taken
from observational data in WorldClim ver. 1.4, which may be
found online at https://worldclim.org/data/cmip6/
cmip6clim30s.html (accessed on 21% August, 2022). 19
bioclimatic variables (Hijmans et al 2001, Kass et al 2018)
were downloaded and converted to ASCII (or ESRIASCII) in
DIVA-GIS version 7.5 (Coban et al 2020, Ye et al 2020) for
current as well as two future climatic scenarios (2050-time
frame that represents the mean values from 2041 to 2060
and 2070-time frame that represents the mean values from
2061 to 2080 (Zhang et al 2021). These were downloaded
pertains to four RCPs, namely RCP 2.6, RCP 4.5, RCP 6.0
and RCP 8.5. Details of each bio-climatic parameter, along-
with their units and mathematical expressions are presented
inTable 1.

Seven different soil parameters (bulk density kg/cm®,
cation exchange capacity cmol kg”, soil pH H,O, sand
percent, silt percent, clay percent contents, soil organic
carbon stock g kg” and soil Nitrogen cg/kg from surface soil)
were downloaded from the ISRIC World Soil Information
database https://isric.org/soilgrids (Accessed on 15" August
2022). These data sets were obtained and processed
through WMS servers using ArcMap. (Full instructions are
available at https://www.isric.org/instruction-wms.html
Cotrina Sanchez et al 2020).

Terrestrial Observation Panel for Climate of the Global
Climate Observation System (GCOS) identified the 95%
rooting depth as a key variable needed to quantify the
interactions between the climate, soil, and plants.
International Land Surface Climatology Project (ISLSCP)
provided the data on vertical root distribution that
encompasses data points from various land covers like
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(evergreen needleleaf forest, evergreen broadleaf forest,
deciduous broadleaf forest, mixed forest, wooded grassland,
cropland, urban built-up and open shrubland, closed
shrubland, bare ground (Schenk et al 2009). Data on this
parameter was downloaded from http://daac.ornl.gov
ISLSCP II: total plant-available soil water storage
capacity of the rooting zone provides estimates of the
geographic distribution of the total plant-available soil water
storage capacity of the rooting zone (rooting zone water
storage size) on a 1.0° global grid (Kleidon 2011)
https://daac.ornl.gov/ISLSCP_ll/guides/root_water_storage
_1deg.html. In the present study, utilized rooting zone water
storage (mm H,O) derived from assimilation of NDVI-fPAR
(fraction of Absorbed Photosynthetically Active Radiation)
and atmospheric forcing data. Further data-set on global
croplands and pasture lands were downloaded and utilized
as per the procedure provided by Ramankutty et al (2010a
andb).
Issue of multicollinearity: The Pearson Correlation
Coefficient (r) was used to investigate cross-correlation, and
a multicollinearity test was run to check for overfitting. In
addition, variables with cross correlation coefficient values
larger than or equal to 0.85 were gradually removed
(Pradhan 2016) using the Niche Tool Box (Osorio-Olivera et

al 2020 https://github.com/luismurao/ntbox). Following the
procedures recommended by Kumar et al (2006), multi-
collinearity among predictor variables was decreased. One
significantly cross-correlated variable that is biologically
relevant to the species and makes model interpretation
simple was chosen from two others (Padalia et al 2014;
Mathur and Mathur, 2023). For instance, it was found that the
variables yearly precipitation and precipitation of the wettest
month had a strong correlation, then chose to keep the latter
variable because it depicts seasonal variability in
precipitation. For further analysis, only one variable from
each group of strongly correlated variables (r* > 0.85) was
preserved. In this study, model training and model validation
were assigned to 70% and 30% of the data, respectively
(Obiakara and Fourcade 2018).

Projection correction: Because the Bio-Climatic (BC) and
Non-BC variables were obtained from different sources and at
different resolutions, their projections should be corrected
before extracting data and predicting the ensemble model.
This was accomplished through the use of a series of steps in
ArcMap using ArcToolbox. First, defined the projection in Data
Management Tools' "projection and transformation" sub-
window then used the WGS 1984 EASE Grid Global Projected
Coordinate System for this. Using the Raster Project Tab, the

Table 1. Predictive variables (Current and future) bio-climatic data variables. Calculation criterion of each variable

(https://pubs.usgs.gov/ds/691/ds691.pdf)

Code Environmental variables Scaling factor Unit
BC-1 Annual mean temperature 10 °C
BC-2 Mean diurnal range (Mean of monthly (max temp - min temp) 10 °C
BC-3 Isothermality (BC2/BC7) (x100) 100 Per cent
BC-4 Temperature seasonality (standard deviation x100) 100 -
BC-5 Max temperature of warmest month 10 °C
BC-6 Min temperature of Coldest Month 10 °C
BC-7 Temperature annual range (BC 5-BC 6) 10 °C
BC-8 Mean temperature of wettest quarter 10 °C
BC-9 Mean temperature of driest quarter 10 °C
BC-10 Mean temperature of warmest quarter 10 °C
BC-11 Mean temperature of coldest quarter 10 °C
BC-12 Annual precipitation 1 mm
BC-13 Precipitation of wettest month 1 mm
BC-14 Precipitation of driest month 100 mm
BC-15 Precipitation seasonality (Coefficient of variation) 1 Per cent
BC-16 Precipitation of wettest quarter 1 mm
BC-17 Precipitation of driest quarter 1 mm
BC-18 Precipitation of warmest quarter 1 mm
BC-19 Precipitation of coldest quarter 1 mm
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first step's output was reprojected with the same coordinate
system, as well as the default resampling technique (Nearest
neighbour assignment) and output cell size.

Species distribution modelling: In this study, the Maxent
3.4.1 software (http://www.cs.princeton.edu/schapire/
Maxent/) was used to simulate and predict the potential
geographical distribution probability of G. lucidum under
current and two futures (2050- and 2070-time frame)
scenarios (Coban et al 2020, Ye et al 2020). During the
modelling process, 70% of the 1159 G. lucidum distribution
data samples were randomly selected as training data, while
30% were used as testing data. The number of background
points generated at random, was set to 10,000 (Zhang et al
2021). To avoid over-fitting of the test data, set the
regularization multiplier to 0.1. (Phillips et al 2006) and used
linear, quadratic, and hinge properties. A total of 100 runs
were planned for model building (Flory et al 2012). In the
environment parameter settings, Jackknife method was
applied, and the other parameter settings were left at the
software defaults. The performance of this model was
evaluated based on the computed receiver operating
characteristic (ROC) curve and the area under the curve
(AUC). Ingeneral, AUC values vary from 0.5 to 1, which could
be divided into five classes: fail (0.5-0.6), poor (0.6-0.7), fair
(0.7-0.8), good (0.8-0.9), and excellent (0.9-1, Zhao et al
2021). The closer the AUC value was to 1, the farther away
from the random distribution, the greater the correlation
between environmental variables and the predicted
geographical distribution of species, and the more accurate
the performance of the model, while AUC < 0.5 is a
contingency difference, which can be regarded as a
stochastic forecasting model, and rarely happens (Hanley
and McNeil 1982).

PostEnsemble Analysis

Habitat suitability: Raster outputs (ASCII) of the Maxent
model were imported to ArcMap, and distinct habitat types for
this species were defined based on their cell values (0 to 1).
Follow the criteria of constant point break for each class
(Khan et al 2022) kept a, resulting in four suitability classes:
optimum, moderate, marginal, low and absent or
inappropriate. Area (sq. km.) under these classes was
quantified by using the raster calculator tool (spatial Analyst
Tool/Map Algebra/Raster Calculator). To figure out how the
different climate scenarios would affect the predicted habitat
suitability, used the following formula to measure the percent
change in mean habitat suitability under optimum class
(Mathur, 2014a, Wrightetal 2016, Kaky et al 2020).

K Future - Current] <10 0}
Current

RESULTS AND DISCUSSION

Data processing and multicollinearity: The 1686 records
were collected for this species from various sources around
the world, and filtered out all but one occurrence of a specific
record in a given location using the Spatial Thin window of R
language-based Wallace Software's (Kass et al 2018) with a
thinning distance of 10 kilometers. To complete the ENM
development process, 1159 reports of the presence of G.
lucidum were gathered. Results of correlation analysis
among different bioclimatic variables are presented in Table
2. To address the issue of multicollinearity in species
distribution modelling, employ the approaches proposed by
Kumar et al (2006) and Pradhan et al (2016). BC-2 and BC-
19 were significantly correlated with other bioclimatic
variables during current and all predictive RCPs with 2050
and 2070. Precipitation of Warmest Quarter (BC-18) was the
least correlative with other BC variables and hence that was
utilized for ENM analysis of this species with all RCPs. Such
trends were also recorded with Isothermality (BC-3) and
Mean Temperature of Wettest Quarter (BC-8) except 2050
RCP 2.6 and 2070 RCP 8.5, respectively. Contrary to above
trends, Annual Mean Temperature (BC-1) and Temperature
Seasonality (BC-4) were utilized for analysis only during
2050 RCP 2.6. Among soil variables, CEC, nitrogen and silt
contents exhibits significant correlations with other variables
and hence, they were eliminated from further analysis.

The analysis of omission-commission plots demonstrates
the effect of cumulative threshold selection on anticipated
area as well as autocorrelation of sample points (test and
training). The omission rate of the test sample should ideally
be similar to the projected omission rate (Djebbouri et al
2021). Trends in such graphs can be explained by two
criteria: higher omission rates on test samples than expected
omission rates, showing independence between test and
training data. Such findings show that spatial autocorrelation
has no influence on the models. In certain cases, the test
omission line is significantly lower than the predicted
omission line, indicating that the test and training data are not
independent and are derived from the same spatially
autocorrelated presence data.

In this study, majority of predictors, our test omission lines
are well matched with projected omission (Fig. 2), indicating
that there is no autocorrelation in sampling and that our
model attributes are not affected by sampling bias. However,
for some variables, like as surface soil properties, 2050 RCP
4.5 and 2070 RCP 8.5 omission test lines are lower than the
projected omission line showed some form of spatial
association.

Predictors contributions: With 30.9% and 33%
permutation relevance, annual precipitation (BC-12) was
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determined as the most important controlling element forthis  essential factor for this species during 2070, with RCP 2.6
species during current and 2050-RCP 4.5. Similarly, for 2050  (40.3%), 4.5 (38.8%), and 6.0 (30.5%) being the greatest
RCP 6.0 and 8.5, the minimum temperature of the coldest = permutation importance values for the three greenhouse
month (BC-6) has the largest permutation relevance of 40.7  scenarios (Table 3). Temperature Seasonality (BC-4) with
and 35.9%, respectively. The isothermality (BC-3)isthemost ~ 37.7% PI and Precipitation of Wettest Quarter (BC-16) with

Table 2. Outputs of multi-collinearity tests conducted for different climatic data-sets. V = use for analysis and x remove from
analysis as they have significant correlation with other variables

Variables Current 2050 2070

RCP 2.6 RCP 4.5 RCP 6.0 RCP 8.5 RCP 2.6 RCP 4.5 RCP 6.0 RCP 8.5

<2

BC-1
BC-3
BC-4
BC-5
BC-6
BC-7
BC-8
BC-9
BC-10
BC-11
BC-12
BC-13
BC-14
BC-15
BC-16
BC-17
BC-18 X

BC-2 and BC-19 were excluded from all analysis

X X 2 X 2 2 2 X X X 2 2 2 X X X

2 2 X 2 X 2 X X X 2 2 X X =2 X
2 2 2 X 2 X 2 X X 2 2 X 2 2 X =2 X
2.2 2 X 2 X X X X 2 2 X 2 2 X 2 X

2 2 2 2 X X X X 2 2 2 X 2 2 X =2 X
2. X 2 2 2 X X X X 2 2 2 X 2 X =2 X
2. X X 2 X 2 X X X X 2 2 X 2 X =2 X
20X X 2 2 2 X 2 2 2 2 X 2 X X =2 X
2 X 2 2 2 X X X X X X X X 2 X =2 X

<2

Table 3. Permutation Importance (Pl) calculated from Maxent analysis for bioclimatic environmental variables over three
climatic time periods

Bio-climatic variables  Current 2050 RCPs 2070 RCPs

Fh 2.6 4.5 6 8.5 2.6 45 6 8.5
BC-1 - 151 - - - - - - -
BC-3 - - 313 35.5 29.9 40.3 38.8 30.5 315
BC-4 - 37.7 - - - - - - -
BC-5 21.9 - 10.8 5.9 3.9 - 129 - 7.5
BC-6 6.6 - 13.6 40.7 35.9 10.9 - 3.8 -
BC-7 8.1 9.4 - - - 14.3 23.8 - -
BC-8 - 4.8 4.5 1.5 0.6 3 1 3.6 -
BC-9 - - 2.2 1.9 1.7 6.1 - 4.7 -
BC-10 - - - - 6 - - 11.6 -
BC-11 16.8 - - - - - - 24 -
BC-12 30.9 257 33 - - - - - -
BC-13 7.1 - - - - - 18 17.9 -
BC-14 - 0.2 0.4 0.4 - 1.1 - 0.2 6.8
BC-15 8.7 - - - 1.6 4 4.4 2.3 47
BC-16 - 4.6 2.2 12.2 0.8 19 - - 35.9
BC-17 - 1.1 1.6 0.4 18.3 - - - -

BC-18 1.3 0.4 1.5 1.4 1.3 1.1 1.4 13.6
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35.9% PI were identified as the most influential predictors
with RCPs of 2.6 and 8.5 in 2050 and 2070, respectively.
Most RCPs found Precipitation of Driest Month (BC-14) as
the least effective factor, followed by Precipitation of
Warmest Quarter (BC-18). Among the non-climatic variables,
ecosystem rooting depth (85.8%) and soil organic carbon (Pl
74.5%) were identified as the most important and influential
parameters for this species (Table 4).

Model performance: The area under the receiver operating
curve (AUC) was used to evaluate the Maxent model's
performance for predicting distribution of this species. The
machine learning method performs excellently (AUC = 0.94)
with the current bio-climatic timeframe (Fig. 3), but it performs
poorly (AUC = 0.78) with ecosystem rooting depth and rooting
zone water storage capacity and was good (AUC > 0.80) with
surface soil attributes (Fig. 3). The present model's quality
was high, with AUC values more than 0.90 for two future bio-

Avarags Omission and Pradictad Area for &_lucidium

//{yste’m

Rooting Depth
and Rooting Zone
‘Water Storage
Size

climatic timeframes and four greenhouse gas scenarios.
Figure 4 depicts the Jackknife test results with multiple
predictors. These horizontal lines showed the variables with

Table 4. Permutation Importance (PIl) calculated from
Maxent analysis for non-bioclimatic
environmental variables

Predictors Permutation values
Ecosystem rooting depth 85.8
Rooting zone water storage size 14.2
Surface soil properties

Soil organic carbon 74.5

Sand 6

pH 8.1

Soil bulk density 7.4

Clay contents 4

AUC =078

Wean (Guc =0 910y = |
Maan i one sidder = |
Raniom Frodicion

osystem Rooting Depth
and Rooting Zone Water
Storage Size

Current Bio-climatic

Surface Scil

Characteristics 2050 RCP2.6

2050 RCP4.5

2050 RCP8.5

2070 RCP4.5

o 2070 RCPS.5
vl #27

Fig. 2. Analysis of omission/commission with various bio-
climatic timeframes and RCPs projection and non-
climatic variables

AUC =083 AUC =093 |

Surface Seil Characteristics 2050 RCP2.6

AUC =094 1 o AUC =0.94

2050 RCP4.5

2050 RCP6.0

AUC =095 AUC =094

2070 RCP2.6

2050 RCP&.5

AUC =0.93 AUC =094

2070 RCP4.5 2070 RCP6.0

AUC =092

2070 RCP8.5

Fig. 3. Receiver Operating Characteristic (ROC) curves: with
various bio-climatic timeframes and RCPs projection
and non-climatic variables
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the greatest gain when used alone, and hence appear to have
the most significant information on their own (such variables
can be referred as category 1 variables). The variables that
reduce the gain the most when eliminated, and so appear to
contain the most information that other variables do not
category 2 variables. This study unearthed that the bio-
climatic variables like mean temperature of coldest quarter
(BC-11) functioned as category-1 variables for the current and
2070 RCP 6.0 time-frames, whereas the variables Maximum
Temperature of Warmest Month (BC-5) and Isothermality
(BC-3) functioned as category-2 variables for the same time-
frames. In the 2050 RCP 2.6 and 2070 RCP 4.5 climatic
projections, characteristics such as mean temperature of
wettest quarter (BC-8) and isothermality (BC-3) were
designated as category-1 variables. The identical catogry-1
(minimum temperature of coldest month: BC-6) and catogry-2
(Isothermality) characteristics that influenced the occurrence
of this species during their respective climatic and RCP
projections will exist during 2050 climatic timeframes (RCP
4.5,6.0,and 8.5). RCP 8.5 of 2070 and non-climatic variables
such as ESRD and WS, as well as soil properties, have
category 1 and category 2 variables that are similar.

Trends of habitat suitability with respect to various
significant category-1 predictors: The occurrence
frequency of G. lucidium fluctuates as a function of major
climatic, rooting depth, root zone water storage capacity, and
surface soil variables depicted in Figure 5. The habitat
suitability was higher toward the mean temperature of the
coldest quarter (BC-11), and the maximum of habitat
suitability with this predictor remained at temperatures -10 to
+10° C for current climatic conditions (Fig. 5a) and -10 to 5°C
at 2070 RCP 6.0 (Fig. 5h). Minimum temperature of coldest
month (BC-6) was best suited for this species with arange of -

10 to +10° C with RCP 4.5 of 2050 (Figure 5¢c) and -10to +8°C
with RCP 4.5 (Figure 5d) and 6.0 (Fig. 5e) of the same time-
frame. While its habitat was altered by Isothermality at a
range of 20 to 40% during 2070 RCP 4.5 (Figure 5h) and 8.5
(Figure 5i), its suitability fell dramatically after these threshold
values. Interestingly, during the RCP 2.6-time frame of 2050
and 2070, the mean temperature of the wettest quarter (BC-8
Fig. 5b) and the mean temperature of the driest quarter (BC-9
Figure 5f) were shown to be more beneficial for this species.
However, their peak widths differed, 2050 peak width was
recorded as being more border than 2070 peak width. With
characteristics such as ecosystem rooting depth, this
species' habitat preferentiality was continuously
synchronised and reached a maximum of 8 cm before
drastically decreasing (Fig. 5j). Similarly, soil organic carbon
up to 145 (g/kg) was determined as most beneficial to this
fungus's habitat suitability (Fig. 5k).

Spatial delineation of range contraction or expansion:
Table 5 displays the spatial extent (in square kilometres) of
various habitat types based on climatic (present and future
estimates) and non-climatic variables. The largest area
under the optimum habitat class (2983977.56 sq. km.) was
recorded with current bio-climatic time-frame, while the
lowest area (600355.52 sg. km) under this class was
recorded with 2050 RCP 6.0. Similarly, maximum area under
moderate (41829161.24 sq. km) and marginal (43356903 sq.
km) habitat classes were recorded with ecosystem rooting
depth and rooting zone water storage size. However,
minimum areas under these classes were recorded with
2050 RCP 8.5 and surface soil properties, respectively. The
later variables (soil) can support only its lower habitat type
covering 108528601.18 sq. km area. Overall, under all
classes, maximum total area (115217353.3 sq. km) was

Table 5. Area (sq km) of different habitat suitability classes with different climatic and non-bioclimatic predictors

Predictors Area (Sg. Km.) under habitat suitability classes
Optimum Moderate Marginal Lower Total

Current BC 2983977.56 8735251.80 13418953.33 34299321.62 59437504.32
Surface soil properties 2098660.69 2080085.48 2050899.83 108528601.2 114758247.2
Root and water 2926892.06 41829161.24 43356903 27104397 115217353.3
2050 RCP 2.6 1735993.21 4280904.28 4280904.28 13527374.83 23825176.6
2050 RCP 4.5 969631.30 1910274.91 4588175.75 11671040.62 19139122.59
2050 RCP 6.0 600355.52 1721083.65 4334096.50 10743475.03 17399010.71
2050 RCP 8.5 674798.4962 1346748.766 3714953.407 9700582.672 15437083.34
2070 RCP 2.6 640858.7371 1645626.473 3840950 14072832.65 20200267.86
2070 RCP 4.5 829087.6135 1656671.308 3900602.178 15210570.79 21596931.89
2070 RCP 6.0 678794.6695 1657296.388 4375988.385 9631468.338 16343547.78
2070 RCP 8.5 1070867.593 3333235.379 8576820.252 16455387.61 29436310.83
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recorded with rooting variables, while the overall lowest area
under all classes (15437083.34 sq. km.) was recorded with
2050 RCP 8.5. Further, percent changes for the area under
different habitat classes (through climatic variables only) with
respect to current areas under these classes. Our analysis
suggested that optimum habitat class for G. lucidum will be
reduced by - 41.82 (2050 RCP 2.6) to -79.88 (2050 RCP 6.0
Table 6) compared to its current area. Similarly, moderate
area reduced from -50.99 (2050 RCP 2.6) to -84.58 (2050
RCP 8.5). Such trends were also recorded for marginal and
low habitat types also. Such result indicates that this species
will lose its area under all types of habitats with studied
climatic and non-climatic predictors.

Spatial extent of optimum class: KML analysis of the ASCII
file of the maxent output suggested that the optimum areas
within current climatic conditions are located in southern
India, including Karnataka (Tilvalli, Anavatti, Hosakawali,
Hebri, Varanga, Bramavara, Belve, Thenka Bettu, and
Kundapura), Maharashtra (Tilvalli, Anavatti, Hosakawali,
Hebri, Varanga, Bramavara (particularly Ratnagiri, Kolhapur,
Goa, Belagavi, Pune and Mumbai). Various marginal areas
can also be found in western portions of the country, such as
Gujarat (Tharad, Bhuj, Somnath, Porbandar, Bhanvad),
Rajasthan (Sanchor, Bhinmal, Jalore, Pali, Malpura,
Jhalawar, Guna), and some districts of Uttar Pradesh and
Madhya Pradesh (Fig. 6). The greatest region is classified as
optimal, and itincludes primarily European countries such as
the United Kingdom, Denmark, the Netherlands, Poland,
territories next to the Baltic Sea, and patches in Germany and
Switzerland. It can see from Google Earth that these
countries provided optimal to moderate conditions for this
fungus (Fig. 7). Current non-climatic characteristics, such as
ecosystem rooting depth and root zone water storage
capacity, revealed increasingly dispersed optimum
categories around the world, including India, China,
Zimbabwe, the Democratic Republic of the Congo, Hungary,
Brazil, and some states in the United States (Figure 6 and 7).

The surface soil parameters indicated that there was greater
land under marginal and low suitability for this fungus. Using
these non-climatic characteristics, optimal regions were
identified in Belarus, Poland, Norway, Sweden, Finland,
Chhattisgarh, sections of Maharashtra (Nagpur, Pune), and
several states in the United States of America.

With a predicted climatic time-frame of 2050 and RCP
2.6, there will be a decline in optimum areas from Indian
continents (Fig. 8), and this fungus will be found in isolated
spots in southern India. Our findings also demonstrated a
significant decline of this fungus in the European region,
which will be predominantly exhibited in Denmark (Fig. 9).
However, with RCP 4.5 and a similar climatic time frame, a
somewhat larger area under the optimal class, notably
covering ltaly and parts of Georgia. Furthermore, the least
area under this class will occur if RCP 6.0 (2050) operates,
and within India, few isolated patches will occur only in the
south, while the largest area under this class will remain in
Denmark and neighbouring areas. In terms of the area under
the optimum class, if RCP 8.5 is implemented (2050), a
similar situation will be maintained, and our analysis
suggests that isolated optimal areas in India's southern and
western parts will be transformed to low suitable areas.
However, a new optimal class area would arise in the
country's eastern section, Meghalaya. Similarly, the highest
area in this category will stay in Denmark, with no increase in
size in the Denmark parts toward Sweden (Fig. 9). With 2070
RCP 2.6, the optimum area will fall drastically in comparison
to current climatic conditions (Fig. 10), and within India, justa
few isolated patches (Maharashtra and Karnataka) and two
patches at Rajasthan will be detected (one new Mount Abu
and one near Ajmer district). Our examination of European
countries clearly shows that the majority of the optimum
areas in Belgium, the Netherlands, and the United Kingdom
will be converted to the moderate category (Fig. 11). Alarge
patch of low habitat suitability will be detected in China during
this GHG period. However, there will be a rise in area under

Table 6. Per cent changes under four studied habitat suitability classes with two bio-climatic timeframes and four RCPs with

respect to current bioclimatic conditions

Bio-climatic time frames and RCPs Optimum Moderate Marginal Low

2050 RCP 2.6 -41.82 -50.99 -68.10 -60.56
2050 RCP 4.5 -67.51 -78.13 -65.81 -65.97
2050 RCP 6.0 -79.88 -80.30 -67.70 -68.68
2050 RCP 8.5 -77.39 -84.58 -72.32 -71.72
2070 RCP 2.6 -78.52 -81.16 -71.38 -58.97
2070 RCP 4.5 -72.22 -81.03 -70.93 -3.63
2070 RCP 6.0 -77.25 -81.03 -67.39 -71.92
2070 RCP 8.5 -64.11 -61.84 -36.08 -52.02
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the optimal class with RCP 4.5 (2070) in compared to RCP  Belgium areas toward the Northern Sea. Within India, the
2.6, which will be present in the United Kingdom optimal class will occur exclusively in the southern region,
(Manchester, Birmingham, Bristol), Netherlands and mainly Maharashtra, whereas Rajasthan parts will be

[70.00- 0.20 Absent
* []0.20- 040 Low
[Z1040- 0.60 Marginal
1 0.60- 0.80 Moderate
1 0.80- 1,00 Optimum

[ 0.00 - 0.06 Absent
[ 0.06 - 0.26 Low

[710.26 - 0.46 Marginal
1 046 - 0.66 Moderate

B. Ecosystem Reotipg Depth and ®
1 0,66 - 0.86 Optimum

Rooting Zone Water Storage Size

[10.00 - 0.20 Absent
[10.20 - 0.40 Low
[ 0.40- 0.60 Marginal
W 0.60 - 0.80 Moderate
I 0.20 - 1.00 Optimum

C. Surface Soil Characteristics

Fig. 6. Habitat suitability classification of G. lucidum with current bio-climate, surface soil, ecosystem rooting depth (95%),
total plant-available water storage capacity of the rooting zone (TPAWSC RZ) predictors

Fig. 7. Spatial distribution of G. lucidum captured with conversion of Maxent output to KML file showing impacts of current bio-

climatic, surface soil properties and ecosystem rooting depth (95%) and total plant-available water storage capacity of
the rooting zone predictors
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unsuitable. With RCP 6.0 (2070), there will be a significant  remaining. Except for a patch in Meghalaya, no such class
drop in optimum habitat in the European region, with only  will exist within the Indian subcontinent. Surprisingly, a larger
Denmark and a few places in the Netherlands and Belgium  area under the optimal category with RCP 8.5 (2070) than

[]0.00 - 20.0 Absent
[ 20.0 - 40.0 Low

[ 40.0 - 60.0 Marginal
| 60.0 - 80.0 Moderate
[ 20.0 - 100 Optimum

Fig. 8. Habitat suitability classification of G. lucidum with 2050 bio-climatic timeframes along with four RCPs viz. 2.6, 4.5, 6.0
and 8.5

.

w ¢ \} _
2050 RCP 4-‘3‘;:‘ v X

St .. 2050 RCP 85

Fig. 9. Spatial distribution of G. lucidum captured with conversion of Maxent output to KML file showing impacts of 2050 bio-
climatic variables along with four RCPsviz.2.6,4.5,6.0and 8.5
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with the previous three RCPs. With this RCP, the southern  Kingdom will be the most suitable European country for this
coast of Maharashtra (Fig. 11) and, to a lesser extent, the  fungus. While parts in the Netherlands, Belgium, and France
eastern section of Meghalaya will be the focal point for this  will be classified as moderately suitable.

species. Afghanistan and Tajikistan will also have isolated Plant fungi have a diverse geographical range and can
portions of optimal class. Denmark and parts of the United  thrive in tropical, subtropical, and temperate countries (Baino

[10.00 - 20.0 Absent
B8 20.0- 40.0 Low

[ 40.0 - 60.0 Marginal
M 50.0 - 80.0 Moderate
1 20.0 - 100 Optimum

A 2070 RCP 6.0

Fig. 10. Habitat suitability classification of G. lucidum 2070 bio-climatic timeframes along with four RCPsviz.2.6,4.5,6.0and 8.5

2050 RCP2.6

Fig. 11. Spatial distribution of G. lucidum captured with conversion of Maxent output to KML file showing impacts of 2070 bio-
climatic variables along with four RCPsviz.2.6,4.5,6.0and 8.5
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et al 2011, Cohen et al 2022). However, their eco-climatic
niche modelling is comparatively lesser than the plants and
animals that may be linked with requisition of deep ecological
understanding for such analysis (Ireland and Kiritcos, 2019).
Species distribution modelling (SDM) refers to statistical
methodologies for determining a species' potential
geographical spread and ecological needs (Mathur and
Sundaramorthy et al. 2019). The mathematical output of
SDM can be either an equation that ties the expected
distribution of a species to a collection of environmental
predictors or a response curve that describes how the
predictors affect species distribution. SDM has been used in
a variety of areas, including global change biology,
biogeography, and conservation management (Li et al 2020).
With presence-absence data SDM, involves two different
sub-groupsi.e., regression based and machine learning. Use
of Maxent tool for plant fungi distribution assessment were
carried out on Polyporus umbellastus (Liu et al 2015, Guo et
al 2019), Ganoderma lucidum (Copot and Tanase 2017),
Suillus lakei (Pietras et al 2018), Tricholoma matsutake (Guo
et al 2017), Fomitopsis pinicola, Porodaedalea laricis,
Piptoporus betulinus and Trametes suaveolens (Yuan et al
2019), Calthrus archeri (Birsan et al 2021), Agaricus
campestris, Calocybe gambos, Helvella crispa, Hypholoma
lateritium, Mycena polygramma, Panaeolus foenisecii,
Ramaria gracilis, Mycena polygramma and Mycena
polygramma (Stojek et al 2022), Arcyria cinerea, Perichaena
depressaand Hemitrichia serpula.

A number of studies have demonstrated the utility of
species distribution modelling (SDM)/or ecological niche
modelling (ENM) for plant fungi in a variety of scientific
inventories, including those concerned with estimating the
likelihood of disease spread (Watt et al 2011, Yonow et al
2013), quantifying the value of assets (plant hosts)
vulnerable to the pathogen (Watt et al 2009), and estimating
costs (Chakraborty et al 1998, Ganley et al 2011, Yonow et al
2013). SDM could be an interdisciplinary plant fungal activity
that has a favourable impact on global and regional policy
responses. In recent years, the use of fungal SDM (F-SDM)
has increased considerably in a variety of industries. F-SDMs
were created for a variety of reasons, and according to Hao et
al (2020) majority of them can be put into three broad
categories (1) investigating environmental covariates of
occurrence, (2) predicting occurrence in areas of interest,
and (3) using fungi as a model organism to study
methodological or ecological theories. In the current study,
strong predictive model capabilities using bio-climatic time-
frames and their related RCPs (AUC > 0.9) when compared
to top-down variables such as soil parameters, ecosystem
rooting depth, and root zone water holding capacity. As a

result, it may conclude that bio-climatic variables will be the
primary controlling elements affecting the habitat
appropriateness of this fungus globally. Our findings also
demonstrated a constant deterioration in G. lucidium
optimum habitat with all forecasted RCPs and non-
bioclimatic factors when compared to existing bio-climatic
circumstances. Such findings are consistent with those of
Vetrovsky et al (2019), demonstrated that several
environmental conditions influence the global distribution of
fungi, with climate being the most influential for the most
common fungal species. The relative importance of mean
driest quarter temperature (BC-9), precipitation seasonality,
and fungal taxa distribution in decreasing order (BC-15),
wettest quarter temperature (BC-8), coldest quarter
precipitation (BC-19), mean diurnal range (BC-2), gross
primary production, bulk density, and pH were all reported.
Threshold limits for various secondary parameters were also
identified, such as ecosystem rooting depth and soil organic
carbon.

Plant fungal communities (dominated by Leotiomycetes,
Agaricomycetes, Eurotiomycetes, and Sordariomycetes) are
influenced by abiotic environmental variables such as soil
(pH, nutrients, and particle size distribution) and climate
(mean annual temperature and mean annual precipitation,
Mathur, 2014b, Van Geel et al 2018; Wu et al 2018). Such
bottom-up and top-down predictive variables also have
temporal effects. For example, in two Japanese mountain
habitats, temperature changes were identified to be the
principal driver of variance in fungal community composition
(Miyamoto et al 2015), but in Europe, AM fungal community
composition was most substantially controlled by soil
features (Van Geel et al 2018). Similarly, Vetrovsky et al
(2019) used Random Forest analysis to assess the Variable
Importance (VI) for the global distribution of 457 fungal
species, and the VI were in the following order: wettest
quarter mean temperature (BIO8)> coldest quarter
precipitation (BIO 19)> diurnal temperature range (BIO2)>
gross primary production> warmest quarter precipitation
(BIO8).

In this study, it was observed that energy-related bio-
climatic variables (BC-1 to BC-11, Table 3) had the greatest
impact on the habitat types of this fungus, while precipitation-
related variables (BC-12 to BC-19) have a lesser impact.
Wang et al. (2018) used the same modelling approaches to
anticipate future distribution Pseudomonas syringae pv.
actinidiae (Psa) in China. Their research found that the
highest April temperature (19%), the coldest quarter mean
temperature (41%), and the lowest October temperature
(10.8%) had the greatest influence on Psa spread.
Furthermore, as temperature and moisture stress increase,
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M. phaseolina dry root rot and charcoal rot become more
severe. Temperature increases (35-40°C) create pathogenic
microsclerotia, exposing hosts to infection (Olaya and Abawi,
1996). High temperatures and dry conditions promote the
growth of microsclerotia and increase the activity of
hydrolytic enzymes within the microsclerotia, making
infection simpler (Lalita and Ahir, 2020). Rising temperatures
are expected to have an impact on the geographical
distribution, virulence pattern, and presence of M. phaseolina
in new areas in the near future (Arias etal 2011).

According to previous studies, G. lucidum mycelial
growth is temperature-dependent, and this environmental
factor essentially makes it easier for bacteria to grow on the
fungus' fruiting body. By affecting the polysaccharide and
other microelements in G. lucidum fruiting bodies through
their enzymatic action, such bacteria support the growth of
this fungus (Stajic et al 2002, Tanaka et al 2016). Jayasinghe
et al (2008) have concluded that minimum and maximum
cardinal temperatures for the mycelial growth and density of
G. lucidumwere 15 and 35° C, respectively. The best mycelial
growth was reported between 30° C to 35° C. However, the
current study suggested that with different RCPs and climatic
time frames, habitat niche of this species will respond more
toward the mean temperature of the coldest quarter (BC-11),
and the maximum of habitat suitability with this predictor
remained at temperatures -10 to +10° C for current climatic
conditions (Fig. 5a) and -10 to 5°C at 2070 RCP 6.0 (Fig. 5h).
Minimum temperature of coldest month (BC-6) was best
suited for this species with a range of -10 to +10° C with RCP
4.5 of 2050 (Fig. 9¢) and -10 to +8°C with RCP 4.5 (Fig. 5d)
and 6.0 (Fig. 5e) of the same time-frame. While its habitat
was altered by Isothermality at a range of 20 to 40% during
2070 RCP 4.5 (Fig. 5h) and 8.5 (Fig. 5i), its suitability fell
dramatically after these threshold values. Thus, our study
clearly demonstrates the decrease breadth of atmospheric
temperature variabilities for this fungus.

Isothermality, which is a measure of how large day-to-
night temperature oscillations are relative to the summer-to-
winter (annual) oscillations, was found to be the most
important factor for this species under the majority of climatic
time-frame and greenhouse gas scenarios. An isothermal
value of 100 indicates that the diurnal temperature range is
comparable to the annual temperature range, whereas
anything less than 100 (~30) indicates that the temperature
variability is greater during an average month than it is
throughout the entire year. In this study, lower isothermality
values, indicating that seasonal variations may have a
greater effect on the dispersal of this fungus than monthly
temperature fluctuations.

It was also noticed that ecosystem rooting depth and

rootzone water storage capabilities are pre-disposing factors
for G. lucidium in the current environment. This is supported
by the findings of Bhansali (2012), Ren et al (2020), and
Fatmia et al (2022). Further lesions on the root surface
promote fungal penetration into the host vascular system.
However, no information about the rooting depth threshold
that best supports this fungus's habitat was previously
accessible. Based on the output of Response Curve Function
(ROC), it can be depict the establishment mechanism of this
fungus as it relates to optimal root depth and moisture
availability. According to the analysis, 8 cm depth is the most
optimum for this fungus growth, and anything beyond that
reduces the fungus's habitat suitability dramatically.
Furthermore, its well known that this fungus infection spreads
directly from root to root, implying the importance of root
lengths.

The spatial breadth of this fungus was also studied, and
such field-based prediction can be utilised to estimate its wild
region-specific production output, which can also be
synchronised with its in-vitro propagation to fulfil industrial
demands. Europe, for example, has the most potential for
this species, followed by a few states in the United States. For
improved assessments in Asian, African, and Australian
locations, field-based exploration in remote/wild places is
required. Despite the fact that many pharmacological clinical
trials from China have been documented, as well as the
pathogenic nature of this fungi on Prosopis cineraria tree and
oil palm plantation from Indian regions, a lack of systematic
surveys with proper geo-graphical coordinates impedes
habitat-based niche modelling with advanced Machine
Learning tools from such areas.

CONCLUSION

The machine learning Maxent modelling technique
achieved outstanding model characteristics for Ganoderma
lucidum fungus (AUC 0.90). Bioclimatic-energy variables
(temperature) will more effectively manage its future global
dispersion than water considerations (precipitation). In
compared to the current optimum and moderate habitat
areas, our research found a significant decline with
examined predictors ranging from -73.74 to -87.56. This
fungus, might assume, is constantly spreading over some
European countries. However, within Asian regions, both
optimum and moderate habitat suitability for this species will
deteriorate, making wild collection for diverse
pharmaceutical product manufacture more difficult. As a
result, its availability in such locations will be heavily reliant
on its in-vitro conditions (substratum) as well as the
adjustment of micro-environmental variables identified in
this work.
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