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Abstract
Background: Lung cancer is the most common cancer worldwide. The correlation between lung
microbiota dysbiosis and lung cancer has been explored. However, the characteristics of the lung
mycobiome in lung cancer patients has not been fully examined. In this study, we performed
metagenomic sequencing on bronchoalveolar lavage (BAL) from 24 patients with non-small-cell lung
cancer (NSCLC) and 14 non-cancerous controls with benign mass.

Results: We observed greater fungal diversity and connectivity in NSCLC patients compared to non-cancer
controls. Network analysis revealed that the sum of degrees in NSCLC was more numerous, suggesting
the connections of fungal communities were more active. The community networks were reconstructed in
4 main ecological modules. The module and network hubs included Vanderwaltozyma polyspora,
Apiotrichum porosum, Lobosporangium transversal, Capronia epimyces and Pseudomicrostroma
glucosiphilum. Random forest analysis and DESeq2 were performed to screen out distinct species in two
seperate groups and 3 fungi Alternaria arborescens, Eremoyces bilateralis and Malassezia restricta were
identi�ed as potential diagnosis biomarkers for NSCLC patients. In these 3 fungi, the relative abundance
of Alternaria arborescens was gradually increasing as NSCLC progressed.

Conclusions: Taken together, our study innovatively proposes that changes in the structure of fungal
communities in lung cancer may be closely related to lung carcinogenesis as well as its progression and
the distinct species listed above could be used to detect and monitor NSCLC. 

Introduction
Lung cancer is the most common cancer worldwide. Although smoking is the greatest risk factor for
developing lung cancer, more than 25% of lung cancer patients have never smoked [1]. Microbial
exposure exerts a long-lasting effect on the carcinogenesis of lung cancer. Healthy lungs that were
previously thought to be sterile are now known to harbor a dynamic ecosystem including bacteria, fungi
and viruses [2]. Recent studies have revealed that the lung has a distinct microbiome and that the lower
respiratory tract microbiota were implicated in lung carcinogenesis [3].

Although there was less microbial biomass when compared to the intestinal tract, the microbiome of the
lung detected by next-generation sequencing technologies displayed considerable diversity. The
predominant phyla in the healthy lung were Bacteroidetes and Firmicutes [4]. A signi�cant enrichment of
Granulicatella, Abiotrophia, and Streptococcus at the genus level has been observed in lung cancer
patients [3]. Our previous study showed that although the abundance of some species was higher in lung
cancer patients compared to non-cancer controls, the gross composition of microbiota did not change
dramatically [5]. Similar to the bacterial microbiota, mycobiota, which include fungi, also affect lung
physiology and pathology. Unlike the human microbiome, the human mycobiome has been poorly
characterized. Fungi are eukaryotic microorganisms found in the environment that enter the lungs when a
person inhales those which are airborne. The incidence of fungal infection has increased in
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immunosuppressed populations [6]. Individual members of the mycobiome may play a bene�cial or
pathogenic role [7]. Fungal communities have been studied by PCR ampli�cation and high-throughput
sequencing of their small-subunit ribosomal RNA gene [8, 9]. Fungal genera that have been detected in
the pulmonary mycobiota include Candida, Malassezia, Neosartorya, Saccharomyces, and Aspergillus [7].
Cladosporium spp., Aspergillus spp. and Penicillium spp. dominate fungal genera in oral and nasal
cavities [10]. The presence of Fusarium and Cryptococcus in lungs but not in the oral cavity suggested
that the lower airways harbor fungal communities distinct from the upper airways [11]. However, the roles
of fungi in lung cancer have not been explored.

In this study, we collected bronchoalveolar lavage (BAL) �uid samples using bronchoscopy. Considering
the low density and high host DNA contamination in BAL samples, we performed shotgun metagenomic
sequencing to characterize the fungal communities in lungs and then focused on the fungal composition
in non-small cell lung cancer (NSCLC) patients.

Methods

Study population and sample selection
For metagenomic sequencing, BAL were obtained from 38 individuals, including 24 newly diagnosed
NSCLC patients and 14 non-cancerous controls with benign mass (3 thymoma patients, 11 patients with
benign lung mass). All cases enrolled in this study were collected at the second Xiangya hospital, Central
South University, China. These patients underwent bronchoscopy for diagnosis or therapy. The 3 patients
with thymoma underwent postoperative aspiration to keep the airway unobstructed. There were no
adverse clinical events related to sampling. The clinical characteristics of the patients are presented in
Table 1. We collected the BAL from the bronchoscopic aspirate. The 38 samples were obtained under
sterile conditions by instillation and aspiration of 20 ml of 0.9% NaCl from the bronchoscope. These
patients had not been treated with antibiotics. Patients with clinical evidence of infection, sepsis or active
tuberculosis were excluded. The patients were informed of the sample collection and signed informed
consent forms. The collection and use of samples were approved by the ethical review committees of the
second Xiangya Hospital, Central South University.
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Table 1
Clinical Characteristics of patients

Clinical characteristics of patients

Patients(n = 38)

NSCLC patients 24(63.2%)

Control Benign Mass Patients 14(36.8%)

Genders(n = 38)

Male 20(52.6%)

Female 18(47.4%)

Age(n = 38)

≤ 50 16(42.1%)

50 22(57.9%)

Smoking status(n = 38)

Smoker 6(15.8%)

Non-smoker 32(84.2%)

TNM staging(n = 24)

T1aN0M0 2(8.3%)

T1bN0M0

T1cN0M0

T2aN0M0

T2bN1M0

T3N1M0

T4N0M0

Tis

2(8.3%)

7(29.2%)

9(37.5%)

1(4.2%)

1(4.2%)

1(4.2%)

1(4.2%)
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Table 2
Cancer stage

Staging and Grading Cancer Quantitative digital

non-cancer controls 0

Tia 1

T1a 2

T1b 3

T1c 4

T2a 5

T2b 6

T2c 7

T3a 8

T3b, T2bN1 9

T3c, T3N1 10

Metagenomic sequencing and taxonomic classi�cation
The metagenomic sequencing was performed using the paired-end sequencing method on the Illumina
platform (San Diego, CA, USA). Brie�y, DNA was sheared by ultrasonication (Covaries, Woburn, MA). The
sheared DNA fragments were end-repaired (DNA End Repair Mix) at 20°C for 30 min. The DNA fragments
were puri�ed by QIAquick PCR Puri�cation Kit (Qiagen) and A-tailed using A-Tailing Mix. Libraries were
checked using Bioanalyzer 2100 (Agilent) and quanti�ed using the ABI StepOnePlus Real-Time PCR
System. Libraries were sequenced on an Illumina platform. Raw sequences were processed to remove
low-quality sequences using fastp [12] (Version 0.21.0), and fastuniq [13] (Version 1.1.0) to remove
duplicates in paired short DNA sequence reads in a FASTQ format. Human sequences were �ltered out
using the human reference genome (hg37) using Bowtie2 [14] (Version 2.3.5).

The remaining high-quality reads were used for taxonomic classi�cation by Kraken2 [15] (Version 2.0.7),
utilizing the custom Kraken fungal database with default settings. The read counts table of several levels
(e.g., phylum, class, order, family, genus, species) were rare�ed to the minimum read counts to reduce the
effects of uneven sampling in the cohort by using R (Version 3.6.1) and package picante [16] (Version
1.8.2).

Fungal diversity in the cohort
To evaluate the sequencing depth and species richness in all subjects in the cohort, rarefaction analysis
was performed by using R (version 3.6.1) and package picante (Version 1.8.2). A diversity index takes
into consideration the number of species, the number of individuals of different species in a sample, or



Page 6/19

habitat or a community [17]. To estimate the fungal diversity, the Shannon–Wiener index, Gini-Simpson
index and Pielou index were also calculated. In addition, the Bray-Curtis dissimilarity indices between
samples at the species level were calculated by using R package vegan [18]. And based on it, the
permutational multivariate analysis of variance (PERMANOVA) and principal coordinate analysis (PCoA)
were performed to estimate the between sample (β) diversity.

Network construction and analysis
To explore the different fungal correlation between NSCLC and non-cancer controls, the networks were
constructed based on relative abundances of different species. In order to avoid unreliable results, the
FastSpar [19] (Version 1.0) was also used to realize the Sparcc network e�ciently. Only robust (|r| > 0.7)
and statistically signi�cant (P-value < 0.01) correlations were considered in network analyses. The
covariation was measured across all relative abundance of �ltered fungi to create each network. Degree
is the measure of the total number of edges connected to a particular vertex. The networks were
constructed by R package igraph (Version 1.2.6). And networks were graphed by using Cytoscape
(Version 3.8) and gephi (Version 0.9.2).

Detection of modules and identi�cation of node roles
We characterized network modularity for networks created in this study. A module is a group of nodes
(i.e., species) that are highly connected within the group with few connections outside the group [20].
Based on connectivity and connectors connecting different modules were identi�ed in co-occurrence
network using the greedy modularity optimization method by the package ‘igraph’ (Version 1.2.6) in R
enviroment [21]. The connectivity of each node was determined based on its within-module connectivity
(Zi) and among-module connectivity (Pi) [22] which were then used to classify the nodes based on the
topological roles they played in the network. Node topologies are organized into four categories: module
hubs (highly connected nodes within modules, Zi > 2.5), network hubs (highly connected nodes within
entire network, Zi > 2.5 and Pi > 0.62), connectors (nodes that connect modules, Pi > 0.62) and peripherals
(nodes connected in modules with few outside connections, Zi < 2.5 and Pi < 0.62). In the �eld of ecology,
a species can be classi�ed as a generalist or a specialist which is a way to identify what kinds of food
and habitat resources it relies on to survive. Generalists can eat a variety of foods and thrive in a range of
habitats. Specialists, on the other hand, have a limited diet and stricter habitat requirements. In the
network analysis, peripherals might represent specialists which only associate with few species in
networks, whereas module hubs and connectors were close to generalists which could associate with lots
of species and network hubs represent super-generalists [21, 23, 24].

Bioinformatic analysis
On the R platform, metagenomic features (i.e., taxonomic) were analyzed statistically. The top 15 species
and the top thirty genera were found to account for the majority of fungi. The different species were
identi�ed by R package DESeq2 [25] (Version 1.26.0). In order to acquire the best discriminant
performance of taxa between NSCLC and non-cancer controls, we used the relative abundances of fungal
taxa at the species level to achieve machine learning using the Python library ‘sklearn’. The Random
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forests approach is one of the most robust ensemble machine learning methods for classi�cation based
on the construction of many single classi�cation trees. Lists of taxa ranked by Random forests were
determined over 100 iterations. The accuracy of model was identi�ed using 10-fold cross-validation
implemented with the ‘cross_val_score’ function in the Python library ‘sklearn’. After adjusting parameters,
we retained the top 20 most important species to make the accuracy of the Random forests model
improve to 76.7%.

Results

Greater fungal diversity in patients with NSCLC
In this study, only the fungal community was taken into consideration. The fungal composition in each
sample was shown in Fig. 1a. The majority of fungal read counts in the cohort were dominated by the
species Lasiodiplodia theobromae and Malassezia globosa, representing 64.62% and 11.83% of the
fungi, respectively, followed by Grosmannia clavigera (4.7%), Botrytis fragariae (2.8%) and Aspergillus
�avus (2.3%). Thus, about 85% of fungal read counts were covered by the top �ve most abundant species
in both non-cancer controls and NSCLC patients (Figure S1a, Additional �le1). Among the �ve species,
Botrytis fragariae was more abundant in NSCLC patients than non-cancer controls (Figure S1b-c,
Additional �le1). The species rarefaction curve for each sample was performed and was found to
approach saturation, indicating that the sequencing depth was adequate (Figure S1d, Additional �le1). In
addition, we found that NSCLC samples represented by red rarefaction curves exhibited higher species
richness. Indeed, the higher fungal α diversity (within-habitat diversity) in NSCLC was con�rmed by the
greater Shannon-Wiener index and Gini-Simpson index at the species level signi�cantly (p < 0.05)
(Fig. 1b).

The different fungal β diversity (between-habitat diversity) between non-cancer controls and NSCLC can
also be visualized using statistical signi�cance with values (p = 0.0012) (Fig. 1c). Furthermore, we
estimated the differences in β-diversity among different groups based on the Bray–Curtis distance which
indicated that the NSCLC communities signi�cantly showed a higher β-diversity and higher dispersion (p 
= 0.003) (Figure S1e, Additional �le1). Thus, greater fungal composition diversity corresponded positively
with lung cancer in this cohort.

Greater fungal connectivity in patients with NSCLC
To study the community differences of fungi between the two groups, we constructed two networks of
non-cancer controls and NSCLC (Fig. 2a). The degree distributions of the fungal co-occurrence networks
conformed to the power-law distribution, indicating that the fungal community was constructed in a non-
random way (Figure S2a-b, Additional �le2). The majority of covariation was positive in both networks.
The classes that made up the two networks were somewhat different. The top 5 species of most fungal
degrees, which suggested the top 5 highest co-occurrence rates, in the NSCLC group belonged to the
classes, Dothideomycetes (includes top 1 and top 4 species), Sordariomycetes, Leotiomycetes and
Lecanoromycetes. However, in the non-cancer controls, the top species of most fungal degrees belonged
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to the classes Sordariomycetes, Leotiomycetes (include top 2 to top 4 species), and Lecanoromycetes
(Figure S2c-d, Additional �le2). In the network analysis, the fungal connectivity of NSCLC was
signi�cantly higher than non-cancer controls (p < 0.0001) (Fig. 2b-c). Regarding the NSCLC network, the
majority of co-occurrence relationships was in module1 (63.35%) and module2 (27.21%) (Fig. 2d).

Fungal alpha diversity increases as cancer progresses
As shown in the results above, the diversity of the NSCLC was signi�cantly different from that of the non-
cancer controls, and there were more fungal associations in the NSCLC. In order to further explore the
diversity changes in cancer progression, we did regression analysis of indices which represent α diversity
and cancer stage (from 0 to 10). Interestingly, all results exhibited the signi�cant tendency that α diversity
increased with cancer stage (all p < 0.01) (Fig. 2e-g).

Distinct fungal abundance in different NSCLC module
In order to further explore the relationship between the co-occurring networks of fungal communities in
the NSCLC patients, we focused on the 4 main modules which had the most degree (Fig. 3a). In Fig. 3b,
the composition of different circles represents the relative abundance of the class-level species in the
different modules. The fungal composition within each module was obviously different. The ’Dominant
fungi’ with the highest relative abundance in the four modules were Dothideomycetes, Leotiomycetes,
Eurotimycetes and Saccharomycetes, respectively. Malasseziomycetes did not appear in module 2 but
was detected in module1.

In module 2, which had the most abundant connectivity (degree) for NSCLC, Leotiomycetes had the
highest relative abundance, followed by Eurotimycetes and Dothideomycetes. But in module 1, the
relative abundance of Dothideomycetes was highest than half of all. So, module 1 may be the one most
affected by environmental factors (changes in the lung airway environment). Next, we performed
regression analysis of the relative abundance for the four modules against cancer stage (Fig. 3c). It can
be seen that except for the module 2, the relative abundance of the remaining three modules increased,
and module 1 was the best �t model in linear regression analysis (R² = 0.151, p < 0.002).

Hubs of module and network as putative keystone taxa
To assess possible topological roles of taxa in the networks, we classi�ed nodes into 4 categories:
peripherals, connectors, module hubs and network hubs based on their within-module connectivity (Zi)
and among-module connectivity (Pi) (Fig. 3d). The module hubs and connectors were close to generalists
and network hubs as super-generalists, suggesting that they have more communication with the whole
community. Among them, the network hub was Pleurotus ostreatus, and that the module hubs included
�ve species which were Vanderwaltozyma polyspora, Apiotrichum porosum, Lobosporangium
transversal, Capronia epimyces and Pseudomicrostroma glucosiphilum. We also found that half of these
hubs were signi�cantly higher in the NSCLC group than the non-cancer controls (p < 0.05) (Figure S3,
Additional �le3). In addition, the NSCLC network contained 12 connectors.
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Different fungal abundance may lead to changes in fungal
community
In order to explore the altered performance of the whole fungal community of NSCLC at the species level,
we used two different methods to infer the distinct speciesbetween the NSCLC and the non-cancer
controls. 27 distinct species were screened out by Deseq2 (Fig. 4a) and a heatmap graph colored with
blue was made to show the difference of their relative abundance (Fig. 4b). Subsequently, to reduce the
randomness and inaccuracy of the algorithm, we also used a Random Forest algorithm to analyze the
same data and screened out 20 species (Figure S4a, Additional �le4) and colored with orange in Fig. 4b.
Figure 4c showed that there were 3 distinct fungi (Alternaria arborescens, Eremoyces bilateralis and
Malassezia restricta) screened out by both Random Forest and DESeq2, which may have the potential to
be diagnosis biomarkers for NSCLC patients and the relative abundances of them were shown in Fig. 4b
with green. Next, we took the intersection of the results of Random Forest, DESeq2 and did an analysis of
regression (Figure S4b, Additional �le4). Alternaria arborescens was detected that its relative abundance
was gradually increasing as NSCLC progressed (Fig. 4c).

Discussion
In our study, we �rst found that the composition of the lung airway fungal community was signi�cantly
different between NSCLC and non-cancer controls and that the fungal diversity was signi�cantly
increased in the NSCLC group (Fig. 1). In the �eld of microbes, correlation network analysis provides a
powerful research tool for the development of microbial ecology and helps to �nd and identify key
microorganisms [26]. Network analysis can reveal non-random species co-occurrence patterns in the
microbial �ora [27], so that the direct interaction or niche sharing characteristics between species can be
compared. When we focused on the general level of NSCLC and non-cancer control fungal ecology, we
saw that compared with the non-cancer controls, the fungal communities in NSCLC were reorganized,
their connections became more numerous.

Fungi are common in indoor environments and they use spores to spread and colonize. In various
ecosystems, fungi exist as pathogens, mutualists and decomposers. From the BAL collected from the 38
patients, the fungal species with the highest relative abundance in lungs were Lasiodiplodia theobromae
and Malassezia globosa. Lasiodiplodia theobromae and Malassezia are naturally found in plants and
skin and we hypothesized that these fungi were inhaled. The prevalence of these fungi may represent
regional bias. In the NSCLC group, we divided the fungal �ora into 12 modules, and sorted them from
largest to smallest by their sum of degrees. In different modules, the composition of their classes is
different. It demonstrated that the fungal communities in the NSCLC were remodeled. The power-law
distribution which means that most species have a small number of connections and very few species
have a very large number of connections is a typical scale-free network that indicates that a fungal
community has been constructed [27, 28]. Moreover, we re-visualized the network and focused on 4 main
modules (Fig. 3a). The "dominant fungi" with highest relative abundance in the 4 modules were
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Dothideomycetes, Leotiomycetes and Eurotimycetes. Interestingly, it was similar to the more connected
fungi which had more degrees in Fig. 2a. Therefore, we had reasons to believe that the change in the
abundance of fungi may be related to the degree of communication of different microbial �ora.

Co-occurrence (positive association) may re�ect the overlap of niches, while co-exclusion (negative
association) may be caused by niche differentiation. From this point of view, we can infer the importance
of non-biological environmental selection or competition between organisms in the construction of
fungal communities. When phylogenetically closely related species tended to co-occur in the network, and
distantly related species tended to co-exclude, it signi�ed that the deterministic process which means
environmental factors affect community structure occupied a major position in the construction of fungal
communities. Conversely, when closely related species tended to co-exclude, and distantly related species
tended to co-occur, the competitive exclusion may be dominant in community [29]. In this study, there
were more co-occurrences in NSCLC and less co-exclusion. Moreover, the same fungal classes tended to
co-occur. Therefore, we hypothesized that it may be the occurrence of NSCLC that led to changes in the
living environment of the fungal community, indicating that environmental selection played a major role
in the reorganization of the fungal community. Also the result in �gure S3 (Additional �le3) showed that
the species that was the network hub was signi�cantly distinct in NSCLC and non-cancer controls (p = 
0.0027). In module 1, the relative abundance of Dothideomycetes was higher than half of the total
abundance. It was therefore deduced that module 1 may be most affected by environmental factors and
our following analysis con�rmed that nearly all of the relative abundances of species detected as
module1 hubs in NSCLC were signi�cantly different from species in non-cancer controls.

In module 2 which had the most abundant overall connectivity of NSCLC, Leotiomycetes had the highest
relative abundance, followed by Eurotimycetes and Dothideomycetes. Malasseziomycetes deserved our
attention because it did not appear in module 2 but existed in the other three modules. Modules may
re�ect the heterogeneity of habitats, the aggregation of phylogenetic closely related species, the overlap
of niches, and the co-evolution of species, which are phylogenetic, evolutionary, or functionally
independent units [23]. We used each module to do regression analysis and it can be seen that except for
module 2, the overall abundance of the other 3 modules increased with the progression of NSCLC and
that module 1 was the best �t one. So according to Perez-Valera et's theory, module 1 represented fungi
that were altered by changes in the airway environment.

According to the connectivity within the modules (Zi) and between modules (Pi), all nodes were divided
into peripherals, connectors, module hubs and network hubs. The last 3 nodes can be considered as the
key nodes in entire network. Among the 3 categories, network hubs and module hubs were more worthy
of attention. The former may be the core of the entire NSCLC network, and the latter was the core fungi of
the corresponding modules. Among them, the network hub was Pleurotus ostreatus, and module hubs
included �ve species which were Vanderwaltozyma polyspora, Apiotrichum porosum, Lobosporangium
transversal, Capronia epimyces and Pseudomicrostroma glucosiphilum. We also found that abundance
of the 3 super-generalists were signi�cantly higher in the NSCLC group than in non-cancer controls
(Fig. 3c). Therefore, changes in abundance may be the underlying cause of shift in the fungal community
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in NSCLC group. Finally, regarding the speci�c species in NSCLC, we found Alternaria arborescens was
signi�cantly different between two groups and its abundance was increased with cancer progression.
More and more studies have shown that changes in the microbial �ora may be related to the occurrence
of cancer [30], but fewer studies have focused on fungi. This study innovatively proposes that changes in
the structure of fungal communities in lung cancer may be closely related to changes in fungal
abundance caused by cancer.

Conclusions
In our research, we found that with the progress of NSCLC, the diversity of fungi in the airway is
increasing, and the community structure of fungi has changed compared with the control group. Some
fungi that are more active in the community may play a key role. The relative abundance of Alternaria
arborescens gradually increased with the progression of NSCLC, so it is speculated that this fungi may
play some role in the occurrence and development of NSCLC. In this study, we innovatively studied the
changes of fungi in the airways of patients with NSCLC from the perspective of fungal community
structure. It provides new ideas for the treatment and diagnosis of NSCLC in the future.
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Figure 1

Lung microbiome characterization and fungal diversity. a. A Stack Graph which contains the top 15
species ordered by relative abundance. b. The (α) diversity across different groups (NSCLC and non-
cancer controls). Violin graphs in blue or orange show the Shannon-Wiener index and Gini-Simpson index
of NSCLC and non-cancer controls, respectively, at species level (Wilcox test, p < 0.05). c. PCoA based on
the Bray-Curtis dissimilarity index shows the between-subjects (β) diversity across groups, in which the
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blue circles and orange triangles represent NSCLC and non-cancer controls, respectively (PERMANOVA, p
= 0.0012).

Figure 2

a. The microbial association networks where different circles indicate different fungal classes and pie
charts represent the composition of classes between NSCLC and non-cancer controls. Red links indicate
positive covariation between two individual nodes, whereas blue links indicate negative covariation. b.
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The sum of degrees in two groups. c. The boxplot that shows the different degree in network of non-
cancer controls and NSCLC patients (Wilcox test, p < 0.0001). d. A rose graph to show degrees in different
tumor module. e. f. g. The relationship between different α diversity indices and cancer stage. The lines
denote the least-squares linear regressions across cancer stage, with their 95% con�dence intervals (gray-
shaded areas).

Figure 3
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a. Network diagram with nodes colored according to each of the four main ecological clusters (modules
1–4) .Each node is the different species in the cancer group and different colored dots represent different
modules, and the sizes of different dots represent different degrees. b. Relative abundance properties of
the different fungal classes in the four main ecological clusters. c. The relationship between different
relative abundance of modules and cancer stage. modules 1, 2, 3 and 4. d. A graph to show each node in
a. with four types (peripherals, connectors, module hubs, network hubs) classi�ed by within module
connectivity and among module connectivity.

Figure 4
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a. Volcano plot demonstrates the differential abundance of fungal between NSCLC and non-cancer
controls. A Wald test was used to calculate the p values. Points are colored according to the number of
log2 fold change if they passed signi�cance thresholds (P < 0.05) c. Venn graph shows the number of
different fungi or hub species �ltered by different methods. b. The variation between the relative
abundance of the fungi in all three results in b. and cancer stage. b. A heatmap graph to show the relative
abundances of the 44 biomarker fungi species predicted by Random Forest and DESeq2. The heatmap is
divided into 3 parts with different colors. The graph colored with orange, blue and green is the results of
Random forest, DESeq2.
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