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ABSTRACT Recent studies have shown that the tumor mycobiome may have prognos-
tic and diagnostic significance in cancer patients. We aimed to gain a better under-
standing of how patient characteristics (age, sex, body mass index [BMI], and race)
influence the composition of the tumor mycobiome, using the data of these studies. We
first tested the data in view of recent critiques of tumor microbiome data processing
procedures and concluded that the batch correction and transformation used on it
may produce false signals. Instead, we explored 14 combinations of data transformation
and batch correction methods on data of 224 fungal species across 13 cancer types.
Propensity scores were utilized to adjust for potential confounders such as histological
type and tumor stage. To minimize false outcomes, we identified as positive results
only those fungi species that showed significant difference in abundance across a
demographic factor within a particular cancer type, using data normalized according to
all 14 combinations. We observed significant differences in 24 fungal species abundance
within tumors for certain demographic characteristics. A total of 20 of these differences
were among races in specific cancers. The findings indicate that there are intricate
interactions between the mycobiome, cancer type, and patient demographics. Our study
highlights the need to account for race in order to understand the role of the myco-
biome in cancer development and treatment response. The study also underscores the
importance of data processing techniques.

IMPORTANCE This study analyzes the demographic-dependent variability of the
intratumor mycobiome, providing a novel understanding of fungal abundance across
different cancer types and patient demographics. By analyzing over 5,000 tumor samples
from The Cancer Genome Atlas, the research identified 24 fungal species with significant
abundance variations linked to demographic factors such as race, age, sex, and body
mass index. These findings underscore the complexity of the tumor microenvironment
and the importance of accounting for demographic diversity in cancer research. The
study emphasizes the necessity of using robust data normalization and batch correction
techniques to avoid spurious associations in order to ensure the reliability of mycobiome
analysis. This work highlights the mycobiome as a new frontier in precision oncology and
paves the way for future personalized cancer diagnostics and treatments that account for
the influence of demographic factors on tumor biology.

KEYWORDS mycobiome, microbiome, tumor, cancer

he role of the mycobiome, the fungal component of the microbiome, in tumorigen-
esis has gained appreciation in recent years (1). Fungi, such as Malassezia globosa
and Aspergillus rambellii, are involved in the development of pancreatic ductal adenocar-
cinoma (PDAC; see Table S4 for cancer name abbreviations) and colorectal cancer (CRC),
respectively, through varied mechanisms, such as the secretion of bioactive metabolites
and modulation of host immunity (2-5). Moreover, fungi show promise as a possible
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target for cancer treatment and prevention. Fungal dysbiosis has been linked to CRC,
and modulation of the mycobiome was suggested as a possible prevention strategy
(6). In addition, ablation of the mycobiome was reported to be protective against tumor
growth in mice PDAC models (4).

While the impact of demographic and clinical factors on the composition of
the bacterial and viral components of the tumor microbiome has been thoroughly
investigated (7-9), little is known about their association with the composition of the
cancer mycobiome. A single multicohort analysis in CRC patients showed a variation of
gut fungal communities according to the geography, sex, and disease stage (5). However,
to the best of our knowledge, the effect of demographic factors on the variability of the
cancer mycobiome has not been analyzed systematically to date. The gut mycobiome is
highly dynamic, more so than the bacterial microbiome, and varies by population age,
sex, dietary habits, ethnicity, and geography, as well as in many disease states and their
associated treatments (10). The majority of studies assessing the cancer mycobiome have
been conducted on relatively small and homogenous sample populations (11, 12). This
underscores the need for a comprehensive exploration of the impact of various factors to
ensure the validity of conclusions drawn from such analyses (11, 12). Comprehending the
ramifications of these factors can improve disease understanding and treatment.

Recently, Narunsky-Haziza et al. characterized the tumor mycobiome in 17,401 tumor
samples covering 35 cancer types using The Cancer Genome Atlas (TCGA) data (13).
This work followed an extensive study of bacterial and viral microbiomes across various
cancer types in the same data set by Poore et al. (14). We wished to study the
demographic mycobiome variability using the data of 13. However, that study used
some of the data-processing methods employed by Poore et al., which were subse-
quently criticized (15) and recently retracted. Briefly, three methodological problems
were identified: insufficient filtering of human reads, identification of bacterial genera
as significant despite having no previous records of existence in humans, and artificial
signals resulting from improper data transformation and batch-correction process.

Our goal was to assess associations between intratumoral fungal abundance and
patient characteristics, using the RNA-Seq mycobiome data of Narunsky-Haziza et al.
We first re-evaluated the data in view of the methodological critiques. We show that
one of the three methodological problems persisted and propose a methodology to
rectify it. This was achieved by applying multiple batch correction and normalization
procedures. Then, we identified associations between various demographic factors and
the abundance of fungi within the tumor. To mitigate potential confounding effects
and enhance the robustness of our analyses, we employed both propensity scores and
Inverse Probability of Treatment Weighting (IPTW) (16, 17). This framework allowed us
to identify demographic-associated differences in tumor-linked fungal abundance with
increased confidence.

MATERIALS AND METHODS
Data

We acquired normalized and read raw counts of intratumor fungal abundance,
categorized by species, from 14,495 individual samples originating from TCGA (18).
Samples were labeled by cancer type, sex, age at diagnosis, and race, encompassing a
total of 32 distinct cancer types. The data set was available from Narunsky-Haziza et
al. (NH22) (detailed information provided in Supplementary information 1). We focused
exclusively on 5,002 RNA-seq samples that were categorized as primary tumors (Fig. 1A).
Additionally, body mass index (BMI) values were extracted for a subset of the samples
from Hu et al. (19).

NH22 data processing

NH22 employed a multistep pipeline for the retrieval of raw counts of metagenomic
data. Briefly, reads deemed human or viral, too short, or of poor quality were filtered
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FIG 1 (A) Study design. (B) The number of analyzed samples of each cancer type. The Cancer Genome Atlas (TCGA) cancer name abbreviations are available in
Table S4.

out. The remaining were categorized by microbial species and underwent an additional
decontamination step. Reads that mapped to a microbial reference genome were
tabulated as hits. Results were summarized in a table where samples constituted the
rows and microbial genome IDs the columns, containing the abundance of each species
in each sample. This Decontaminated Fungal Raw Count (NH22-DFRC) table served as
the basis for subsequent downstream analyses. Two additional processing steps were
applied on that data set: data transformation using Voom (20) (log-CPM and quantile
normalization) and batch correction using snm (21). This produced the Decontaminated
Fungal Normalized data matrix (NH22-DFN, Supplementary information 1).

Critique of data processing techniques

NH22 used some of the same data processing methods previously employed by Poore et
al. (P20), which were subsequently criticized by Gihawi et al. (G23). Three main con-
cerns were raised: (i) A considerable fraction of the genomic reads initially categorized
as bacterial were, in fact, human. This occurred due to inaccuracies in the genomic
database and the computational methodologies employed. (ii) The data contained
artificial signals, where bacterial genera with almost no reads in the data were deemed
important for cancer classification. This happened due to the transformation methods,
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which were based on inappropriate statistical assumptions. (iii) Some genera identified
by the models as important had no previous records of existence within the human
microbiome. The latter two issues were also highlighted in an earlier study (22). While the
original study by Poore et al. was later retracted, the analytical approach was refined in
the authors' subsequent study of NH22, and the authors argued that the aforementioned
concerns have been adequately addressed (23, 24).

Cohort enhancement in NH22

Narunsky-Haziza et al. expanded and improved the data set in multiple ways: They added
data from 1,183 tumor and normal tissues, which underwent additional procedures
for detection of fungal contamination (Weizman Institute of Science [WIS] data set).
The TCGA data were reprocessed for better alignment and computational decontamina-
tion, and fungi species found were filtered against those found in WIS, in the Human
Microbiome Projects' gut mycobiome cohort (25) and in a literature review of 100+
publications. Ultimately, this process led to the exclusion of 95 fungal species as potential
contaminants, while retaining 224 species as bona fide noncontaminants in the data set.
In particular, this process alleviated the third concern as only fungi previously reported in
humans were included in the analysis.

Testing the number of microbial reads

We wished to test if the critique on the inflated number of microbial reads was true
on the NH22 data. Gihawi et al. studied in detail three TCGA cancer types: bladder
urothelial carcinoma (BLCA, n = 683), head and neck squamous cell carcinoma (HNSC,
n = 334), and breast invasive carcinoma (BRCA, n = 238). They re-analyzed these data
sets using a stricter pipeline, thus producing novel and lower bacterial raw counts for
these cancer types (referred to as G23-BRC). To test the critique, we compared bacterial
raw counts from NH22, P20, and G23; see Supplementary information 1. To ensure an
equitable comparison, only those samples and bacterial genera common to G23-BRC,
NH22-BRC, and P20-BRC were analyzed, yielding data from 716 samples (BRCA, n = 232,
HNSC, n = 330, and BLCA, n = 154), spanning 155 genera. Results were compared by
Pearson’s correlation, and P-values were derived by Student’s t-test for correlation and
the Mann-Whitney (MW) test. Furthermore, to overcome possible sample size differences
across samples, we computed the abundance ratio between pairs of genera within each
sample and calculated the correlation of these pairwise ratios between samples. To
avoid dependency between different ratios, we randomly subsampled sets of 77 disjoint
genus pairs (covering together 154 distinct genera) and computed the correlation of
their ratios. This process was repeated 2,000 times, obtaining a distribution of correlation
values for each data set.

Testing the effect of normalization

G23 argued that the data transformation and batch-correction procedures applied in
P20 (Voom-SNM) generated the reported artificial signals. Since NH22 employed the
same normalization methods, we wished to assess whether a similar artificial signal was
present in that data set. We focused on fungi species that were among the 10 most
important features in the classifiers built in NH22 for distinguishing between tumor and
normal samples in cancer types showing good classification (AUPR > 0.8 and AUROC >
0.9) (Supplementary information 1). We sought such species with a raw count of zero
for more than 95% of the samples, reasoning that their contribution to the classification
task should be negligible. We also compared the values of these species between the raw
counts (NH22-DFRC) and the normalized data set (NH22-DFN).

Alternative normalizations and batch correction

We used several batch-correction and transformation methods on the NH22 data
instead of the Voom-SNM normalization. Methods for data transformation included the
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following: Centered-Log Ratio (26) (CLR) (with O values offset to 1) and CLR_C (27), a
variant of CLR that imputes 0 counts, relative abundance, and Voom (20). Voom was
utilized after quantile normalization as in NH22 and P20. To correct for potential batch
effects caused by different sequencing centers, we tested ComBat (28), Batch Mean
Centering (BMC) (29), MMUPHin (30), and PLSDA (31). RBE (32) produced equivalent
results to BMC in our tests, so we did not include it. We used only unsupervised
normalization and batch-correction methods to minimize the risk of bias or signal
leakage as supervised methods have previously been suspected to introduce such
artifacts (15).

In our analysis, we tested all combinations of transformation and batch correction
methods listed above. It is noteworthy that MMUPHin specifically accepts raw counts
or relative abundance counts as input and produces the same types of data as output.
Therefore, we first applied MMUPHin to our data and then the data transformation. In all
other cases, the transformation preceded batch correction. Additionally, since PLSDA can
be used only after CLR transformation, we used it only with CLR and CLR_C. In total, we
applied 14 combinations.

Fungal differential abundance

We gathered tumor and patient characteristics from the TCGA data set. Tumor factors
included tumor stage (1-4) and histological type, and patient attributes included age at
diagnosis, sex, and race (defined as African, European, and Asian).

We evaluated five independent variables: sex, age, (i.e., age =70 vs age <70), and
pairwise race comparisons: European vs Asian, European vs African, and Asian vs African.
Our dependent variables were the fungal species. To mitigate potential confounding
effects, we employed a two-step approach. First, we computed propensity scores using
logistic regression based on the independent variables. Subsequently, we applied the
IPTW scheme, as performed in 16, 17. We performed one-hot encoding of categorical
variables and categorized tumor stage into four levels (1, 2, 3, and 4) to facilitate
the analysis (for example, 3A, 3B, and 3C were considered as 3). This procedure was
instrumental in correcting confounding bias. We ensured that all the potential confound-
ers were well-balanced between the groups, with standardized differences of less than
10%, in line with previous research (17, 33). For each transformed and batch-corrected
fungal species, we fitted a linear regression model with the IPTW weights and com-
puted the model’s P-value. We corrected for multiple hypotheses using Bonferroni’s
method. Species with P-value < 0.05 were deemed statistically significant. Notably, when
evaluating the effect of a patient characteristic on fungal species, we excluded it from
the IPTW calculation. Thus, we repeated the IPTW procedure for each independent
variable and for each cancer type with 20 or more samples in each of two groups.

BMI was available for a subset of the samples (N = 669, 13.4%). We examined
its influence (binarized into obese [BMI > 30] vs non-obese [BMI < 30] categories),
considering all other patient characteristics (age at diagnosis, sex, and race) as potential
confounders in IPTW. All data processing and statistical analyses were carried out using R
statistical software version 4.2.0 and the Python programming language 3.4.

RESULTS

We obtained data of 14,495 samples from the TCGA and following the application of
exclusion criteria (Methods) were left with 5,002 samples of tumors that had RNA-Seq
data, information on the sequencing center, and patient characteristics (Fig. 1A). The
number of samples per cancer type varied between 916 in kidney renal clear cell
carcinoma (KIRC) and 64 in kidney chromophobe (KICH) (Fig. 1B). The distribution of
demographic characteristics varied across cancer types. For example, female percentage
was 99% in BRCA vs 54% in lung adenocarcinoma (LUAD) samples. In all cancer types,
the most prevalent race was European. The distribution of the age, BMI, tumor stage, and
histological type also varied between cancer types (Table S1).
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Recently, Gihawi et al. (G23) raised concerns regarding the validity of the analysis
of microbiome data in the TCGA by Poore et al. (14) (P20). As NH22 used some of the
same preprocessing methods, we first wished to ensure the validity of the NH22 data
(see Materials and Methods for further details). One concern was inflated microbial read
counts. To check this, we compared the data of NH22, P20, and the subset of data of
three cancer types that was re-analyzed in G23. To ensure an equitable comparison, only
samples and bacterial genera common to G23, NH22, and P20 were analyzed, yielding
716 samples (BRCA, n =232; HNSC, n = 330; and BLCA, n = 154) spanning 155 genera. The
total number of bacterial reads in NH22 was 2-3 orders of magnitude lower than those
in P20 and 1-2 orders of magnitude higher than those in G23 (Fig. 2A). Similar ratios
were noted in the distributions of the bacterial read counts per sample (Fig. 2B). Thus, the
differences between NH22 and G23 are indeed less significant than those between P20
and G23. Furthermore, the read count per sample of G23 showed a stronger correlation
with NH22 than with P20 (r = 0.54 vs r = 0.02, Fig. 3A and B). Similar trends were
observed when each cancer type was evaluated separately (Fig. 3C and D).

Next, we compared the bacterial data of NH22 and G23 at the genus level. The total
number of reads per genus was correlated (r = 0.67, P = 4.17E-21, Fig. S1A), and this
correlation persisted in two of three cancer types when analyzed separately (BRCA:
r = 0.323, P = 4.01E-05; HNSC: r = 0.757, P = 2.83E-30; BLCA: r = 0.025, P = 0.075, Fig.
S1Q). P20 was far less correlated to G23 in this analysis (Fig. S1B and D).

As an additional test that avoids potential differences in the total read counts among
the data sets, we computed the ratios between read counts of different genera within
each data set (pairwise ratios) and then calculated the correlation between these ratios
in NH22 and G23, and in P20 and G23 (taking steps to avoid dependency, see Materials
and Methods). The correlation of NH22 to G23 was significantly higher than that of P20
to G23 (P = 5.59E-132, Fig. S2). Similar results were observed per cancer type (results not
shown).

Next, for each bacterial genus and cohort, we computed the correlation between the
genus’ read counts across samples and plotted the distribution of the correlation values
across the genera. The correlations between NH22 and G23 were significantly higher
than those between P20 and G23 (Fig. 4; Table S2). The same was true when we sepa-
rately analyzed the five most prevalent genera in G23 - defined as those with the highest
number of samples with no zero read counts (Fig. S3): Pseudomonas (NH22 vs G23;
r=0.684, P = 1.2E-99, P20 vs G23; r = 0.02, P = 0.6), Staphylococcus (NH22 vs G23;
r = 0.565, P = 2.7E-50, P20 vs G23; r = — 0.155, P = 3.3E-05), Acinetobacter (NH2 vs G23;
r =0.197, P = 1.1E-06, P20 vs G23; r = — 0.02, P = 0.6), Corynebacterium (NH22 vs G23;
r = 0.959, P = 8.8E-306, P20 vs G23; r = 0.957, P = 3.3E-313), and Klebsiella (NH22 vs G23;
r =0.944, P = 1.4E-171, P20 vs G23; r = 0.017, P = 0.7). Similar results were obtained
when repeating this analysis per cancer type (Fig. S4 to S6 and Table S2). Overall, the
analysis results showed that the issue of inflated bacterial read count in P20 raised by
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G23 was addressed to a large extent in NH22 and that many characteristics of the NH22
data were similar to that in G23.

Another important issue raised by G23 in P20 was the procedure used to remove
batch effects and convert the raw counts to normalized values. P20 used Voom-SNM
(20, 21) for that purpose. Cancer type classifiers built in P20 using the processed data
identified bacterial genera as important features, even though they were absent in most
or all samples. Since Voom-SNM was also used in NH22, we wished to test if fungi-based
classifiers built by NH22 also suffered from the same problem. We examined the ten
genera with the highest feature importance used in the primary tumor vs normal tissue
classifier and found some examples of this phenomenon:

Parastagonospora was the third-most important feature for the classifier in prostate
adenocarcinoma (PRAD). Out of 666 PRAD samples of primary tumor and normal tissue
(of both RNA-seq and whole-genome sequencing [WGS]), 665 had 0 Parastagonospora
reads, and only 1 had 1 read. As illustrated in Fig. 5, the extremely nonrandom and
right-skewed distribution of the primary tumor normalized values—all of which except
1 started as raw values of 0—makes it easy for a machine learning classifier to separate
the PRAD primary tumor samples from normal solid tissue samples. Based on that
distribution, a model that splits the samples using the threshold 12.457 labels 332/351 of
the positive samples correctly (PPV = 94.6%), with a relatively high sensitivity of 55.33%.
Ramularia was the sixth-most important feature for the classifier in KIRP. Out of 345
KIRP samples, 344 had 0 Ramularia reads, and 1 had 1 read. The distributions of the
normalized values are extremely different (Fig. S7). A threshold of 17.36 obtains PPV =
95.6% with a sensitivity of 49.84%. We conclude that following Voom-SNM normalization,
false signals persist in the NH22-processed data.

Our main question in this study was whether fungi species abundance varies in
cancer patients with different demographic characteristics. Batch correction and data
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normalization are key for the answer, so instead of Voom-SNM, we used 14 combinations
of normalization and batch correction approaches (Fig. 6 and Materials and Methods).
NH22 used SNM to correct two types of batch errors: specimen type (RNA-seq or DNA)
and the sequencing center of origin. Since most current batch correction methods were
designed to correct one type of error, we decided to use only the RNA-Seq samples
since they cover most of the cohort (8,992/10,997 tumor samples). We used propensity
score and IPTW for correction of potential confounders: age, sex, race, tumor stage, and
histological type (Methods). We applied IPTW separately to each demographic factor and
then fitted weighted linear regression for each fungal species, using the IPTW weights.
The P-values from this analysis were corrected for multiple hypotheses using Bonferroni’s
method. To err on the side of caution, we sought species that were significant in all 14
combinations. A total of 24 species showed consistent statistically significant differences
between race groups (Table S3). We note that race in this analysis functions as a broad
proxy for multiple socioenvironmental, cultural, and genetic factors and should not be
interpreted as a direct biological determinant.

In the comparison between European vs. African, there were five significant fungal
species in colon adenocarcinoma (COAD): Candida orthopsilosis, Penicillium expansum,
Diutina rugosa, Aspergillus alliaceus, and Aspergillus pseudonomius; two species in LUAD:
Diutina rugosa and Aspergillus pseudotamarii; and two species in lung squamous cell
carcinoma (LUSC): Candida orthopsilosis and Aspergillus welwitschiae. In the comparison
between European vs Asian, there were nine significant fungal species in stomach
adenocarcinoma (STAD): Aspergillus clavatus, Aspergillus terreus, Aspergillus aculeatus,
Penicillium digitatum, Pestalotiopsis fici, Penicillium expansum, Aspergillus novofumigatus,
Aspergillus campestris, and Ramularia collo-cygni and one species, Metarhizium robertsii, in
liver hepatocellular carcinoma (LIHC). In the comparison of Asian vs African populations,
one species, Candida auris, was found in thyroid cancer (THCA). In comparison of males
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vs females, one species, Purpureocillium lilacinum, was found in STAD. In comparison of
BMI =30 vs BMI < 30, one species, Diutina rugosa, was found in LIHC. In comparison of
elderly (age > 70) vs young (<70), one species, Hyphopichia burtonii, was found in LIHC,
and one species, Aspergillus oryzae, was found in BRCA. We also examined raw count
distributions for the significant fungi species. Notably, 23 of the 24 species remained
significant even without normalization or adjustments (Table 1). Finally, to ensure that
extreme IPTW weights did not influence the results, we repeated the analysis after
truncating weights at the 99th percentile. The findings were identical to those obtained
using the full weights.

DISCUSSION

In this study, we examined how different demographic factors relate to fungal abun-
dance across multiple tumor types, by analyzing a data set comprising over 5,000 tumor
samples from the TCGA. We observed that the abundance of several fungal species
in particular cancer types differed significantly based on patient demographics, with
the most pronounced differences noted between various racial groups. These patterns
mirror what have been observed in bacterial tumor microbiome studies and suggest
that similar principles may also apply to fungi. Considering demographic diversity may
therefore be important when interpreting tumor-associated microbial and fungal data
and when developing future hypotheses on the host-microbe interaction in cancer.

In our analysis, we took several steps to address recent concerns raised about
microbial analyses in cancer. We developed a pipeline that utilizes a consensus
of multiple methods for batch correction and data normalization and also utilized
propensity scores when calling the association between a particular fungus and
a particular demographic factor in a specific cancer. Additionally, our results were
supported by the raw (un-normalized) RNA-seq read counts. This increases robustness
and reliability of the results and reduces the risk of spurious associations. Some of
our main findings were as follows: We observed distinct differences in Candida orthopsi-
losis abundance between European and African populations within samples of COAD
and LUSC. Additionally, variations in Candida auris abundance were observed between
African and Asian populations within samples of THCA. Previous research has shown a
close relationship between Candida species and tumors of the colon and stomach (34).
Specifically, intestinal Candida has been associated with the development of hepatic and
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FIG6 The pipeline used to clean and normalize the fungi data. The central part shows the combinations of transformation and batch correction used.

gastric carcinogenesis (35, 36). We also identified significant variations in the abundance
of various Aspergillus species between European and African populations in samples of
COAD, LUSC, and LUAD. Furthermore, we noted differences between European and Asian
populations in samples of STAD. A previous study has indicated an association between
Aspergillus rambellii in the gut mycobiome and CRC (5). The study accounted for several
potential confounding factors such as age, sex, BMI, and tumor location, but it did not
assess the potential impact of race.

Ethnicity-related variation in the mycobiome may reflect dietary and geoclimatic
factors. For example, the abundance of Candida spp. in the gut correlates with a
Western-type carbohydrate-rich diet and is negatively associated with a protein- or
fatty acid-rich diet (37). In contrast, the mycobiome of vegetarians is dominated by
environmental spore-forming fungi, such as Fusarium, Penicillium, and Aspergillus spp
(38). Geography was also shown to exert an effect on the gut mycobiome. Spore-form-
ing filamentous fungi, including Aspergillus spp. and Penicillium spp., are enriched in
hot and arid climates and rural environments. In a study from China, geographical
location and ethnicity-related dietary habits were the major identified drivers of gut
mycobiome composition (39). Importantly, ethnicity and dietary-related mycobiome
patterns correlate with gastrointestinal inflammation and may be associated with cancer
risk either directly or through aberrant immune responses (10). For example, expan-
sion of Candida spp. in the gut has been linked to both gastrointestinal inflammation
and translocation of Candida-derived B-glucan and candidalysin into the bloodstream,
leading to inflammation in extraintestinal organs (10). Moreover, elevated Candida
burden in colorectal cancer, which we found to be associated with European ethnic-
ity, was shown to induce glycolysis in macrophages and trigger IL-22 production by
innate lymphoid cells (40). Members of the Aspergillus flavus species complex, which
we identified in association with European ethnicity in colorectal cancer (A. alliaceus)
and lung adenocarcinoma (A. pseudotamarii), produce the carcinogenic mycotoxins
ochrotoxin A and aflatoxin, respectively (41).

These patterns reinforce the view of the tumor as an ecological niche, where
environmental exposures, immune context, and demographic-associated factors can
shape fungal presence. We emphasize that demographic categories like race serve
as multifaceted surrogates of socioenvironmental, cultural, and genetic influences.

Month XXXX Volume 0 Issue 0

10.1128/spectrum.02310-25 10

Downloaded from https://journals.asm.org/journal/spectrum on 30 March 2026 by 84.228.112.111.


https://doi.org/10.1128/spectrum.02310-25

Research Article Microbiology Spectrum

TABLE 1 The combinations of fungus, cancer, and demographic factor that passed the analysis pipeline and their statistics®

Species Cancer Factor Group 1 Group 2 P-Value
Variable N Mean =+ Std % Variable N Mean + Std %

Candida orthopsilosis COAD Race European 179 2.034+2.934 754  African 49 1.204 £3.298 38.8 6.44E-06
Candida orthopsilosis LUSC Race European 332 0.666 + 0.865 48.8  African 28  0.107+0.315 10.7 1.08E-04
Penicillium expansum COAD Race European 179 1.419+2.038 69.3  African 49  0.796+2354 245 5.41E-07
Aspergillus welwitschiae LUSC Race European 332 1.801+ 1.804 81 African 28  0.643+0.951 429 1.98E-05
Diutina rugosa COAD Race European 179 3.05%+4.18 85.5 African 49 1.673+4446 449 4.01E-07
Diutina rugosa LUAD Race European 383 2486 +4.448 67.6 African 47 1298 +£4348 29.8 4.10E-06
Aspergillus alliaceus COAD Race European 179 2.011+2.804 72,6  African 49 1.163+£3.294 306 1.75E-06

Aspergillus pseudotamarii ~ LUAD Race European 383 3.958 +6.829 80.4  African 47  2.234+7.29 42,6 9.41E-07
Aspergillus pseudonomiae  COAD Race European 179 8.603+11.607 92.7 African 49  5.122+13.579 63.3 2.70E-08

Aspergillus clavatus STAD Race European 383 2.885+26.302 379 Asian 159 4.943+14.467 61 4.72E-08
Aspergillus terreus STAD Race European 383 1.368+7.03 329 Asian 159 4.377+27.276 47.2 5.74E-04
Metarhizium robertsii LIHC Race European 140 0.364 +0.691 27.1  Asian 116 0.103 +0.382 7.8 8.27E-05
Penicillium digitatum STAD Race European 383 2.439+8.56 428 Asian 159 5.541+18.228 579 2.18E-04
Pestalotiopsis fici STAD Race European 383 1.371+11.924 26.6 Asian 159 4.0+ 16.497 434 4.52E-05
Penicillium expansum STAD Race European 383 2.525+7.963 47.3  Asian 159 7.226+17.541 554 1.99E-03
Aspergillus aculeatus STAD Race European 383 0.982 +8.263 21.2  Asian 159 1.786+5.704 36.5 9.96E-05
Aspergillus novofumigatus ~ STAD Race European 383 3.295+30.454 39.2 Asian 159 5.774+19.619 54.1 5.63E-05
Aspergillus campestris STAD Race European 383 2.815+24.615 40.5 Asian 159 4.39+14.698 478 8.19E-03
Ramularia collo-cygni® STAD Race European 383 57.277+221.833 77.3 Asian 159 14308 +31.794 58.5 4.02E-07
Candida auris THCA Race African 23 0.261£0.541 21.7  Asian 51 1.118+1.259  62.8 9.50E-04
Purpureocillium lilacinum ~ STAD Gender Male 353 0.334+0.899 17 Female 206 0.17 £0.659 9.7 1.43E-02
Aspergillus oryzae BRCA Age >70 169 0.432+0.807 302 <70 740 0.22+£0.588 16.9 5.74E-05
Hyphopichia burtonii LIHC Age >70 53 0.453 + 0.867 321 <70 217 0.101 £0.384 7.8 2.20E-06
Trichoderma atroviride BLCA BMI >30 74 0.108 = 0.354 9.5 <30 299 0.064 £0.327 47 1.14E-01

“The combinations that passed the pipeline were those that were significant in all 14 normalization and batch-correction methods. N, number of samples in the group. Mean
+ Std, mean and standard deviation of raw read counts per sample in the group. %, fraction of samples that had at least 1 read of the fungus.

®Ramularia colloo-cyngi is a likely contamination. See (ref). P-values were calculated using the Mann-Whitney test, on the raw fungal counts. COAD, colon adenocarcinoma;
LUAD, lung adenocarcinoma; LUSC, lung squamous cell carcinoma; STAD, stomach adenocarcinoma; LIHC, liver hepatocellular carcinoma; THCA, thyroid cancer.

Consequently, observed associations should be viewed through this integrative lens
rather than as evidence of direct biological causation.

Recently, Ge et al. (42) improved the computational analysis of Gihawi et al. (15)
and proposed some fungi species that are a likely contamination. The species Ramularia
collo-cygni, which was found by our analysis, is likely a vector contamination, as noted by
Ge et al. Furthermore, Ge et al. (42) shared a data file of cancer samples and their WGS
read counts of the fungi species. Unfortunately, that sample size was too small to enable
validation of our results.

The tumor mycobiome has been studied across pancreatic (3, 4), lung (43), esopha-
geal (44), oral (45), and renal (46) cancers. Together with recent reviews (47-49), these
studies open diagnostic, prognostic, and therapeutic opportunities for fungal characteri-
zation and underscore the broader importance of understanding how fungal signals vary
across patient groups. Our analysis provides additional granularity by demonstrating that
these fungal signals vary across demographic strata. Recognizing such variability will
be essential for designing clinically relevant microbial biomarkers and understanding
interpatient heterogeneity.

Our study contributes to our understanding of the intricate relationships between
demographic factors, mainly race, and the intratumor mycobiome. It also emphasizes
the importance of incorporating demographic diversity into cancer research and clinical
practice. By accounting for the influence of race and other demographic variables on the
tumor microenvironment, future studies may develop more personalized and effective
strategies for cancer prevention, diagnosis, and treatment and propose novel therapeutic
interventions targeting the tumor mycobiome. Such advances have the potential to
ultimately improve patient outcomes and enhance precision cancer medicine.

Month XXXX Volume O Issue 0 10.1128/spectrum.02310-2511

Downloaded from https://journals.asm.org/journal/spectrum on 30 March 2026 by 84.228.112.111.


https://doi.org/10.1128/spectrum.02310-25

Research Article Microbiology Spectrum

ACKNOWLEDGMENTS

This work was supported by (i) The Israel Science Foundation (grant No. 2206/22 to
R.S.); (i) a grant on collaborative clinical bioinformatics research from the Edmond J.
Safra Center for Bioinformatics at Tel Aviv University and Sheba Cancer Center at Sheba
Medical Center to B.B. and R.S,; (i) a PhD fellowship awarded to D.C. by the Edmond J.
Safra Center for Bioinformatics at Tel Aviv University.

B.B., R.B.-A., and R.S. conceptualized the study. D.C. and T.M. conducted the analysis.
D.C,, TM,, R.S., and B.B. wrote the manuscript.

All authors approved the final manuscript.

AUTHOR AFFILIATIONS

'Blavatnik School of Computer Science and Al, Tel-Aviv University, Tel Aviv, Israel

“Gray Faculty of Medicine and Health Sciences, Tel Aviv University, Tel Aviv, Israel
*Department of Infectious Diseases, Tel Aviv Sourasky Medical Center, Tel Aviv, Israel
“Department of Oncology, Sheba Medical Center, Ramat-Gan, Israel

Center for Clinical Epidemiology and Biostatistics, University of Pennsylvania, Philadel-
phia, Pennsylvania, USA

AUTHOR ORCIDs

Dan Coster @ http://orcid.org/0000-0001-8514-7965
Thomy Margalit (2 http://orcid.org/0009-0009-4603-9043
Ron Shamir & http://orcid.org/0000-0003-1889-9870

DATA AVAILABILITY

The open-source Python and R code used for the computational analysis is available at:
https://github.com/Shamir-Lab/FungiCancer. The results presented here are in whole or
part based on data generated by the TCGA Research Network: https://www.cancer.gov/
tcga. The STORMS checklist for this manuscript is available at https://zenodo.org/records/
15774962.

ADDITIONAL FILES

The following material is available online.

Supplemental Material

Supplemental materials (Spectrum02310-25-S0001.docx). Supplemental information
and Figures S1to S7.

Table S1 (Spectrum02310-25-S0002.csv). Cohort characteristics of different cancer
types. The top five most common values of Histological Type and Tissue Source Label are
presented for each cancer type.

Table S2 (Spectrum02310-25-S0003.csv). Pearson correlation between the counts of
each species in NH22-BRC vs. G23-BRC and P20-BRC vs. G23-BRC in all cancers and per
cancer type.

Table S3 (Spectrum02310-25-S0004.xIsx). The number of fungal species that were
identified as statistically significant across all 14 combinations of normalization and
batch correction per each comparison.

Table S4 (Spectrum02310-25-5S0005.xIsx). TCGA study name abbreviations.

REFERENCES

1. Gamal A, Elshaer M, Alabdely M, Kadry A, McCormick TS, Ghannoum M. 2. Saftien A, Puschhof J, Elinav E. 2023. Fungi and cancer. Gut 72:1410-
2022. The mycobiome: cancer pathogenesis, diagnosis, and therapy. 1425. https://doi.org/10.1136/gutjnl-2022-327952
Cancers (Basel) 14:2875. https://doi.org/10.3390/cancers14122875 3. Alam A, Levanduski E, Denz P, Villavicencio HS, Bhatta M, Alhorebi L,

Zhang Y, Gomez EC, Morreale B, Senchanthisai S, Li J, Turowski SG,

Month XXXX Volume O Issue 0 10.1128/spectrum.02310-25 12

Downloaded from https://journals.asm.org/journal/spectrum on 30 March 2026 by 84.228.112.111.


http://orcid.org/0000-0001-8514-7965
http://orcid.org/0009-0009-4603-9043
http://orcid.org/0000-0003-1889-9870
https://github.com/Shamir-Lab/FungiCancer
https://www.cancer.gov/tcga
https://zenodo.org/records/15774962
https://doi.org/10.1128/spectrum.02310-25
https://doi.org/10.3390/cancers14122875
https://doi.org/10.1136/gutjnl-2022-327952
https://doi.org/10.1128/spectrum.02310-25

Research Article

Month XXXX Volume 0

Sexton S, Sait SJ, Singh PK, Wang J, Maitra A, Kalinski P, DePinho RA,
Wang H, Liao W, Abrams SI, Segal BH, Dey P. 2022. Fungal mycobiome
drives IL-33 secretion and type 2 immunity in pancreatic cancer. Cancer
Cell 40:153-167. https://doi.org/10.1016/j.ccell.2022.01.003

Aykut B, Pushalkar S, Chen R, Li Q, Abengozar R, Kim JI, Shadaloey SA,
Wu D, Preiss P, Verma N, Guo Y, Saxena A, Vardhan M, Diskin B, Wang W,
Leinwand J, Kurz E, Kochen Rossi JA, Hundeyin M, Zambrinis C, Li X,
Saxena D, Miller G. 2019. The fungal mycobiome promotes pancreatic
oncogenesis via activation of MBL. Nature 574:264-267. https://doi.org/
10.1038/541586-019-1608-2

Lin Y, Lau HC-H, Liu Y, Kang X, Wang Y, Ting NL-N, Kwong TN-Y, Han J, Liu
W, Liu C, She J, Wong SH, Sung JJ-Y, Yu J. 2022. Altered mycobiota
signatures and enriched pathogenic Aspergillus rambellii are associated
with colorectal cancer based on multicohort fecal metagenomic
analyses. Gastroenterology 163:908-921. https://doi.org/10.1053/j.gastr
0.2022.06.038

Qin X, Gu Y, Liu T, Wang C, Zhong W, Wang B, Cao H. 2021. Gut
mycobiome: a promising target for colorectal cancer. Biochimica et
Biophysica Acta (BBA) - Reviews on Cancer 1875:188489. https://doi.org/
10.1016/j.bbcan.2020.188489

Luo M, Liu Y, Hermida LC, Gertz EM, Zhang Z, Li Q, Diao L, Ruppin E, Han
L. 2022. Race is a key determinant of the human intratumor microbiome.
Cancer Cell 40:901-902. https://doi.org/10.1016/j.ccell.2022.08.007

Yazici C, Wolf PG, Kim H, Cross T-WL, Vermillion K, Carroll T, Augustus GJ,
Mutlu E, Tussing-Humphreys L, Braunschweig C, Xicola RM, Jung B, Llor
X, Ellis NA, Gaskins HR. 2017. Race-dependent association of sulfido-
genic bacteria with colorectal cancer. Gut 66:1983-1994. https://doi.org/
10.1136/gutjnl-2016-313321

Deschasaux M, Bouter KE, Prodan A, Levin E, Groen AK, Herrema H,
Tremaroli V, Bakker GJ, Attaye |, Pinto-Sietsma S-J, van Raalte DH, Snijder
MB, Nicolaou M, Peters R, Zwinderman AH, Backhed F, Nieuwdorp M.
2018. Depicting the composition of gut microbiota in a population with
varied ethnic origins but shared geography. Nat Med 24:1526-1531. http
s://doi.org/10.1038/541591-018-0160-1

Zhang F, Aschenbrenner D, Yoo JY, Zuo T. 2022. The gut mycobiome in
health, disease, and clinical applications in association with the gut
bacterial microbiome assembly. Lancet Microbe 3:¢969-e983. https://do
i.org/10.1016/52666-5247(22)00203-8

Fashoyin-Aje LA, Akalu AY, Boehmer J, Pazdur R, Donoghue M, Reaman
GH. 2024. Review of racial and ethnic representation of participants
enrolled in pediatric clinical trials of oncology drugs conducted through
FDA written requests. JAMA Oncol 10:380-383. https://doi.org/10.1001/j
amaoncol.2023.5781

Byrd D, Wolf P. 2024. The microbiome as a determinant of racial and
ethnic cancer disparities. Nat Rev Cancer 24:89-90. https://doi.org/10.10
38/541568-023-00638-7

Narunsky-Haziza L, Sepich-Poore GD, Livyatan |, Asraf O, Martino C,
Nejman D, Gavert N, Stajich JE, Amit G, Gonzalez A, et al. 2022. Pan-
cancer analyses reveal cancer-type-specific fungal ecologies and
bacteriome interactions. Cell 185:3789-3806. https://doi.org/10.1016/j.c
€ll.2022.09.005

Poore GD, Kopylova E, Zhu Q, Carpenter C, Fraraccio S, Wandro S,
Kosciolek T, Janssen S, Metcalf J, Song SJ, Kanbar J, Miller-Montgomery
S, Heaton R, Mckay R, Patel SP, Swafford AD, Knight R. 2020. Microbiome
analyses of blood and tissues suggest cancer diagnostic approach.
Nature 579:567-574. https://doi.org/10.1038/541586-020-2095-1

Gihawi A, Ge Y, Lu J, Puiu D, Xu A, Cooper CS, Brewer DS, Pertea M,
Salzberg SL. 2023. Major data analysis errors invalidate cancer
microbiome findings. mBio 14:e0160723. https://doi.org/10.1128/mbio.0
1607-23

Yuan Y, Liu L, Chen H, Wang Y, Xu Y, Mao H, Li J, Mills GB, Shu Y, Li L,
Liang H. 2016. Comprehensive characterization of molecular differences
in cancer between male and female patients. Cancer Cell 29:711-722. htt
ps://doi.org/10.1016/j.ccell.2016.04.001

Ye Y, Hu Q, Chen H, Liang K, Yuan Y, Xiang Y, Ruan H, Zhang Z, Song A,
Zhang H, Liu L, Diao L, Lou Y, Zhou B, Wang L, Zhou S, Gao J, Jonasch E,
Lin SH, Xia Y, Lin C, Yang L, Mills GB, Liang H, Han L. 2019. Characteriza-
tion of hypoxia-associated molecular features to aid hypoxia-targeted
therapy. Nat Metab 1:431-444. https://doi.org/10.1038/s42255-019-0045
-8

Weinstein JN, Collisson EA, Mills GB, Shaw KRM, Ozenberger BA, Ellrott K,
Shmulevich |, Sander C, Stuart JM, The Cancer Genome Atlas Research
Network. 2013. The cancer genome atlas pan-cancer analysis project.
Nat Genet 45:1113-1120. https://doi.org/10.1038/ng.2764

Issue 0

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34,

35.

36.

37.

38.

39.

Microbiology Spectrum

Hu C, Chen X, Yao C, Liu Y, Xu H, Zhou G, Xia H, Xia J. 2020. Body mass
index-associated molecular characteristics involved in tumor immune
and metabolic pathways. Cancer Metab 8:21. https://doi.org/10.1186/s4
0170-020-00225-6

Law CW, Chen Y, Shi W, Smyth GK. 2014. Voom: precision weights unlock
linear model analysis tools for RNA-seq read counts. Genome Biol
15:R29. https://doi.org/10.1186/gb-2014-15-2-r29

Mecham BH, Nelson PS, Storey JD. 2010. Supervised normalization of
microarrays. Bioinformatics 26:1308-1315. https://doi.org/10.1093/bioin
formatics/btq118

Gihawi A, Cooper CS, Brewer DS. 2023. Caution regarding the
specificities of pan-cancer microbial structure. Microb Genom
9:mgen001088. https://doi.org/10.1099/mgen.0.001088

Sepich-Poore GD, Kopylova E, Zhu Q, Carpenter C, Fraraccio S, Wandro S,
Kosciolek T, Janssen S, Metcalf J, Song SJ, Kanbar J, Miller-Montgomery
S, Heaton R, Mckay R, Patel SP, Swafford AD, Knight R. 2023. Reply to:
caution regarding the specificities of pan-cancer microbial structure.
biorxiv. https://doi.org/10.1101/2023.02.10.528049

Offord C. 2023. 'Major errors' alleged in landmark study that used
microbes to identify cancers. Science. https://doi.org/10.1126/science.ad
k1012.

Nash AK, Auchtung TA, Wong MC, Smith DP, Gesell JR, Ross MC, Stewart
CJ, Metcalf GA, Muzny DM, Gibbs RA, Ajami NJ, Petrosino JF. 2017. The
gut mycobiome of the Human Microbiome Project healthy cohort.
Microbiome 5:153. https://doi.org/10.1186/540168-017-0373-4

Wang Y, LéCao K-A. 2020. Managing batch effects in microbiome data.
Brief Bioinformatics 21:1954-1970. https://doi.org/10.1093/bib/bbz105
Bastiaanssen TFS, Quinn TP, Loughman A. 2022. Bugs as features (Part I):
concepts and foundations for the compositional data analysis of the
microbiome-gut-brain axis. arXiv. https://doi.org/10.48550/ARXIV.2207.1
2475

Johnson WE, Li C, Rabinovic A. 2007. Adjusting batch effects in
microarray expression data using empirical Bayes methods. Biostatistics
8:118-127. https://doi.org/10.1093/biostatistics/kxj037

Sims AH, Smethurst GJ, Hey Y, Okoniewski MJ, Pepper SD, Howell A,
Miller CJ, Clarke RB. 2008. The removal of multiplicative, systematic bias
allows integration of breast cancer gene expression datasets - improving
meta-analysis and prediction of prognosis. BMC Med Genomics 1:42. htt
ps://doi.org/10.1186/1755-8794-1-42

Ma 'S, Shungin D, Mallick H, Schirmer M, Nguyen LH, Kolde R, Franzosa E,
Vlamakis H, Xavier R, Huttenhower C. 2022. Population structure
discovery in meta-analyzed microbial communities and inflammatory
bowel disease using MMUPHin. Genome Biol 23:208. https://doi.org/10.
1186/513059-022-02753-4

Wang Y, Lé Cao K-A. 2023. PLSDA-batch: a multivariate framework to
correct for batch effects in microbiome data. Brief Bioinformatics
24:bbac622. https://doi.org/10.1093/bib/bbac622

Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, Smyth GK. 2015.
Limma powers differential expression analyses for RNA-sequencing and
microarray studies. Nucleic Acids Res 43:e47-e47. https://doi.org/10.109
3/nar/gkv007

Li L, Greene T. 2013. A weighting analogue to pair matching in
propensity score analysis. The International Journal of Biostatistics
9:215-234. https://doi.org/10.1515/ijb-2012-0030

Dohlman AB, Klug J, Mesko M, Gao IH, Lipkin SM, Shen X, lliev ID. 2022. A
pan-cancer mycobiome analysis reveals fungal involvement in
gastrointestinal and lung tumors. Cell 185:3807-3822. https://doi.org/10
.1016/j.cell.2022.09.015

Zhong M, Xiong Y, Zhao J, Gao Z, Ma J, Wu Z, Song Y, Hong X. 2021.
Candida albicans disorder is associated with gastric carcinogenesis .
Theranostics 11:4945-4956. https://doi.org/10.7150/thno.55209

Zhang L, Chen C, Chai D, Li C, Qiu Z, Kuang T, Liu L, Deng W, Wang W.
2023. Characterization of the intestinal fungal microbiome in patients
with hepatocellular carcinoma. J Transl Med 21:126. https://doi.org/10.1
186/512967-023-03940-y

Hoffmann C, Dollive S, Grunberg S, Chen J, Li H, Wu GD, Lewis JD,
Bushman FD. 2013. Archaea and fungi of the human gut microbiome:
correlations with diet and bacterial residents. PLoS One 8:66019. https:/
/doi.org/10.1371/journal.pone.0066019

Suhr MJ, Banjara N, Hallen-Adams HE. 2016. Sequence-based methods
for detecting and evaluating the human gut mycobiome. Lett Appl
Microbiol 62:209-215. https://doi.org/10.1111/lam.12539

Sun'Y, Zuo T, Cheung CP, Gu W, Wan Y, Zhang F, Chen N, Zhan H, Yeoh
YK, Niu J, Du Y, Zhang F, Wen Y, Yu J, Sung JJY, Chan PKS, Chan FKL,

10.1128/spectrum.02310-25 13

Downloaded from https://journals.asm.org/journal/spectrum on 30 March 2026 by 84.228.112.111.


https://doi.org/10.1016/j.ccell.2022.01.003
https://doi.org/10.1038/s41586-019-1608-2
https://doi.org/10.1053/j.gastro.2022.06.038
https://doi.org/10.1016/j.bbcan.2020.188489
https://doi.org/10.1016/j.ccell.2022.08.007
https://doi.org/10.1136/gutjnl-2016-313321
https://doi.org/10.1038/s41591-018-0160-1
https://doi.org/10.1016/S2666-5247(22)00203-8
https://doi.org/10.1001/jamaoncol.2023.5781
https://doi.org/10.1038/s41568-023-00638-7
https://doi.org/10.1016/j.cell.2022.09.005
https://doi.org/10.1038/s41586-020-2095-1
https://doi.org/10.1128/mbio.01607-23
https://doi.org/10.1016/j.ccell.2016.04.001
https://doi.org/10.1038/s42255-019-0045-8
https://doi.org/10.1038/ng.2764
https://doi.org/10.1186/s40170-020-00225-6
https://doi.org/10.1186/gb-2014-15-2-r29
https://doi.org/10.1093/bioinformatics/btq118
https://doi.org/10.1099/mgen.0.001088
https://doi.org/10.1101/2023.02.10.528049
https://doi.org/10.1126/science.adk1012
https://doi.org/10.1186/s40168-017-0373-4
https://doi.org/10.1093/bib/bbz105
https://doi.org/10.48550/ARXIV.2207.12475
https://doi.org/10.1093/biostatistics/kxj037
https://doi.org/10.1186/1755-8794-1-42
https://doi.org/10.1186/s13059-022-02753-4
https://doi.org/10.1093/bib/bbac622
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1515/ijb-2012-0030
https://doi.org/10.1016/j.cell.2022.09.015
https://doi.org/10.7150/thno.55209
https://doi.org/10.1186/s12967-023-03940-y
https://doi.org/10.1371/journal.pone.0066019
https://doi.org/10.1111/lam.12539
https://doi.org/10.1128/spectrum.02310-25

Research Article

40.

41.

42,

43.

44,

Month XXXX Volume 0

Wang K, Ng SC, Miao Y. 2021. Population-level configurations of gut
mycobiome across 6 ethnicities in Urban and Rural China. Gastroenterol-
ogy 160:272-286. https://doi.org/10.1053/j.gastro.2020.09.014

Zhu Y, Shi T, Lu X, Xu Z, Qu J, Zhang Z, Shi G, Shen S, Hou Y, Chen Y,
Wang T. 2021. Fungal-induced glycolysis in macrophages promotes
colon cancer by enhancing innate lymphoid cell secretion of IL-22.
EMBO J 40:105320. https://doi.org/10.15252/embj.2020105320

Frisvad J, Hubka V, Ezekiel CN, Hong SB, Novékova A, Chen AJ, Arzanlou
M, Larsen TO, Sklendf F, Mahakarnchanakul W, Samson RA, Houbraken J.
2019. Taxonomy of Aspergillus section Flavi and their production of
aflatoxins, ochratoxins and other mycotoxins. Stud Mycol 93:1-63. https:
//doi.org/10.1016/j.simyc0.2018.06.001

Ge Y, Lu J, Puiu D, Revsine M, Salzberg SL. 2025. Comprehensive analysis
of microbial content in whole-genome sequencing samples from the
cancer genome atlas project. Sci Transl Med 17:eads6335. https://doi.org
/10.1126/scitransImed.ads6335

Liu N-N, Yi C-X, Wei L-Q, Zhou J-A, Jiang T, Hu C-C, Wang L, Wang Y-Y,
Zou Y, Zhao Y-K, Zhang L-L, Nie Y-T, Zhu Y-J, Yi X-Y, Zeng L-B, Li J-Q,
Huang X-T, Ji H-B, Kozlakidis Z, Zhong L, Heeschen C, Zheng X-Q, Chen C,
Zhang P, Wang H. 2023. The intratumor mycobiome promotes lung
cancer progression via myeloid-derived suppressor cells. Cancer Cell
41:1927-1944. https://doi.org/10.1016/j.ccell.2023.08.012

Rao W-Q, Lin Z, Jiang J, Wang J-W, Lin Z-F, Fu R, Chen W-L, Chen Y-M,
Peng X-E, Hu Z-J. 2023. Esophageal mycobiome landscape and

Issue 0

45,

46.

47.

48.

49.

Microbiology Spectrum

interkingdom interactions in esophageal squamous cell carcinoma.
Gastroenterol Rep (Oxf) 11:goad022. https://doi.org/10.1093/gastro/goa
d022

Al-Hebshi NN, Borgnakke WS, Johnson NW. 2019. The microbiome of
oral squamous cell carcinomas: a functional perspective. Curr Oral
Health Rep 6:145-160. https://doi.org/10.1007/540496-019-0215-5

Mou W, Deng Z, Zhu L, Jiang A, Lin A, Xu L, Deng G, Huang H, Guo Z, Zhu
B, Wu'S, Yang T, Wang L, Liu Z, Wei T, Zhang J, Cheng L, Huang H, Chen R,
Shao Y, Cheng Q, Wang L, Yuan S, Luo P. 2025. Intratumoral mycobiome
heterogeneity influences the tumor microenvironment and immuno-
therapy outcomes in renal cell carcinoma. Sci Adv 11:eadu1727. https://
doi.org/10.1126/sciadv.adu1727

Ding T, Liu C, Li Z. 2025. The mycobiome in human cancer: analytical
challenges, molecular mechanisms, and therapeutic implications. Mol
Cancer 24:18. https://doi.org/10.1186/512943-025-02227-8

Vallianou N, Kounatidis D, Christodoulatos GS, Panagopoulos F,
Karampela I, Dalamaga M. 2021. Mycobiome and cancer: what is the
evidence? Cancers (Basel) 13:3149. https://doi.org/10.3390/cancers1313
3149

Liu W, Li Z, Li X, Cao H, Jiang H, Niu Q, Hu B. 2023. Influence of tumor
mycobiome on cancer pathogenesis (Review). Oncol Lett 26:541. https://
doi.org/10.3892/0l.2023.14128

10.1128/spectrum.02310-25 14

Downloaded from https://journals.asm.org/journal/spectrum on 30 March 2026 by 84.228.112.111.


https://doi.org/10.1053/j.gastro.2020.09.014
https://doi.org/10.15252/embj.2020105320
https://doi.org/10.1016/j.simyco.2018.06.001
https://doi.org/10.1126/scitranslmed.ads6335
https://doi.org/10.1016/j.ccell.2023.08.012
https://doi.org/10.1093/gastro/goad022
https://doi.org/10.1007/s40496-019-0215-5
https://doi.org/10.1126/sciadv.adu1727
https://doi.org/10.1186/s12943-025-02227-8
https://doi.org/10.3390/cancers13133149
https://doi.org/10.3892/ol.2023.14128
https://doi.org/10.1128/spectrum.02310-25

	Demography-dependent variability in the human tumor mycobiome
	MATERIALS AND METHODS
	Data
	NH22 data processing
	Critique of data processing techniques
	Cohort enhancement in NH22
	Testing the number of microbial reads
	Testing the effect of normalization
	Alternative normalizations and batch correction
	Fungal differential abundance

	RESULTS
	DISCUSSION


