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Abstract: The process of fermenting tofu extends back thousands of years and is an indispensable
part of Chinese culture. Despite a cultural resurgence in fermented foods and interest in microbiomes,
there is little knowledge on the microbial diversity represented in fermented “hairy” tofu, known
locally in China as Mao tofu. High-throughput metagenomic sequencing of the ITS, LSU and 165
rDNA was used to determine Mao tofu’s fungal and bacterial community diversity across four
wet markets in Yunnan, China. The results show that hairy tofu in this region consists of around
170 fungal and 365 bacterial taxa, and that microbial taxa differ between markets. Diversity also
differed based on the specific niche of the tofu block, comparing the outside rind-like niche to that
of the inside of the tofu block. Machine learning random forest models were able to accurately
classify both the market and niche of sample origin. An over-abundance of yeast and Geotrichum was
found, and Mucor (Mucoromycota) was abundant in the outside rind-like niche, which consists of the
visible ‘hairy” mycelium. The majority of the bacterial OTUs belonged to Proteobacteria, Firmicutes,
and Bacteroidetes, with Acinetobacter, Lactobacillus, Sphingobacterium and Flavobacterium the most
abundant genera. Putative fungal pathogens of plants (Cercospora, Diaporthe, Fusarium) and animals
(Metarhizium, Entomomortierella, Pyxidiophora, Candida, Clavispora) were also detected, as were putative
bacterial pathogens identified as Legionella. Non-fungal eukaryotic taxa detected by LSU amplicon
sequencing included soybean (Glycine max), Protozoa, Metazoa (e.g., Nematoda and Platyhelminthes),
Rhizaria and Chromista, indicating that additional biodiversity exists in the hairy tofu microbiome.

Keywords: soybean; UPARSE; high-throughput metagenomics; lactic acid bacteria; Tremellomycetes;
Geotrichum

1. Introduction

Soybean is an important crop with wide applications in livestock, fuel, and food
technologies. Soybean has relatively high levels of protein, fiber, vitamins, minerals, and
has a low amount of saturated fats [1]. Many well-known traditional foods are produced
by fermenting soybeans, including soy sauces, soy cheese, soy yogurt, stinky tofu, and Mao
tofu. Through fermentation, carbohydrates, proteins, and lipids from soybean are broken
down and converted through microbial metabolism [2], which significantly increases the
concentration of known beneficial compounds including isoflavones, antioxidant capacity,
B vitamins, and gamma-aminobutyric acid levels [3]. Fermented soybean products have
been shown to have anti-diabetic [4], antioxidant [5], anti-cancer [6,7], anti-inflammatory [8],
and anti-hyperlipidemic [9] properties. Fermented tofu has also been shown to stimulate
blood pressure [6,10], immunity [8], and neural activity [11], and is known to provide other
health benefits.
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Stinky tofu and Mao tofu are popular fermented soy products with cultural origins
in China. Through fermentation, stinky tofu and Mao tofu develop a pungent odor and
flavor [12]. Topically, stinky tofu has a smooth surface with a color that varies from golden
to black, while Mao tofu is typically hairy in appearance, from the growth of fluffy white
mycelia characteristic of zygomyceteous fungi. The fermentation principles of stinky tofu
and Mao tofu are very different, and the manufacturing procedures can vary from region
to region. Stinky tofu is made by soaking soybean curds in fermented stinky brine for a
few hours to several days, whereas Mao tofu is made by exposing the curds to open-air
without the addition of any microbiota or additional moisture [13].

Previous studies on the production of stinky tofu have shown that lactic acid bacteria
(Lactobacillus, Leuconostoc, Streptococcus, etc.) and other species of bacteria play a dominant
role in the fermentation [14-18]. The microbiology of Mao tofu is still not well-studied, but
fungi are assumed to be particularly important in the fermentation of Mao tofu given their
conspicuous fluffy nature. It has been hypothesized that the main causative fermenters
of Mao tofu are Mucor spp. [13]. Fermentation of Mao tofu is predicted to be influenced
by starting material inputs and environmental factors, including temperature, humidity;,
fermentation duration, and processing condition. However, despite its long history of
production and consumption, there is a dearth of information on the composition and
structure of the microbial communities associated with Mao tofu.

To address this, we studied 72 Mao tofu samples from four markets in Yunnan, China.
We characterized the fungal and bacterial communities in the exterior and internal niche of
Mao tofu through high-throughput metagenomic sequencing of the internal transcribed
spacer (ITS), the large subunit (LSU) of the nuclear ribosomal DNA, and the 16S ribosomal
RNA gene to test the hypotheses that: (i) there is a core group of microbial taxa in fermented
tofu; (ii) microbial communities are structured by region or market; and (iii) microbial
community diversity on the exterior of Mao tofu differs from that of the interior.

2. Material and Methods
2.1. Sampling

We sampled Mao tofu from four wet markets located across Kunming City (Ciba)
and Jianshui City (Longjin, Wanyao, and New District) in Yunnan, China (Figure S1).
From each market, three individual pieces of mature Mao tofu samples were purchased
from three independent vendors, and from each piece of tofu we sampled both inside
(internal) and outside (external) microbial niches. Physico-chemical parameters involved
in the production of Mao tofu in each region differed, but we were not able to access
these parameters directly in this study. A total of 72 samples, 36 for each niche, were
analyzed here.

2.2. DNA Extraction, Amplification and NGS Library Preparation

Tofu samples were carried back to the lab from the market in sterile plastic bags and
~1 g of was collected from the outside of each piece and placed in a cetyl trimethylam-
monium bromide (CTAB) 4x DNA buffer. Samples were then carefully split open, and
~1 g of internal tofu was sampled with sterile forceps and placed in a different tube con-
taining CTAB. DNA was extracted from samples through chloroform extraction, and then
precipitated and washed with ethanol as previously described [19]. The fungal internal
transcribed spacer (ITS) region of the ribosomal RNA (rRNA) was amplified with the ITS1F-
ITS4 primer set [20,21]. ITS markers provide species-level identification in many cases,
but may bias against organisms with long ITS sequences, such as those in the Mucoromy-
cota and Zoopagomycota [22]. Therefore, the large subunit (LSU) region of ribosomal
RNA (rRNA) was amplified with the primers LROR-LR3 [23] to target eukaryotes and as
a second marker for fungi. Prokaryotic V4 region of the 165 rRNA was amplified with
the primer 515F-806R [24]. Amplicon libraries were prepared as described in previous
studies [19,25,26]. Amplicon libraries were sequenced on a MiSeq Illumina platform with
v3 300 PE chemistry.
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2.3. Bioinformatics

The raw data quality of ITS, LSU, and 16S read data was assessed by FastQC (http://
www.bioinformatics.babraham.ac.uk/projects/fastqc/, accessed on 25 May 2020). For each
dataset, sequences were then demultiplexed in QIIME according to barcode indices [27].
Subsequently, Illumina adapters and primers were trimmed off the reads with Cutadapt [28].
Reads were then filtered according to maximum expected errors = 0.5 for ITS, 1.0 for
LSU, and 0.1 for 16S to account for different error rates obtained during each sequencing
run. Conserved regions upstream (SSU) and downstream (5.85) of ITS1 were removed as
described previously [29]. Sequences were trimmed to lengths of 200 nucleotides for ITS
and 250 bp for LSU and 16S [30,31]. Sequences were then de-replicated, singleton sequences
were removed, and remaining sequences were used to create operational taxonomic units
(OTUs) at 97% similarity threshold with the UPARSE algorithm [32].

Taxonomic assignments of OTUs were performed with the RDP Naive Bayesian
Classifier [33] against the 165 and LSU representative sequence releases for the 165 and LSU
data, respectively, and with CONSTAX [34] against the UNITE (V.04.02.2020) fungal rDNA
reference database [35] for ITS. Ambiguous taxonomy assignments were manually checked
with the BLAST algorithm against the NCBI GenBank database [36] (https://www.ncbi.
nlm.nih.gov/, accessed on 25 May 2020).

2.4. Statistical Analyses

The 16S, LSU, and ITS OTU tables, metadata, taxonomy, and reference sequences
files were imported in the R statistical environment [37] and combined in phyloseq [38] as
objects for the subsequent analysis. Datasets were then filtered, removing all sequences
belonging to mitochondria, chloroplast, non-target organisms, and potential contaminants
as detected by the decontam package [39]. Control samples were then removed from the
datasets. Plots showing contaminant OTU frequency and histogram of sample libraries
distribution are available in Figure S2. Rarefaction curves were calculated in vegan [40]
using the function “rarecurve”. Observed OTU richness and the Shannon diversity index
were calculated in vegan with the “specnumber” and “diversity” functions [40]. Shannon
index [H = Z?:l pilog(p;)] was then transformed into the Shannon equitability index
(EH=1- log%)’ with k denoting the number of species (i.e., OTUs) and p; the proportional
abundance of species i. This normalizes the Shannon index to a value between 0 and 1 with
higher values indicating greater evenness.

We adopted random forest (RF) models to identify which OTUs across the ITS, LSU
and 16S datasets differentiated markets and microbial niches. This was accomplished
with the “randomforest” function in the randomForest R package [41]. Random forest
models were optimized by testing different numbers of trees to reach the lowest and stable
out-of-bag (OOB) error estimate possible, and the best mtry value (number of features
randomly sampled from the entire pool for each tree at each split) with the “tuneRF”
function in randomForest R package. We then generated a matrix of 1—proximity matrix
and used it to build a multidimensional scaling (MDS) ordination (analog to PCoA) using
the “cmdscale” function in the stats package to graphically show the prediction obtained
with the RF model. The importance of features to differentiate sample groups was assessed
by calculating the mean decrease accuracy of the model when a particular OTU is removed
from the community. Significance of RF models was assessed using 999 permutations
(RF models were repeated 999 times) with the “rf.significance” function in the rfUtilities
R package [42]. Additionally, a taxon-group association analysis was used to assess the
degree of correlation and significance of each OTU for the target group in relation to other
groups and the overlap with the most important features for classification obtained with
the RF models. An association analysis was performed with the function multipatt with the
“r.g” parameter in the “indicspecies” R package [43].

Two components of (3-diversity were assessed: (i) community structure, defined as the
difference in multivariate space between samples and sample groups, and (ii) community
dispersion, defined as the multivariate variance within each sample group. To visualize
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B-diversity, we first standardized the data by rescaling each OTU count to 0-1. In this
way, each OTU was independent from the others and all OTUs had the same scale and
different slope, which removed differences in sequencing depth caused by differing library
sizes between taxa [44]. Second, we performed principal coordinate analysis (PCoA) on the
Bray-Curtis distance matrix with the function “ordinate” in phyloseq [38]. A permutational
multivariate analysis of variance (PERMANOVA) was used to test differences among a
priori defined sample groups [45] with the functions “adonis” in the vegan R package. We
used the “calc_pairwise_permanovas” function in the mctoolsr R package [46] to identify
which groups were significantly different from others (calculate pairwise post hoc compar-
isons between factor levels). We used the “betadisper” function in vegan [40] to assess the
amount of multivariate dispersions [47] around centroids.

A Procrustes analysis [48] was carried out in combination with a randomization
test [49] and the “protest” function in vegan [40] to investigate the concordance between
the fungal and bacterial communities, and to test whether ITS and LSU showed similar
structure. Concordance represents similarity in 3-diversity between two communities
across samples or sample groups and can indicate co-occurrence or similar responses of
both communities to environmental factors.

Heatmap trees were generated to visualize taxon relative abundance in different tofu
niches with the function “plot_heat” in the metacoder [50] R package. For the LSU heat tree,
11 non-fungal OTUs were retained because of their biological and sanitary importance. All
graphs were plotted using ggplot2 [51] and ggpubr [52] R packages.

Significant differences between factors were tested with non-parametric Kruskal-
Wallis, pairwise Wilcoxon, and ANOVA-like permutation tests and p-value corrected for
multiple comparisons (Bonferroni method), unless specified otherwise.

3. Results
3.1. Generating OTUs from MiSeq Data

After the demultiplexing step, we obtained a total of 6,518,019 ITS (fungal) sequence
reads, along with 16,408,779 for LSU (eukaryotic/fungal), and 3,168,370 for 16S (bacterial)
DNA markers, respectively. The six negative controls included in the MiSeq run had
0.22%, 0.02%, and 0.007% of the demultiplexed reads in the ITS, LSU, and 165 datasets,
respectively. After removing non-target organisms, unclassified and contaminants OTUs
(Figure S2), we obtained a total of 169, 167 and 365 OTUs for the ITS, LSU, and 16S libraries,
distributed in 72 total samples. The ITS otu_table had 3,362,770 total counts with an average
of 46,705.1 (£23,018.4 standard deviation) sequence reads per sample, the LSU otu_table
had 8,596,493 counts and 119,395.7 &+ 75,525.0, and the 16S otu_table had 2,459,152 counts
and 34,154.9 £ 17,513.9 sequence reads per sample. We report cumulative read number
for each marker divided by market (Figure S3). Non-fungal Eukaryota organisms from
the LSU dataset were represented by 16 OTUs in total (46,825 counts and 793.6 £1678.3
sequence reads).

3.2. Alpha Diversity

Rarefaction curves (Figure S4) showed that most of the samples were exhaustively
sampled as OTU richness plateaued, but there were a few exceptions. In general, we
detected significant differences in OTU richness across markets and niches (Figure 1).
Across the different markets, the inside niche generally had significantly lower richness
with respect to those on the outside niche with the exception of Wanyao (and also Longjin
for 16S). The Ciba market had the lowest fungal (Figure 1A,B) and bacterial (Figure 1C)
richness overall, while Mao tofu from Longjin and New District markets had significantly
higher richness across all three DNA markers.
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Figure 1. Boxplot of observed species richness for ITS (A), LSU (B), and 165 (C) rDNA markers data
sets microbial communities. Data are shown for the niche sampled (inside vs. outside of the tofu
sample) for each of the four markets sampled. Red diamonds represent the mean of the distribution.
Letters, when present, represent pairwise Wilcoxon tests among groups after a Kruskal-Wallis test
(p < 0.05 after Bonferroni adjustment). Outliers are marked with an asterisk (¥).

The Shannon equitability index (EH) showed no significant differences between mar-
kets in the inside niche for ITS, but the New District market had higher evenness than Ciba
on the outside niche (Figure S5A). In contrast, the LSU (Figure S5B) and 16S (Figure S5C)
data showed no significant differences between markets in the outside niche, but the Ciba
and Lonjin samples showed higher evenness than other markets. No significant differ-
ences were present when comparing inside and outside niches within different markets
(Figure S5A,B), with the exception of the New District market (Figure S5C) in the 165
dataset, where the inside niche had significantly higher evenness.

3.3. Beta Diversity

The PCoA ordinations show that samples from different markets cluster separately, pri-
marily according to the market of origin, and secondarily according to the niche (Figure 2).
The first axis, with the highest fraction of explained variance (10.5-11.4%), was clearly
driven by differences in community structure between markets in the ITS data (Figure 2A)
and niche in the LSU and 16S data (Figure 2B,C), although the pattern was less robust in
the LSU data. Generally, samples from the Ciba market clustered closely together, and
separate from those of other markets.
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Figure 2. Principal coordinate analysis (PCoA) ordinations and sample distance from group centroids
(dispersion) distributions for the two factors assesses (market and niche). Model significance was
tested using ANOVA-like permutation test (permutations = 9999) and p-values adjusted using the
Bonferroni method. Letters, when present, represent pairwise permutation tests. Data are shown
for ITS (A, D), LSU (B,E) and 16S (C,F) rDNA markers. Outliers are marked with an asterisk (*). Red

diamonds represent the mean of the distribution.

The results of PERMANOVA show that market, niche, and the interaction between
these two factors are significant (p < 0.01 after Bonferroni correction) factors in all three
DNA marker datasets (Table 1). Market had the highest RZ in the ITS data (19.3%), followed
by 16S (17.0%) and LSU (15.8%). The niche factor had an R? of about 5% to 5.6% across
markets, and the interaction factor varied from 7.9% to 10.2%, with the lowest value in
the ITS dataset (Table 1). Group dispersion around centroids is another important layer
of B-diversity, since it helps us to understand differences between samples within the
same group. We found that samples from the Ciba market had higher and significantly
different spread with respect to other markets in the ITS and 16S datasets (Figure 2D,F),
while non-significant differences were found in the LSU dataset (Figure 2E). Again, sam-
ples from the inside niche were significantly more dispersed (less similar) than those of
the outside niche in the ITS and LSU datasets (Figure 2D,E), but not in the 16S dataset
(Figure 2F). Pairwise PERMANOVAs were not significant for market in any of the DNA
markers, while inside and outside niches were significantly different in the LSU (R? = 0.199,
p-value = 0.042 after Bonferroni correction) and 16S (R? = 0.192, p-value = 0.014 after Bon-
ferroni correction) datasets.
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Table 1. Results from permutational multivariate analysis of variance (PERMANOVA) of ITS, LSU
and 165 rDNA for market (Ciba, Longjin, Wanyao, New District) and tofu niche (inside vs. outside of
the tofu sample) as well as their interaction (market:niche) are shown. All p-values were adjusted
using the Bonferroni method.

Factor ITS LSU 16S
Df  F-Value R2  p-Value Df F-Value R2  p-Value Df  F-Value R2  p-Value
Market 3 6.070 0.193  0.0003 3 4.891 0.158  0.0003 3 5.423 0.170  0.0003
Niche 1 4.708 0.050  0.0003 1 5.244 0.057  0.0003 1 5.420 0.057  0.0003
Market:Niche 3 2.502 0.079  0.0003 3 2.934 0.095  0.0003 3 3.260 0.102  0.0003
Residuals 64 0.678 62 0.690 64 0.670
Total 71 1.000 69 1.000 71 1.000

Procrustes analysis found statistically significant (p = 0.0001, permutations = 9999)
concordance (i.e., similarity in multivariate 3-diversity or community structure) between
the ITS and LSU (Figure 3A), ITS and 16S (Figure 3B), and LSU and 16S (Figure 3C)
ordinations. ITS and LSU both target fungi and their ordinations had the highest correlation
and the lowest m?, suggesting a high concordance between these markers. Although lower,
ITS-16S and LSU-16S Procrustes rotations also showed high concordance, indicating co-
occurrence or interdependence of these sets or organisms. Procrustes residual error plots
(Figures 3D-F and S6) allowed the identification of individual samples or sample groups
that had the best concordance. For example, in the ITS-LSU Procrustes rotation, the New
District samples had significantly lower mean residual (i.e., better fit) than those of Ciba,
while Ciba was the market with the lowest mean residual in the 16S dataset. Interestingly,
in the ITS-16S Procrustes rotation, the samples of the inside niche showed significantly
lower residual than those of the outside niche (Figure 3F).

3.4. Random Forest Models and Indicator Taxa

We built very accurate random forest (RF) models to classify samples to a market or a
tofu niche based on the high-throughput DNA marker data. A graphical visualization of
model prediction accuracy was generated using a MDS ordination of the 1-proximity matrix
and is reported in Figure 4. The out-of-bag (OOB) error rate estimate, whicht represents
the amount of misclassification performed by the modes, was generally lower for market
than niche. The best model was obtained for the 16S dataset for tofu prediction of the
market of origin, where 9.61% of the predictions were correct (Figure 4C). Models obtained
for the LSU dataset (Figure 4B) were not as good, but still 87.5% of the predictions were
accurate. Models for the ITS data performed well, with 95.83% and 91.67% model accuracy
for market and niche (Figure 4A).

We plotted the mean decrease accuracy of the top 20 OTUs for each RF model to
identify how much the RF model accuracy decreases if we drop a variable from the model
(Figure 5). Additionally, we included the r.g correlation value (with 0.05 after fdr correction)
of each of the 20 OTUs to a sample group. The most important OTUs for classification
in the ITS (Figure 5A) and LSU (Figure 5B) RF models differed. In particular, the most
predictive OTUs in the ITS dataset markets were classified as Lachancea sp. (FOTU_12),
Candida tropicalis (FOTU_14), Diutina catenulata (FOTU_7), and in the LSU dataset the most
predictive OTUs were Trichosporon sp. (EOTU_4), Mucor sp. (EOTU_9), and Torulaspora sp.
(EOTU_3). Similarly, the OTUs contributing the highest mean decrease accuracy for ITS
were Candida sp. (FOTU_124), Geotrichum candidum (FOTU_163), and Clavispora lusitaniae
(FOTU_43) and for LSU were Saturnispora sp. (EOTU_5), Debaryomyces sp. (EOTU_12), and
Candida sp. (EOTU_2). Lactobacillus mucosae (BOTU_33), Acinetobacter sp. (BOTU_16), and
Weissella sp. (BOTU_5) for the markets, and Acetobacter sp. (BOTU_15), Enterococcus sp.
(BOTU_12), and Corynebacterium sp. (BOTU_125) for niches were the top OTUs in the 16S
dataset (Figure 5C). Most of the highly important OTUs for classification were correlated to
the Longjin or Ciba market in the ITS dataset, and to Wanyao, Longjin and New District in
the LSU dataset.
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Figure 3. Procrustes plots for (A) ITS and LSU ordinations, (B) ITS and 16S ordinations, and (C) LSU
and 16S ordinations. Each sample is represented by two points, connected by an arrow; the arrow
starts at the target community and points toward the rotated community. M? represents the Procrustes
sum of squares and r represents the correlation in a symmetric Procrustes rotation (r = /(1 — m?2)).
Tests were run using 9999 permutations. The distribution of Procrustes residuals for each of the
comparisons and both market and niche (sample from external or internal part of tofu) is shown in
(D-F). Letters, when present, represent pairwise Wilcoxon tests among groups after a Kruskal-Wallis
test (p < 0.05 after Bonferroni adjustment). Outliers are marked with an asterisk (*). Red diamonds
represent the mean of the distribution.
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Figure 4. Metric multidimensional scaling (MDS) ordinations of random forest models 1-proximity
matrix to visualize accuracy of market and niche sample classification in the (A) ITS dataset, (B) LSU
dataset, and (C) 16S dataset. Samples that cluster within the wrong groups may represent misclassifi-
cations.

3.5. Microbial Diversity and Composition

Fungal and bacterial taxonomic diversity as well as core taxa (defined as taxa shared
across > 90% of the samples) of Mao tofu were visualized through heatmap trees (Figure 6)
with an emphasis on the inside niche (i.e., colored nodes).

The ITS dataset showed a dominance of Ascomycota (78.9% relative abundance) with
respect to Basidiomycota (16.7%) and Mucoromycota (3.4%). Geotrichum was the most
abundant genus (17.2%), followed by Trichosporon (8.0%), Pichia (7.7%), Clavispora (6.3%),
Dipodascus (5.7%), and Candida (5.6%). These genera were also core taxa in the overall
dataset and present in >80% (n = 28-31) of the samples in the inside niche (Figure 6A)
together with Apiotichum that showed high frequency (79.2%) but low abundance (1.4%).
Geotrichum candidum (16.5) and Clavispora lusitaniae (5.4%), Lachancea sp. (2.3%) and Diutina
catenulata (1.4%) were present with high frequency in Wanyao and New District but not so
in Ciba and Lonjin, demonstrating their power for classifying these markets through the
RF models (see Figure 4A). Mucor, which is expected to be present in hairy tofu, was in low
abundance (1.1%) and low frequency (26.3% of the total samples and 30.6% of the inside
samples). Other interesting taxa included plant and insect pathogens, such as Fusarium
(0.6%), Epicoccum (0.3%), Alternaria, (1.6%) Metarhizium (0.3%), Entomortierella (0.7%), all
with low frequencies (1.4-15.3%) across samples.
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Figure 5. Top 20 OTUs with the highest mean decrease accuracy obtained in the random forest
models for the (A) ITS, the (B) LSU, and (C) 16S rDNA marker datasets. Significant (with p < 0.05
after fdr correction) correlations (i.e., .g. value) with samples of different markets or niches (sample
from external or internal part of tofu) are reported within each bar, while colors specify the sample
groups that OTUs are correlated with.
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Figure 6. Heatmap abundance trees to visualize tofu microbial composition according the (A) ITS,
the (B) LSU, and (C) 16S metagenomic marker datasets. The plot shows the number of samples from
the inside niche (sampled from the inside of the tofu) that have counts (i.e., sequence reads) for each
taxon as the color of each taxon. Core taxa have darker colors, while grey represents taxa that were
absent in samples from the inside niche. The number of OTUs assigned to each taxon in the overall

dataset is represented by the node size.
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The LSU dataset (Figure 6B) was also composed mostly of Ascomycota (60.1%) and
Basidiomycota (14.6%), but with a larger proportion of Mucoromycota (7.7%). Mucor was
abundant (5.6%) and frequent (present in the 72.2% of the total samples, 58.3% in the
inside samples, and 86.1% in the outside samples) with respect to the ITS data. Other core
genera included Geotrichum (10.7%), Torulaspora (8.8%), Trichosporon (5.5%), Pichia (4.5%),
and Candida (4.2%), with frequencies above 80% in the whole dataset and part of the top
taxa for market classification in the RF models (See Figure 5B). Several plant pathogen- and
insect-associated fungi were detected with LSU, including Cladosporium (0.4%), Wallemia
(0.4%), Acremonium (0.2%), Fusarium (0.1%) and Cercospora sojina (0.1%), an actual soybean
pathogen, all with low frequencies (1.4—4.2% overall), and mostly in the outside niche. One
out in the Entomortierella (1.1%) genus and one in the Laboulbeniomycetes (0.1%) were
also present in the outside niche and the New District market. Many non-fungal taxa of
interest were detected in the LSU data. For example, soybean (Glycine max (0.2%)) and
other Plantae (1.5%) and Protozoa (0.7%) were represented with 9.7% frequency, Metazoa
(8.4%) were represented with 44% frequency, Nematoda (0.5%) were represented with
11.1% frequency, Platyhelminthes (6.3%) were represented with 29% frequency (44.4 in
the outside niche), Chromista (1.5%) were represented with 15.3% frequency and Rhizaria
(2.7%) were represented with 56.9% frequency (86.1% in the inside niche).

Proteobacteria (34.7%), Firmicutes (33.5%), Bacteroidetes (15.4%) and Actinobacteria
(8.5%) were abundant in the 165 dataset (Figure 5C). Core genera included Lactobacillus
(10.7%), present in all samples; Leuconostoc (3.2%), with 98.6% frequency; Dysgonomonas
(3.1%), with 69% frequency overall and 25 samples in the inside niche; Acinetobacter (2.9%),
with 93.1% frequency; Sphingobacterium (2.4%), with 87% frequency overall and present
in 28 samples in the inside niche; and Flavobacterium (2.2%), with 61.1% frequency and
in 23 samples in the inside niche. The bacterial OTUs with the highest mean decrease
accuracy in the RF models to predict market and niche were Acinetobacter, Lactobacillus
mucosae (0.1%), with 29.1% frequency; Weissella (1.4%), with 98.6% frequency; Enterococcus
(0.9%), with 94.4% frequency; and Corynebacterium (0.9%), with 69.4% frequency overall.
One out belonging to Legionella (0.01%) was detected in the outside niche of the New
District market.

4. Discussion

Mao tofu is a fermented food that is deeply rooted in traditional Chinese cuisine and
has been consumed for hundreds of years [53,54]. Yet, prior to this study, there were few
data available on the microbial diversity associated with this traditional fermented food.
Our high-throughput amplicon sequencing results from three rDNA loci demonstrate that
the fungal and bacterial diversity of Mao tofu differs between markets, and between the
inside and outside rind-like niche of Mao tofu samples.

Given that the common name ‘hairy tofu’ is in reference to the zygomyceteous fungal
mycelium that grows from the external surface of this fermented food, we were particularly
interested in the fungal community in this study. We found that Mao tofu is composed of
Ascomycota (varying from 60.1-78.9%), Basidiomycota (14.6-16.7%) and Mucoromycota
(3.4-7.7%) taxa. Perhaps unsurprisingly, fungal communities in Mao tofu were over-
represented by yeasts. Mucor was particularly abundant in our tofu samples from the LSU
dataset compared to the ITS, especially in the outside niche where most of the mycelium
develops as a rind-like community. This was not surprising, since ITS is known to bias
against basal fungal lineages that have longer ITS sequence lengths [22], and given that
the ITS1F primer has multiple internal mismatches to nearly all taxa in the subphylum
Mucoromycotina [55]. As shown previously, Mucor impacts the quality of the final product
through proteolytic processes and release of nutrients, impacting the texture and flavor of
Mao tofu [13,56].

Yeasts belonging to Tremellomycetes and Saccharomycetes included most of the core
members of Mao tofu. The dimorphic species Geotrichum candidum was the most abundant
OTU (10.7-16.5%), and was shared across almost all samples in the ITS dataset. This yeast
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is present in soil and decaying plant debris, but has also been identified as one of the main
components of the microflora of soft cheeses such as camembert and semi-fresh goat’s and
ewe’s milk cheese [57,58]. Comparative genomic studies of yeasts in the Saccharomycetales
have shown that G. candidum has retained in its genome a set of cellulases that can be used
to break down cellulose in the environment. This may explain the ecological ability of
G. candidum to grow on cellulose-rich plant-derived material such as fermented soybean
curds [13,59]. Other yeasts, such as Clavispora, Candida, Dipodascus, Pichia, Torulaspora,
Diutina, and Trichosporon, were also abundant and frequent both inside and outside Mao
tofu. Most of these taxa are also components of the cheese microbiome [60], as well as other
fermented tofu products including stinky tofu [12] and Tempeh [61]. Interestingly, some of
the non-Saccharomyces taxa detected have been proposed as potential mixed starters given
their beneficial activities for the production of fermented foods and beverages. For example,
they increase acidity and improve the primary and secondary aroma of wines [62—-64], and
can influence foam stability and flavor in beers [65]. Others have been considered to
be contaminants of dairy products [66,67]. Yeasts are known to have shorter ITS rDNA
amplicon length, while Mucoromycota generally have longer than average ITS rDNA
lengths [22]. Given the bias of Illumina sequencing, it is possible that yeasts are over-
represented and Mucoromycota are under-represented in ITS datasets. LSU datasets are
expected to show less bias to amplicon length.

Bacterial communities associated with Mao tofu were dominated by Proteobacteria,
Firmicutes, and Bacteroidota (83.6% total). Within these groups, lactic acid bacteria belong-
ing to Lactobacillus and Leuconostoc were present in almost all samples regardless of the
niche. These bacteria are generally common in fermented foods and are already reported
for soybean-based fermented products [59,68]. Although Lactobacillus, Enterococcus and
Bifidobacterium are considered probiotic microorganisms due to their antimicrobial and
antioxidant properties, radical scavenging and peptide production activities [59], there is
still debate as to their effects on gastrointestinal health and disease in humans [61].

Next-generation sequencing techniques are known to be sensitive to DNA traces and
allow the detection of extracellular DNA from dead microorganisms that persist in soil
for weeks to years [69]. Still, we found it noteworthy that we detected potential fungal
pathogens of soybean (e.g., Epicoccum, Cercospora, Acremonium, Fusarium) and insects (e.g.,
Entomortierella, Metarhizium, Laboulbeniomycetes) in Mao tofu samples. For example,
Cercospora sojina, the agent of the Frogeye leaf spot disease, often overwinters in soybean
residue and seeds, while Metarhizium anisopliae is an entomopathogen that has a wide host
range [70-72]. These fungi may have been in the soybean material used, or present during
the production or sale of Mao tofu. We also detected flatworms (i.e., Platyhelminthes),
roundworms (i.e., Nematoda) and potentially harmful bacteria (i.e., Legionella), mostly in
the outside niche.

In terms of broader microbial diversity patterns, we found that the internal niche had
significantly lower richness than the outside rind-like niche. B-diversity was primarily
driven by the geographic location (i.e., the market) in all the selected DNA markers. The
market component explained a higher variance (from 15.8% to 19.3%) in the data with
respect to the niche (from 5.0% to 5.7%). However, these two factors are linked as shown
by the important variance explained by the market:niche interaction (from 7.9% to 10.2%),
depriving us of the ability to assess their importance as main factors. Site-specific variation
can be explained by the existence of market-specific microbiomes, similar to that which has
been shown for cheese-making plants [73], or by general environmental variations due to
geographic distance, as shown for bacterial communities in fermented meat products [74].
Yet, cheeses made in geographically distant parts of the world can have strikingly similar
rind communities if similar environmental conditions are maintained [75].

In the Mao tofu blocks sampled, we found a lower number of reads in the samples
from the inside niche compared to the outside, reflecting a lower amount of microbial DNA
template, rather than biased sequencing results. This pattern was consistent across all three
of the investigated molecular markers. Samples from the internal niche had a significantly
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better fit in the Procrustes rotation, meaning that both bacteria and fungi were exposed
to similar environmental conditions in the internal niche, regardless of the market, and
represent the core microbiome of Mao tofu. The internal niche may be a more confined
environment, less subjected to random changes and allochthonous inputs. The microbial
communities of the inside niches are likely linked to the production processes and microbes
living on tofu, tools and surfaces [73]. Microbes may be adapted, selected, and possibly
domesticated to the different tofu niches, similar to that which has been demonstrated in
the fermentation of cheese and wine [76,77].

Microbiome data have been used to predict the geographical origin of grapes [78],
to distinguish soybean under organic, no-till, and conventional management [79], and
even in the identification of human body niches and disease states [80]. Our random forest
models showed high accuracy in the classification of samples belonging to different markets
(1.39-4.17% OOB error estimate) and niches (8.33-12.5%), demonstrating that microbiomes
have utility for determining provincial origin of fermented foods. Several taxa that showed
the highest mean decrease in accuracy (top important OTUs for classification) were also
group indicators (OTUs highly correlated with samples groups).

5. Conclusions

In this study, we found that Mao tofu diversity of both fungal and bacterial communi-
ties varied across geographical gradients and niche, with strong and significant interaction
between the two factors. It is noteworthy that several taxa abundant in Mao tofu overlap
with those of other fermented foods, including cheese. ITS, LSU and 165 OTUs and machine
learning models were used to accurately predict both the market of origin and whether
samples were taken from the inside or the outside of the tofu block. The presence of diverse
non-target eukaryotes further illuminates the complex microbiology of fermented foods.
Similar to the cheese microbiome, we suspect that most fungi and bacteria comprising Mao
tofu are culturable. Culture-based studies, coupled with -omics based technologies, can
further inform the microbial ecology of fermented tofu and specific microbial interactions
and functions. Additional research efforts may involve the characterization of the cultur-
able communities within Mao tofu together with a physiochemical analysis of biochemical
traits associated with Mao tofu in different markets and production systems.
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