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Abstract

The identification of microbial markers adequate to delineate the disease-related
microbiome alterations from the complex human gut microbiota is of great interest.
Here, we develop a framework combining neural network (NN) and random forest,
resulting in 40 marker species and 90 marker genes identified from the
metagenomic data set (185 healthy and 183 type 2 diabetes [T2D] samples),
respectively. In terms of these markers, the NN model obtained higher accuracy in
classifying the T2D-related samples than other methods; the interaction network
analyses identified the key species and functional modules; the regression analysis
determined that fasting blood glucose is the most significant factor (p < 0.05) in the
T2D-related alteration of the human gut microbiome. We also observed that those
marker species varied little across the case and control samples greatly shift in
the different stages of the T2D development, suggestive of their important roles
in the T2D-related microbiome alteration. Our study provides a new way of
identifying the disease-related biomarkers and analyzing the role they may play in
the development of the disease.
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with T2D.

INTRODUCTION

The gut microbiome, which inhabits the human
intestinal tract, is a complex ecosystem consisting of
10" microbial cells [1] and has been identified as
playing a central role in human health and a variety of
diseases [2-4]. With the advent of the next-generation
sequencing technology, overwhelming amounts of
microbial metagenomic sequencing data generated
from human gut samples have been obtained. Meta-
genomic studies have provided great opportunities to
get valuable insights into how the gut microbiota is
associated with various human diseases via various
well-developed bioinformatic tools and algorithms. In
the field of microbiome research, a common practice
is to utilize statistics-based strategies (e.g., Spearman's
correlation coefficient, Wilcoxon rank-sum test, etc.) to
identify the biomarkers associated with the gut micro-
biome according to the disease states [5-10], such as the
widely applied software LEfSe [5,11,12]. These methods
can identify metagenomic features that have statistically
significant differences between case and control groups.
Nevertheless, these statistics-based analyses are typically
based on the independent or linear assumption,
whereas dysbiosis of intestinal flora is complex and
likely depends on the nonlinear effects of many
microbes [13]. To this end, these methods may neglect
some potential metagenomic biomarkers that might
contribute to the disease-related alterations of the
human gut microbiome but have no detectable statistic
changes across the samples. For example, Veillonella
parvula has been reported to be related to type 2
diabetes (T2D) [14,15], however, the abundance of
which varied little across the samples [6].

Machine learning has recently attracted growing
attention in biological research. Some well-known
algorithms including Support Vector Machine (SVM),
Random Forest (RF), Hidden Markov Model (HMM),
Bayesian network (BN) as well as Gaussian network,
have been applied in the prediction of the protein
binding [16], the metabolic functions in microbial
communities [17], characterization of the transcrip-
tional networks [18], and so forth. As machine
learning can generate models and find predictive

« Constructing the directed interaction networks of the biomarkers for
analyzing the potential drivers of the microbial community associated

+ Analyzing the covary of the biomarkers with the dynamic change of fasting
blood glucose in the development of T2D.

patterns from large datasets, it would impact micro-
biome research and other biology fields [19].
However, these traditional machine learning algo-
rithms have some limitations. For example, SVM is a
linear model and HMM and BN depend on some
probability-based hypotheses. To this end, some T2D-
related species, such as Coprobacillus catus [14,15]
would not be identified by these methods since the
abundance of the species varies little across samples
(may not have a linear correlation with the disease)
and the averaged abundance is very low (would be the
outlier under some probability distribution) [6]. Deep
learning-based methods, which typically use the
neural network (NN) with multiple hidden layers,
show promising performance in recent studies as they
can identify novel patterns that would have been
ignored by other methods in a given complex data set
[20]. Recently, these methods have been applied in
the field of biology, such as predicting special genes/
protein functions [21,22], identifying medical diag-
noses [23], drug discovery [24], and so forth.
However, one limitation of appling the technology
in the microbiome-related field would be that the
number of available samples in these studies is
typically limited (e.g., several 100 samples). As for
the deep learning model, there are usually many
layers and neurons (determine the size of the
parameters in the model), which require massive
samples for training. Besides that, applying the NN
model to the microbiome data may remain a concern
due to its “black box” nature, that is, it is often
difficult to demonstrate which input feature plays a
decisive role in the output.

Here, we propose a framework combining NN and
RF algorithms for identifying the biomarkers in
linking the gut microbiome with T2D based on the
microbial profiles. To demonstrate the utility of our
approach, we took advantage of two publicly available
independent metagenomic datasets from Chinese
diabetes patients and nondiabetic controls [6].
According to the identified markers, we first demon-
strated that fasting blood glucose (FBG) is the most
important factor associated with the T2D-related
alteration of the human gut microbiome and
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uncovered that those microbial markers, which vary
little across the case and control samples, might also
play an important role. The results of our analyses
suggest that the cumulative effect of these marker
species rather than individual species likely drives the
T2D-related alterations of the human gut microbiome.
This study paves a way to use the NN algorithm in
microbiome study and provides potential opportuni-
ties to deeply understand the microbial roles in the
development of human diseases and evaluate indivi-
duals at risk of relevant diseases.

RESULTS

The NN model performs better than other
methods

For comparison, we accessed the prediction performances of
the NN model as well as SVM, SVM-radial basis function
(RBF), RF, and K-nearest neighbor (KNN) methods in
classifying the T2D-related samples of the D1 data set based
on the microbial profile using fivefold cross-validation (CV).
The obtained results of the five methods with all metrics
were listed in Table S8. The receiver operating characteris-
tic (ROC) curves were plotted in Figure 1 and thus the
corresponding area under the curve (AUC) metrics were
calculated for each method. Clearly, compared with the
other four methods, the NN model performed best for all
metrics (AUC: ~0.8, other metrics: ~0.75). This may due to

ROC curves
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FIGURE 1 Cross-validation analysis for T2D discrimination on

the D1 data set. The receiver operating characteristic (ROC) curve of
five classifiers (RF, SVM-linear, SVM-RBF, KNN, Neural Network)
was obtained by using fivefold cross-validation. AUC, area under the
curve; RBF, radial basis function; KNN, K-nearest neighbor;

RF, Random Forest; SVM, Support Vector Machine
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the nonlinear fitting ability of the NN model, and it would
extract more predictive features. As for the other four
methods, two nonlinear classifiers, that is, RF (AUC:
0.736 + 0.05) and SVM-RBF (AUC: 0.693 + 0.06) performed
better than the rest two ones (SVM AUC: 0.656 + 0.06, KNN
AUC: 0.628 +0.06).

The identified marker species play a
decisive role in the T2D-related alteration
of the human gut microbiota

We further investigated which species rather than all
species of the gut microbiota, play a decisive role in
classifying the T2D-related samples using the NN model.
Due to the “black box” nature of the NN model, therefore,
we used a widely employed feature selection method-RF
[25] for ranking all species of D1 samples according to their
importance scores (default metric: mean decrease accu-
racy). We then fed top k (k= 5, 10, 15, 20, ..., 60) species to
the NN model respectively for classifying the samples. The
prediction performances of the NN model using different
numbers of species were accessed according to their
average AUC of fivefold CV in classifying the T2D-related
samples. It can be seen from Figure 2A that the NN model
reaches the peak average AUC value (82.3 + 5%) with the
top 40 species. This prediction result is even slightly better
than that of using all species (n =270) (one reason may be
that there are some noises in all these species, thus it would
impact the prediction performance), suggesting that the
selected marker species can be used to delineate the T2D-
related alteration of the gut microbiota to some extent.
Therefore, we took the selected top 40 species as the marker
species (Table S1).

To evaluate our selected marker species, we chose
the widely applied software LEfSe [5] to identify the
marker species, coincidentally, resulting in 40 markers
(llinear discriminant analysis) scores|>2) associated
with T2D (Figure S1). Especially, 16 of these 40 marker
species are shared by the NN model and LEfSe while the
other 24 marker species are different (Table S2).
Additionally, we also used the software ANCOM-II
[26] to check our results. Interestingly, ANCOM-II
identified 19 species (cutoff: 0.7, see Table S7), while 17
out of 19 are contained in our selected biomarkers.
Then, we compared the prediction performance of the
five classifiers with the three different marker species
using a fivefold CV on the D1 data set (see Table S9). As
a result, all classifiers with our selected marker species
performed better than those with LEfSe biomarkers
(with the AUC improvement ~1% — ~5%), while two of
them (i.e., KNN and SVM-RBF) performed worse than
that with ANCOM-II biomarkers. One possible reason
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FIGURE 2 Marker species identification and interaction network construction. (A) Averaged area under the curve (AUC) of
classification with a different number of the ranked species based on Neural Network-based classifier by using fivefold cross-validation on

the species-level profile of D1. And the peak value could be obtained as the 40 species were selected, thus these species were identified as the
marker species in this study. (B) The distribution of the abundance of marker species in diabetes-related dysbiosis. A comparison between
the cases (n=183) and controls (n =185) from the species-level profile of D1. Using Kruskal-Wallis test, the species with red color were
identified that the abundances varied significantly (p < 0.05) across all samples. The order of the marker species is the same as that in
Table S1. (C) The interaction network of marker species was determined by GENIE3, where the top 100 most reliable interactions between
marker species were selected. In the network, each node represents the respective marker species; the constructed internet work is directed
and the arrow between nodes indicates the direction of the interaction, namely, each arrow from Node A to B means that the abundance of
B is mainly affected by that of A. The width of the edges between nodes is proportional to the reliability of the linkage between the nodes.
The size of each node is proportional to the averaged abundance of the maker species. The network layout was visualized by the Cytoscape
software using a circular layout. The nodes with red color are the marker species that significantly are enriched in the diabetic samples or
the control samples. (D) Interactions between marker species with a degree more than 5. (E) The Venn diagram of the number of marker
species selected by our method and LEfSe (see Table S2)

may be that the algorithm of LEfSe ignores some To characterize the variations of the 40 marker

important biomarkers with discriminant ability, the
abundances of which show little changes across the case
and control samples.

Furthermore, we employed the independent data set
D2+ to assess the prediction capability of the NN model with
the 40 marker species. In this test analysis, with these
marker species, the species-level profile of D1— was utilized
for training while that of D2+ was used for testing and the
AUC in classifying T2D samples of D2+ reached 76.2%.

species identified by the NN model across the D1
samples, we compared the distribution of their relative
abundances in case and control samples (Figure 2B).
Based on the result obtained using the Kruskal-Wallis
test, we can observe that only 16 of 40 marker species
vary significantly between the case and control samples
in their relative abundances (p < 0.05). However, some of
the marker species vary little across the case and control
samples (e.g., Ruminococcus bromii [1D: 40], C. catus [ID:
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37], and Collinsella aerofaciens [ID: 38]) have been
detected associated with T2D in previous studies [27,28].
This observation suggests that the marker species that do
not vary significantly across the case and control samples
likely play a special role in the gut microbial alteration
related to T2D.

The interaction network identifies the key
species in the alteration of the human gut
microbiome

To further investigate the relationship among these
marker species, we constructed the species-species
interaction network based on the vector of the relative
abundances of the marker species of D1. The widely
applied GENIE3 [27] was implemented, which calcu-
lates the interaction by considering the nonlinear
relationship of multiple species. In this experiment,
all possible interactions between species—species
were ranked according to their reliability scores
calculated by GENIE3, and we first selected the top
100 interactions for constructing the interaction
network. As shown in Figure 2C, in total, 39 of the
40 marker species have at least one connection with
others, 13 species connect with at least five other
species (Figure 2D), and four species, including V.
parvula, Streptococcus salivarius, Escherichia coli,
and Escherichia_unclassified, have more than 10
connections.

Moreover, the relative abundances of seven (green
color) of the thirteen species do not vary significantly
across the case and control samples (Figure 2D).
Among the seven species, E. coli and S. salivarius have
the highest number of connections, 35 and 25,
respectively, with the rest species, suggesting the
importance of these two species in the T2D-related
alteration of the human gut microbiome. E. coli has
been identified to be diabetes-enriched [6] and
S. salivarius can ferment glucose yielding lactic acid
[29]. Nearly 70% (n=9) of the 13 marker species of
(Figure 2D) are short-chain fatty acids-producing
bacteria and previous studies have demonstrated that
these types of bacteria played an important role in
T2D [6,14].

Additionally, among the 13 species, except for E. coli,
Bacteroides vulgatus, and Bacteroides uniformis, other
species are lowly abundant in the human gut samples.
Thus, these findings from the interaction network
analysis based on the selected marker species suggest
that the species with low abundance may also play a
critical role in the T2D-related alteration of the human
gut microbiome through interacting with other species.

iMeta-wi LEY—L s

Therefore, the marker species (n = 13) with interactions
of more than five (Figure 2D) can be assigned as the core
of the gut microbiota associated with T2D.

The identified marker genes are
responsible for the T2D-related alterations
of gut microbiota

To identify the T2D-associated gut metagenomic markers
on both genetic and functional levels, we also applied our
method to the functional gene profile of D1. Similarly, we
ranked the genes using the RF method and then
evaluated the average AUC of the NN model with
different ranked genes using a fivefold CV. As seen in
Figure 3A, the peak value (75.4 + 3%) of the average AUC
was obtained when the top 90 genes were selected for
classification. To this end, we took the 90 genes as the
marker genes (Table S3).

We further tested the NN model using the 90-marker
genes (trained on the D1— data set) in identifying the
T2D samples of the D2+ data set based on the gene
profile, resulting in 74.6% AUC. In the same way, we
compared the relative abundances of these marker genes
in the case and control samples of the D1 data set and
observed that 78 out of the 90 genes vary significantly
(p <0.05) using Kruskal-Wallis test (Figure 3B).

The interaction network of the marker
genes identifies core functional gene
modules related to T2D

To characterize the interactions between the marker
genes, we also constructed the gene-gene interaction
network using GENIE3 (Figure 3C), resulting in 37 of 90
marker genes having at least one connection with other
genes. As seen in Figure 3C, the interaction network of
the maker genes is partitioned into four separate groups
and the genes connect with others within each group.
Few genes (n = 20) have more than five connections with
other genes (Figure 3D). We utilized BlastKOALA for
annotation and Kyoto Encyclopedia of Genes and
Genomes (KEGG) mapping to characterize the func-
tional category of the 90 marker genes in functional
modules or pathways. As a result, we find that 56.7%
(n=151) of the marker genes can be annotated in the
database Clusters of Orthologous Groups (COGs;
Figure S2). Only 16 of 90 genes can be mapped to
the functions in the KEGG database. According to the
functional annotations of these marker genes in the
KEGG database, 4 of 18 genes in Group I (ID:34(CO
G3507), 70(COG2160), 87(COG2246), 68(COG1071)), 2 of
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FIGURE 3
with the different number of the ranked genes based on Neural Network-based classifier by using fivefold cross-validation on the gene
profile of D1. And the peak value could be obtained as the 90 species were selected, thus these genes were identified as the marker genes in

Marker gene identification and interaction network construction. (A) Averaged area under the curve (AUC) of classification

this study. (B) The distribution of the abundance of the marker genes significantly varied across samples in diabetes-related dysbiosis. A
comparison between the cases (n = 183) and controls (n = 185) from the gene profile of D1. Using Kruskal-Wallis test, the species with red
color were identified that the abundances varied significantly (p < 0.05) across all samples. The order of the marker genes is the same as that
in Table Sé6. (C) The interaction network of marker genes was determined by GENIE3, where the top 100 most reliable interactions between
marker genes were selected. The width of the edges between nodes is proportional to the reliability of the linkage between the nodes. The
size of each node is proportional to the averaged abundance of the marker genes. The network layout was calculated by the Cytoscape
software using a circular layout. The number in each node is the ID of the marker species, which is consistent with Table S3. The nodes with
red color are the marker species that significantly enriched in the diabetic samples or the control samples. (D) Interactions between marker
genes with a degree of more than five

3 genes in Group II (ID: 48(COG 1211), 26(COG0493)), = NN-based regression analysis uncovers the

1 of 11 genes in Group III (ID:66(COG2971) were
mapped to the pathways of carbohydrate metabolism
(Table S4), suggesting these genes in the groups are likely
involved in or associated with the carbohydrate metabo-
lism. One of eleven genes in Group III (ID: 28(COG 1345)
was mapped to flagellar assembly. The maker genes
connect with others in each group but do not interact
with those in other groups, implying the genes in
different groups function differently in carbohydrate
metabolism. The interaction of these genes confirms the
link between the T2D-related alterations of the human
gut microbiome and carbohydrate metabolism [14,15,30].

most significant covariate associated with
the T2D-related alteration of the human
gut microbiome

FBG, age, body mass index (BMI), and the weight of
patients all potentially are causative factors of T2D. To
determine the most significant factors associated with the
human gut microbiome represented by the selected
microbial markers, we did the regression analysis of D1
with the 40 marker species. Based on the fivefold CV, for
each factor, the predicted values of the samples were
calculated by the NN model. Then, these values and the
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FIGURE 4 Neural Network-based predicting values and the actual values of T2D-related factors based on the species level profile of D1
with our marker species. (A) FBG, (B) BMI (C) age, and (D) weight. Each T2D-related factor value was fit by the corresponding NN-based
regression model using fivefold cross-validation, and the R-value (i.e., Pearson's linear correlation coefficient) between the real values and
the predicted values was obtained by statistical calculation. BMI, body mass index; FBG, fasting blood glucose; T2D, type 2 diabetes

corresponding real values were plotted (Figure 4). These
figures demonstrate that for each factor, the microbiome
values predicted based on the markers are linearly
correlated with the corresponding real values across the
samples (Figure 4A-D), suggesting that the human gut
microbiome covaries with these factors. Particularly,
based on the observation that the microbiome correlation
with FBG (p < e—50) is more significant than with other
factors (age, e-43; BMI, e-30; weight, e-32), we can
conclude that FBG is likely the leading factor in driving
the T2D-related alteration of the human gut microbiome
in the development of T2D. Although several works
[28,31] have reported the relationship between the gut
microbiome and FBG, our result reveals the strong
correlation between FBG and the T2D-related alteration
of the human gut microbiome using nonlinear regression
rather than classification.

To explore how our marker species co-vary with the
dynamic change of FBG in the development of T2D, we
plotted the heat map of mean relative abundances of the
marker species at four intervals (ie, Ql:<5.02; Q2:
5.02-6.21; Q3: 6.21-8.8; Q4: > 8.8) of FBG (Figure 5). It can
be observed that the relative abundances of these marker

species vary greatly at different intervals (Figure 5). Among
the 16 marker species with a significant difference in relative
abundance between case and control samples (p < 0.05)
based on the Kruskal-Wallis test, six have higher relative
abundances in healthy control samples, 10 in T2D samples.
Those six marker species (Figure 5, black) are higher
abundant in both Q1 and Q2 than in Q3 and Q4 samples.
Among those 10 maker species, six are higher abundant in
both Q3 and Q4, 1 (Bacteroides dorei) in Q4, one
(Eggerthella lenta) in Q3, and two (Veillonella. unclassified
and Streptococcus anginosus) in both Q1 and Q3. These
marker species are identified as T2D-related species easily
according to their relative abundances in T2D (high FBG)
and healthy samples (low FBG) using conventional statistic-
based methods. Other 24 marker species that do not have
significant differences in relative abundance between the
case and control samples exhibit diverse patterns. Intuitively,
some of them (n = 3, Dorea longicatena, Prevotella copri, and
S. salivarius) reach the highest abundance in Ql, two
(Bacteroides ovatus, Escherichia.unclassified) in Q2, five
(V. parvula, Bacteroides xylanisolvens, Eubacterium eligens,
R. bromii, Bifidobacterium longum) in Q3, three (Alistipes
shahii, E. coli, and Ensete ventriosurn) in both Q2 and Q3,
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FIGURE 5 Heat map of mean relative abundance of the 40 selected marker species for the four dynamic intervals of fasting blood
glucose. The dynamic intervals were determined by the quantile statistics (Q1: < 5.02; Q2: 5.02-6.21; Q3: 6.21-8.8; Q4: > 8.8). In each
dynamic interval, the abundances of marker species for the corresponding samples were averaged. Then, the averaged abundances of each
marker species for the four dynamic intervals were normalized (mapping to [0, 1]). The species names were colored based on the

significance analysis across samples using Kruskal-Wallis test (black: abundances significantly increase in healthy samples; blue:
abundances significantly increase in T2D samples; green: abundances have no significant differences between T2D and healthy samples).

T2D, type 2 diabetes

two (Bacteroides thetaiotaomicron, Eubacterium hallii) in
both Q2 and Q4. Thus, these 24 marker species vary in
different patterns associated with the dynamic changes of
FBG. This may explain the reason that the two important
T2D-related marker species (E. coli and S. salivarius)
detected by the interaction network analysis vary little
across the case and control samples. In conclusion, our
analysis suggests that these marker species are likely to play
a different role in different stages of T2D development and
then the cumulative effects of these markers drive the T2D-
related alteration of the human gut microbiome.

DISCUSSION

To provide new perspectives for understanding the roles
of the gut microbiota in the development of T2D, here we
present the NN-based framework to identify microbial
markers that can be used as representatives of the gut
microbiota for the prediction of T2D-related samples
with relatively high performance. A number of markers
not detectable by conventional statistic methods vary
little across the case and control samples but interaction
network analysis and regression analysis indicates that
they likely play a crucial role in the T2D-related
alteration of the human gut microbiome as well. This
framework firstly uncovers the T2D-related dynamics
and interaction of the microbial markers in the human
gut microbiome, strongly suggesting the cumulative
effect of the markers is likely the driver of the gut
microbiome alteration.

The deep learning approach usually requires massive
samples for training and feature extraction. Although
numerous T2D-related human gut microbiome studies
have been completed [32], we only recruited the datasets
generated by whole genomic sequencing and are thus
eligible for this study [6,15]. The main limitation of our
study is that only a small number of samples (N = 368,
D1) were recruited for training the NN model. Even so,
by determining the suitable numbers of layers and nodes,
our model obtained relatively higher performance in
classifying the T2D-related samples in the CV experiment
than other approaches. Due to the lack of control
samples (healthy subjects) in the data set D2, we set up
the data set D2+ comprising 30% control samples of D1
that were randomly selected as the control and
the samples of D2 as the case. When we applied the
framework on D+ using the marker species, the
prediction AUC of the model reached 76.2%, slightly
lower than the result of the fivefold CV experiment.

The classification results demonstrate that our NN
model performs better than other conventional methods
including SVM-linear, SVM-RBF, RF, and KNN
(Figure 1), showing its relative high capability to uncover
novel patterns in complex microbiome datasets. Never-
theless, applying the NN model to the microbiome data is
still challenging due to the “black box” nature of it, i.e. it
is often difficult to interpret which input features play a
decisive role to the output. To overcome this limitation,
in this study, the importance of the features (i.e., species
or genes) in distinguishing the case and control samples
was calculated by RF, and subsequently, the NN model
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as the classifier was used for determining which subset of
the features (ranked with the importance) was the most
important according to the prediction performance of the
classifier with the corresponding subset. Our analysis
resulted in 40 marker species and 90 maker genes,
respectively. The NN model using these markers to
predict T2D-related human gut samples obtained slightly
better performance than that of using all the microbial
features. Interestingly, most of our marker species could
be assigned to the known bacterial species, which had
been reported to be associated with diabetes in previous
studies [6,33,34] (Table S6). For example, the marker
species C. catus has been reported to be the producer of
short-chain fatty acids (e.g., propionate and butyrate)
[14,35], while the studies in Zhao et al. [15] demon-
strated that deficiency in short-chain fatty acid produc-
tion was related to T2D. The abundance of R. bromii was
observed to be reduced from controls to chronic
pancreatitis (CP) nondiabetics to CP diabetics in
Jandhyala et al. [36]. In Dewulf et al. [37], the
researchers found that the increased level of C. aero-
faciens could be a beneficial effect associated with inulin-
type fructans fermentation, which might be used to
control related metabolic disorders including diabetes.
Our analysis demonstrates that all our experimental
classifiers with our selected markers performed better
than those with the markers identified by LEfSe. When
we analyzed the abundance distributions of the selected
biomarkers across the case and control samples using the
Kruskal-Wallis test, quite a part of our marker species
(n=24) varied little in their abundances. Thus, we
hypothesize that the interactions of the marker species,
rather than individual species, affect the T2D-related
microbiome. To address this, we constructed the directed
biomarker interaction networks and the networks
provide the orientation information on how the biomar-
kers impact each other (Figures 2C,D and 3C,D). These
biomarker interactions demonstrate the patterns of the
microbial marker species interfering with each other. For
example, our marker species interaction network indi-
cates that E. coli and S. salivarius impact almost all other
marker species, suggesting that they are likely the main
drivers of the network. Meanwhile, E. coli is impacted by
B. thetaiotaomicron and S. salivarius; thus, B. thetaiotao-
micron could be considered as the potential indirect
driver of the microbial community. The interactions
among these marker species may carry more information
than the individual species. In this regard, the marker
species that do not vary significantly in relative
abundance across the case and control samples likely
play a special role in the gut microbial alteration related
to T2D. The Kruskal-Wallis test is based on the
independence assumption, thus it would not take the
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interaction between the species into account, while our
method takes nontrivial relationships in the data into
account and therefore will produce better answers.
Regression analyses show that the human gut
microbiome represented by the selected microbial
markers has a strong correlation with FBG as well as
BMI, age, and the weight of the corresponding patients
(p <0.05). All these are likely the causative factors of
T2D, but in terms of the R and p values, FBG (R = 0.671,
p=4.87e—51; Figure 4) is the most important factor
associated with the human gut microbiome. This finding
implies that the gut microbial composition of patients
likely keeps altering with the increase of FBG in the
development of T2D. We stratified the samples of D1 into
four intervals according to their FBG values (i.e., Q1:
< 5.02; Q2: 5.02-6.21; Q3: 6.21-8.8; Q4: > 8.8) and plotted
the heat map of mean relative abundances of the marker
species of the samples within each interval. We can
observe that the 24 marker species that do not vary
significantly across the case and control samples show
different patterns in relative abundance across the four
intervals of FBG. Our analysis indicates that these 24
marker species including E. coli and S. salivarius, greatly
affect the performance of the NN model in classifying the
T2D samples and are key species in the interaction
networks. Because the FBG is gradually increasing in the
development of T2D, the species altering with the
increasing FBG are likely more important in driving
the T2D-related gut microbiome alteration than those
with significant differences between case and control
samples identified by statistic-based methods. These
results provide a different perspective for understanding
the relationship between diabetes and the human gut
microbiome and thus need further investigations.

CONCLUSION

This study applies a framework combining NN and RF to
reanalyze the human microbiome for identifying the
T2D-related microbial markers, and many of these
markers are neglected by other statistic-based ap-
proaches. In the validation and test analysis, these
markers were used to predict the disease state of the
samples and thus can be used to explain the microbial
alterations of the human gut microbiota in the develop-
ment of T2D. Construction of the directed interaction
networks of the markers captures the potential drivers of
the microbial community associated with the diseases,
suggesting the complex nature of the human gut
microbiota where many core species interactions instead
of bacterial individuals impact the related disease. In
conclusion, using the NN model and RF, our analysis
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yields new knowledge of the role of the human gut
microbes in the development of T2D.

METHODS
Datasets

The whole metagenomic sequencing datasets used in this
study were generated in two studies, respectively [6,15].
The first data set D1 [6] (accession number in GenBank:
PRINA422434) is based on the shotgun sequencing of
DNA extracted from the stool samples of Chinese
individuals, where it contains 183 samples from the
subjects with T2D and 185 control samples from healthy
subjects. The second data set D2 [15] (accession
numbers: PRIEB15179 and PRJEB14155) are obtained
from the metagenomic shotgun sequencing of 391
samples from the Chinese patients with T2D at different
days (0, 28, 56, and 84), where all samples are divided
into two groups with two diets for studying the effects of
the dietary on T2D. In this study, the data set D1 was
used for analyzing the prediction performance via CV
and selecting the microbial markers. As an independent
data set, D2 was used for further evaluating the
prediction performance with our selected microbial
markers. However, since the data set D2 has only
positive samples (i.e., case samples), 30% of control
samples (n=56) of D1 were randomly selected as the
control for D2. The rest samples of D1 were assigned as
data set D1—. D2 and the added control samples (i.e.,
D2+) can be viewed as the data set that is independent
of D1—.

All metagenomic samples were profiled on taxonomic
species and functional gene levels, respectively. We first
calculated the relative abundances of the species for each
sample resulting in 270 species for analysis. The
abundances of these species were calculated for all
samples of D2. The genes encoded by the metagenomes
were assigned using the COG database and the relative
abundances of 4632 genes present in at least two samples
were calculated for each sample for profiling D1 at the
gene level. The relative abundances of these genes were
calculated in the D2 datasets as well.

Taxonomic abundance and gene
abundance calculation

The microbial profile of each sample at the taxonomic
species level was estimated by the software MetaPh-
1An2.7.4 [38] based on the metagenomic sequencing
read data and the relative abundance of each species

was calculated. The bacterial gene profile of each
sample was estimated using the software Diamond
(v0.9.14.115) against the COG (Clusters of Orthologous
Groups) database with the cut-off value of 1e—10 [39].
The genes present in at least two samples were
calculated for each sample for profiling D1 at the gene
level. The abundance of each gene was calculated based
on the number of the metagenomic sequencing reads
and normalized according to the total read number of
the sample.

NN model and the comparative classifiers

In this study, the datasets used for experiments contain
only hundreds of samples. Thus, to reduce the scale of
the model parameters, we designed a lightweight NN
model with two dense hidden layers of 16 and 8 nodes
using the “Rectified Linear Unit” as the activation
function, respectively. Moreover, a 12 regularization was
introduced for preventing overfitting. We chose the
widely used cross-entropy as the loss function and Adam
as the optimizer. The hyper-parameters of the model
(e.g., the number of nodes in each layer, number of
epochs, batch size, etc.) were tuned using fivefold cross-
validation based on the AUC metric. In fivefold CV, all
samples of the data set are randomly divided into five
equal size subsamples, four are used for training, and the
remaining one for testing. The process was repeated five
times, and each of the five subsamples was used once as
the testing sample. The different values of each hyper-
parameter within the corresponding range were consid-
ered in the experiment and the one maximized the AUC
was chosen as the final setting.

Meanwhile, the prediction performances of four
widely used classifiers, including SVM-linear, RF, SVM-
RBF, and KNN were also evaluated in the same way for
comparison. All these classifiers were implemented on
the microbial profile of D1 at the species level, and their
prediction performance metrics were averaged by a
fivefold CV in the experiment (see Figure 1).

T2D-related marker species identification
and evaluation

We incorporated RF with the NN model to identify the
marker species related to T2D. Briefly, the RF method
was firstly implemented on the species-level profile of D1
samples to calculate the scores (i.e., feature weights) of
all the species according to their impacts on the
classification results as random noise was added to
them. In light of the scores, we ranked all the species of
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the samples in D1. Then, the feature selection process
was implemented using the NN model on the ranked
species-level profile of D1. Using fivefold CV, the average
AUC of the NN model with top-k (k ranged from 5 to 60)
species was calculated. The number of the species (i.e., k)
that maximized the AUC was chosen as the optimal
number and thus the corresponding species were
selected as T2D-related marker species contributing to
the alteration of the human gut microbiome (see
Figure 2A).

To further evaluate our marker species, the markers
selected by the widely applied software LEfSe [5] were
chosen as a baseline for comparison. Specifically, we
analyzed the prediction performance (i.e., AUC) of the
five classifiers with these two groups of marker species
respectively using fivefold CV on the D1 data set (see
Table S9).

Besides that, we also calculated the prediction
performance of the NN model with our markers
(training on the data set D1—) on an independent data
set D2+.

Marker species interaction network
inference and analysis

To further study the relationship between the selected
marker species, GENIE3 was utilized for constructing
the species-species interaction network using the
marker species. The package of “GENIE3” of the
MATLAB software was performed with default
parameters in our experiments to calculate the scores
of the links between the marker species according to
the correlation strength, and then the links were
ranked based on the scores from high to low. The
higher the score is, the more reliable the link between
the marker species is. We also applied a refinement
procedure [40] to improve the constructed network
under the assumption that the links of the hub nodes
would be more important and reliable. Once GENIE3
was implemented, an adjacency matrix M will be
obtained, where M;; represents the reliability level of
the link from node i to node j. And the refined
adjacency matrix M is given as:

M(3,:) =M(3,:) *c? (1)

where M (i, ;) is the i-th row of M and o2 is a variance in
the i-th row of M. It should be noted that if many links
come from the same node, the variance in a row of M
corresponding to the node would be elevated. Finally, we
selected the top 100 links in our experiments to
reconstruct the interaction network.
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Marker gene identification and
analyzation

In the same way as species marker identification, we
identified the marker genes by incorporating RF with the
NN model based on the gene profile of the D1 data set.
Briefly, in this experiment, after all the genes were
ranked by RF, the average prediction AUC of the NN
model using the gene profile of D1 with top k (k from 5 to
100) genes was calculated using a fivefold CV. Then, we
selected the T2D-related marker genes, with which the
NN model has the highest average AUC in classifying
T2D-related samples.

Furthermore, we analyzed the potential functions of
these marker genes by mapping them to the KEGG
database. In addition, the prediction performance (i.e.,
AUC) of the NN model with these marker genes (trained
on the data set D1-) in classifying T2D-related samples
was tested on the independent data set D2+.

Marker gene interaction network
inference and analysis

As the same procedure of the inference of the marker
species interaction network, the gene-gene interaction
network was constructed by using GENIE3 based on the
gene profile of the D1 data set with the marker genes.
Similarly, we selected the top 100 links of genes to
reconstruct the interaction network.

NN-based regression analysis of the
human gut microbiome and the
T2D-related factors

To further investigate the correlations of the T2D-related
factors (including FBG, age, BMI, and body weight) with
the T2D-related alterations of the gut microbiota, the
NN-based regression analysis was performed. Specifi-
cally, the regression model for each factor was built using
the similar structure of our NN-based classification
model (i.e., two hidden layers with the same number of
nodes in these layers), while for the output layer, one
node without using the activation function was applied
for regression. We used the mean-square error as the loss
function for implementation. The values of each factor in
D1 (i.e., the dependent variable) were predicted by the
corresponding trained model with our marker species
(the dependent variables) using a fivefold CV. Moreover,
the correlation coefficient (i.e., Pearson's linear correla-
tion coefficient), as well as the corresponding p-value
between the predicted values and the real values for each
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factor in D1 were calculated, which reflected the degree
that the factor was influenced by the abundances of the
marker species to some extent.

Moreover, to explore how the markers altered along
with the dynamic change of FBG in the development of
T2D, we stratified all samples of D1 into four intervals
according to the quantile statistics of the corresponding
FBG values (i.e., Q1: <5.02; Q2: 5.02-6.21; Q3: 6.21-8.8;
Q4: > 8.8). Then, the averaged abundances of the marker
species of the samples within the corresponding interval
were calculated and normalized (mapped to [0, 1]).

Accuracy, precision, recall, and F1 metrics

The metrics were defined as follows:

TP + TN
accuracy = )
TP + FP + TN + FN
.. TP
precision = ——,
TP + FP
TP (2)
recall = ——,
TP + FN

2 % precision * recall
F1l = p

precision + recall ’

where TP indicates true positives (i.e., a case sample is
predicted correctly), FP false positives (a control sample
is predicted as a case sample), and FN false negatives (a
case sample is predicted as a control sample). The
accuracy measure reflects the overall quality of classifi-
cation for the classifier. The precision measure focuses
on how accurate the diabetic status predicted by the
classifier is. The recall measure answers the question that
what proportion of the diabetes samples could be
identified by the classifier. And F1 measure is the
integration of the precision measure and the recall
measure.

ROC curve and AUC metric

The ROC curve indicates the true positive rate (i.e., the
number of correctly predicted case samples divided by
the total number of samples predicted as case samples)
against the false positive rate (i.e., the number of samples
that are wrongly predicted as case samples divided by the
total number of samples predicted as control samples).
The AUC metric ranges from 0.5 to 1 (the greater, the
better), and is computed from the ROC curve, which
summarizes false positive and true positive rates. The
AUC is robust to the unbalance situation of each
outcome.
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