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Abstract

Background: The human microbiome plays a crucial role in human health and is
associated with a number of human diseases. Determining microbiome functional
roles in human diseases remains a biological challenge due to the high
dimensionality of metagenome gene features. However, existing models were
limited in providing biological interpretability, where the functional role of
microbes in human diseases is unexplored. Here we propose to utilize a neural
network-based model incorporating Gene Ontology (GO) relationship network to
discover the microbe functionality in human diseases.

Results: We prepare two benchmark datasets including diabetes and liver
cirrhosis to explore the microbe functionality in human diseases. Our model
discovered and visualized the novel candidates important microbiome genes and
their functions by calculating the important score of each gene and GO term in
the network in both datasets. Furthermore, we demonstrate that our model
achieves a competitive performance in predicting the disease by comparison with
other non-Gene Ontology informed models to ensure the importance of
candidates genes and their functions.

Conclusions: The discovered candidates important microbiome genes and their
functions provide novel insights into microbe contribution in functional aspects.

Keywords: Gene Ontology; neural network; metagenome; microbe functionality

Background
With the development of metagenome sequencing technologies, a large amount of

studies were designed to find the association between human microbiome and human

disease [1, 2, 3, 4]. The human microbiome have been shown to play a important role

in diseases such as type II diabetes (T2D), liver cirrhosis, and obesity. Therefore,

discovering the human microbiome roles in human diseases will guide the researchers

to explain these diseases from metagenome aspect. However, describing the microbe

roles in human diseases remains a biological challenge due to the complexity of

discovering and summarizing the microbe roles with a large amount of microbe.

To address the problem, various machine learning and deep learning models were

designed [5, 6, 7, 8, 9]. These models extracted different microbiome features and

evaluate the significance of these features by predicting the diseases. LaPierre et

al. [5] compared the performance of different machine learning and deep learning

models in predicting human diseases using different metagenome features. They

extracted taxa abundance feature using MetaPhlAn2 [10] and k -mer abundance

feature using Jellyfish [11] in their experiments and predict the diseases using these
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features separately. They have shown the potential of deep learning models in dis-

eases predicting tasks. However, there are some limitations in these methods. In

one hand, for the taxa abundance feature, it gives limited functional information,

which hampers people to understand how the microbes affect the diseases. On the

other hand, using k -mer abundance feature or deep learning models have limited

biological interpretability. It is difficult to understand the mechanisms underlying

the prediction results.

Instead of using taxa abundance feature and k-mer abundance feature, function-

ality feature such as KEGG provides the functional aspect to explain the microbes

role in the human diseases [12]. Traditionally, statistics-based models were used to

identify the disease-associated function features [1, 13, 14]. These statistics-based

models identify the disease-associated functions that have significant differences be-

tween case and control groups. However, these models were typically based on the

linear or independent assumption. Features that have a complex relationship with

diseases will not be detected in these models.

Recently, a novel interpretable deep learning model named P-NET was developed

to predict treatment resistance in prostate cancer patients using the biologically in-

formed hierarchical structure [15]. They demonstrated that P-NET can predict can-

cer state using molecular data with a performance that is superior to other machine

learning models. However, whether using a microbe functionality informed hierar-

chical structure can effectively predict the diseases is still unknown. Furthermore,

it is a challenge to solve the problem due to the high dimensionality of metagenome

gene and functionality features.

Another study named ParsVNN was designed to discover the cancer-specific and

drug-sensitive genes [16]. ParsVNN used GO hierarchical structure in building the

visible neural network and pruned the edges in the network to remove the redundant

features. However, the network is not applicable in handling metagenome data due

to the high dimensionality of metagenome gene and functionality features. The

network will be constructed with too many parameters before pruning the edges.

To address the above problems, we proposed a novel interpretable deep learning

model utilizing GO hierarchical structure, which describes genes in molecular func-

tion, biological process, and cellular component [17, 18], to interpret the microbiome

functional roles in different human diseases. We performed our model in diabetes

and liver cirrhosis and showed the effectiveness of the model. Furthermore, our

model discovered the novel candidates important microbiome genes and their func-

tions by calculating the important score of each gene and GO term in the network

in both diabetes and liver cirrhosis.

Methods
Data preparation

The workflow of the pipeline is shown in Fig. 1. Raw metagenome sequencing data

obtained in previous studies were used as input in the pipeline. AfterQC is then

used to perform the quality control including filtering low-quality reads and trim-

ming adapters [19]. After performing AfterQC, human genomes are removed using

Bowtie2 where the reference genome is Genome Reference Consortium Human Build

38 (GRCh38) [20]. Reads after quality control are aligned to the Unified Human
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Figure 1 The workflow of the pipeline. Metagenome sequencing reads after quality control are
aligned to the UHGG collection. After alignment, TPM is used as the gene quantification profile,
which is used as the input of GO informed neural network and non-GO informed neural network
(AutoNN). In GO informed neural network, the solid arrow in the network is determined by Gene
functional annotation information and GO hierarchical structure. The dashed arrow show the
direction of calculating the importance score. The network output the disease prediction result
and important genes and GO terms candidates. In AutoNN, the network is fully connected.
Abbreviations: BP (biological process), MF (molecular function), and CC (cellular component)

Table 1 Summary of the datasets covered in this study.

Case samples number Control samples number Citation
T2D 187 172 [1]
Liver cirrhosis 162 145 [2]

Gastrointestinal Genome (UHGG) collection [21] by bowtie2 and quantification of

genes is performed by using Salmon [22]. Transcript Per Million (TPM) is used

as the gene quantification profile, which is used as the input of GO network in-

formed deep neural network (DNN). The GO annotation information is obtained

by referring to the UniProt database [23].

In this study, we prepare metagenome sequencing data in two different diseases

shown in Table 1. To reduce the feature dimension, we select commonly existing

genes from UHGG gene catalog. We prepare gene set where the genes exist more

than 1% of UHGG samples as commonly existing genes. The number of genes

selected in our gene set is 22,927.

GO network informed DNN construction

GO describes genes in three different aspects: molecular function, biological process

and cellular component, which are also three GO terms in the GO hierarchical

structure. These three GO terms represent the roots of the ontologies respectively. In

our network, each node represents a GO term. There are different relations between

GO terms where we choose the main relation: is a, part of, has part, regulates

(including positively regulates and negatively regulates) as edges in our research. We

define the root nodes as layer 1, children which have direct relation with the root

nodes as layer 2 and so on. The distribution of GO terms in each layer is shown

in Fig. 2. First six layers are used in constructing the neural network. Metagenome

genes are annotated to layer 6 to by following rules: genes have annotation GO

terms in layer 1 to layer 5 are not connected with layer 6 GO terms; genes have

annotation GO terms in layer 6 to layer 12 are connected with layer 6 GO terms,

where higher layer GO terms are mapped to their ancestor GO terms in layer 6.
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Figure 2 GO terms distribution in each layer.

In the whole neural network, the input layer xgene represent the metagenome genes

quantification profile. The second layer represents the layer 6 GO terms nodes.

The output of the input layer is calculated as y = f [M ∗ W ]Txgene + b, where

M is the mask matrix, W is the weights matrix, b is the bias vector, and ∗ is

Hadamard product. The mask matrix from genes to layer 6 GO terms nodes is

defined as a binary matrix M ∈ {0, 1}Dx·Dy where Dx is gene number and Dy

is the layer 6 GO terms number. When the gene i is annotated to GO terms j,

M [i, j] = 1(1 ≤ i ≤ Dx, 1 ≤ j ≤ Dy); otherwise, M [i, j] = 0. The Hadamard

product ∗ product each elements of mask matrix M and weight matrix W to zero-

out all the connections that do not exist in the annotation. The second layer to the

seventh layer represent the GO network where the output of each layer is calculated

as y = f [M ∗ W ]Txlayer i + b(i = 6, 5, 4, 3, 2, 1). The mask matrix zero-out the

not connected GO terms in the network. We add a predictive layer with sigmoid

activation after each hidden layer to make the final prediction calculated by taking

the average of all the predictive elements in the network.

To obtain the important GO terms or important genes in the network, we use the

DeepLIFT scheme as implemented in P-NET [15, 24]. Given a certain sample s,

n1, ..., nl to be the number of nodes in the certain layer, and the specific target y,

DeepLIFT calculates an importance score C
l,s
i for each node i on the basis of the

difference in the target activation y− y0 fed by the certain sample s. The difference

in target activation is equals the sum of all node scores when fed by the certain

sample s. That is,

∆y = y − y0 =

nl
∑

i=1

C
l,s
i (1)

We calculate the sample-level importance of all nodes in all layers using ’Rescale

rule’ in DeepLIFT and calculate the total node-level importance score Cl
i by aggre-

gating the sample-level importance score over all the ns testing set samples.

Cl
i = |

ns
∑

i=1

C
l,s
i | (2)
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Table 2 Learnable parameters number in different neural network models.

GO-NN AutoNN-h1 AutoNN-h2 AutoNN-h3
131,619 788,448,067 992,856,283 1,182,689,296

To reduce the bias introduced by over-annotation of certain nodes, we adjust

the node important score by node degree dli. The adjust node important score is

calculated by:

adjusted Cl
i =







Cl
i

dl
i

, dli > µ+ 5σ

Cl
i (otherwise),

where µ is the mean of node degrees and σ is the standard deviation of node degrees.

Evaluation protocals

We perform 5-fold cross-validation in each dataset. The prediction performance was

measured using accuracy, precision, recall, AUC, AUPRC, and F1score.

Parameters settings

For GO informed model, we use the same parameter setting used in P-NET [15] in-

cluding activation function, loss weight in each layer, and learning rate. To compare

the disease predicting performance with GO informed model and non-GO informed

model, we utilized AutoNN model as baseline [5]. AutoNN is fully connected neural

network with certain hidden layer and the number of nodes in each hidden layer is

determined by the number of input layer nodes and layer number. The details of

hyperparameters settings of AutoNN were: hidden layer (1/2/3); drop rate (0/0.1);

learning rate (0.01/0.001); and Adam optimizer. The number of learnable param-

eters of each model is shown in Table 2. AutoNN-hx represent for AutoNN model

with x hidden layer.

Additionally, we compare the disease predicting performance with different ma-

chine learning models: support vector machine (SVM), random forest (RF), and lo-

gistic regression (LR). We use hyperparameters grid search to find the best settings.

The details of hyperparameters settings were: the type of kernel (linear/polynomial)

and the error term penalty (0.25/0.5/0.75/1.0/1.25/1.5/1.75/2.0) for the SVM; the

splitting criterion (entropy/gini), the maximum tree depth (2/6/10), and the num-

ber of estimators (10/50/100) for the RF; the penalty (l1/l2/elasticnet), solver

(newton-cg/lbfgs/liblinear/sag/saga) and the inverse of regularization strength

(0.25/0.5/0.75/1.0/1.25/1.5/1.75/2.0) for the logistic regression.

Results
To evaluate the effectiveness of GO informed model, we compared the disease pre-

dicting performance between GO informed model and non-GO informed models.

The classification result in T2D and liver cirrhosis dataset is shown in Table 3.

We found that RF has a better performance in diabetes dataset (F1score=0.712,

AUC=0.785) and GO-NN has a better performance in liver cirrhosis dataset
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Table 3 Classification result in T2D and iver cirrhosis dataset
Dataset Method Accuracy Precision Recall F1score AUC AUPRC
Diabetes GO-NN 0.629±0.055 0.591±0.091 0.795±0.091 0.674±0.071 0.739±0.062 0.745±0.094

AutoNN (LaPierre et al.) 0.576±0.030 0.635±0.081 0.483±0.223 0.497±0.181 0.620±0.045 0.630±0.061
SVM 0.563±0.027 0.554±0.087 0.554±0.047 0.551±0.054 0.605±0.051 0.526±0.074
RF 0.708±0.037 0.688±0.079 0.746±0.051 0.712±0.040 0.785±0.046 0.799±0.077
LR 0.526±0.051 0.508±0.058 0.942±0.017 0.659±0.052 0.564±0.068 0.507±0.059

Liver cirrhosis GO-NN 0.924±0.049 0.938±0.049 0.927±0.040 0.932±0.042 0.972±0.030 0.979±0.023
AutoNN (LaPierre et al.) 0.777±0.018 0.830±0.052 0.765±0.024 0.795±0.018 0.895±0.015 0.922±0.019
SVM 0.812±0.057 0.852±0.029 0.803±0.084 0.825±0.054 0.830±0.068 0.797±0.042
RF 0.921±0.039 0.939±0.045 0.922±0.044 0.929±0.034 0.972±0.020 0.981±0.013
LR 0.611±0.057 0.689±0.162 0.772±0.274 0.658±0.141 0.783±0.042 0.623±0.057

Comparation of the predicting performance of GO informed NN and non-GO informed NN in different
gene sets in diabetes. The mean and the standard deviation are recorded for different evaluation
metrics after 5-fold cross-validation. The best performances of each metric are highlighted in bold

separately.

(F1score=0.932, AUC=0.972). In addition, GO informed model has a better per-

formance overall than non-GO informed neural network model (AutoNN). Fur-

thermore, in both diseases, RF has higher mean performance than other non-GO

informed machine learning models determined by AUC.

To understand how the microbes affect the human diseases, we visualized the GO

informed neural network after training diabetes dataset (Fig. 3) and liver cirrhosis

dataset (Fig. 4). First layer represent genes; the next layer represent to GO terms in

layer 6 where genes are annotated to; next continued with layer5 to layer2 GO terms;

final layer represent the root GO terms: biological process, molecular function, and

cellular component, which are directly connected with the outcome. We calculate

the nodes important score in the best fitting fold. We select top 10 node important

score genes in input layer and top 10 node important score GO terms in each

layer except the last layer with 3 GO terms. Nodes with darker colors have larger

important score. The transparent nodes represent the undisplayed nodes in each

layer. Links with darker colors have larger edge weights.

In diabetes classification, we detected 10 genes which exist in microbe species

Lachnospira (GUT GENOME 001023), Bacteroides thetaiotaomicron (GUT GENO

ME001120), Prevotella stercorea (GUT GENOME001282), Acetatifactor (GUT GE

NOME000166), Eubacterium F (GUT GENOME001241), and Agathobaculum bu-

tyriciproducens (GUT GENOME001016) have important roles. In these species,

Lachnospira, Bacteroides thetaiotaomicron, and Prevotella stercorea were reported

to be associated with diabetes [25, 26, 27]. In these species, Lachnospira contains

four important genes that contributes in negative regulation of RNA biosynthetic

process, negative regulation of cellular macromolecule biosynthetic process, and

purine-containing compound biosynthetic process.

In liver cirrhosis classification, we detected 10 genes which exist in microbe

species Roseburia sp900552665 (GUT GENOME001770), Odoribacter splanchni-

cus (GUT GENOME001635), Phocaeicola dorei (GUT GENOME 143505), Lach-

nospira eligens A (GUT GENOME000237),Acetatifactor (GUT GENOME001297),

Lachnospira rogosae A (GUT GENOME000308), and Phocaeicola plebeius A (GU

T GENOME239725) have important roles. In these species, Roseburia sp900552665

contains four important genes that contributes in negative regulation of cellular

macromolecule biosynthetic process and negative regulation of RNA biosynthetic

process.

Determining the input gene number of GO informed model is a crucial task. Se-

lecting a large geneset will increase the parameters number in the model. Simultane-

ously, genes existed in few samples which are considered as noises may mis-estimated
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Figure 3 Interpretation of GO informed neural network in diabetes. The first layer shows top 10
important genes. The following layers shows top 10 important GO terms in each layer. The final
layer shows the roots of each ontology. Nodes with darker colors have larger important score. The
transparent nodes represent the undisplayed nodes in each layer. Links with darker colors have
larger edge weights.

Figure 4 Interpretation of GO informed neural network in liver cirrhosis. The first layer shows top
10 important genes. The following layers shows top 10 important GO terms in each layer. The
final layer shows the roots of each ontology. Nodes with darker colors have larger important score.
The transparent nodes represent the undisplayed nodes in each layer. Links with darker colors
have larger edge weights.
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as important genes. On the other hand, a small geneset will exclude the genes asso-

ciated with the disease. To find the effect of input gene number in prediction result,

we prepare gene set where the genes exist more than 1%, 5%, and 10% of UHGG

samples as commonly existing genes, which we named as Geneset-large, Geneset-

median, Geneset-small seprately. The number of genes selected in each gene set is

22,927, 7,663, and 3,451 separately. We compared the predicting performance of GO

informed NN in different gene sets in diabetes and liver cirrhosis, which is shown

in Table 4. The result shows that the GO informed model has higher performance

(F1score, AUC, and AUPRC) in larger geneset in both diseases. Noted that there is

small performance gap between large geneset and medium geneset, which indicated

that further increase the input gene number have a little improvement in predicting

performance.

Table 4 Classification result in different genesets

Dataset Accuracy Precision Recall F1score AUC AUPRC
Geneset-large-T2D 0.629±0.055 0.591±0.091 0.795±0.091 0.674±0.071 0.739±0.062 0.745±0.094
Geneset-medium-T2D 0.646±0.037 0.633±0.095 0.721±0.103 0.663±0.033 0.719±0.023 0.726±0.066
Geneset-small-T2D 0.591±0.022 0.578±0.080 0.623±0.083 0.595±0.053 0.637±0.038 0.641±0.112
Geneset-large-LC 0.924±0.049 0.938±0.049 0.927±0.040 0.932±0.042 0.972±0.030 0.979±0.023
Geneset-medium-LC 0.866±0.054 0.865±0.048 0.904±0.056 0.883±0.046 0.937±0.042 0.953±0.027
Geneset-small-LC 0.828±0.085 0.827±0.080 0.889±0.102 0.854±0.074 0.903±0.056 0.916±0.053

Comparation of the predicting performance of GO informed NN in different gene sets in diabetes
(T2D) and liver cirrhosis (LC). The mean and the standard deviation are recorded for different

evaluation metrics after 5-fold cross-validation. The best performances of each metric are highlighted
in bold separately.

Discussion
The disease predicting result shows the effectiveness of GO informed neural network

in predicting different diseases. GO-NN gives a competitive result in both diabetes

and liver cirrhosis datasets and shows the importance of candidates genes and their

functions. In addition, GO informed neural network reduces the number of parame-

ters for learning by utilizing genes GO annotation information and GO hierarchical

structure. Comparing with non-GO informed neural network, GO informed neural

network has less learnable parameters and overall disease prediction performance.

Furthermore, the visualization of GO informed model provides the explanation of

microbe functionality by integrating metagenome species, metagenome genes and

GO information. The network provides the functionality explanation of metagenome

genes, which has the potential in discovering novel species and functions that affect

the disease. Specifically, GO informed model observes the important species not

reported in previous researches in both diabetes and liver cirrhosis datasets. These

species have important functionality roles in the disease, which cannot be discovered

by non-GO informed model.

Whereas GO informed model provides better performance than non-GO informed

model, there are some issues to improve the performance of GO informed model.

Firstly, we noted that the gene number affects the performance of GO informed

model. Using larger geneset helps improving the performance of GO informed model

in both diseases. In addition, the hyperparameters tuning is required before used in

predicting different diseases to obtain a better performance. Meanwhile, the sample

size is still much smaller than the feature size, the GO informed model performance

may improve by using more qualified samples. Moreover, using heterogeneous data

by combining GO with other biological priors such as KEGG may further guide

model development and functional evaluation.
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Conclusion
In conclusion, we propose to utilize a GO informed neural network to discover

the microbe functionality in human diseases, which cannot be obtained by existing

models. GO informed neural network model has effectiveness in disease prediction

in diabetes and liver cirrhosis datasets. Our model discovered the important mi-

crobiome function, genes, and microbe species by calculating the important score

of each gene and GO term in the network. We visualized the important genes and

GO terms in the network and provided insights into microbe contribution in func-

tional aspect, which has the potential for clinical translation in disease-specified

microbe-involved functions.
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