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Abstract 

Increasing evidence shows that microbes are important for the protection of human health 
and the health of other living organisms. At the same time, microbes can cause other 
organisms to become sick or even die. Through microbe–host interaction, we can 
understand intuitively the process and mechanism of host infection by microbes. Several 
methods are developed to predict microbe–host interactions. However, current methods are 
limited by the cost of interaction verification experiments and accuracy. Therefore, there is 
still a need for a rapid and accurate method to predict microbe–host interaction. Here, we 
proposed a novel method based on Integrated Similarity, KATZ measure, and Within and 
Between Scores (ISKATZWBS) to predict microbe–host interactions. Experimental results 
show that the proposed method performs well and the AUCs are 0.946, 0.981, 0.954 on the 
PHI-base, HPIDB, and HMDAD datasets repectively. Compared with other four state-of 
the-art methods: KATZHMDA, WBSMDA , NGRHMDA and NCPHMDA, the proposed 
method has higher prediction accuracy.  

Introduction 

“Microbe” is a general designation of all microorganisms that are difficult to observe by the 
naked eye, including bacteria, eukaryotes, archaea, and viruses [1]. On the one hand, the 
healthy survival of human and other living organisms is inseparable from the role of 
microbes. Microbes benefit the host with improved metabolic capabilities, protection from 
pathogens, enhancement of the immune system, and the modulation of gastrointestinal 
development [2]. Recent work has demonstrated that microbe composition is predictive of 
the efficacy of cancer immunotherapy [3]. Focusing on microbe–immunity interactions may 
provide insight into the principles of immune system function while facilitating precision 
therapeutics for systemic disease [4]. On the other hand, microbes may cause disease in the 
host or even death. With the development of globalization, global health care is facing an 
increasing number of severe challenges. For example, on April 21, 2009, the 2009 influenza 
A(H1N1), caused by influenza virus A, spread rapidly worldwide, and on June 11, 2009, the 
World Health Organization raised the pandemic alert level to the highest level of 6.2 [5]. As 
of March 12, 2020, coronavirus disease 2019 (COVID-19) has been confirmed in 125,048 



2 

people worldwide, carrying a mortality rate of approximately 3.7%, compared to a mortality 
rate of less than 1% from influenza [6]. 

By exploring the interaction between microbes and hosts, we can find effective ways to 
block transmission and to treat related diseases. With the rapid development of whole 
genome sequencing, scientists have accumulated a large amount of genetic data. There is a 
new understanding of biology and biological activities at the molecular level. Scientists use 
this accumulated data to verify a large number of microbe–host interactions and have stored 
these interactions in public databases such as PHI-base [7], HPIDB [8], PATRIC [9], PHISTO 
[10], VirHostNet [11], and Mentha [12]. However, due to the wide variety of proteins and the 
time and economic cost of verifying microbe–host interactions by experiment, we cannot 
verify all microbe–host interactions by such methods. Consequently, an increasing number of 
calculation methods are now used to predict microbe–host interaction relationships with the 
aim of helping researchers to carry out targeted experiments. 

Li et al. [13] used bipartite network projection and introduced an algorithm called the 
Bipartite Network Module-Based Project (BNMP) to predict pathogen–host association. The 
method is based on bipartite network modules and integrates the module information of 
pathogens and hosts respectively into a bipartite network projection model to improve 
prediction performance. Chen et al. [14] developed a novel computational model of KATZ 
measure for Human Microbe–Disease Association prediction (KATZHMDA), based on the 
assumption that functionally similar microbes tend to have similar interaction and 
non-interaction patterns with non-infectious diseases and vice versa. He et al. [15] 
developed a novel predictive model of Graph Regularized Non-Negative Matrix 
Factorization for Human Microbe–Disease Association prediction (GRNMFHMDA). Chen et al. 
[16] developed the model of Within and Between Scores for MiRNA–Disease Association 
(WBSMDA prediction) to predict potential miRNAs associated with various complex diseases. 
WBSMDA can be used to predict unknown miRNA–disease associations. 

In this paper, we develop a novel approach to predict associations of microbes and 
hosts based on Integrated Similarity, KATZ measure, and Within and Between Scores 
(ISKATZWBS), which is an improvement on KATZHMDA [14] and WBSMDA [16]. In a similar 
way to KATZHMDA, ISKATZWBS uses Gaussian interaction profile kernel similarity and cosine 
similarity to obtain the similarity matrix between microorganisms and hosts. The balance 
factor is then added to the KATZ model, and the results of WBSMDA are used to replace the 
adjacency matrix of the microbe–host interaction in the KATZ model. 

Materials and Method 

Known Bacteria–Host Associations 
The pathogen–host interactions database PHI-base (http://www.phi-base.org/index.jsp) 
collects data on bacteria–host interaction by manually reading the literature [7]. Users can 
download data from PHI-base freely and our known bacteria–host association data is 
downloaded from PHI-base. There are 267 bacteria, 203 hosts, and 13,802 bacteria–host 
protein interaction data in the dataset. After data preprocessing, we obtained 819 distinct 
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confirmed interactions between bacteria and hosts. We constructed the adjacency matrix 𝐴 ∈ 𝑅 ×  as the original input data for the experiment, where 𝑛  is the number of 
bacteria and 𝑛  the number of hosts. 𝐴(𝑖, 𝑗) = 1 indicates that there is a confirmed 
interaction between the i-th bacteria and the j-th host; otherwise 𝐴(𝑖, 𝑗) = 0. 

Gaussian Interaction Profile Kernel Similarity for Bacteria 

Based on the assumption that similar hosts may be infected by the same microbe, we 
calculate the similarity between bacteria and hosts separately by using Gaussian interaction 
profile kernel similarity. For the adjacency matrix 𝐴, the bacteria–host interaction is 
expressed as a binary: 1 means there is an interaction between the bacteria and host; 
otherwise A = 0. For a given bacteria 𝑏 , its interaction profile 𝐼𝑃(𝑏 ) can be determined by 
the i-th row of the adjacency matrix 𝐴. The Gaussian interaction profile kernel similarity 
between 𝑏  and 𝑏  can be calculated by the following formulae: 

 𝐾𝐵 𝑏 , 𝑏 = exp (−𝛾 𝐼𝑃(𝑏 ) − 𝐼𝑃 𝑏 ) (1) 

 𝛾 = 𝛾 / ∑ ‖𝐼𝑃(𝑏 )‖𝑛  (2) 

In Formula (1), 𝑛  represents the number of bacteria in the dataset and 𝛾  represents 
normalized kernel bandwidth based on 𝛾  in Formula (2). Following van Laarhoven et al. [17] 
and Chen et al. [14, 16], we set 𝛾 = 1. From the two formulae above, we know that 𝐾𝐵(𝑏 , 𝑏 ) = 1 and 0 < 𝐾𝐵 𝑏 , 𝑏 < 1. According to Xie et al. [18] and Vanunu et al. [19], 
when 0 < 𝐾𝐵 𝑏 , 𝑏 ≤ 0.3, 𝑏  and 𝑏  cannot be considered similar. When 0.6 ≤𝐾𝐵 𝑏 , 𝑏 < 1, 𝑏  and 𝑏  may show significant similarity. Therefore, we use logistic 
function transformation from 𝐾𝐵 𝑏 , 𝑏  to 𝐾𝐵∗ 𝑏 , 𝑏  as shown in Formula (3) to make 
the confidence interval of 𝐾𝐵 𝑏 , 𝑏  more reasonable. 

 𝐾𝐵∗ 𝑏 , 𝑏 = 1 (1 + 𝑒 × , )⁄  (3) 

Following Xie et al. [18] and Vanunu et al. [19], we set 𝑐 = −15 and 𝑑 = log (9999) so 

that 𝐾𝐵∗ 𝑏 , 𝑏 = 0.0001 when 𝐾𝐵 𝑏 , 𝑏 = 0. 

Gaussian Interaction Profile Kernel Similarity for Host 

In a similar way to the Gaussian interaction profile kernel similarity of bacteria, for a given 
host ℎ , its interaction profile 𝐼𝑃(ℎ ) can be determined by the i-th column of the 
adjacency matrix 𝐴. The Gaussian interaction profile kernel similarity between ℎ  and ℎ  
can be calculated by the following formulae: 

 𝐾𝐻 ℎ , ℎ = exp (−𝛾 𝐼𝑃(ℎ ) − 𝐼𝑃 ℎ ) (4) 

 𝛾 = 𝛾 / ∑ ‖𝐼𝑃(ℎ )‖𝑛  (5) 

 𝐾𝐻∗ ℎ , ℎ = 1 (1 + 𝑒 ∗ , )⁄  (6) 
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In the above, 𝑛  is the number of hosts in the dataset. We set 𝛾 = 1, 𝑐 = −15, and 𝑑 = log (9999), as before. 

Cosine Similarity for Bacteria and Host 

The Calculation of cosine similarity (i.e., the calculation of cosine similarity of disease[20], 
bacteria and host) is based on the assumption that if bacteria bi and bacteria bj are similar to 
each other, then, in the bacteria–host association matrix, pattern 𝐴(: , 𝑖) (i.e., the i-th 
column of the adjacency matrix A) and pattern 𝐴(: , 𝑗) (i.e., the j-th column of adjacency 
matrix A) should be similar to each other . The same assumption should also be true for host. 
Therefore, the cosine similarity between bacteria bi and bacteria bj can be defined as follows: 

 CB  𝑏  , 𝑏  =  A(: , 𝑖) ∗  A(: , 𝑗)|| A(: , 𝑖) || ∗ || A(: , 𝑗)||  (7) 

 
   After calculating the cosine similarity between each pair of bacteria–bacteria, the cosine 
similarity matrix for bacteria CB(nb * nb) can be constructed. Similarly, the cosine similarity 
between host hi and host hj is given by: 

 CH  ℎ  , ℎ  =  A(𝑖) ∗  A(𝑗)|| A(𝑖) || ∗ || A(𝑗)||   (8) 

 
                         

Integrated Similarity for Bacteria and Host 

To make full use of the Gaussian interaction profile kernel similarity matrix for bacteria KB 
and the cosine similarity matrix for bacteria CB, a comprehensive similarity matrix for bacteria 
BS(nb * nb) was constructed by integrating the KB and CB similarity matrices as follows: 

 𝐵𝑆 = 𝐾𝐵 +  𝐶𝐵2  (9) 

                              
In Formula (9), BS(bi,bj) represents the integrated similarity between bacteria bi and bacteria 
bj. 

In the same way, the Gaussian interaction profile kernel similarity matrix for host KH and 
the cosine similarity matrix for host CH are integrated into a comprehensive similarity matrix 
for host HS(nh * nh) as follows: 

 𝐻𝑆 =  𝐾𝐻 + 𝐶𝐻2  (10) 

                           
In Formula (10), HS(hi,hj) represents the integrated similarity between host hi and host hj. As a 
result of the above, we obtain a comprehensive host similarity matrix HS and a 
comprehensive bacteria similarity matrix BS, respectively. 
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WBSMDA 

WBSMDA(Within and Between Scores for MiRNA–Disease Association) is an approach to 
predict Mirna-Disease association by calculating within and between scores [16, 21]. Here we 
employ it to predict the bacteria-host association. According to WBSMDA, the within-score 
and between-score of a bacteria–host pair (𝑏 , ℎ ) can be defined by the following formulae: 

 𝑆 𝑏 , ℎ = max∈ 𝐵𝑆(𝑏 , 𝑏 ) (11) 

 𝑆 𝑏 , ℎ = 𝑚𝑎𝑥∈ 𝐻𝑆(ℎ , ℎ ) (12) 

 𝑆 𝑏 , ℎ = 𝑚𝑎𝑥∈ 𝐵𝑆(𝑏 , 𝑏 ) (13) 

 𝑆 𝑏 , ℎ = max∈ 𝐻𝑆(ℎ , ℎ ) (14) 

In the above, 𝑏  is the group of bacteria that has interaction with ℎ  in the dataset, ℎ  is the group of hosts that has interaction with 𝑏  in the dataset, 𝑏  is the group of 

bacteria that does not have interaction with ℎ  in the dataset, and ℎ  is the group of hosts 
that does not have interaction with 𝑏  in the dataset. In short, for a given bacteria 𝑏 , 
within-score is looking for the highest integrated similarity score in the group of bacteria 
with known interaction with a given host ℎ , whereas between-score is looking for the 
highest integrated similarity score in the group of bacteria with no known interaction with a 
given host ℎ . Similarly, within-score and between-score have the same meanings for a 
given host ℎ . 

We then calculate the predicted score 𝑃 𝑏 , ℎ  of the interaction between 𝑏  and ℎ  
according to the following formula: 

 𝑃 𝑏 , ℎ = 𝑆 𝑏 , ℎ × 𝑆 𝑏 , ℎ𝑆 𝑏 , ℎ × 𝑆 𝑏 , ℎ  (15) 

In addition, for a given bacteria 𝑏 that has no known interaction with any host in the 

dataset, the predicted score 𝑃 𝑏, ℎ  can be calculated by the following formula: 

 𝑃 𝑏, ℎ = 𝑆 𝑏, ℎ𝑆 𝑏, ℎ  (16) 

Similarly, for a given host ℎ that has no known interaction with any bacteria in the 
dataset, the predicted score 𝑃(𝑏 , ℎ) can be calculated by the following formula: 

 𝑃(𝑏 , ℎ) = 𝑆 (𝑏 , ℎ)𝑆 (𝑏 , ℎ) (17) 

Finally, we obtain the prediction score matrix 𝑃 ∈ 𝑅 ×  by WBSMDA, where 𝑃(𝑖, 𝑗) is 
the prediction score for a given bacteria 𝑏  and a given host ℎ . 

ISKATZWBS 

KATZ measure is used for social network prediction [22], disease–gene association prediction 
[23], lncRNA–disease association prediction [24, 25], and microbe–disease prediction [14, 18]. 
KATZ is a link prediction method that calculates the similarity of nodes in a heterogeneous 
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network through random walk. The number of walks between nodes and walk lengths in the 
network is effective similarity metrics of KATZ Measure. Here, we proposed a new approach 
IKATZWBS by improving KATZ measure to predict bacteria-host association. The overall 
process of ISKATZWBS is shown in Figure 1.  

First, we calculate the bacteria gaussian interaction profile kernel similarity matrix KB, the 
bacteria cosine similarity matrix CB, the host gaussian interaction profile kernel similarity 
matrix KH and the host cosine similarity matrix CH respectively, based on adjacency matrix A. 
Then, in order to make full use of bacteria and host similarity information, two 
comprehensive similarity matrixes for bacteria and Hosts BS and HS are constructed 
respectively. Next, due to the origin adjacency matrix A was too sparse, a bacteria-host 
association prediction score matrix P is calculated using WBSMDA which contains more 
bacteria-host associations. After that, we form a heterogeneous network 𝐴∗ by integrating 
WBSMDA prediction score matrix P, bacteria integrated similarity matrix BS and host 
integrated similarity matrix HS. In addition, in order to balance the contribution of the 
integrated similarity for host and the integrated similarity for bacteria during the random 
walk ,we introduced the balance factor 𝑎 and 𝑏 (𝑎, 𝑏 ∈ [0,1] ) to control the contribution of 
host integrated similarity and bacteria integrated similarity during the process of random 
walk . Thus, the heterogeneous network 𝐴∗can be defined as follow: 

 𝐴∗ = 𝑎 × 𝐵𝑆 𝑃𝑃 𝑏 × 𝐻𝑆  (18) 

The whole random walking process can be expressed by the formula (19): 

 𝑆 = 𝛿 𝐴∗ = (𝐸 − 𝛿𝐴∗) − 𝐸 (19) 

In Formula (19), 𝐴∗  is the 𝑙-th power of 𝐴∗, the element 𝐴∗ (𝑏 , ℎ ) which is the 𝑖-th 
row and 𝑗-th column of 𝐴∗ means the number of 𝑙-length walks between bacteria 𝑏  and 
host ℎ . 𝛿 ∈ (0,1) is the dampen factor of walks of different length, which means 𝛿  is the 
dampen factor of 𝑙-length walks. 𝑆 ∈ 𝑅( )×( )  is the final score matrix obtained by 
the heterogeneous network matrix 𝐴∗ after 𝑙 -length walks, and 𝐸 is the identity matrix. 𝑆 
can be divided into four sub-matrices according to Formula (20): 

 𝑆 = 𝑆 𝑆𝑆 𝑆  (20) 

Obviously, 𝑆 ∈ 𝑅 × , 𝑆 ∈ 𝑅 × , 𝑆 ∈ 𝑅 × , and 𝑆 ∈ 𝑅 × . Obviously,  𝑆  is 
the final prediction score matrix which we want and the element 𝑆 (𝑖, 𝑗) of 𝑆  is the 
prediction score of bacteria 𝑏  and host ℎ . According to Chen et. [14], when the length of 
walk 𝑙 = 2 the KATZ Measure performance is the best. Therefor we also set 𝑙 = 2 and the 
whole random walk process can be simplified as follow: 
 𝑆 =  𝛿 × 𝑃 +  𝛿 (𝑎 × 𝐵𝑆 × 𝑃 + 𝑃 × 𝐻𝑆 × 𝑏)  (21) 
   In Formula (21) 𝑆 ∈ 𝑅 ×  is the final bacteria – host association prediction result 
matrix, the element 𝑆 (𝑏 , ℎ ) is the 𝑖-th row and 𝑗-th column of 𝑆  which means the 
final association prediction score between bacteria 𝑏  and host ℎ .  
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Figure 1. The process of ISKATZWBS 
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Results 

Performance Evaluation 

We downloaded bacterial–host interaction data from PHI-base (http://www.phi-base.org/ 
downloadLink.htm) as the verification dataset and used Leave One Out Cross Validation 
(LOOCV) [26] to test the prediction performance of ISKATZWBS on the verification dataset. 
In LOOCV, each bacteria–host interaction is used in turn as a test dataset and other bacteria–
host interactions are used as a training dataset. In each round of LOOCV, we used 
ISKATZWBS to make predictions on the training dataset. After LOOCV, we plotted Receiver 
Operating Characteristic (ROC) curves and Precision Recall (PR) curves to evaluate the 
performance of the algorithm. In order to display the performance evaluation results more 
intuitively, we calculated the AUC (the area enclosed by the ROC curve and the coordinate 
axis) and AUPR (the area enclosed by the PR curve and the coordinate axis), respectively. 

With our method, the balance factors 𝑎 and 𝑏 are important parameters that affect 
the final result. We take values 𝑎 and 𝑏 from 0 to 1 in steps of 0.1 respectively. We then 
use data from PHI-base for LOOCV to select the parameters with the best performance 
results. As shown in Figure 2 and Figure 3, when 𝑎 = 0.3 and 𝑏 = 0.1, the ISKATZWBS 
prediction has the best performance when AUC=0.947 and AUPR=0.429. 

 

 
Figure 2. The LOOCV AUC results of ISKATZWBS with different parameters 𝑎 and 𝑏 
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Figure 3. The LOOCV AUPR results of ISKATZWBS with different parameters 𝑎 and 𝑏 

Comparison with Existing Methods 

We compared ISKATZWBS with four state-of the-art methods – KATZHMDA [14], WBSMDA 
[16], NGRHMDA[27] and NCPHMDA[29] – by using LOOCV with data from PHI-base [7], 
HPIDB [8], HMDAD [28]. The data statistics of these databases are shown in Table 1. 

Table 1. Data statistics of PHI-base, HPIDB, and HMDAD 

Databases Database content Data volume (after data 
preprocessing) 

PHI-base Bacteria–host interaction 270 bacteria, 212 hosts, and 855 
distinct bacteria–host interactions. 

HPIDB Virus–host interaction 668 viruses, 66 hosts, and 967 distinct 
virus–host interactions. 

HMDAD Human microbe–disease association 292 microbes, 39 diseases, and 450 
distinct microbe–disease associations. 

 
As above, we used LOOCV to determine the performance of these four methods. The 

LOOCV AUC results for ISKATZWBS, KATZHMDA, WBSMDA , NGRHMDA and NCPHMDA 
with data from PHI-base were 0.946, 0.790, 0.833, 0.831 and 0.879 respectively. The LOOCV 
AUC results for ISKATZWBS, KATZHMDA, WBSMDA, NGRHMDA and NCPHMDA with data 
from HPIDB were 0.981, 0.943, 0.940, 0.922 and 0.937 respectively. The LOOCV AUC results 
for ISKATZWBS, KATZHMDA, WBSMDA, NGRHMDA and NCPHMDA with data from HMDAD 
were 0.954, 0.880, 0.931, 0.862 and 0.929 respectively. The LOOCV AUC results are shown in 
Figure 4. 
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Figure 4. The AUC results of five methods on three data 
 

The LOOCV AUPR results for ISKATZWBS, KATZHMDA, WBSMDA, NGRHMDA and 
NCPHMDA with data from PHI-base were 0.456, 0.142, 0.271, 0.108 and 0.292 respectively. 
The LOOCV AUPR results for ISKATZWBS, KATZHMDA, WBSMDA, NGRHMDA and 
NCPHMDA with data from HPIDB were 0.754, 0.679, 0.635, 0.254 and 0.296 respectively. The 
LOOCV AUPR results for ISKATZWBS, KATZHMDA, WBSMDA, NGRHMDA and NCPHMDA 
with data from HMDAD were 0.630, 0.487, 0.483, 0.481 and 0.575 respectively. The LOOCV 
AUPR results are shown in Figure 5. 

Figures 4 and 5 show that ISKATZWBS performs better than other four methods. 
 

 
Figure 5. The AUPR results of five methods on three data 
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Validation via Biological Evidence 

Due to data mining technology and cost constraints, PHI-base cannot cover all bacterial–
host interaction data. In order to further verify the prediction performance of ISKATZWBS, we 
selected the top 20 potential bacteria–host relationship pairs and searched the literature to 
find corresponding evidences to prove their potential interaction relationship. We found that 
17 of the 20 potential bacteria–host interactions provided biological evidence, as 
summarized in Table 2 (note that the potential prediction scores ranked at 8, 9, and 13 
lacked confirmation in the literature). The details are as follows, with the evidence listed in 
order of prediction ranking: 

1) Trichophyton mentagrophytes–Mus musculus. Mackenzie [30] reported an incident in 
which children were infected with Trichophyton mentagrophytes by mice (Mus musculus). In 
the subsequent experiment, Trichophyton mentagrophytes were isolated from 104 of 147 
mice (Mus musculus). 

2) Vibrio harveyi–Homo sapiens. Vibrio harveyi is an opportunistic human pathogen that 
may cause gastroenteritis, severe necrotizing soft-tissue infections, and primary septicemia, 
with a potentially high rate of lethality. Kang et al. [31] isolated Vibrio harveyi from seawater 
to study their drug resistance. 

3) Edwardsiella tarda–Homo sapiens. Jordan et al. [32] found that humans will have 
symptoms similar to those caused by Salmonellae after being infected with Edwardsiella 
tarda. 

4) Staphylococcus aureus–Drosophila melanogaster. Needham et al. [33] found that 
Drosophila melanogaster can be used to verify the virulence of Staphylococcus aureus. 

5) Bipolaris victoriae–Triticum. Momtaz et al. [34] infected Triticum through Bipolaris 
victoriae to discover the relationship between Triticum infected by bipolaris leaf blight. 

6) Venturia inaequalis–Mus musculus. Following previous reports that the G143A 
mutation of cytochrome b caused resistance of Venturia inaequalis to a strobilurin-related 
inhibitor in mice (Mus musculus) mitochondria, Zheng et al. [35] studied the characterization 
of laboratory mutants of Venturia inaequalis resistant to the strobilurin-related fungicide 
kresoxim–methyl. 

7) Colletotrichum lagenarium–Nicotiana benthamiana. Takano et al. [36] found that the 
Colletotrichum lagenarium wild strain 104-T is able to infect Nicotiana benthamiana, which is 
not closely related to cucumber. 

10) Verticillium fungicola–Arabidopsis thaliana. Athey-Pollard et al. [37] compared the 
percentage homology of Verticillium fungicola and Agaricus bisporus eIF4E amino acid 
sequences with those isolated from Arabidopsis thaliana and other hosts. 

11) Alternaria citri–Citrus reticulata. Kono et al. [38] studied host-selective toxins 
produced by a pathotype of Alternaria citri, a fungus that produces brown spot disease of 
Dancy tangerine (Citrus reticulata) and other mandarin cultivars. 

12) Escherichia coli–Danio rerio. Stones et al. [39] described the establishment of a 
vertebrate model for foodborne EHEC infection, using larval zebrafish (Danio rerio) as a host 
and the protozoan prey Paramecium caudatum as a vehicle. 

14) Fusarium sporotrichioides–Triticum aestivum. Asano et al. [40] noted that certain 
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graminaceous plants such as Zea mays and Triticum aestivum serve as hosts for Fusarium 
sporotrichioides, and went on to study the molecular interactions between the host plants 
and F. sporotrichioides. 

15) Beauveria bassiana–Arabidopsis thaliana. Raad et al. [41] assessed the effects of two 
Beauveria bassiana strains (BG11 and FRh2) on the growth of Arabidopsis thaliana and its 
resistance against two herbivore species and a phytopathogen. 

16) Sclerotinia sclerotiorum–Nicotiana tabacum. Garriz et al. [42] carried out a 
preliminary evaluation of the potential of polyamine biosynthesis inhibition as a strategy for 
the control of plant diseases initiated by Sclerotinia sclerotiorum ascospores, using tobacco 
(Nicotiana tabacum) leaf discs as an experimental system. 

17) Cryptococcus neoformans–Gallus gallus. Kuroki et al. [43] successfully isolated 
Cryptococcus neoformans from chicken (Gallus gallus) feces in suburban areas of Thailand. 

18) Acinetobacter nosocomialis–Homo sapiens. Visca et al. [44] discussed the infection 
mechanism and threats of Acinetobacter nosocomialis and other Acinetobacter species to 
humans. 

19) Serratia marcescens–Mus musculus. Iwaya et al. [45] studied the clinical application 
and evaluation of rapid and quantitative detection of blood Serratia marcescens by a 
real-time PCR assay in a mouse (Mus musculus) infection model. 

20) Alternaria alternata–Eriobotrya japonica. Tziros [46] reported that Alternaria 
alternata can cause leaf spot and fruit rot on loquat (Eriobotrya japonica) in Greece. 

Table 2. The potential bacteria–host interaction prediction results of ISKATZWBS 

Order Bacteria Hosts Evidence 

1 Trichophyton 
mentagrophytes 

Mus musculus DOI:10.1080/00362176285190351 

2 Vibrio harveyi Homo sapiens DOI:10.1016/j.marpolbul.2014.07.008  

3 Edwardsiella tarda Homo sapiens DOI:10.7326/0003-4819-70-2-283  

4 Staphylococcus 
aureus 

Drosophila 
melanogaster 

DOI:10.1099/mic.0.27116-0  

5 Bipolaris victoriae Triticum DOI:10.3329/jbas.v43i1.42228  

6 Venturia inaequalis Mus musculus DOI:10.1007/s002940000147 

7 Colletotrichum 
lagenarium 

Nicotiana 
benthamiana 

DOI:10.1111/j.1365-2958.2006.05080.x 

8 Pyrenopeziza 
brassicae 

Solanum 
lycopersicum 

Unconfirmed 

9 Kingella kingae Caenorhabditis 
elegans 

Unconfirmed 

10 Verticillium fungicola Arabidopsis 
thaliana 

DOI:10.1023/A:1021318524857 

11 Alternaria citri Citrus reticulata DOI:10.1271/bbb1961.50.1597  

12 Escherichia coli Danio rerio DOI:10.1128/mSphereDirect.00365-17 

13 Streptococcus 
parauberis 

Triticum aestivum Unconfirmed 

14 Fusarium Triticum aestivum DOI:10.1186/1477-5956-10-61  
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sporotrichioides 

15 Beauveria bassiana Arabidopsis 
thaliana 

DOI:10.3389/fmicb.2019.00615 

16 Sclerotinia 
sclerotiorum 

Nicotiana 
tabacum 

DOI:10.1046/j.1469-8137.2003.00983.x 

17 Cryptococcus 
neoformans 

Gallus gallus DOI:10.1002/yea.1112 

18 Acinetobacter 
nosocomialis 

Homo sapiens DOI:10.1002/iub.600  

19 Serratia marcescens Mus musculus DOI:10.1016/j.femsle.2005.05.041  

20 Alternaria alternata Eriobotrya 
japonica 

DOI:10.1007/s13314-013-0112-z  

Discussion 

In this paper, we introduced ISKATZWBS, a novel approach to predicting associations 
between microbes and hosts, based on integrated similarity, balanced KATZ measure, and 
within- and between-scores. ISKATZWBS calculates the Gaussian interaction profile kernel 
similarity and cosine similarity of bacteria and hosts respectively, based on the bacteria–host 
interaction adjacency matrix. We then integrate the Gaussian interaction profile kernel 
similarity and cosine similarity of bacteria and hosts, respectively. The within- and 
between-score matrix obtained by WBSMDA and the bacteria(host) integrated similarity are 
used in the balanced KATZ measure to predict potential bacteria–host interaction with high 
accuracy. To prove the universality of our algorithm, we compared ISKATZWBS with 
KATZHMDA, WBSMDA, NGRHMDA and NCPHMDA by using LOOCV with data from 
PHI-base, HPIDB and HMDAD. Experimental results show that ISKATZWBS has reliable 
prediction performance. With minor modifications, ISKATZWBS can also be used to predict 
other biological associations such as miRNA–disease, lncRNA–disease, drug–target, gene–
disease, and drug–cell line interactions. 
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Figures

Figure 1

The process of ISKATZWBS



Figure 2

The LOOCV AUC results of ISKATZWBS with different parameters  and 



Figure 3

The LOOCV AUPR results of ISKATZWBS with different parameters  and 



Figure 4

The AUC results of �ve methods on three data

Figure 5

The AUPR results of �ve methods on three data


