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Abstract 
The aim of this work is to analyze the effectiveness of several multi-label classification methods in                 

predicting multi-drug resistance, a common problem in antimicrobial resistance (AMR) research. Multi-label            
classification is a special type of classification where an input data can belong to several classes at the same                   
time. A comparative study has been conducted for a public dataset from NCBI that contains the E. coli genes                   
which suffered mutations and developed resistance to one or several antibiotics classes. The dataset was               
analyzed with respect to the degree of multilabelness and the results showed that each instance has an average of                   
7.8 labels and only 1.5% of the instances have only one label. Based on the high level of multilabelness there                    
were applied four multi-label methods. As accuracy metric, it was used Hamming loss, with the best score of                  
0.106 for the Classifier Chain method. Since the dataset is a multi-label one, the problem of imbalance was                  
raised and the results showed that the dataset is an imbalanced one. After applying a customized version of                  
SMOTE for multi-label classification, the classification algorithms were used again, but the results were only               
slightly improved. 
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Motivation. The ability of microbes/bacteria to develop resistance to one or several            
antibiotics, known as antimicrobial resistance (AMR), became a critical problem in medicine,            
especially if it is about multi-drug resistance [4]. In this context, data driven models which allow us to                  
predict if a microbe is susceptible or resistant to one or several antibiotics are of practical usefulness. 

The problem. Predicting the susceptibility or resistance of a microbe to several drugs is a               
multi-label classification problem. Unlike in the traditional classification, where an input data can             
belong to only one class, in the case of multi-label classification one data can belong to several classes                  
[1]. This makes the classification problem more challenging and the traditional classification models             
cannot be directly applied.  

Related works. Several approaches have been proposed for multi-label classification [1].           
Most of the methods belong to one of the two categories: data transformation that aims to transform                 
the original dataset into one or more simpler datasets and algorithm adaptation method which adapts               
the traditional algorithms to deal with multi-labelled datasets. In the context of multi-drug resistance              
both approaches have been applied  [2,3,4]. 

The research question. The aim of this work is to identify which of the multi-label               
classification methods is appropriate in the context of predicting antimicrobial resistance. In order to              
address this problem we analyzed the multi-drug resistance in the case of E.Coli. The used dataset is                 
a public one, accessible at NCBI [5]. It consists of 363 records and each record contains a set of 140                    
genes which suffered different types of mutations, therefore they induce resistance to different             
antibiotics classes. There are 34 antibiotics and for each antibiotic is specified if the bacteria is                
susceptible or resistant to it. There are taken into consideration five types of changes which might                
influence the role of a gene: point-type mutation, partial mutation, partial end of contig, mistranslation               
and complete gene (no mutation).  

Methodology and results. The methodology we followed consists of several steps: 
Step 1. Analysis of the data characteristics with respect to the degree of multilabelness. The metrics                
used to characterize the distribution of labels over instances are: Cardinality (the mean number of               
labels per instance), Density (how well are the labels represented in each instance) and PMin               
(percentage of instances with only one active label) [1,6,7]. The values obtained for the investigated               
dataset are 7.80 for Cardinality, 0.229 for Density and 1.49% for Pmin showing that the dataset is                 
indeed a multi-labeled one and it cannot be treated as an one-label dataset. 
Step 2. Comparison of several multi-label classification methods. The selected methods are: Binary             
Relevance (BR) method with Random Forest as classifier algorithm [8], Binary Relevance method             
using kNN algorithm [8], Multi-label kNN [9] and Classifier Chain (CC) using Random Forest              
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algorithm [10]. As accuracy metric it was used Hamming loss (smaller values denote a high accuracy)                
and the following results were obtained: 0.107 for BR with Random Forest, 0.117 for BR with kNN,                 
0.117 for MLkNN, 0.106 for CC with Random Forest. This suggests that the CC approach is better in                  
this context than the BR strategy. 
Step 3. Analysis of the degree of data imbalance. One of the main challenges in constructing a                 
multi-label classifier is the presence of data imbalance. Unlike for traditional classification tasks             
where it is straightforward to analyze the distribution of labels and estimate the degree of imbalance,                
in the case of multilabel classification there have been proposed several specific metrics [11], e.g.               
IRLBl (Imbalanced Ratio) and CVIR (Coefficient variation of imbalanced ratio). For the analyze             
dataset the IRLBl value is 324 and the mean value is 7.055, while the value of CVIR is 1.61. Based on                     
these metrics and comparing with the corresponding values for other datasets (genbase and yeast) [1],               
it follows that the E.Coli dataset is imbalanced, therefore a specific technique, e.g. Synthetic Minority               
Oversampling Technique (SMOTE)[12], should be applied. 
Step 4. Application of SMOTE. After applying the Synthetic Minority Oversampling Technique the              

obtained results are: 0.103 for BR with Random Forest, 0.113 for BR with KNN, 0.116 for MLkNN,                 
0.106 for CC with Random Forest. This suggests that applying SMOTE improved only slightly the               
classifiers accuracy. 

Conclusions and further work. The comparative analysis conducted on the E.Coli dataset            
illustrated that the Classifier Chains are promising approaches for multi-drug resistance prediction. On             
the other hand,  further work is required to address the problem of imbalanced data. 
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