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Abstract: Antimicrobial resistance (AMR) is a significant global concern that endangers human
health. To overcome this resistance, β-lactames are used in combination with β -lactamase inhibitors
to bypass the enzymatic action. The current study incorporates the techniques of machine learning
to cluster the patterns of the proteins which may be antibiotic resistant. K-Means Clustering is
applied along with PCA analysis, to verify and validate the model’s accuracy where Mean Clustering
Analysis was used to validate the number of clusters formed. The result showed 3 clusters in Class A
and 4 clusters in Class B representing various characteristics of these mutants.
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1. Introduction

Antimicrobial resistance (AMR) refers to the ability of bacteria and fungi to withstand
the effects of medications designed to eliminate them. This phenomenon occurs when
these pathogens adapt and become resistant to drugs. Treating infections caused by
resistant microorganisms becomes difficult and sometimes even impossible [1–3]. In 2019,
1.27 million deaths were directly attributable to resistance. Six pathogens were each
responsible for more than 250,000 deaths associated with AMR: E. coli, Staphylococcus aureus,
K. pneumoniae, S. pneumoniae, Acinetobacter baumannii, and Pseudomonas aeruginosa, by order
of number of deaths. Five regions had all-age death rates associated with bacterial AMR
higher than 75 per 100,000: all four regions of sub-Saharan Africa and south Asia [4,5].
Figure 1 represents what antibiotics are currently in use and their share in the market.
β-lactam antibiotics, such as penicillin and cephalosporins, are widely used in the field of
antibiotics. As a result, the integrity of the bacterial cell wall is compromised, leading to
cell lysis and ultimately bacterial death [6].
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Figure 1. Proportion of prescriptions in the United States for injectable antibiotics from 2004 to 2014. 

2. Literature Review 
2.1. Resistance to β-Lactam Drugs 

Bacteria can develop resistance through numerous mechanisms. Firstly, they can 
modify the active sites of proteins that bind to penicillin. Secondly, resistance can occur 
when the porin proteins in the outer membrane of Gram-negative bacterial cell walls un-
dergo changes, impairing the passage of β-lactam antibiotics or their interaction with 
“penicillin-binding proteins” on the inner membrane [7]. Thirdly, bacteria can possess 
“multicomponent drug efflux pump systems (mex)” that actively transport a range of sub-
stances outside the periplasm of Gram-negative bacteria, either through acquired external 
factors or as intrinsic trait [8–10]. 

2.2. β-Lactamase Enzymes 
Bacteria have the capacity to produce β-lactamases, which are enzymes capable of 

degrading and rendering β-lactam antibiotics, such as penicillins, cephalosporins, and 
carbapenems, ineffective. Based on their genetic characteristics, β-lactamases can be clas-
sified as Class A β-lactamases: they can be effectively suppressed by β-lactamase inhibi-
tors such as clavulanic acid. Subtypes include the following: “-TEM (e.g., TEM-1, TEM-2), 
SHV (e.g., SHV-1, SHV-2), CTX m (e.g., CTX-M- 15, CTX-M-14)” and Class B β-lactamases.  

These enzymes, also known as metallo-β-lactamases, depend on the presence of 
metal ions, such as zinc, to exhibit their enzymatic activity. Subtypes include the follow-
ing: IMP (e.g., IMP-1, IMP-2), VIM (e.g., VIM-1, VIM-2), NDM (e.g., NDM-1, NDM-2) 
[11,12]. Most AmpC-lactamases are plasmid-mediated and contain resistance genes for 
various kinds of antibiotics. The most well-researched antibiotic resistance enzymes are 
TEM-lactamases. They work by hydrolyzing the lactam ring found in antibiotics like ceph-
alosporins, penicillin, and similar substances [13]. 

2.3. β-Lactamase Inhibitors and Inhibitor Resistance in Class A and Class B β-Lactamases 
β-lactamase inhibitors, such as clavulanic acid, are effective at inhibiting β-lactamase. 

They primarily work through two main mechanisms: high-affinity binding of substrates 
to the β-lactamase enzyme and irreversible inactivation of the enzyme through secondary 
chemical reactions within the active site. Common inhibitors, including clavulanic acid, 
sulbactam, and tazobactam, act through the former mechanism of action [14,15]. The 
omega loop, a structural component present in class A β-lactamases, plays a crucial role 

Figure 1. Proportion of prescriptions in the United States for injectable antibiotics from 2004 to 2014.

2. Literature Review
2.1. Resistance to β-Lactam Drugs

Bacteria can develop resistance through numerous mechanisms. Firstly, they can
modify the active sites of proteins that bind to penicillin. Secondly, resistance can occur
when the porin proteins in the outer membrane of Gram-negative bacterial cell walls
undergo changes, impairing the passage of β-lactam antibiotics or their interaction with
“penicillin-binding proteins” on the inner membrane [7]. Thirdly, bacteria can possess
“multicomponent drug efflux pump systems (mex)” that actively transport a range of
substances outside the periplasm of Gram-negative bacteria, either through acquired
external factors or as intrinsic trait [8–10].

2.2. β-Lactamase Enzymes

Bacteria have the capacity to produce β-lactamases, which are enzymes capable of
degrading and rendering β-lactam antibiotics, such as penicillins, cephalosporins, and
carbapenems, ineffective. Based on their genetic characteristics, β-lactamases can be
classified as Class A β-lactamases: they can be effectively suppressed by β-lactamase
inhibitors such as clavulanic acid. Subtypes include the following: “-TEM (e.g., TEM-1,
TEM-2), SHV (e.g., SHV-1, SHV-2), CTX m (e.g., CTX-M- 15, CTX-M-14)” and Class B
β-lactamases.

These enzymes, also known as metallo-β-lactamases, depend on the presence of metal
ions, such as zinc, to exhibit their enzymatic activity. Subtypes include the following: IMP
(e.g., IMP-1, IMP-2), VIM (e.g., VIM-1, VIM-2), NDM (e.g., NDM-1, NDM-2) [11,12]. Most
AmpC-lactamases are plasmid-mediated and contain resistance genes for various kinds of
antibiotics. The most well-researched antibiotic resistance enzymes are TEM-lactamases.
They work by hydrolyzing the lactam ring found in antibiotics like cephalosporins, peni-
cillin, and similar substances [13].

2.3. β-Lactamase Inhibitors and Inhibitor Resistance in Class A and Class B β-Lactamases

β-lactamase inhibitors, such as clavulanic acid, are effective at inhibiting β-lactamase.
They primarily work through two main mechanisms: high-affinity binding of substrates to
the β-lactamase enzyme and irreversible inactivation of the enzyme through secondary
chemical reactions within the active site. Common inhibitors, including clavulanic acid,
sulbactam, and tazobactam, act through the former mechanism of action [14,15]. The
omega loop, a structural component present in class A β-lactamases, plays a crucial role
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in facilitating the binding of β-lactam antibiotics and β-lactamase inhibitors. As a result,
the binding affinity of the inhibitor is diminished. Consequently, this increased flexibility
could alleviate steric hindrance between the omega loop and the bulky 7b-side chain of
ceftazidime, ultimately improving ceftazidime’s accessibility to the binding pockets of
β-lactamases [16,17]. These mutations hinder the inhibitor’s ability to bind to the zinc ion,
thereby impeding its capacity to inhibit the enzyme’s activity [18]. EDTA (ethylene diamine
tetraacetic acid) is a frequently utilized inhibitor for metallo-β-lactamases (MBLs) which
functions by chelating the vital zinc ions required for the catalytic activity of MBLs [19].

2.4. Machine Learning in AMR Research

Over the past two decades, AI and ML have been used for several healthcare appli-
cations, one of them being antimicrobial resistance. The focus of ML in AMR research is
basically towards the development of medication, forecasting treatment, epidemic pattern
detection, clinical microbiology, analysis of bacterial genomes, or proposing new drug
treatment strategies.

3. Methodology
3.1. Dataset Retrieval

A comprehensive list of all β-lactamases is found in the β-Lactamase database [20]
“BLDB is a database that compiles sequence information as well as biochemical and struc-
tural information on all the currently known β-lactamases” [20]. The third column of that
database was retrieved into a csv file. This csv file was fed into the downloads page of
RCSB PDB to obtain a single fasta file containing all the sequences [20]. The first column of
the dataset refers to the pdb code of the β-lactamase and the second column contains the
protein sequence. “Statistics (number of structures): Overall (1540); Class A (579); subClass
B1 (364); subclass B2 (15); subclass B3 (97)”; [21]. Figure 2 shows the first row of the Class
B dataset.
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3.2. Data Preprocessing and Visualization

Data encoding is an essential process that enables the representation and storage of
information in a format suitable for algorithmic processing and comprehension. To use an
algorithm on data, we need to convert the sequence data into numerical data and normalize
them. This encoding technique was utilized to transform a set of textual data into a matrix
that represents the frequency of tokens. PCA (principal component analysis) is a popular
technique used for dimensionality reduction in data analysis. One of the benefits of PCA
is that it can be used for data visualization. Alternatively, if there are data points that are
outliers in the reduced space, we can investigate these data points to understand why they
vary from the rest.

3.3. Algorithm
K-Means Clustering

K-means is a popular clustering algorithm that is highly favored for its efficiency,
simplicity, and ability to effectively address the widely known clustering problem. The
fundamental idea behind the algorithm is to define k centers, representing k clusters, in
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such a way that they are placed far apart from each other since different locations of centers
can result in different outcomes [22].

3.4. Determining K Value Using Elbow and Silhouette Plots
3.4.1. Elbow Plot and Silhouette Plot

The elbow method is a commonly employed technique in cluster analysis for identify-
ing the most suitable number of clusters in a dataset. Therefore, the graph of explained
variation versus the number of clusters will increase rapidly up to k, representing the
under-fitting region, and then increase slowly after k, representing the over-fitting region.
By selecting the elbow point, we can strike a balance between fitting the data well and
avoiding overfitting, thereby obtaining the optimal number of clusters for the dataset. A
silhouette plot is a visualization tool used to evaluate the quality of clustering results, with
well-separated clusters having high silhouette coefficients and clusters that overlap or
having low silhouette coefficients that are poorly separated. By inspecting the silhouette
plot, we can assess the appropriateness of the number of clusters and identify potential
misclassifications or outliers.

3.4.2. Validation of Clusters Using Phylogenetic Tree

Multiple sequence alignment (MSA) is the process of arranging multiple biological
sequences (such as DNA, RNA, or protein sequences) in a way that aligns the correspond-
ing positions of similarity or homology [23]. The goal is to identify conserved regions,
insertions, deletions, and other structural or functional motifs shared among the sequences.
MSA provides insights into sequence conservation and evolutionary relationships [23].
The MSA tool we used is CLUSTALW. With this, we constructed a phylogenetic tree. A
phylogenetic tree for protein sequences is a graphical representation that illustrates the
evolutionary relationships among different proteins. It depicts how proteins have diverged
from a common ancestor and how they have evolved over time.

4. Results
4.1. Results for Class-A

Upon comparison of the silhouette plots after count vectorizer and tokenizer encoding,
we found that count vectorizer encoded data are prone to giving more negative scores than
tokenizer encoded data. The following elbow plot in Figure 3 shows the plot for clusters.
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4.1.1. Feature Engineering (Dimensionality Reduction)

We tested the number of components in PCA from 1 to 15 to try and determine the
optimal number of components. This way, we could reduce the number of dimensions
without having to compromise on the efficiency, which can be seen in Figure 4.
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4.1.2. Performance of Clusters (Silhouette Plots)

From the scores alone, we can identify that the ideal number of clusters is 3.
The result from the plots can be seen from Figure 5. The silhouette analysis result for

the two-component dataset is shown in Table 1.
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Table 1. Average silhouette score for Class A.

Cluster Number in n Average Silhouette Score

2
3
4
5
6
7
8
9

10
11

0.651578669
0.838912203
0.732957561
0.671978904
0.677507273
0.711460561
0.73267021

0.740600052
0.75087963

0.742417251

4.1.3. Validation of Clusters

MSA was performed to validate the cluster performance. A phylogenetic tree was
constructed, as shown in Figure 6.
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4.2. Results for Class-B

Upon comparison of silhouette plots after count vectorizer and tokenizer encoding,
we found that count vectorizer encoded data are prone to giving more negative scores than
tokenizer encoded data. Hence, we decided to use the tokenizer encoding.

As we can see, Figure 7 has the maximum number of components where we can
observe a sharp elbow. After that, it becomes difficult to observe a clear elbow point. This
could be due to various reasons such as noise in the data or overlapping of the clusters. For
this reason, we decided to continue with only 3 dimensions in our dataset.
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From the scores and Figure 8, we can identify that the ideal number of clusters is 4,
and Table 2 describes the average Silhouette score for Class B.
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Therefore, we can conclude from Figure 9 that 4 well-separated clusters are formed in
the ambler Class B of Beta-lactamases.

Eng. Proc. 2023, 59, x  9 of 11 
 

 

Therefore, we can conclude from Figure 9 that 4 well-separated clusters are formed 
in the ambler Class B of Beta-lactamases. 

 
Figure 9. The X-axis is principal component 1 and the Y axis is principal component 2. 

Validation of Clusters 
MSA was performed to validate the cluster performance. A phylogenetic tree was 

constructed as shown in Figure 10. 

 
Figure 10. The phylogenetic tree for Class B. 

Figure 9. The X-axis is principal component 1 and the Y axis is principal component 2.

Validation of Clusters

MSA was performed to validate the cluster performance. A phylogenetic tree was
constructed as shown in Figure 10.

Eng. Proc. 2023, 59, x  9 of 11 
 

 

Therefore, we can conclude from Figure 9 that 4 well-separated clusters are formed 
in the ambler Class B of Beta-lactamases. 

 
Figure 9. The X-axis is principal component 1 and the Y axis is principal component 2. 

Validation of Clusters 
MSA was performed to validate the cluster performance. A phylogenetic tree was 

constructed as shown in Figure 10. 

 
Figure 10. The phylogenetic tree for Class B. 
Figure 10. The phylogenetic tree for Class B.



Eng. Proc. 2023, 59, 146 9 of 10

5. Conclusions

Two classes of β-lactamases (A, B) were taken for the study. From the various tech-
niques applied to check for the similarity on the basis of the protein structures of Class A
and Class B, different clusters were formed depending upon the principal components.
The silhouette score and elbow plot through K-means clustering analysis generated the
ideal number of clusters. Class A was found to have 3 clusters and Class B was found to
have 4 clusters. MSA was also performed to validate the clustering performance. It was
seen that 3 clusters in Class A and 4 clusters in Class B represent the various characteristics
of these mutants. Our findings indicate that the resistant enzymes exhibit similar patterns
and hence were clustered in one category. This could be used as predictive model where,
by giving the protein sequence as a test, we could predict if it might show resistance or
not. Our study is limited to the available dataset. To classify β-lactamases as resistant
or wild-type, we have tried clustering the proteins based on the protein sequence alone.
This minimizes the ambiguity if we consider the whole genome sequence. The sequences
are very close to each other, hence clustering them is challenging. Nevertheless, we could
successfully find some patterns for Class A and B of β-lactamases. This study would
be beneficial to classifying newly identified variants as antibiotic resistant or not by just
observing their amino acid sequence, which would also be very cost-effective and time
saving for the researchers.
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