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Abstract: Biofilm is a complex community of microorganisms that are attached to surfaces and en-

cased in a self-produced extracellular matrix. Machine learning (ML) techniques have been applied 

to various aspects of biofilm research, such as predicting biofilm formation, identifying key genes, 

and designing new therapeutic strategies. In this study, we conducted a bibliometric analysis of 

machine learning in biofilm research to provide a comprehensive overview of the current state of 

the field. We searched the Web of Science database for articles published included "machine learn-

ing biofilm". A total of 126 articles were identified and analysed. Our results showed that the num-

ber of publications on machine learning in biofilm has been increasing rapidly over the past decade, 

indicating a growing interest in the application of ML techniques to biofilm research. The analysis 

also revealed that the most common research topics in this area were related to biofilm formation, 

prediction, and control. Furthermore, the most frequently used ML techniques in biofilm research 

were artificial neural networks and support vector machines. Overall, our study provides valuable 

insights into the current trends and future directions of machine learning in biofilm research. It also 

highlights the importance of interdisciplinary collaboration between biofilm researchers and ML 

experts to drive innovation in this field. 
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1. Introduction 

Biofilm is a fascinating and complex community of microorganisms that adhere to 

surfaces and secrete a self-produced extracellular matrix, known as a biofilm matrix [1]. 

This matrix acts as a protective barrier, making the biofilm resilient to antibiotics, immune 

system responses, and other environmental factors [2]. Biofilms are widely distributed in 

nature and can colonize various surfaces, including medical implants, water distribution 

systems, and food processing equipment [3]. Biofilms are associated with a range of prob-

lems, including infections, biofouling, and corrosion, making them a significant area of 

interest in scientific research [4]. 

Over the past decade, there has been a growing interest in the application of machine 

learning (ML) techniques in biofilm research [5-8]. ML is a subfield of artificial intelligence 

that enables computer systems to learn and improve from experience without being ex-

plicitly programmed  [9]. By using ML algorithms, large and complex datasets generated 

from biofilm research, such as genomics, proteomics, and metabolomics data, can be ana-

lyzed to identify key genes, proteins, and metabolites that are involved in biofilm for-

mation and function [10]. 

The objective of this study is to conduct a comprehensive bibliometric analysis of the 

use of ML in biofilm research to gain insights into the current state of the field [11]. Bibli-

ometrics is a quantitative analysis of scientific publications that provides valuable insights 

into the structure, dynamics, and trends of a particular research area [12,13]. A biblio-

metric analysis of ML in biofilm research can identify the most influential publications, 

authors, and institutions in the field, as well as the most common research topics and 

trends [14]. 

This analysis can also reveal how researchers have used ML to advance our under-

standing of biofilm formation, growth, and function. The integration of ML and biofilm 

research has enabled researchers to analyse large and complex datasets to identify key 
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factors that influence biofilm formation, growth, and function, such as environmental fac-

tors, genetic makeup, and metabolic processes. Furthermore, ML can also be used to de-

velop new approaches to biofilm detection, prevention, and control, making it a valuable 

tool in the fight against biofilm-associated problems. 

In this study, we will conduct a thorough search of relevant databases for articles 

published with "machine learning biofilm". By focusing on this relatively recent time, we 

can gain insights into the most current research trends in this area. We will then use bib-

liometric analysis tools, such as VOSviewer, to analyze the identified articles and generate 

bibliometric networks that can reveal important information about the structure and dy-

namics of the field. Our analysis will include co-authorship analysis, keyword co-occur-

rence analysis, and citation analysis, among others, to identify the most influential au-

thors, institutions, and publications, as well as the most common research topics and 

trends. 

Overall, this study will provide a comprehensive overview of the current state of the 

field of ML in biofilm research. By identifying key research themes, trends, and influential 

institutions in the field, we can better understand the challenges and opportunities asso-

ciated with the integration of ML and biofilm research. Moreover, this analysis can guide 

future research efforts, helping to advance our understanding of the complex biological 

processes involved in biofilm formation, growth, and function. 

2. Material and methods 

To gain a better understanding of the current state of research on the application of 

ML in the context of biofilm, we conducted a thorough search of the Web of Science, en-

suring that our analysis is up-to-date and relevant. Searching "machine learning biofilm," 

we identified a total of 126 articles that met our inclusion criteria [15-17]. To gain insights 

into the key themes and trends in this body of literature, we employed VOSviewer, a pow-

erful software tool for constructing and visualizing bibliometric networks [18-20]. Specif-

ically, we performed a range of bibliometric analyses, including co-occurrence analysis, 

country/region analysis, and institution analysis [21]. 

In our co-authorship analysis, we examined the most influential authors in the field 

of ML and biofilm [22]. This analysis revealed several highly productive authors who have 

made significant contributions to the field. In our co-occurrence analysis, we identified 

the most common research topics and themes within the body of literature [23]. Our anal-

ysis revealed that several key themes emerged, including biofilm formation, biofilm de-

tection, and the use of ML to identify and predict bacterial growth patterns [24]. Addi-

tionally, we identified several subtopics within these broader themes, such as the role of 

different environmental factors in biofilm formation, and the development of ML algo-

rithms to accurately predict bacterial growth [25]. 

Finally, our citation analysis revealed the most influential publications in this field, 

as well as the most highly cited articles [26]. We found that several articles have received 

many citations, indicating that they have had a significant impact on the field. Notably, 

many of these highly cited articles focused on the use of ML to predict biofilm formation, 

and the development of new algorithms to better understand bacterial growth patterns. 

Our bibliometric analysis provides valuable insights into the current state of research 

on the application of ML in the context of biofilm [11]. By identifying the most influential 

authors, institutions, and publications, as well as the most common research themes and 

trends, we are better equipped to understand the challenges and opportunities associated 

with this exciting field of study [27,28]. Furthermore, our findings may inform future re-

search efforts, helping to advance our understanding of the complex biological processes 

involved in biofilm formation and growth [29,30]. 

3. Results 

Our analysis showed that the number of publications on ML in biofilm has been in-

creasing rapidly over the past decade, indicating a growing interest in the application of 

ML techniques to biofilm research. The analysis also revealed that the most common 
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research topics in this area were related to biofilm formation, prediction, and control. Fur-

thermore, the most frequently used ML techniques in biofilm research were artificial neu-

ral networks [31-33] and support vector machines [34-36]. 

In terms of authorship, the most influential authors were from a diverse range of 

institutions, including academic and research institutions, as well as industrial and com-

mercial organizations. The most influential institutions were also diverse and included 

universities, research centres, and hospitals. The most highly cited publications were fo-

cused on the development of ML algorithms for predicting biofilm formation and identi-

fying key genes involved in biofilm formation. 

The central portion of Figure 1 depicts the two most significant words in the field, 

namely "machine learning" and "biofilm formation". Additionally, the figure highlights 

several other important words related to biofilm formation, such as "Pseudomonas aeru-

ginosa", "expression", "adaptation", "evolution", "virulence", "growth", "dynamics", "mech-

anism", and "resistance". These words provide insights into the most critical bacteria (P. 

aeruginosa), processes (adaptation, expression, and growth), and study targets (dynamics, 

mechanism, and resistance) in biofilm formation research. The words related to machine 

learning, such as "prediction", "performance", and "system", are linked to the most signif-

icant target for ML in biofilm research. This analysis emphasizes the importance of ma-

chine learning, particularly in predicting the biofilm formation. Overall, Figure 1 provides 

a clear overview of the most important words in the field and their interrelationships. 

 

Figure 1. Most important words in this research field and their connection by VOSviewer. 

As depicted in Figure 2, there is a global interest in research activities pertaining to 

the field under investigation, and this has resulted in numerous collaborations between 

different countries and regions. The visualization highlights the prominent roles of the 

United States and China in this area, with both countries demonstrating a high level of 

engagement and contributing significantly to the body of knowledge. However, other 

countries such as Canada, the United Kingdom, Japan, India, Spain, Germany, Switzer-

land, Italy, Sweden, Denmark, and South Korea have also been actively involved in this 

field and have made noteworthy contributions to the advancement of research. The con-

tributions of these countries have enhanced the diversity of research perspectives and ap-

proaches, making the field richer and more comprehensive. It is evident that global col-

laborations and exchange of ideas have played a crucial role in driving progress in this 

area, and it is expected that this trend will continue in the future.  
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Figure 2. Scientific collaboration network from different countries by VOSviewer. 

According to Figure 3, the most important institutions in this research area are Stan-

ford University, the University of Illinois, the University of California at Irvine and San 

Diego, Sapienza University, the Agricultural University of Athens, Oregon State Univer-

sity, the University of Toronto, the Chinese Academy of Sciences, the Memorial Sloan Ket-

tering Cancer Center, the Jožef Stefan Institute, and the Max Planck Society. 

 

Figure 3. Most important institutions in the field by VOSviewer. 

4. Discussion 

4.1. Recent and significant papers 

In the pursuit of developing effective strategies for managing bacterial biofilms, sci-

entists have continued to explore the potential applications of ML techniques. Upon ex-

amining Table 1, which outlines recent and significant papers in the field, it is apparent 

that ML techniques have been widely employed in the study of biofilms. In fact, one 
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notable study conducted by a group of researchers utilized an ML model to predict the 

presence of biofilm inhibitory molecules [37]. This investigation incorporated a combina-

tion of descriptor, fingerprint, and hybrid models, and the accuracy of these models was 

found to be impressive, achieving 93%, 88%, and 90%, respectively. Additionally, the soft-

ware created by this study, Molib, has become a widely utilized tool for predicting small 

molecules with biofilm inhibitory properties. The implications of this software's success 

are particularly promising, as it presents an opportunity for therapeutic intervention 

against bacteria that can form biofilms. 

One such investigation involved the use of P. aeruginosa, a commonly studied model 

organism, to examine the chemical components of essential oils and their potential impact 

on biofilm formation [5,6]. In this study, the researchers utilized eleven different classifi-

cation models (F1-F11) to analyse the data and assess the accuracy of the ML predictions. 

The results showed that the models achieved prediction accuracies ranging from 69% to 

98%, demonstrating the effectiveness of ML in identifying essential oil chemical compo-

nents that may impact biofilm formation. Through their analysis, the authors were able to 

identify specific essential oil chemical components that were likely responsible for modu-

lating bacterial biofilm formation in both positive and negative ways. This information is 

invaluable for scientists who are working to develop interventions that can effectively 

manage biofilms and prevent their potentially harmful effects.  

Another article discussed the challenges in treating biofilm-associated infections 

caused by Staphylococcus aureus and Staphylococcus epidermidis [7]. It explored the potential 

of essential oils (EOs) as a treatment option and analyzed the ability of 89 EOs to modulate 

biofilm production in different strains of the bacteria. ML algorithms were applied to the 

chemical compositions of the EOs to determine their anti-biofilm potencies and identify 

the chemical components responsible for biofilm production, inhibition, or stimulation for 

each strain. 

In another study, EOs are investigated as natural alternatives to chemotherapeutic 

drugs for inhibiting biofilm in chronic S. aureus infections [8]. 61 EOs were tested for bio-

film modulation and antibacterial activity. Chemical composition was analysed by 

GC/MS and ML algorithms correlated potency with active components. Select EOs inhib-

ited biofilm growth at 1.00% concentration and were characterized for their ability to alter 

biofilm organization through scanning electron microscope (SEM) studies. 

Another paper presented a novel computational methodology that combines meta-

analysis and ML to identify important genes and pathways in biofilm-forming bacteria 

[38]. This approach was used to analyse gene expression profiles in different strains of S. 

aureus and identify a set of 36 candidate genes, 11 of which are reported for the first time. 

These genes are predicted to be important in biofilm formation and can be considered as 

a signature target list to develop anti-biofilm therapeutics. The study highlights the po-

tential of combining meta-analysis and ML to gain deeper insights into biofilm mecha-

nisms and develop effective therapeutic strategies. 

Another study developed a machine-learning-aided cocktail assay for prompt and 

reliable biofilm detection [39]. Lanthanide nanoparticles with different properties were 

formulated into the cocktail kits, and the physicochemical heterogeneities of biofilms were 

transformed into luminescence intensity. The random forest algorithm was used to iden-

tify unknown biofilms with an overall accuracy of over 80%. Antibiotic-loaded cocktail 

nanoprobes efficiently eradicated biofilms, and the technique can serve as a reliable diag-

nostic tool for biofilm infections. It can also provide instructions for the design of assays 

for detecting biochemical compounds beyond biofilms. 
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Table 1. Summary for recent and important biofilm machine learning studies. 

Model organism 
Target/Biofilm 

process 

ML 

models 

ML ac-

curacy 
Main contributions Year 

Refer-

ence 

NA 
Biofilm inhibi-

tory molecules 

Classifi-

cation 

88% - 

93%  

ML to predict biofilm 

inhibitory molecules 
2020 [37] 

Pseudomonas ae-

ruginosa 

Essential oil 

chemical com-

ponents  

Binary 

Classifi-

cation  

69% - 

98% 

ML to identify chemical 

components responsible 

for bacterial biofilm for-

mation 

2018-

2022 
[5,6] 

Staphylococcus 

aureus and Staph-

ylococcus epider-

midis 

Essential oil 

chemical com-

ponents  

Binary 

Classifi-

cation  

68.7% - 

90.6% 

ML to identify chemical 

component that modu-

late biofilm production 

 [7] 

S. aureus 

Essential oil 

chemical com-

ponents  

Binary 

Classifi-

cation  

NA 

ML to predict essential 

oils modulate biofilm 

production and inhibit 

biofilm 

2019  [8] 

S. aureus 
acyl-CoA thi-

oesterase 

Classifi-

cation 

59.46 - 

94.59% 

Identification of 36 can-

didate genes including 

an acyl-CoA thioester-

ase enzyme and  

ten hypothetical proteins 

2021 [38] 

S. aureus, P. ae-

ruginosa, Aci-

netobacter bau-

mannii, Steno-

trophomonas 

maltophilia, Esch-

erichia coli  

Biofilm infec-

tion 

Random 

forest 

95.0% - 

100% 

Using lanthanide nano-

particles detects patho-

genic biofilms based on 

random forest 

2022 [39] 

4.2. Bibliometric analysis on the machine learning in biofilm research. 

Our bibliometric analysis provides a comprehensive overview of the current state of 

ML in biofilm research. The analysis highlights the growing interest in the application of 

ML techniques to biofilm research and the importance of interdisciplinary collaboration 

between biofilm researchers and ML experts to drive innovation in this field [25]. 

The most common research topics in this area were related to biofilm formation, pre-

diction, and control, which reflects the urgent need for new strategies for controlling bio-

film-related problems [40]. The most frequently used ML techniques in biofilm research 

were artificial neural networks [31-33] and support vector machines [34-36], which sug-

gests that these techniques are well-suited for analysing complex biofilm-related data. 

In terms of authorship and institutions, our analysis showed that the most influential 

authors and institutions were from a diverse range of fields, which highlights the inter-

disciplinary nature of biofilm research. This diversity is important for driving innovation. 

4.3. Future recommendation of using ML in bacterial and biofilm studies. 

The application of big data and ML techniques has become increasingly prevalent in 

various fields, such as species distribution [41,42], education [43,44], and cancer prediction 

[45,46]. Based on machine learning, the policymakers can adjust the policy and help the 

people [41,43,47]. However, despite the numerous studies on bacteria and biofilm, the use 

of ML in this area remains limited, as highlighted in previous paragraphs.  

Bacteria and biofilm are subjects of extensive research in different environmental and 

industrial settings, including pollutant removal [48-50], electricity generation [51-53], con-

crete enhancement [54-56], and multi-functional building [57-59]. To enhance or weaken 

biological processes, scientists have devised methods to genetically modify bacterial genes 

[48], resulting in stronger or weaker biofilms. Despite these advances, the underlying 

mechanisms of these biological processes remain uncertain [60]. 
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Given the wide-ranging applications and importance of bacteria and biofilm re-

search, it is imperative to explore the potential benefits of integrating ML techniques in 

this area [61]. By leveraging the vast amounts of data generated through research, ML can 

help unravel the complex interactions and mechanisms involved in bacterial processes 

and provide novel insights and predictions [62]. Furthermore, the development of new 

ML algorithms specifically tailored to the unique challenges posed by bacterial data can 

potentially yield more accurate and efficient results [63,64]. 

Overall, the integration of ML in bacteria and biofilm research has the potential to 

advance our understanding of these important biological processes and may lead to new 

discoveries and applications in various fields. 
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