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Abstract

Background
Effective management of patients with infected wounds is a crucial concern. A delay in prescribing the appropriate
antibacterial agent can lead to life-threatening clinical complications. Thus, the electronic nose technique (eNose)
can provide a diagnostic aid tool that allows rapid and accurate identi�cation of pathogens.

Results
This study examines the effectiveness of using eNoses to aid in the diagnosis of bacterially infected wounds. The
systematic search in the literature retrieved 3,326 publications, of which 97 were for a complete review, and of these,
09 comprised the sample of this study. These studies involved the analysis of seven types of wounds, the most
common being the infected skin wound. The most frequent bacteria were P. aeruginosa, E. coli and methicillin-
susceptible Staphylococcus aureus (MSSA). The average accuracy of the eNoses in identifying these
microorganisms was 95.13% for the training set and 91.5% for the test set, including the ability to differentiate
between bacteria of the same genus but sensitive or resistant to antibiotics. Among the Arti�cial Intelligence
techniques used to classify the models, the Support Vector Machine (SVM) was the most commonly used in the
experiments.

Conclusion
The eNoses devices observed may have broad applicability in aiding diagnosis of wound infection through their
high e�cacy values. However, further research needs to explore the reduction of interferences in the accuracy of the
application of Machine Learning algorithms.

Background
Over the centuries, wounds have been a severe public health problem and can be present in all stages of life,
regardless of gender, age, and social status [1]. These injuries are caused mainly by trauma, surgical procedures,
and chronic diseases such as diabetes mellitus, vascular changes, and malignancies [2]. It is estimated that in the
United States of America, about 8.2 million people have a wound. At the same time, in Europe, this number ranges
from 1.5 to 2 million individuals and, although prevalence studies are scarce, it is estimated that a rate of 1 to 2% of
the general population in developed countries has an acute or chronic wound [3, 4, 5]. Furthermore, research
indicates that patients with some type of wound have been occupying hospital beds in Europe at a rate that varies
from 27–50%, permeating high costs to health systems, such as the United Kingdom, where about 5 billion were
spent. between 2012 to 2013 [6].

Wounds have a high rate of infection, delaying the healing process of these lesions and consequently increasing
morbidity and mortality in these patients [2]. The infectious agents responsible for these infections in both
super�cial and deep wounds include Staphylococcus aureus, Staphylococcus epidermidis, Escherichia coli,
Pseudomonas aeruginosa, Streptococcus pyogenes and Enterococcus faecalis [7, 8, 9].

The current main methods for diagnosing infection in cutaneous wounds are culture-based and molecular-based,
with empirical antibiotic use as the gold standard in treatment initially, with subsequent collection of wound culture,
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which takes around 48 to 72 hours. In addition to time issues, the results obtained from the collection and analysis
of swabs can convey something misleading, since some clinical microbiology laboratories use culture methods that
detect planktonic bacteria or are not always suitable for anaerobic species. Associated with this situation, it should
be noted that wound cultures can, in several situations, fail to identify bacteria that are protected within a bio�lm,
causing inconclusive results that are subject to misinterpretation [10].

In this sense, some disadvantages related to the clinical outcome of the patient from this methodology can be
identi�ed. First, due to the long-time interval between collection and results, it is common for physicians to prescribe
antibiotic therapy intuitively, which in some cases can be incorrect, resulting in worsening of the infection and an
increase in the length of hospital stay. It is also noteworthy that this situation associated with an excessive
prescription of empiric antibiotics can contribute to the occurrence of antimicrobial resistance (AMR) [10].

Molecular methods are alternatives to bacterial cultures, but problems with this technique are suboptimal sensitivity,
cost, and limitations of primers in diagnostic kits [11]. Mass spectrometry-based methods, which can identify
bacterial species in about 90% of cases, have not been very feasible to the reality in many countries, especially
developing ones, given the high �xed costs of this technology [12]. Clinical judgment of wound infection by nurses
and physicians is also often used as a diagnostic criterion. However, wound infection’s clinical signs and symptoms
are often masked in patients with complex wounds [13].

Thus, new methods to aid in the diagnosis of infected wounds have been proposed in recent years, especially in the
�eld of Volatile Organic Compounds (VOC) analysis. In this regard, an excellent technological resource in computer
science is the use of the Electronic Nose (eNose), a non-invasive, painless, inexpensive sampling technique that can
be easily performed on sick patients, children, and the elderly [14].

An eNose is a device designed to detect and discriminate complex odors using a set of chemical sensors. They are
instruments based on the biological process of odor interpretation, working similarly with sensors that replace the
receptors in the human nose, transmitting a signal to a program that will process it and simulate brain interpretation
[15]. When an odor is presented to eNose, a physical change is modulated in the sensors, which the transducers
detect and then convert into an electrical signal to create a slight impression. The increase and decrease of the
signal depending on some parameters like the nature of the odor, reaction, diffusion between the odor, sensors, and
environmental conditions [16].

An eNose system refers to a sample handling suite, a gas sensor suite, and a pattern recognition and analysis
system. The sample handling system allows samples to be presented to the sensors in a controlled and orderly
manner. Within this matrix, each speci�c sensor will have a unique sensitivity and selectivity pro�le. It is noteworthy
that these data collected by eNose are electrical signals generated from the interaction of VOCs with the surfaces
that are in contact with the sensors, being then stored in the form of time series. In developing the database,
partitions are performed to de�ne one set of samples for training the model, and the second to evaluate its
performance to select the best performing model (test data set for validation). As a group, the responses provide a
unique pattern (or olfactory impression) for VOCs in the headspace of the test sample [17].

Since their development in the mid-1920s, eNoses have been widely used in various areas of healthcare since odor
is a crucial feature in various clinical conditions. For example, ammoniacal urine odor is associated with a bladder
infection, acetone-scented breath is often related to diabetes mellitus, and people with diphtheria often have a
sweet-smelling sweat odor [18]. From this perspective, electronic nose technology has come under much stimulus.
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Many studies in medicine have started to analyze the effectiveness of eNose in various conditions, such as in the
diagnosis of obstructive airway diseases [19], pneumonia [20], diagnosis of lung cancer [20], and COVID-19 [21]. In
the �eld of skin wounds, the use of eNose to diagnose infections has been widely discussed in the scienti�c
community. It is because odors are standard features of infected wounds, and to prevent complications, it is
essential to detect the infection in a timely and accurate manner [22]. Using an eNose, an expressive variety of
biological samples can be analyzed more quickly, involving little sample preparation. To our knowledge, to date, no
study has gathered scienti�c evidence about the use of eNoses to detect the actual presence of wound infections.

Thus, the main aim of this review is to analyze the effectiveness of the use of eNoses applied in the diagnosis of
bacteria-infected wounds. We developed a primary research question to address the reported objective: What is the
effectiveness of using eNoses applied in the diagnosis of bacterially infected wounds? In order to answer this
question clearly and objectively, seven secondary research questions were developed that guided the results found
in this systematic review. The seven secondary questions are:

Q1: In what year, source, and publication channel were the articles published?

Q2: What are the type and characteristics of eNoses used in infected wound diagnosis?

Q3: What methodology, time, and sample size were used for data collection in the experiments involving VOCs
and eNoses?

Q4: What types of wounds and bacteria had their VOCs analyzed in eNoses?

Q5: What Arti�cial Intelligence techniques were used to analyze VOC released by bacteria in infected wounds?

Q6: How effective are eNoses in diagnosing infected wounds?

Q7: What are the main gas sensors used in eNoses applied to infected wound diagnosis?

To answer these secondary questions, we will answer the primary research question and thereby understand how
eNoses can be instrumental in use in infected wounds. It will help future research be improved and this new method
of wound infection diagnosis to be scaled up into randomized clinical trials and consequently used in hospital
settings.

Methods
This systematic review was conducted based on the Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) method [23]. It is noteworthy that systematic reviews are the gold standard for synthesizing and
analyzing scienti�c evidence due to their methodological rigor, being widely used to support the development of
clinical practice guidelines and inform decision-making. Thus, to improve the quality of this study, we applied the
PRISMA checklist with 27 items that are recognized as one of the best standards for reviewers in reporting the
analyzed results [23].

Search strategy

Four electronic databases were used in a systematic search, including PubMed, ACM Digital Library, Scopus, and
IEEE Xplore    Digital   Library. The search strategy included three keyword categories: wound, arti�cial intelligence,
and electronic nose; to increase the sensitivity of the search (more excellent coverage), synonyms for each term were
added. The number of synonyms added to a search string provides a trade-off between sensitivity and precision. A
large number of synonyms increases the sensitivity when searching for articles. In the present review, we chose to
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increase sensitivity at the expense of dealing with a large number of related search papers. These search terms used
to generate the search string can be seen in Table 1. Database search strategies are available in additional �les.

Table 1. Construction of the search sequence.

Descriptors Search terms

 

Electronic nose

Electronic nose

Enose

Volatile organic compounds

Arti�cial Intelligence Arti�cial Intelligence

Machine Learning

Wound Wound

Wound Infection

 

Inclusion and exclusion criteria

Studies that met the following criteria were included: 1) Full-text journal/conference articles; 2) Articles were
published between January 2017 to April 2021; 3) Studies published in English, Spanish, and Portuguese; Articles
dealt with any wound types; 4) Articles analyzed VOCs in bacteria- infected wounds. 

Studies were excluded if they met the following criteria: 1) The title, abstract or full text of the article was not
relevant to the guiding question of this research; 2) Studies that used eNose to identify VOCs not related to infected
wounds; 3) Analysis of VOCs using molecular methods; 4) Theses, book chapters, letter to editors, reports, book
reviews, review studies or meta-analysis; 5) Articles with full text not available.

Data extraction

After the survey in the databases, the studies were submitted to data identi�cation and analysis stages. For the
development of this phase, a Google Sheets table shared among the researchers of this work was used. The table
contains the following �elds in the following order: ID (an increasing counter for identifying the article), Authors,
Title, Year of Publication, Place of Publication, Database, and Publication Link. Each researcher was responsible for
different databases, split to add a similar number of articles to the table.

The last activity in this phase was the removal of article duplicates, i.e., the removal of articles that were returned by
more than one database so that only one instance of the same article remains in the table. The table resulting from
this step contains the set of selected articles used in the second step.

In this second screening step, all article titles and abstracts were examined based on the reviewers’ main objectives
of selecting relevant studies. Subsequently, the full texts of relevant studies were examined thoroughly by two
reviewers, and if there were any disagreements between them, a third reviewer would make the �nal decision.

Thus, the �ltered articles in the databases were analyzed (n: 3,326) and duplicated immediately excluded,
considering only the �rst to be identi�ed. Thus, after 126 duplicates were removed, 3,200 studies were analyzed for
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their titles and abstracts, and 3,103 were excluded after incorporating the eligibility criteria.

In the next step, the eligible studies (n: 97) were read in their entirety by two researchers independently. After the
analyses and resolution of discrepancies between the assessments, 09 articles were included in the �nal study
sample for data extraction. A summary of the steps performed is shown in Figure 1.

Thus, classi�ed and interpreted the results; the reviewers considered speci�c categories. The authors developed a
data extraction form to manage the information obtained. The classi�cations considered for the quanti-qualitative
analysis of the articles is represented in Figure 2. Then, the in- formation obtained from the articles was summarized
and entered into the extraction.

Quality Assessment

The quality assessment aims to provide a measure of con�dence for a given study, such that this con�dence can
make a valuable contribution to the systematic review. This assessment was conducted by two independent
reviewers, with disagreements resolved by consensus. If this was not possible, a third reviewer was sought. The
Critical Appraisal Skills Programme (CASP) criteria were used to evaluate the quality of the articles. Thus adapt the
CASP to the research problem at hand; different CASP checklists were used. The criteria were grouped into a single
script consisting of eleven questions (additional �les). In addition, three categories of criteria were proposed: Quality
of Reporting, which is related to the description of the research conducted; Rigor, related to the methodology of the
study; and Relevance, related to the application of what was developed by the study.

The classify each category, and the following score was used for each question: 0 (no or not informed) and 1 (yes).
The included studies were divided into two categories: level A (score between 6 and 10), being considered of good
methodological quality and reduced bias; nível B (up to 5 points), meaning satisfactory methodological quality, but
with considerable risk of bias. In the present study, we chose not to exclude articles classi�ed as level B and decided
to present the two quality levels quantitatively.

Results

General characteristics of the studies
The cited methodology’s systematic search resulted in nine studies included in the �nal sample, which used the
eNose to identify bacteria present in infected wounds. An overview of the studies is presented in Table 2, whose
temporal distribution shows a higher frequency of publications in the years 2017 (n: 03) and 2019 (n: 03). 66.7% (n:
06) of the experimental studies were conducted in China, while the rest were conducted in Spain, Finland, and the
Netherlands.

As one way to verify the reliability of these studies, it was found that 77.8% (n: 07) of the research was published in
journals/conferences classi�ed as Qualis A1 (highest level) by the Coordination for the Improvement of Higher Level
Personnel (CAPES) in Brazil. At the global level, the Journal Citation Reports (JCR) 2021 impact factor of these
journals were analyzed, presenting a range of 2.351 to 8.236 (minimum and maximum scores respectively),
demonstrating that research whose objective is the presentation/validation of devices such as eNose in the
diagnosis of infected wounds are published in journals or conferences of great relevance worldwide.
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Table 2
General data of the studies included in the sample.

ID Authors/Year Objectives Country Periodical/

Qualis (JCR)

Type of
study

Database

01 H. Sun et al

/2017

Identi�cation of
Escherichia coli,
Staphylococcus aureus,
Pseudomonas aeruginosa
bacteria in wound
infection using an eNose
system with 34 sensors

China IEEE
Transactions on
Industrial
Electronics/ A1-
8,236

Experimental
Study

IEEE

02 P. He et al

/2017

Present a type of self-
directed learning based on
a sparse autoencoder for
eNose in wound infection
detection.

China Sensors
(Basel)/ A1-
4,019

Experimental
Study

Pubmed

03 Z. Liang

et al /2017

To present a new
interference suppression
method based on
removing correlated
information in eNose for
bacterial detection.

China Analytica
chemistry acta /
A1-5,977

Experimental
Study

Pubmed

04 T. Saviauk

et al /2018

Identify the most common
bacteria species causing
skin infections using
eNose.

Finland European
Surgical
Research

/ B1-2,351

Experimental

Study

Pubmed

05 Z. Yuan et al

/2018

Report the design of an
embedded system using
sensors, a wearable
device, and AI models to
notify patients with open
wounds caused by

diabetes about their
healing status.

China IEEE Asia
Paci�c
Conference

on
Postgraduate
Research in
Microelectronics
and

Electronics

Experimental
Study

IEEE

06 M.
Haalboom et
al /2019

Explore whether an eNose,
Aetholab, is able to
discriminate between
infected and uninfected
wounds based on
headspace analysis of
wound swabs.

Nederland Clinical
microbiology
and infection /

A1-7,117

Pilot Study Pubmed

07 Z. Liang et al

/2019

Report an eNose system
designed and used for the
detection of bacteria in
wound infection.

China Sensors
(Basel)/

A1-4,019

Experimental

Study

Scopus

08 C.S. Alvarez
et al / 2019

Experiment with the use of
low-cost gas sensors to
detect bacteria in wounds
using a non-intrusive
technique.

Spain Sensors
(Basel)/

A1-4,019

Experimental
Study

Scopus
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ID Authors/Year Objectives Country Periodical/

Qualis (JCR)

Type of
study

Database

09 T. Sun et al

/2020

Integrate two odor
detection technologies -
eNose and FAIMS (�eld
ion mobility spectrometry)
- to discriminate between
three common bacterial
wound infections and non-
infectious by directly
smelling

mouse wound samples.

China Sensors and
Actuators B:
Chemical/

A1-7,100

Experimental
Study

Scopus

Characteristics Of Enoses And Protocol Of Experiments
Characteristics of eNoses and protocol of experiments
The eNose technology applied in diagnosing infected wounds in the studies included in the sample has their
characteristics, where only two were presented as to their type in the publications analyzed (ChemPro 100 and
Aetholab), identi�ed in studies ID04 and ID06, respectively [24, 25]. The other researches presented only the
characteristics of the eNoses used, their conformation composed of sampling, detection, and control unit.

The basic protocol for collecting data from samples of microorganisms (bacteria) for analysis in an eNose consists
initially of growing these bacteria in Petri dishes inside an oven with a de�ned average temperature. Data is then
extracted from the Petri dish with the infectious agent. The aspiration of the VOCs released by these bacteria occurs
in a few seconds; the aspirated air is injected into an eNose air chamber with the sensors connected, remaining in
this compartment for seconds for the molecules to interact with the sensor surfaces. In the next step, the air content
of the chamber is purged through suction and injection of �ltered air without VOCs. Throughout the described
protocol, data is collected, which are signals from the different sensors inside the device.

The research protocols identi�ed in the studies reviewed, can serve as a basis for performing the proposed methods
for analyzing the VOCs released by bacteria more accurately. Each sample used in the identi�ed eNoses devices was
subjected to a measurement ranging from 10 minutes (ID04) [24] to 28 minutes (ID02) [26], the most common being
a total cycle time of approximately 14 minutes (ID01, ID03, ID07, ID09) [27, 28, 28, 29] (Table 3). The experiments
involved a period for baseline collection, whose time ranged from 3 to 5 minutes, a period for sample collection,
which ranged from 3 to 4 minutes, and a period for purging the system, which ranged from 4 to 8 minutes. The
number of samples ranged from 48 (ID09) [29] to 2664 (ID02) [26].

Type Of Bacteria And Wounds Analyzed
The bacteria samples used in the analyzed studies represented or simulated infection of seven types of wounds:
Infected skin wound (ID01, ID02, ID03, ID04, ID07, ID09) [27, 26, 28, 24, 30, 29], diabetic foot ulcer (ID05, ID06) [31,
25], pressure injury (ID06, ID08) [25, 32], postoperative wound (ID06) [25], traumatic wound (ID06) [25],
venous/arterial ulcer (ID06) [25] and Sinus pilonidalis (ID06) [25]. The wide diversity of scenarios makes it possible
to evaluate the application of eNose in various real-world wound contexts.
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This also applies to the microorganisms analyzed by eNose, the representation of which can be found in Table 3. 15
species of bacteria had their VOC analyzed by eNose, of which the most used were: P. aeruginosa (n: 08), E. coli (n:
07) and Methicillin Susceptible Staphylococcus aureus - MSSA (n: 07). Five studies obtained the bacterial cultures
from in vivo experiments (ID02, ID03, ID06, ID07, ID09) [26, 28, 28, 30, 29]. However, only two collected the samples
from patients with infected wounds (ID03, ID06) [28, 25].

Arti�cial Intelligence techniques used to classify models and their effectiveness

Regarding the Machine Learning algorithms used to classify the trained eNose models, eight classi�ers were used,
highlighting Support Vector Machine (SVM), used in four studies (ID01, ID03, ID05, ID07) [27, 28, 31, 30]. Different
parameter optimization methods were tested in the included studies, mainly Principal Component Analysis (PCA).

Research ID02 [26] presented a new approach to train models using self-directed learning, a new machine learning
framework. Other studies (ID03, ID07) [28, 30] were concerned with solving some de�ciencies that make eNoses
face some interference problems, since situations like this can affect system performance and interfere with the
experiment.

Some algorithms such as Extreme Learning Machine (ELM), PCA, Orthogonal Signal Correction (OSC), Domain
Regularized Component Analysis (DRCA), Domain Correction and Adaptive Extreme Learning Machines (DC-AELM)
and Domain Adaptation Extreme Learning Machines (DAELM) were compared. with a new algorithm - Subspace
Alignment-Based Interference Suppression (SAIS) [30]. The method is motivated by the different distribution of data
collected on different bacterial agents and by the idea of   subspatial alignment. The proposed method eliminates the
need to add a regularization term and adjust the corresponding parameters [30]. Another new method was used to
suppress interference in eNose: Interference Suppression Based on Correlated Information Removal (CIRIS) in
another experimental study. It is the “removal of correlated information” rather than removal of uncorrelated
information, in order to suppress interference [28].

The e�cacy tests presented in the studies were heterogeneous as to whether there was a standard of evaluation.
The summary of test values can be identi�ed in Table 3. Sensitivity, speci�city, and accuracy values were not
presented in all studies, demonstrating a weakness in reporting the results. Thus, only the precision values were
considered for analysis purposes.

The average accuracy of eNoses in identifying bacteria present in infected wounds was 95.13% for the training set,
with a minimum value of 78.3% from the Partial Least Squares Discriminant Analysis (PLSDA) classi�er [4] and a
maximum of 100% with the Radial Basis Function (RBF) [27]. On the test set, the average accuracy value of the
eNoses was 91.5%, with values of 70.19% (SVM - PCA) [27] and 100% (ELM; DC-AELM; DAELM; SAIS; ELM - PCA)
[30] representing the minimum and maximum values, respectively. These results cannot be generalized due to the
different classi�cation methods used and the different species of bacteria used.

In the ID01 study [24], the fact of verifying the recognition rate of classi�cation without optimization of the sensor
array using only SVM stands out, presenting relatively low accuracy values (96.32% - training; 86.56% - test), in
contrast with the application of optimization methods (Table 3), whose LDA was the best method under the
circumstances performed (98.16% - training; 95.19% - test) and PCA the worst method (91.18% - training; 70.19% -
test).

We highlight the study of Saviauk [24], whose eNose was able to differentiate MSSA and MRSA with an accuracy of
78%, demonstrating that the differentiation between bacteria of the same genus but sensitive or resistant to
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antibiotics can also be performed through Arti�cial Intelligence.
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Table 3
Main results of the included studies.

ID Wound type Analyzed
Bacteria

Sample
origin

N
(sample)/

Total
cycle
time
cycle

AI
techniques

E�cacy Test Results
(Accuracy)

  Training
Phase

Test
(validation)
phase

01 Infected
cutaneous
wound

E. coli,
MSSA*, P.
aeruginosa

In vitro 480/

14
minutes

Classi�er:

Support
Vector
Machine
(SVM);
Linear
Discriminant
Analysis
(LDA)

Optimization
methods:
Principal
Component
Analysis
(PCA);

Genetic
Algorithm
(GA); Wilks’
Statistics;
Mahalanobis
distance

SVM:
96.32%.

Sensor
optimization:

LDA: 98.16%

Wilks’
statistic:
97.43%
Mahalanobis
distance:
97,43%

GA: 97.43%

PCA: 91.18

SVM:
86.54%.

Sensor
optimization:

LDA: 95.19%

Wilks’
statistic:
87.50%
Mahalanobis
distance:
93,27%

GA: 90.38%

PCA: 70.19%.

02 Infected
cutaneous
wound

E. coli,
MSSA*, P.
aeruginosa

In vitro
(mouse)

2664/

28
minutes

Classi�er:

Radial Basis
Function
(RBF); Partial
Least
Squares
Discriminant
Analysis
(PLSDA).
Optimization
method:
Enhanced
Quantum-
behaved
Particle
Swarm
Optimization
(EQPSO)

RBF: 100%

PLSDA:
78,3%

RBF: 90%

PLSDA: 75%

*Methicillin Susceptible Staphylococcus aureus; **Methicillin-resistant Staphylococcus aureus; +Not reported
results for the training and test set. Not reported precision values
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ID Wound type Analyzed
Bacteria

Sample
origin

N
(sample)/

Total
cycle
time
cycle

AI
techniques

E�cacy Test Results
(Accuracy)

03 Infected
cutaneous
wound

E. coli,
MSSA*, P.
aeruginosa

In vitro
(human)

599/

14
minutes

Classi�er:

Support
Vector
Machine
(SVM)

Optimization
method:
Principal
Component
Analysis
(PCA);
Independent
Component
Analysis
(ICA);

Orthogonal
Signal
Correction
(OSC)

SVM: 100% SVM: 97,85%

04 Infected
cutaneous
wound

MSSA*,
MRSA**, S.
pyogenes,
E. coli, P.
aeruginosa,
C.
perfringens

In vitro 138/- Classi�er:

Linear
Discriminant
Analysis
(LDA)

- LDA: 78%

05 Diabetic foot
ulcer

MSSA*, S.
epidermidis,

P.
aeruginosa

- 2000/ Classi�er:

Support
Vector
Machine
(SVM)

Precision of basic
parameters:

Temperature: error − 0.9%;
Humidity: error − 2.3%; SpO2:
error − 5.8%; Pressure: error − 
1.5%

Gas sensors:

Ethanol concentration: error − 
8.7%; Aldehyde concentration
− 12.8%; Sulfur compound
concentration − 3.4%

Prediction status: 2.8%.

*Methicillin Susceptible Staphylococcus aureus; **Methicillin-resistant Staphylococcus aureus; +Not reported
results for the training and test set. Not reported precision values
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ID Wound type Analyzed
Bacteria

Sample
origin

N
(sample)/

Total
cycle
time
cycle

AI
techniques

E�cacy Test Results
(Accuracy)

06 Diabetic foot
ulcer;

Venous/arterial
ulcer;
Postoperative
wound;
Pressure injury;
Traumatic
wound;

Sinus
pilonidalis

- In vitro
(human)

77/

10
minutes

Classi�er:

Arti�cial
Neural
Networks
(ANN)

- _

Sensitivity:
81% (95% CI
76–98);

Speci�city:
63% (95% CI

55–84)

*Methicillin Susceptible Staphylococcus aureus; **Methicillin-resistant Staphylococcus aureus; +Not reported
results for the training and test set. Not reported precision values
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ID Wound type Analyzed
Bacteria

Sample
origin

N
(sample)/

Total
cycle
time
cycle

AI
techniques

E�cacy Test Results
(Accuracy)

07 Infected
cutaneous
wound

A.
baumannii,
E. coli,
MSSA*, P.
aeruginosa,
E. cloacae

In vitro
(mouse)

804/

14
minutes

Classi�er:

Support
Vector
Machine
(SVM);
Extreme
Learning
Machine
(ELM);

Domain
correction
and adaptive
extreme
learning
machines
(DC - AELM);

Domain
Adaptation
Extreme
Learning
Machines
(DAELM).

Optimization
method:
Principal
Component
Analysis
(PCA);

Orthogonal
Signal
Correction
(OSC);

Domain
regularized
component
analysis
(DRCA);
Subspace
Alignment-
Based
Interference
Suppression
(SAIS)

- ELM: 100%

DC - AELM:
100%
DAELM:
100%

SVM: 99,01%

Optimization:

SAIS: 100%

PCA (ELM):
100%

PCA (SVM):
94,04%

OSC (ELM):
96,97%

DRCA:
95,46%

*Methicillin Susceptible Staphylococcus aureus; **Methicillin-resistant Staphylococcus aureus; +Not reported
results for the training and test set. Not reported precision values
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ID Wound type Analyzed
Bacteria

Sample
origin

N
(sample)/

Total
cycle
time
cycle

AI
techniques

E�cacy Test Results
(Accuracy)

08 Pressure Injury E. coli, P.
aeruginosa,

A.
hydrophila,
M. luteus,

E. faecalis

In vitro 100/ - +The standard deviation for
each sensor used:

Ammonia and amine (3.7
ppm); CO2 (0.46 ppm);
Alcohol (15.1 g / L); Acetone
(1.34 ppm).

The distance at which the
sensor loses its sensitivity
under pure substances:

Ammonia and amine (4 cm);
CO2 (4 cm); Alcohol (7.6 cm);
Acetone (4 cm).

09 Infected

cutaneous

wound

E. coli, P.
aeruginosa,
MSSA*

In vitro
(mouse)

48/

14
minutes

Classi�er:

Least-
squares
support-
vector
machine (LS-
SVM)

- LS-SVM:

24h: 89,38%

48h: 83,66%

*Methicillin Susceptible Staphylococcus aureus; **Methicillin-resistant Staphylococcus aureus; +Not reported
results for the training and test set. Not reported precision values

Main primary gas sensors used in eNoses applied to the diagnosis of infected wounds

By analyzing the most commonly used bacteria for the testing of eNoses in the sample studied, the main volatile
products emitted by these microorganisms and the primary gas sensors to be used were veri�ed for criteria for
formulating new study protocols as presented in Table 4. Primary gas sensors are sensitive to typical metabolites of
common bacteria in wound infections.
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Table 4
Main gas sensors are sensitive to typical metabolites of common bacteria in wound infections.

Pathogens Volatiles released

by the pathogen

Main gas sensors

suggested for pathogens

  Isobutane, isovaleric acid,

2-methylbutanal, butanol,

acetic acid

 

Staphylococcus aureus TGS822 (alcohol and organic
solvent),

TGS823 (ethanol),

TGS826 (ammonia

and amines),

TGS2602 (ammonia

and hydrogen sul�de),

TGS2600 (air pollutants),

MQ135 (CO2),

MQ138 (acetone)

MQ3 (alcohol)

Staphylococcus
epidermidis

Acid and alcohol

  Pyruvate, hydrogen cyanide,

1-undecene, 2-butanone,

4-methylquinazoline
Pseudomonas
aeruginosa

Escherichia coli Methanol, pentanol, ethyl acetate, propanol,
butanol,

acetone, propionic acid

Assessment of the quality level of the studies included in the review

The methodological quality assessments of the included studies are summarized in Fig. 3, with a minimum score of
5 and a maximum score of 9 on a scale of 0 to 10. Three studies (ID05, ID07, and ID08) [31, 30, 32] were classi�ed
as level B, for scoring less than 6; these studies did not present a clear description of the results obtained in the
eNose e�cacy tests, such as sensitivity, speci�city, and accuracy, and did not clearly explain the methods proposed
for analyzing the databases developed.

In contrast, the other studies (ID01, ID02, ID03, ID04, ID06, and ID09) [27, 26, 28, 24, 25, 29] scored above 6 and were
classi�ed as level A, demonstrating the care taken by the researchers in the context of the study, as well as in
de�ning the protocols of the experiments and presenting the results as clearly as possible.

Discussion
In the present study, according to the articles selected, it was observed that research involving the use of eNose for
the diagnosis of bacteria-infected wounds started to receive more attention from the scienti�c community in the last
four years, with greater emphasis in the last two years. Among the AI techniques used to train the models discussed
in this review, SVM is the most common. It is a popular machine learning method for classi�cation, regression, and
other learning tasks [33]. When applied to eNose technology, good results for complex odor discrimination have
been achieved by this algorithm [27, 28, 31, 30].
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In the reviewed studies, the researchers applied optimization methods to the eNose sensor array to improve
accuracy results on the training and test datasets. Overall, applying the classi�ers alone resulted in lower-than-
expected accuracy values compared to the satisfactory results using optimization methods. In some studies [27, 28,
30], the PCA method obtained the worst results. In this perspective, it is known that it is an unsupervised
dimensionality reduction method, in which the projection direction with the maximum variation of the data set is
mainly considered, and the class information is not fully used, this being one of the main reasons for the
unsatisfactory results of the sensor array optimized by this method [27]. In this sense, class information plays a
crucial role in optimizing an eNose sensor array, favoring better accuracy and e�cacy results and consequently
contributing to a better classi�cation of common bacteria in wound infections.

When analyzing the e�cacy test results of the identi�ed eNoses, high average accuracy was found for both the
training set and test set models. Thus, to develop a robust algorithm that allows real-time measurements, an eNose
needs prior knowledge of the data (training phase) in order to avoid a fallacy in the analysis of VOCs released during
an actual diagnosis of wound infection [34]. However, it was found that some studies did not make clear the data
regarding this phase, leaving the �nal e�cacy result unclear, despite the high value found in the test set.

It is noteworthy that some eNoses have achieved satisfactory results, including the ability to differentiate between
bacteria of the same genus but sensitive or resistant to antibiotics. Among the most frequent pathogens in wound
infection, S. aureus is the main causative agent involved, developing resistance to many antibiotics in recent years
[35]. In an experimental study by Saviauk et al. [24], the eNose system was able to differentiate between two types of
S. aureus (MSSA and the MRSA) with a sensitivity of 83%, a speci�city of 100%, and an overall accuracy of 91%.

Results like this have raised the interest of the scienti�c and medical engineering community in using eNoses to
more quickly diagnose MRSA infections. This is because this pathogen has caused a major health problem
worldwide, so that it is estimated that MRSA infections in the healthcare environment alone affected more than
150,000 patients annually in the European Union, with an additional cost of 380 million euros [36].

Regarding the gas sensors present in eNoses, those with high sensitivity to bacteria in infected wounds were
considered in subsection 3.1.7. These microorganisms are known to have characteristic odors and have a distinct
metabolism, part of which results in the production of speci�c VOCs that may be sensitive to any of the sensors
present in eNoses [37].

The four bacterial species most analyzed in the studies in this review (S. aureus, S. epidermidis, P. aeruginosa, and E.
coli) have several biomarkers that qualify for clinical investigation. However, some such as methanol, pentanol,
butanol, acetone, and alcohol are produced by all of these microorganisms and are extremely relevant to the correct
choice of sensors used in eNoses [37].

These sensors are selected according to their sensitivities to the metabolites released by these microorganisms and
are one of the basic elements of the eNose tool. In this perspective, researchers point out that it should possess
some crucial features such as high cross-sensitivity, speci�city, stability, reproducibility, the low time between
response and recovery, low moisture sensitivity, easy calibration, and robustness [38].

The great interest of researchers in studying the eNose technology as a diagnostic tool is remarkable, especially
regarding infections present in skin lesions. However, after analyzing the publications included in this review, it was
found that there are some limitations in the studies that use eNose technology as a possible non-invasive diagnostic
tool. Most of the studies did not obtain samples directly from patients but bacteria colonized in the laboratory or
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animal models. They may in�uence the �nal results of applicability in a real clinical diagnosis because the detection
effect will be weak when the prediction model established by the experimental data of the bacterial culture solution
is directly used for human detection, which may be caused by the difference in the statistical distribution of the
sensor array data collected under different types of sample carriers.

Another limitation identi�ed relates to the lack of standardization of research protocols, which resulted in distinct
analyses of the results involved. In this regard, researchers should also adopt a strict sampling method protocol to
achieve comparable results across studies and improve diagnostic accuracy. Furthermore, an external validation
(involves a validation set with newly recruited patients to assess diagnostic accuracy) of the results should be
encouraged in studies to con�rm and give robustness to the results obtained [39, 40]. Unfortunately, no studies have
performed this type of validation.

Limitations
Some limitations of this review were: a) only studies published in English, Portuguese, and Spanish were considered,
so relevant studies published in other languages may have been disregarded; b) the initial search �lter was limited to
the title and abstract of the articles, which may theoretically have excluded some studies that could be included in
the review.

Conclusion
The use of eNose to identify bacteria is a recent and promising method in the medical �eld because it allows a fast
and accurate diagnostic aid for various types of infections. In wound care, this technology has had several
investments in research since the main characteristic of infection is through the odor released by these
microorganisms, raising a new sphere of future treatment of these patients, increasing diagnostic accuracy and
consequently reducing complications and costs resulting from hospitalization.

In this systematic review, few studies participated in the sample, given the recent deployment of the eNose in wound
diagnostic aid. It was observed that eNoses devices may have wide applicability in the diagnosis of these infections,
through their high e�cacy values. In the studies analyzed, it was found that both in the training sets and in the test
sets, for validation of the proposed models, there was a high accuracy of these devices in identifying bacteria. It was
found that the application of sensor optimization methods increased the accuracy values in the experiments, in
contrast to using only the classi�cation algorithms.

The number of bacteria samples analyzed were su�cient for accurate data analysis, as were the various types of
Machine Learning algorithms used to classify the developed computational models (eight classi�ers), the most
common being the use of Support Vector Machine. In this perspective, some researchers have focused on solving
some pending issues related to possible interferences in eNoses, already thinking about the application of these
devices in hospital units, since these environments have substances that can decrease the accuracy of eNose.

However, some of the studies analyzed presented some limitations that may have in�uenced their �nal results; a
large portion of the research focused their analysis on in vitro or in vivo experiments (animals), raising the need for
research in appropriate environments such as hospitals, so that the accuracy of the application of Machine Learning
algorithms are higher and real problems can be identi�ed that can signi�cantly interfere with the quality of
identi�cation of these bacteria. Other limitations were found, such as the time of the analysis process after the
culture period, where it was observed that no study performed analyses with a period of less than 24 hours.
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Based on these limitations, new experimental research can be carried out based on the results analyzed in this
review, incorporating more robust methods of data analysis that can identify the bacteria in situ, as well as the use
of advanced Machine Learning methods such as deep neural networks, so that the accuracy in the diagnostic aid of
infected wounds can be greater and faster.
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Figure 1

Flow chart for the identi�cation, screening, and eligibility of studies based on PRISMA.
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Figure 2

The categories of reviewed articles
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Figure 3

Quality of the studies
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