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ARTICLE INFO ABSTRACT
Keywords: Background: Determining the presence of necrotizing soft tissue infection (NSTI) poses a signifi-
Necrotizing soft tissue infection cant hurdle. As of late, there has been a notable increase in the application of artificial intelli-

Artificial intelligence
Machine learning
Infectious fluid

gence (AI) machine learning techniques in identifying diseases, a shift that can be attributed to
their exceptional efficiency, unbiased nature, and high precision.

Methods: Information was gathered from a cohort of 13 patients suffering from NSTI, alongside 12
patients with cellulitis. The construction of NSTI diagnostic machine learning models utilized four
different algorithms, specifically random forest, k-nearest neighbors (KNN), support vector ma-
chine (SVM), and logistic regression. These models were constructed based on 28 distinctive
attributes identified through statistical examination. Following this, the diagnostic efficiency of
each algorithms was evaluated. A novel random forest model, streamlined for clinical use, was
later developed by focusing on 6 attributes that had the most pronounced influence on the ac-
curacy of our initial random forest model.

Results: The following data was noted regarding the sensitivity and specificity of the four NSTI
diagnostic models:logistic regression displayed 78.2 % and 83.7 %, KNN presented 79.1 % and
87.1 %, SVM showed 83.5 % and 86.3 %, and random forest exhibited 89.6 % and 92.9 %,
respectively. In comparison, lactate levels in fluid demonstrated 100 % sensitivity and 76.9 %
specificity at an optimal cut-off point of 69.6 mg/dL. Among all four machine learning models,
random forest outperformed the others and also showed better results than fluid lactate. A newly
constructed random forest model, created using 6 of the 13 identified features, displayed
promising results in diagnosing NSTI, having a sensitivity and specificity of 90.2 % and 92.2 %,
respectively.

Conclusions: Developing a diagnostic model for NSTI employing the random forest algorithm has
resulted in a diagnostic technique that is more efficient, cost-effective, and expedient. This
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nearest neighbor; LDH, Lactate dehydrogenase; LRINEC, Laboratory Risk Indicator for Necrotizing Fasciitis; MLA, Machine learning algorithms;
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approach could provide healthcare practitioners with the tools to identify and manage NSTI with
greater efficacy.

1. Background

Necrotizing soft tissue infection (NSTI) refers to a severe soft tissue infection that results in rapid and extensive damage to muscle
fascia and adjacent tissues. This condition is life-threatening, and its morbidity and mortality rates are exacerbated by late detection
and treatment, including delays in administering comprehensive antibiotics and surgical intervention [1-4]. The incidence of NSTI is
estimated to be between 0.4 and 1 case per 100,000 population annually, although this rate may vary by region and population. The
mortality rate associated with NSTI ranges from 10 % to 36 %, with higher mortality observed when treatment is delayed [5]. The swift
progression of NSTI underscores the importance of early diagnosis and treatment. Distinguishing NSTI from cellulitis based solely on
clinical signs and symptoms is often challenging [5]. Various diagnostic tools have been developed to accurately identify NSTI,
including laboratory tests, the Laboratory Risk Indicator for Necrotizing Fasciitis (LRINEC) scoring system, ultrasound imaging,
computed tomography (CT) scans, magnetic resonance imaging (MRI), and fascia biopsies [4,6]. However, the lack of a single test that
can quickly and precisely differentiate NSTI from other conditions continues to be a significant challenge in prompt diagnosis.

Recent advancements in artificial intelligence (AI) have led to a surge in its application within medical science. Machine learning, a
subset of Al, enables computers to learn without being programmed for specific tasks. Utilizing machine learning algorithms such as
support vector machines (SVM), k-nearest neighbors (KNN), and random forests (RF) allows for the creation of highly efficient, un-
biased, and accurate models for disease detection. Chatterjee et al. successfully applied the random forest technique to develop a
prognostic model for lymph node spread in head and neck squamous cell carcinoma [7], achieving an impressive diagnostic accuracy
of 88 %. Another study by Cho et al. [8] employed decision trees and other machine learning methods to develop glaucoma diagnosis
models, which exhibited sensitivities, specificities, and accuracies exceeding 95 %.

SVM is adept at handling high-dimensional data and modeling complex class boundaries, making it suitable for distinguishing NSTI
from other infections. Random forests can identify intricate patterns without explicit feature engineering and highlight critical var-
iables for NSTI diagnosis. Logistic regression is effective when there is a linear relationship between predictors and the outcome’s log-
odds, while KNN assumes that similar cases will have similar outcomes. Despite these potential applications, the use of machine
learning algorithms in NSTI diagnosis is uncommon, and no comparative study has yet been conducted on the diagnostic capabilities of
different models. In our research, we evaluated SVM, RF, logistic regression, and KNN to determine the most effective model for NSTI
diagnosis, focusing on their diagnostic efficiency.

2. Methods
2.1. Study design

This study was approved by the Institutional Review Board of Chiayi Chang Gung.

Memorial Hospital (No.: 201900447B0C601). The study was also performed in accordance with the Declaration of Helsinki. We
included adult patients who visited the Emergency Department (ED) between March 2019 and November 2020, adhering to three
selection criteria: (1) the presence of serious soft tissue infection in a limb, with a suspicion of NSTI as per the supervising emergency
doctors, (2) the identification of an infectious fluid accumulation along the deep fascia at the infection location via ultrasound, and (3)
successful ultrasound-guided aspiration of the said fluid, with the results available for analysis. Those with a surgical history, chronic
osteomyelitis, or persistent or recurrent soft tissue infections (including NSTI, cellulitis, or a soft tissue abscess) at the infected site were
not included. Patients exhibiting skin abnormalities such as tumors or significant trauma, or those who had already started antibiotic
therapy, were also left out. Infections of the soft tissue accompanied by abscess formation, for instance, cellulitis with pus and pyo-
myositis, were likewise excluded given the clear diagnosis from the appearance of pus-like infectious fluid. The usual course of action
for patients exhibiting symptoms suggestive of NSTI upon arrival at the ED included the provision of broad-spectrum antibiotics and
immediate consultation with an orthopedic surgeon to evaluate the need for surgical intervention. Ultrasound serves as a supple-
mentary diagnostic tool that may aid in identifying NSTI; the disease is suspected if fluid build-up exceeds 2 mm in depth along the
fascia [9,10]. The definitive clinical diagnosis was arrived at by the ED physicians and surgeons in the ED. Subsequently, urgent
surgical debridement, including fasciotomy, was executed for patients diagnosed with NSTI.

2.2. Data collection

We examined electronic medical records and documented variables such as age, gender, pre-existing health conditions, Exposure
history to seawater or contaminated agricultural water, past instances of animal bites, vital signs upon ED admission, laboratory
findings from blood and infected soft tissue fluid, ultrasound images of the infected area, and surgical documents (such as records of
fasciotomy or amputation). All blood tests were conducted within an hour of ED arrival, those infectious fluid sampled prior to the
injection of antibiotics. Patients were categorized into either the NSTI group or the cellulitis group, in line with their discharge di-
agnoses. The discharge final diagnosis of NSTI was validated based on the surgical pathology report. Those patients lacking pathology
reports to substantiate an NSTI diagnosis, or those who did not undergo surgical treatment, were assigned to the cellulitis group.
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2.3. Statistical analysis and machine learning model evaluation

Data processing was conducted using SPSS version 22.0 software. Categorical variables were presented in terms of numbers and
percentages, while continuous variables were represented as median values and their ranges. Variations in categorical variables be-
tween patients diagnosed with NSTI and those without were assessed using the Chi-square test. The Mann-Whitney U Test was used to
evaluate differences in the continuous variables. A P-value less than 0.05 was considered statistically significant, and variables of
statistical significance were incorporated into the diagnostic models.

In the context of this research, we utilized random forest, logistic regression, KNN, SVM to generate models aimed at diagnosing
NSTI. During model creation, logistic regression, KNN, and SVM necessitated preliminary data adjustments. This step entailed
normalizing the data to eliminate constraints related to the units of measure, all while preserving the original data distribution. For any
missing values, we used the normalized mean values as replacements. On the other hand, the random forest algorithm did not require
any data preprocessing. Therefore, we directly used the raw data in the segmentation process.

The parameters for each algorithm were configured in the following manner: (1) For logistic regression, the iteration limit was set
to 60, the regularization coefficient was 1, and the minimum convergence error was defined as 0.00001. (2) In the case of KNN, we
used the 5 closest neighbors. (3) For SVM, both positive and negative penalty factors were set to 1.0, with a convergence coefficient of
0.001. (4) Lastly, in the random forest model, the forest was composed of 60 trees, the minimal leaf node data size was 2, the minimum
ratio of leaf node data to parent node data was 0, there was no restriction on the maximum tree depth, and each tree accepted 100,000
random data inputs.

We evaluated the diagnostic effectiveness of the four algorithmic models, namely their sensitivity, specificity, and precision, using a
confusion matrix that contained both predicted and actual classification data. Given that the dataset was divided randomly into a
training set comprising 80 % of the data and a testing set containing the remaining 20 %, we carried out ten rounds of model con-
struction tests for each algorithm. The aim was to establish the average sensitivity, specificity, positive predictive value (PPV), negative
predictive value (NPV), positive likelihood ratio (PLR), negative likelihood ratio (NLR), and precision for each model—these mea-
surements represented the final outcomes. Among the four models, the random forest model exhibited the most robust diagnostic
performance. This relative influence of each feature on the random forest model’s precision was also ranked. For the random forest
model, features leading to higher average reductions in the Gini index were considered more impactful on the model’s classification
accuracy.

Table 1

Comparison of clinical parameters and infectious fluid analysis between NSTI group and cellulitis group.
Variable NSTI Cellulitis p-value

N Mean SD N Mean SD

Age (years) 13 72 12.08 12 65.25 13.8 0.21
Body temperature at triage (°C) 13 36.87 1.35 12 36.76 0.76 0.81
Heart rate at triage 13 91.85 17.17 12 97.25 26.31 0.55
Respiration rate at triage 13 19.31 1.7 12 18.75 0.87 0.32
SBP at triage (mmHg) 13 105.08 29.64 12 146.58 22.6 <0.001
DBP at triage (mmHg) 13 64.46 17.75 12 87.67 11.69 <0.001
In Bloodrowhead
WBC (lOS/pL) 13 15.98 6.55 12 9.91 3.16 0.01
Segment (%) 13 75.53 14.98 12 72.03 11.98 0.53
Hemoglobin (g/dL) 13 12.75 2.14 12 12.93 1.95 0.84
Platelet (103/pL) 13 202.15 93.17 12 222.67 84.46 0.57
INR 13 1.14 0.15 8 1.03 0.07 0.08
Sodium (mEq/L) 13 134.77 3.24 12 135.33 2.74 0.64
Glucose (serum) (mg/dL) 13 181.38 91.14 11 175.73 64.93 0.87
C-reactive protein (mg/L) 11 200.36 125.79 11 71.76 63.2 0.01
Creatinine (mg/dL) 13 1.65 0.71 12 1.13 0.27 0.02
BUN (mg/dL) 11 28.66 9.95 9 14.67 6.55 <0.001
Potassium (mEq/L) 13 3.86 0.42 12 3.72 0.45 0.41
Alanine transaminase (U/L) 13 37.38 22.12 12 37.5 27.38 0.99
Albumin (serum) (g/dL) 13 3.75 0.49 12 3.91 0.56 0.47
TP (serum) (g/dL) 13 6.43 0.74 9 6.77 0.59 0.27
LDH (serum) (U/L) 13 194.17 59.64 12 187.29 59.94 0.78
Lactate (serum) (mg/dL) 13 31.56 24.5 11 14.46 7.72 0.04
Infectious fluid analysisrowhead
Albumin (fluid) (g/dL) 13 2.19 0.96 12 1.33 0.72 0.02
LDH (fluid) (U/L) 13 5023.66 6083.34 12 315.32 307.07 0.01
Glucose (fluid) (mg/dL) 13 82.23 68.43 11 146 48.66 0.02
TP (fluid) (g/dL) 12 3.68 1.48 12 1.87 1.07 <0.001
Lactate (fluid) (mg/dL) 13 121.98 75.63 11 24.65 13.72 <0.001
pH (fluid) 11 8.05 0.45 8 8.6 0.32 0.01

DBP: diastolic blood pressure, INR: international normalized ratio, LDH: lactate dehydrogenase, TP: total protein, SBP: systolic blood pressure, SD:
standard deviation, WBC: White blood cells.
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3. Results
3.1. Patient characteristics

The inclusion criteria was satisfied by 31 patients in total. However, six of these individuals were disqualified because of the
discovery of infectious fluid akin to pus following aspiration. The ultimate diagnosis for these excluded six individuals was pyomyositis
for one patient and soft tissue infections with abscess formation for the remaining five. Consequently, this study comprised of 25
participants, who were then divided into two groups: the NSTI group, consisting of 13 patients, and the cellulitis group with 12 pa-
tients. The clinical traits and laboratory results upon their initial visit to the Emergency Department were then assessed and contrasted
among the patients belonging to cellulitis or NSTI group.

3.2. Features derived from clinical parameters and infectious fluid analysis

Among those 28 features, 13 features were significantly different between NSTI and cellulitis patients (Table 1). Those significant
13 features were throwed into the model: C-reactive protein (CRP), systolic blood pressure (SBP) at triage; diastolic blood pressure
(DBP) at triage; blood urea nitrogen (BUN), white blood cell count (WBC), Creatinine and lactate in blood; albumin, lactate dehy-
drogenase (LDH), glucose, total protein, lactate, and pH value in infectious fluid.

3.3. Diagnostic performances among the four algorithms

The diagnostic capabilities of the four machine learning algorithms for NSTI are illustrated in Table 2 and Figs. 1 and 2. Among
these models, the random forest model stands out as the most effective one for diagnosing NSTI. It boasts higher levels of sensitivity,
specificity, PPV, NPV, PLR, and accuracy when compared to logistic regression, KNN, and SVM models. Meanwhile, its NLR is observed
to be lower than that of the other three models.

3.4. Evaluation performance of new derived RF model with best 6 features derived from gini index

In order to streamline the new random forest model for clinical use, we chose six features, which were determined based on the Gini
index (as depicted in Fig. 3). These selected features formed the basis for the creation of the new random forest model. The effec-
tiveness of this newly established random forest model in diagnosing NSTI is demonstrated in Table 3.

4. Discussion

Significant 13 features were including CRP, SBP at triage; DBP at triage; BUN, WBC in blood, Creatinine and lactate in blood;
albumin, LDH, glucose, total protein, lactate, and pH value in infectious fluid. Septic shock is a common complication of NSTIL. To
protect the heart, brain, and other important organs, renal perfusion pressure decompensation may occur in the early stage. In
addition, blood transfusion and infusion therapy can further aggravate the renal ischemia-reperfusion injury, resulting in short-term
increased creatinine levels. Moreover, renal insufficiency also limits the use of most antibiotics and can lead to inadequate anti-
infective treatment, which can increase mortality. Low blood pressure, elevated BUN and creatinine values were also significant
contributing features in our predictive model. CRP, which is produced mainly in the liver, has long been used as a marker of infection.
High CRP levels may indicate severe infection or inflammation caused by soft tissue infections. In predicting bacterial infection in
patients with decompensated cirrhosis, the CRP level was superior to the procalcitonin level and white blood cell count [11]. In
patients visiting the ED, there was an association between bacterial infection and the CRP level [12]. However, a single measurement
of CRP is nonspecific and a variation in the CRP level is a more specific predictive factor for mortality. Accordingly, if the first CRP
measurement is high, additional tests after hospitalization are required [13]. The clinical significance of serum lactate was established
over the last decade. Trends in lactate concentration over time reflect the clinical response of patients to resuscitation and surgical
intervention. Elevated lactate was shown to be independently associated with mortality rate in critical ill patients. Even intermediate
initial serum lactate was an indicator of mortality of organ dysfunction and shock in severe sepsis patients in the emergency
department. In hospitalized patients, increased lactate indicated high mortality, mechanical ventilation, vasopressor requirement [14,

Table 2
Performance of the four MLAs and lactate in fluid for diagnosing NSTI.
AUC Sensitivity Specificity PPV NPV PLR NLR Accuracy

Logistic regression 0.834 78.2 % 83.7 % 80.1 % 84.9 % 4.80 0.26 82.7 %
KNN 0.885 79.1 % 87.1% 82.5% 83.8% 6.13 0.23 83.9 %
SVM 0.923 83.5% 86.3 % 82.6 % 86.9 % 6.09 0.19 81.5%
RF 0.958 89.6 % 92.9 % 90.8 % 91.4 % 12.6 0.11 90.5 %
Lactate in fluid 0.937 100 % 76.9 % 80.6 % 100 % 4.33 0 84.3 %

AUC: Area under the ROC curve; KNN: k-nearest neighbor; NLR: negative likelihood ratio; NPV: negative predictive value; PLR: positive likelihood
ratio; PPV: positive predictive value; RF: random forest; SVM: support vector machine.



C.-P. Chang et al. Heliyon 10 (2024) 29578

Fig. 1. Sensitivity, specificity, accuracy, PPV, NPV curves for lactate in fluid and the four algorithmic models.

Fig. 2. The PLR, NLR curves for lactate in fluid and the four algorithmic models.

15].

Synovial fluid lactate is an important biomarker that can be used in the diagnostic and prognostic evaluation of various joint
disorders. It is usually present at lower levels in healthy joints, but its concentration tends to increase in response to various patho-
logical conditions. The rationale behind this is tied to the body’s metabolic responses to injury or disease. After orthopaedic surgery or
trauma, an increase in synovial lactate concentration may indicate the presence of complications such as infection or tissue necrosis.
LDH levels in fluid can be influenced by various factors, including inflammation, tissue damage, and certain diseases. An elevation in
synovial LDH levels may suggest increased cellular turnover and metabolic activity within the joint, which could be associated with
conditions such as rheumatoid arthritis, osteoarthritis, or joint infections [16,17].Total protein in fluid can help differentiate between
inflammatory and non-inflammatory joint conditions. Inflammatory conditions typically exhibit higher total protein levels compared
to non-inflammatory conditions, such as osteoarthritis. Serial measurements of synovial fluid total protein can be useful in monitoring
the response to treatment in various joint disorders. Decreases in protein levels over time may indicate a positive response to therapy,
while persistently high or increasing levels may suggest ongoing inflammation or treatment resistance. Synovial albumin levels can
reflect the integrity of the synovial membrane, which lines the joint cavity. Damage or disruption of the synovial membrane can result
in increased leakage of albumin into the synovial fluid. It may be correlated with disease severity and prognosis in certain joint
conditions [16-21]. Despite the diagnostic value of soft tissue fluid, seldom researches were mentioned those parameters in NSTI. In
our knowledge, we are the first research to establish the importance of infectious soft tissue fluid analysis in diagnosing necrotizing soft
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Gini index average reduction values

Fig. 3. The impacts of the first 6 features on the accuracy of the RF model.
BUN: Blood urea nitrogen; CRP: C-reactive protein; LDH: Lactate dehydrogenase; TP: total protein.

Table 3
Performance of new RF model for diagnosing NSTIL.
AUC Sensitivity Specificity PPV NPV PLR NLR Accuracy
RF 0.962 90.4 % 92.2 % 85.8 % 93.1 % 11.6 0.1 91.8 %

AUC: Area under the ROC curve; NLR: negative likelihood ratio; NPV: negative predictive value; PLR: positive likelihood ratio; PPV: positive pre-
dictive value; RF: random forest.

tissue infection.

Al has been the harbinger of transformations across various facets of society in the past few years, and investigations into its
probable applications in the realm of medicine are also on the rise. When it comes to diagnosing diseases, AI's machine learning
algorithms are capable of handling copious amounts of data. Moreover, they can optimally utilize established information to devise
incredibly predictive models for disease diagnosis. As of now, medical diagnostics employ various machine learning algorithms such as
random forest, logistic regression, KNN, SVM, among others. Logistic regression is a traditional statistical technique. The outcome
produced by the logistic regression model is a probability ranging from O to 1, where a score of 0.5 signifies a binary classification. It is
commonly employed in the field of medical diagnostics. The KNN method operates through a majority voting mechanism. When an
example is introduced for testing, a voting procedure takes place based on the classifications of the k-closest training samples. As a
result, the test sample is allocated to the category that accumulates the maximum number of votes. SVM is an alternative machine
learning algorithm that can be employed for classification. Essentially, SVM operates by building a hyperplane that optimizes the
distance between two different sample types and this hyperplane. Random forest, an alternate classification approach, encompasses
numerous decision trees which amalgamate input data using If-Then rules to form a tree classifier. Based on the model thus created,
fresh input data is routed to the leaf nodes starting from the root node, and the ultimate level output symbolizes the final categorization
outcome. Nonetheless, over-fitting could potentially happen and lead to erroneous outcomes if the decision tree is overly complex. To
avert over-fitting, random forest employs the principle of integrated learning, which consolidates the classification outputs of each
decision tree, thereby producing results that are more precise and steady.

Xiao and his team employed random forest technique for building a diagnostic model for prostate cancer that achieved an accuracy
rate of 83.1 %, a sensitivity of 65.6 %, and a specificity of 93.8 % [22]. On a similar note, Casanova and his associates evaluated the
diagnostic efficacy of both logistic regression and RF in diagnosing diabetic retinopathy [23]. The findings of their study underscored
that RF provides superior classification accuracy.

Currently, there is a dearth of studies focused on the application of Al machine learning algorithms in diagnosing NSTI. In our
research, we created diagnostic models for NSTI utilizing four machine learning algorithms (KNN, SVM, logistic regression, and
random forest). We then compared their diagnostic capabilities of these four artificial intelligence models to identify the most effective
one for distinguishing NSTI. We incorporated 13 features that exhibited statistical variances between the NSTI group and the cellulitis
group into the model. These included blood pressures, blood metrics, and infectious fluid assessments. Given that all these measures
are extensively utilized in clinical settings, they can be quickly and easily procured without requiring any specialized apparatus. As a
result, the models illustrated in this paper hold broad applicability.
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The findings indicate that among the four algorithms, random forest displays the most superior diagnostic performance with a
sensitivity, specificity, accuracy, and AUC of 89.6, 92.9, 90.5 %, and 0.958 respectively. The diagnostic performances of SVM, KNN,
and logistic regression were found to be alike. Prior research has shown that RF is remarkably efficient in classifying various diseases.
For instance, Huang et al. utilized four machine learning models (SVM, naive Bayes, KNN, and random forest) to create decision-
support systems for diagnosing liver fibrosis [24]. The findings indicated that random forest demonstrated superior precision
compared to the other three machine learning algorithms. In a further comparison carried out by Chicco et al., they assessed the
effectiveness of various classifiers, including probabilistic neural networks, neural networks based on perceptrons, random forest, One
Rule (OneR), and decision tree classifiers, particularly in the forecasted diagnosis of pleural mesothelioma [25]. Their findings
revealed that random forest superseded all other MLA models. Thus, random forest model evidently holds an advantage when used for
diagnosing diseases.

To enhance its clinical usability, we picked the six most influential features on initial random forest model’s accuracy to establish a
new random forest model. This finding demonstrates that the diagnostic performance of this freshly developed model is akin to the
original random forest model that was built using 13 features. Minimizing the number of features in the model holds substantial
importance as it could potentially lower medical costs and offer more convenience in clinical settings. There are certain limitations to
this research, including the fact that the data was gathered from a single-center cohort and the number of participants was somewhat
limited. For future research, implementing a multi-center prospective study with a more extensive sample could prove advantageous in
constructing a more accurate diagnostic model for NSTI.

5. Conclusion

Implementing Al machine learning algorithms and ultrasound assisted aspiration of infectious fluid to construct a diagnostic model
for NSTI could potentially enhance diagnostic capabilities. In this context, random forest proves to be more effective than logistic
regression, KNN, and SVM. Developing a diagnostic model for NSTI using random forest algorithms could lead to a more efficient, cost-
effective, and rapid diagnostic procedure based on common clinical data. This would aid clinicians in making superior diagnostic and
therapeutic choices.
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