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Abstract
A urinary tract infection, or UTI, is caused when bacteria get into the urinary tract- kidneys, bladder, or urethra.

UTIs cause more than 8.1 million visits to healthcare providers each year. About 60% of women and 12% of men
get infected with UTI during their lifetime, therefore being more prominent in females. UTIs can be found by
analyzing a urine sample. The urine is examined under a microscope for bacteria or white blood cells that show
infection. Healthcare providers may also take a urine culture. This test examines urine to detect and identify
bacteria and yeast, which may be causing a UTI. Several models have been proposed to predict urine culture
positivity based on urinalysis. Applications of machine learning (ML) methods have been used extensively to solve
various complex challenges in recent years in various application areas. ML methods are characterized by their
ability to examine data and discover exciting relationships, provide interpretation, and identify patterns. ML can
help enhance the reliability, performance, predictability, and accuracy of diagnostic systems for many diseases.
This survey provides a comprehensive review of the use of ML in the diagnosis of Urinary Tract infection in
human beings. To provide a reliable classification of results assistance of 27 algorithms was tested. Algorithms
applied included Logistic regression, Decision tree, Random Forest, and Support Vector Machine. Each model
was evaluated by F1-score, AUC-ROC, accuracy, sensitivity, and specificity. Baseline epidemiological factors,
previous antimicrobial consumption, medical history, and previous culture results were included as features.
Machine learning models such as the Artificial neural network have been used as well for the prediction of the
presence of urinary infection. Some specific parameters have been selected with the help of the Analysis of
variance technique which gave high accuracy. This survey provides a comprehensive review of the use of ML in
the medical field highlighting standard technologies and how they affect medical diagnosis. It provides valuable
references and guidance for researchers, practitioners, and decision-makers framing future research and
development directions. It is found that Machine Learning models can improve the early prediction of urine
culture positivity and UTI by combining automated urinalysis with other clinical information. Clinical utilization
of the models can reduce the risk of delayed antimicrobial therapy in patients with nonspecific symptoms of UTI
and classify patients with UTI who require further treatment and close monitoring. In conclusion, the paper
provides a survey on the machine learning models used with the highest accuracy to detect UTI potential patients.
Keywords: Artificial Neural Network, Machine Learning (ML), Random Forest, Support Vector Machine, Urinary
Tract Infection (UTI).
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1. Introduction

An infection is the invasion and growth of germs in
the body. The germs may be bacteria, viruses, yeast,
fungi, or other microorganisms. Infections can begin
anywhere in the body and may spread all through it
[4]. It can cause fever and other health problems,
depending on where it occurs in the body. When the
body’s immune system is strong, it can often fight the
germs and cure an infection. The urinary system (or
urinary tract) includes the kidneys, ureters, bladder,
and the urethra. It works as your body’s filtration
system. When your urinary system removes toxins
and wastes from your body, it comes out as pee
(urine). To be able to urinate, your body must pass
this waste through a series of organs, ducts, and tubes.
It eliminates extra water and salt, toxins, and other
waste products. Different parts of the urinary system
perform tasks, including: Filtering blood, separating
the toxins you don’t need from the nutrients you do
need, and storing and carrying pee out of your body
[1, 2, 3]. Many conditions can affect the ureters,
kidneys, bladder and urethra. Infections, diseases or
problems can appear at birth or develop as one gets
older. Urinary Tract Infections can cause issues with
the Kidneys, urethra or bladder. These infections
occur when bacteria enter your urinary tract through
your urethra [4, 5, 7]. Urinary tract infections (UTIs)
are some of the most common bacterial infections,
affecting 150 million people each year worldwide.
Urinary tract infections (UTIs) are the most prevalent
outpatient illnesses and affect about 50% of the
population at some point in their lives [9, 10]. The
incidence of UTlIs is increasing with age, and close to
10% of postmenopausal women indicate that they
had a UTI in the previous year [11]. UTlIs are a
significant cause of morbidity in infant boys, older
men and females of all ages. Serious sequelae include
frequent recurrences, pyelonephritis with sepsis,
renal damage in young children, preterm birth and
complications caused by frequent antimicrobial use,
such as high-level antibiotic resistance. Clinically,
UTIs are categorized as uncomplicated or

complicated. Uncomplicated UTlIs typically affect
individuals who are otherwise healthy and have no
structural or neurological urinary tract abnormalities;
these infections are differentiated into lower UTIs
(cystitis) and upper UTIs (pyelonephritis). Several risk
factors are associated with cystitis, including female
gender, a prior UT], sexual activity, vaginal infection,
diabetes, obesity and genetic susceptibility.
Complicated UTIs are defined as UTIs associated with
factors that compromise the urinary tract or host
defense, including urinary obstruction, urinary
retention caused by neurological  disease,
immunosuppression, renal failure, renal
transplantation, pregnancy and the presence of foreign
bodies such as calculi, indwelling catheters or other
drainage devices [16, 17]. UTI is linked to a variety of
diseases that can cause serious health issues or even a
loss of life. Medical laboratories and hospitals are
outfitted with high-tech devices and equipment to
provide curative healthcare. However, in a hospital-
centric world, providing healthcare services to all
patients becomes difficult with such a large
population. In this case, tracking of infected patients
in an loT-enabled home-centric environment has
opened new doors for the healthcare industry [7]. The
majority of these machines are ready to utilize and can
be quickly displaced in a home's toilet system.
Furthermore, limited human interference increases the
system's overall performance. The paper represents
the understanding of cause and effects of the Urinary
Tract Infection and analyzing the requirements of
forecasting the disease. Thus, the aim is to study the
methodology driven by machine learning-based
techniques for predicting urinary tract infections with
considerable accuracy.

2. Literature Review

Huge works have been done in the field of disease
diagnosis using various techniques. The recent works
have been discussed here with their advantages and
disadvantages. In [34], they have proposed a system
that could predict 41 diseases based on 130 symptoms
using Naive Bayes, decision tree classifier and random
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forest classifier with an accuracy of 93% on train data
and 95% on test data. In [35], they had implemented
a disease inference question answer system in which
the user question is passed, and the system would use
data mining techniques to provide the answer. In [36],
they have proposed a work to find hidden patterns in
the disease data, for predicting the disease based on
their symptoms using CNN and K Nearest Neighbor
(KNN). For monitoring and prediction of UTIs, the
existing paper has suggested an loT-inspired
framework in a home-centric environment. By using
ID (Infection Degree), probabilistic classification
(Bayesian Probabilistic Model) of UTI has been
performed in accordance with both infection and non-
infection categories. Temporal-Artificial Neural
Network (t-ANN) technique, which incorporates 1M
(Infection Index Measure), has been used for the
detection and prediction of UL.

Neural Networks have the advantage over traditional
programming in terms of solving problems for which
there is no algorithmic solution. Also, it helps in
finding solutions which are too complex to find.
Neural Networks are widely used in the medical
domain to solve all the problems related to clinical
diagnosis, prediction, image processing &
interpretation, drug development and pattern
recognition. Heckerling et al. proposed a model using
artificial neural networks in combination with genetic
algorithms that evolved combinations related to
clinical variables that are optimized to predict UTI
[27]. The suggested work evolved five variable sets
that can classify the UTI cases and non-infection
areas ranging from 0.853 to 0.792. The results of
network influence analysis show few variables
predicted UTI in an unexpected way and also have an
interaction with other variables in forming prediction
[28]. Pérez et al. proposed a system based on a
multiagent system model in which every neuronal
center corresponds to an agent [29]. This scheme
improves its robustness by including a heuristic in the
presence of possible inconsistencies. A neural
network is used as the heuristic (orthogonal

associative memory). The system incorporates
knowledge through instruction, utilizing appropriate
urinary tract behavior patterns and behavior patterns
resulting from dysfunctions in neuronal centers as a
minimum. Nyman & Jesper [30] in their research,
aims to investigate how different screening methods
perform when applied before culturing. To predict
UTI, the screening methods use flow cytometry
analysis (FCA) and some general characteristics.
Different screening approaches were compared using
machine learning algorithms. A sensitivity adjustment
was used to adjust the methods so that the sensitivity
was greater than 95%. The output was evaluated using
real-world data from 1316 samples and cross-
validation. Random forest yielded the best results in
terms of cost savings. It was able to reduce the load on
the culturing process by up to 46% while maintaining
a sensitivity of 95.15 percent. The specificity rate was
72%. Even though the data set collected was too
limited to accurately declare real results, the savings
appear to be quite promising. Several parameters are
taken by several authors for Urine Infection (Ul) with
associated disease and their unsafe values [30].
Patient-level data were collected, including
demographics, underlying comorbidities with age-
adjusted Charlson comorbidity index, date of urine
sample collection, and commercial analyzers on which
urinalysis was performed. To extract the worst values
within 24 h of urine culture sampling, both maximum
and minimum values of laboratory tests and vital signs
were obtained. In addition, the use of vasopressors,
antimicrobial agents, and mechanical ventilation was
investigated, and the worst Glasgow Coma Scale and
a Sequential Organ Failure Assessment (SOFA) score
were also calculated. The results of test strip analysis
and urine sediment analysis using the electronic
medical record collection programs of the patients at
each institution were retrieved.

3. Machine Learning-Based Algorithms

Machine learning is a branch of artificial intelligence
that enables computers to learn from data and make
predictions or decisions without being explicitly
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programmed. By analyzing large and complex
datasets of health records, imaging, genetics,
environmental factors, and other variables, they can
provide personalized and preventive
recommendations for patients and clinicians, such as
optimal treatment plans, lifestyle interventions, and
follow-up actions. In general, Machine Learning is
classified as either supervised learning or
unsupervised learning. In supervised learning, for the
input variables, output variables are predicted and in
unsupervised learning, for input variables, output
variables are not predicted. (i.e., deals with clustering
of distinct groups for a specific intervention) [11].
Complex models and medical diagnosis can be
derived from machine learning, therefore, revealing
new ideas to clinicians and specialists. In clinical
practice, machine learning predictive models will
illustrate better guidelines for decision making in
individual patient care. These are also able to self-
diagnose a variety of diseases in accordance with
clinical guidelines. According to [13], integrating
these models into drug prescriptions will save
healthcare worker’s time and open new medical
possibilities in pathology detection. Medical data
quality can be improved, patient rates can be reduced,
and medical costs can be reduced using Machine
Learning models. Consequently, when opposed to
other traditional approaches, these models are
commonly utilized to examine diagnostic analysis.
Therefore, taking these benefits into account the
artificial neural networks and machine learning
techniques are used in evaluation and prediction of
urinary tract infection among men and women.
3.1. K-Nearest Neighbours Algorithm

One special feature of the non-linear classifier K-
nearest-neighbors is that it doesn't need to be trained.
Rather, it groups fresh samples according to how well
they match existing data. The general method
involves classifying based on response by examining
the k most comparable known samples.[10] There are
two steps involved in this. For the first, a distance
metric is necessary. To calculate similarities, this

metric is employed. The minkowski distance will be
the one employed in this investigation [14].

Wi = |(X - X)P[P, (1)

If Xi is a known sample, p is an adjustable parameter,
and X is the sample that will be classified. To obtain
the most comparable known samples, one can iterate
equation 1 for each sample i € [1: n] and then look at
the k smallest wi. For an example using random data,
k =3 and p = 2, see Figure 1. The new sample is
categorized in the second step using the neighbors that
were discovered. A function that determines a score
value based on neighbors' responses and
corresponding wi can be used to do this. The following
function will be utilized in this analysis:

EF—: -""I:“_L.
Score = ﬁf_ L2
fml e

where wi is the distance to the neighbor I and yi is the
neighbor I's response. Depending on a threshold value,
the new sample can be classified as one or zero based
on this score value [14].

Algorithm 1: K-Nearest Neighbor

Input: dataset df, Xiain, Xtest — independent variable,
Yirain, test target variable

Input: dataset df, Xiain, Xtest — independent variable,

Yirain, test target variable

Output: target words with tract infection of
UTX_DIAGONSIS

begin

for each y belong df do

calculate the Dist D (x, y)bet y and x

end

subset(N) from the data frame (df)

N contains m training samples which are the knn of
the test samples x

cal categorical variables of x:

Yx = argyeymax y yey | (y = class(categoricalvariabies))
End [4]
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3.2. Artificial Neural Network Algorithm
Artificial neural networks are computing systems that
mimic the parallel structure of the human brain. The
network's function is mostly defined by connections
between elements, with weights assigned to each
connection between two neurons. In artificial neural
networks, the input layer contains nodes that receive
initial data, while the output layer offers results based
on the input [14]. Additional layers of units, referred
to as intermediate layers or hidden layers which exist
between the input & an output layer, are responsible
for all the computations. An artificial neural network
(ANN) comprises linked neurons. This magnitude
can then be utilized to calculate the score value. In the
ANN, each neuron belongs to a distinct layer [13]. An
example of an ANN using three features can be seen
in Figure 2. The steps for creating the ANN
architecture are as follows:

a) Layer 1 corresponds to the input vector
containing input variables. Specified as 11 — 13.

b) In Layer 2, it is important to determine the
number of neurons in the hidden layer within the
ANN structure. As a result of the analysis
realized, the number of neurons in the hidden
layer that gave the optimal result was determined
as 12.

c) Layer 3 is the output layer and has two outputs,
cystitis, and nonspecific urethritis. These output
parameters were also specified as O1[1-3].

It shows that the input vector for neurons in the input
layer is the feature vector, with each neuron taking
one feature. The input vector for subsequent levels is
the output scores from the previous layer, with each
neuron taking all of them. The final layer consists of
a single neuron, and its score is used for
categorization. Each neuron has a weight vector W
and a bias term w0 that must be determined. This can
be achieved through backpropagation (BP) [13].
Algorithm 2: MANN-AM (Modified Artificial
Neural Network with Attention Mechanism)
Input: Input : dataset df, Xirain, Xtest - independent
variable, Yrain, Yeest target variable

Output: target Ypreds With tract infection of
UTX_DIAGONSIS(0, 1)
scale the datasets using // input layer
divide Xtrain Xtest and Yirain, Yeest //input layer
W is calculated based on dist using //hidden layer
set value for parameter k
Estimating the distance between train and test
Sorting dist in an ascending pattern select the best
kndgh
Repeating steps 2—4 until the algorithm is over
W matrix is saved as result Simulation involves using
//hidden layer
Saving results
Retrieving ANN with attention model
Setting values for number of input, output and hidden
layers
Primary weighing of existing neurons in input, output
and hidden layers
Calculating the output (y) for each neuron in output
layer
Updating ANN parameters
Repeating steps 3—4 until the algorithm is over
Saving results
End of hybrid model
Displaying results
End [4]

3.3. Support Vector Machine
Support vector machines are linear classifiers that aim
to find the best hyperplane and margin for separating
classes in data D. The margin is the distance between
the hyperplane and the close feature vector, or support
vector. SVM is a sophisticated supervised technique
that performs well on smaller but complex datasets
[14]. Support Vector Machines (SVMs) can be used
for regression and classification tasks, however they
perform better in classification issues. They were quite
popular when they were first developed in the 1990s,
and they are now the go-to method for a high-
performing algorithm with minimal adjustment. It is a
supervised machine learning problem in which we
attempt to identify a hyperplane that best separates the
two classes. Don't mix SVM with logistic regression.
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Both the algorithms strive to discover the optimal
hyperplane, however the fundamental distinction is
logistic regression is a probabilistic approach whilst
support vector machine is based on statistical
approaches. Figures 3 and 4 describes SVM.
3.4. Random Forest Algorithm

Random forest is also a nonlinear classifier. It is
based on decision trees. A decision tree follows a
flowchart layout with several nodes. The nodes are
directed, starting from a mutual root and ending with
a leaf. Each node represents a single feature using
true-false statements. The final leaf determines the
categorization. In this scenario, the leaves are made
up of ones and zeros, and the assertions are based on
a numerical threshold value[1-4]. The following
stages describe the working Random Forest

Algorithm:
Step 1: Take random samples from a specified data
or training set.

Step 2: For each set of training data, this algorithm
will create a decision tree.
Step 3: The choice tree will be averaged to determine
the vote.
Step 4: Finally, choose the predicted outcome with
the most votes as the final result. Figure 5
demonstrates the working.

Algorithm 3: Random Forest
Inpu : dataset df, Xirain, Xtest — independent variable,
Yirain, Yest target variable
Output: target Ypreas With tract infection of
UTX_DIAGONSIS
Ais training set TS: = (ar, by ...... ,(@n bn)
training set(TS) = images
F— feature,

N(t) = nooftrees

Forest = E

begin

function RandomForest(H, R)
[0

fori€l, ... .Edo

H® « A bootstrap sample from TS

ai « Randomized Tree Learn (H®, R)
[—1U(a)
end for
return |
end function
function RandomizedTreeLearn(H, R)
At each node:
F <« very small subset of R
split on best feature in F
Return the learned tree
end function
End for
End [4]

3.5.Logistic Regression
Logistic regression is a simpler and more efficient
approach to binary and linear classification issues. It
is a classification model that is simple to implement
and provides excellent performance with linearly
separable classes [14]. Logistic regression is best
thought of as linear regression applied to classification
challenges. Logistic regression models a binary output
variable using the logistic function. The major
distinction between linear regression and logistic
regression is that logistic regression's range is limited
to 0 and 1. Furthermore, unlike linear regression,
logistic regression does not assume a linear
relationship between input and output variables [10].

1
Logistic function =
g f l+e™*

The function is represented in Figures 6 and 7.

4. Machine Learning in Detecting Urinary Tract
Infection

4.1. Decision Trees
Decision trees were employed as part of the analysis
for urinary tract infection (UTI) detection, aiding in
the classification of relevant features and facilitating
the identification of patterns indicative of UTI
presence. Using straightforward decision-making
procedures, decision trees—a decision structure like a
tree—split vast volumes of material into manageable
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groupings. They are made up of leaves and branches,
each of which represents an exam that needs to be
completed. The test that has to be run is indicated by
the decision node, and the tree branches without
losing any data. A decision node is produced at the
end of a branch if the classification operation cannot
be completed there. One of the classes to be decided
based on the data is the leaf that forms at the end of a
branch if a specific class is generated there. Starting
with the root node, the decision tree process moves
down the nodes in order until it reaches the leaf [24].
Using wearable 10T devices, researchers have created
a human collapse detector to track the actions of the
elderly. The detector detects human collapses in four
directions using dynamic time tracking (DT) and
machine learning. We present an effective technique
for mechanically identifying natural activities with
five triaxial wireless accelerometers and a wireless
heart scale director. 30 natural gymnasium activities
performed by 21 individuals were used in two labs to
test the method. Based on dependent and independent
training, the identification accuracy rates were 94.6%
and 56.3%, respectively, according to the results. As
the amount of heart scale data grew, the accuracy rose
by 1.2% and 2.1%. When determining the type of
activity without considering intensity levels, the
independent performance was attained at 80.6% [12].
4.2.Support Vector Machines
Originally created for the purpose of classifying two-
class linear data, Support Vector Machines (SVM) is
a statistical learning-based classification technique
that has since been expanded to identify multi-class
and non-linear data. The SVM's basic method is to
use the hyperplane specification to determine which
decision function will best divide the two classes.
Finding a linear discriminant function that faithfully
captures the essence of the training data and aligns
with statistical learning theory is the goal of the SVM
regression technique. The nonlinear states in the
regression are processed using kernel functions.
SVMs are utilized to analyze and classify various
features extracted from patient data, such as clinical

symptoms, laboratory test results, and medical
histories, to identify patterns indicative of UTI
presence [24]. Non-linear classifiers can be used in
place of linear classifiers when data cannot be split
linearly. In this instance, SVM converts to a high-
dimensional feature space that is readily classified
using the linear method from the original input space.
Research on supervised machine learning (SVM)
classifiers for classification and regression problems is
covered in this area. It was suggested to use an active-
learning data selection accelerator (ALDSA) and an
SVM accelerator (SVMA) in a biomedical processor
with programmable parameters for machine learning
accelerators. The ECG-based arrhythmia detection
and the EEG-based seizure detection systems used the
least amount of energy possible. A probabilistic
modeling technique for categorizing abnormal gaits
utilizing SVM classifier and HMM data was reported
by Mannini et al. In terms of energy consumption,
obtrusiveness, identification accuracy, and flexibility,
Lara and Labrador assessed 28 systems. Using feature
selection and SVM, Shan and Yuan created a
prototype fall detector that can identify potential falls
before they happen. Sun et al. examined participant
physiological data prior to and following mental stress
in order to develop a physiological sensor-based
mental stress detection method [12]. By leveraging
SVM's ability to handle non-linear relationships and
high-dimensional feature spaces, researchers and
clinicians can develop accurate and reliable UTI
detection systems, aiding in the prompt diagnosis and
management of this common medical condition.

4.3.Random Forest
Random Forest, another machine learning algorithm,
has been utilized in urinary tract infection (UTI)
detection as well. Random Forest learns to distinguish
between patterns associated with UTI-positive and
UTI-negative cases by constructing multiple decision
trees using different subsets of the data and features.
Once trained, the Random Forest model can be applied
to new patient data to predict the likelihood of UTI
presence based on the observed features. This
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predictive capability enables early detection and
intervention, facilitating timely treatment and
improved patient outcomes. Ensemble classification
techniques, like Breiman's Random Forest (RF)
method, employ several classifiers as opposed to just
one. RF is a multi-tree classifier that uses randomly
generated data from real-world scenarios. An input
vector is provided to every tree in the forest, and a
result is generated for every tree. The class with the
greatest votes is selected as the outcome using the RF
algorithm. Using the best randomly chosen variable
on each node among all variables, it splits each node
into branches. Selected bootstrap samples and
randomly chosen n estimators are used in the RF
method to achieve node separation. Every decision
tree is complete and has not been trimmed. Random
Forest's ability to handle non-linear relationships and
feature interactions, along with its robustness to
overfitting, makes it a valuable tool in developing
accurate and reliable UTI detection systems. Through
leveraging Random Forest algorithms, researchers
and clinicians can enhance UTI diagnosis processes,
contributing to better patient care [24].

4.4 Artificial Neural Network (ANN)
The basic building block of the human brain is a
neuron. It is a complicated system that is capable of
thinking, remembering, and solving problems.
Artificial neural networks (ANNSs) are biological
neural network-inspired information processing
systems that exhibit biological neural network-like
performance traits. ANNs may mimic several key
aspects of the functioning of the human brain,
including learning from data, generalization, and
infinite variability. The artificial neuron, also known
as the process element, is the smallest unit that forms
the foundation of an ANN [24]. Information that
comes into the cell from other cells or external
surroundings is known as an input, and it is based on
examples that the network is meant to learn. Weights
show how a preceding layer was impacted by the
input set or another processed element. ANNs learn

to recognize complex relationships between these
features and UTI presence through interconnected
layers of neurons. Deep learning has received a great
deal of attention because of their potential for
wearable sensor-based human activity recognition.
Techniques for effectively managing and utilizing 1oT
data have been developed as a result of the data's
explosive rise in a variety of industries, including
sports and healthcare. For example, Ravi et al.
suggested a way to use DL to classify large volumes
of data obtained from 10T wearable gear, integrating
shallow features with attributes from inertial sensor
data for better categorization. Hammerla et al. used
deep, convolutional, and recurrent algorithms in deep
learning to track wearables connected to the Internet
of Things and record human daily activities. While
Kwon et al. suggested an unsupervised learning
method to identify user motions using data from
smartphones, Eskofier et al. employed DL to monitor
patients with Parkinson's disease [12]. The versatility
of ANNSs lies in their ability to adapt to non-linear
relationships and intricate data structures inherent in
UTI diagnostics. By leveraging ANNSs' robust
analytical capabilities, researchers and clinicians can
refine UTI detection methodologies, enhancing
diagnostic accuracy, and ultimately elevating the
standard of care for patients afflicted with UTIs.

5. Figures
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Figure 1 KNN Sample Distribution
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6. Results
Uropathogenic E. coli and P. mirabilis are pathogens
of the urinary tract, a common site of bacterial
infection in humans. Proteins that are required for, or
contribute to, the virulence of each pathogen have
been identified, and these discoveries have
contributed to our understanding of the mechanisms
of pathogenesis [2, 17]. Overall it is easy to see that
the nonlinear classifiers performed better. However,
one exception is the support vector machines
(polynomials). Out of all the classifiers random forest
was a better choice. Worth noting is that neural
networks only used 8-fold cross-validation, thus
yielding a small error in comparison [4]. The neural
network could also have been altered a lot and tuned
longer. it is seen that SVM, RF, and ANN classifiers
have generally very high classification accuracy. If
we evaluate the ANN classifier it has the highest
classification accuracy value, the positive value of the
obtained model for cystitis finds the probability of
really having cystitis. In addition, the probability of a
patient with nonspecific urethritis diagnosed as truly
non-specific urethritis was determined [24, 26].
When the patient has cystitis, the positive result of the
model (i.e. the ability to recognize the cystitis
disease) is highly accurate. The rate of recognizing
non-specific urethritis was much higher. RF
algorithm has shown better performance than DT on
UTI classification. In addition, the RF algorithm has
very high specificity and positive predictive value
along with the ANN algorithm [24].
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