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ABSTRACT

Aim: Vesicoureteral reflux (VUR) and urinary tract infection (UTI) are common problems in children. Our goal is to use different models for the
clinical decision of differential diagnosis of VUR and UTlI in children.

Materials and Methods: This was a retrospective cross-sectional study with 611 pediatric patients enrolled. Detailed information for the patients
was obtained from hospital records and patient files. Three models including different variables were evaluated via an artificial neural network
for the differential diagnosis of VUR and recurrent UTI. Clinical findings were included in Model 1, clinical and laboratory findings were included
in Model 2, and clinical, laboratory and detailed urinary ultrasonography (USG) findings were included in Model 3. A cross-validation technique
was used to evaluate predictive models by partitioning the original sample into a training set to train the model, and a test set to evaluate it.

Results: Of the 611 children, 425 (69.6%) had VUR and 186 (30.4%) had UTI. The sensitivity of Model 1 and Model 2 were 0.682 and 0.856,
respectively. Also, Model 3 showed the best performance and highest sensitivity with 0.939 for differential diagnosis.

Conclusion: Differential diagnosis between VUR and UTI in children can be predicted by using clinical, laboratory and USG variables via an
Artificial Neural Network. Model 3, which included clinical, laboratory and USG variables together, showed the best performance and highest
sensitivity.
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pyelonephritis and renal scarring than those without VUR
(Odds Ratio: 2.8 and 3.8, respectively) (4). The prevalence
of VUR in children with end-stage renal failure is 3-25%
(5). Some authors have suggested that renal scarring is not

Introduction

Vesicoureteral reflux (VUR) should be considered in
children who have urinary tract anomalies diagnosed by

fetal ultrasonography (USG) and who have recurrent urinary

tract infection (UTI). For child patients presenting with caused by VUR alone, but by concomitant congenital renal

primary or recurrent UTI, 25-40% are found to have VUR. hypoplasia or dysplasia (6).

However, the actual cause-and-effect relationship between
VUR and UTl is controversial (1-3). In a meta-analytic study,
it was reported that children with VUR had a higher risk of

Around one-third of children who were diagnosed with a
UTI have VUR. Imaging tests are used for diagnosis in cases
where VUR is suspected. Voiding cystourethrogram (VCUG),
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the gold standard radiographic test used to diagnose VUR,
is a widely accepted test (7). Screening of VCUG for VUR
in siblings and neonates with prenatal hydronephrosis is
recommended (7,8).

However, renal/bladder ultrasound (RBUS), which is
a noninvasive procedure, is commonly used as an initial
screening test to determine VUR. The diagnostic accuracy
of RBUS is controversial. Several studies report that the
RBUS has low sensitivity and specificity for detecting
VUR in children with UTI, and sometimes it may be not
possible to detect high-grade VUR. In one study, RBUS
sensitivity for high-grade (i.e., Grades IV-V) VUR was found
to be 86%, while in another study, RBUS sensitivity and
specificity was found to be 40% and 76%, respectively. At
the same time, the diagnostic value of ultrasound with
clinical and laboratory findings is not discussed in the
mentioned studies above (9-12). Children with low-grade
reflux should be followed under observation. Prophylactic
antibiotic therapy should be suggested for patients with
bladder and bowel dysfunction and for patients who are
not toilet trained. Surgical correction is performed in those
patients with persistent grade IV or grade V after they have
reached two or three years of age. Conversely, the treatment
method in patients with low-grade VUR and renal scarring
is controversial.

The presence of renal scarring changes the management
of VUR. Early detection of VUR should be performed to
prevent the development of renal scarring, and prognosis
of the patient should be closely monitored. In addition,
the accuracy of early detection and prognostic monitoring
methods should be known. In recent studies, some different
analytical methods, such as artificial neural network (ANN),
have been used to determine the accuracy of diagnostic
tests and differential diagnosis with classical approaches.
Classical approaches lead to misinterpretations when
complex data structures are encountered. Therefore,
analytic methods such as ANN, in which multiple data are
evaluated together, are important for management (13-15).

In the neural network model, the activation function
is defined as the following linear function f(x)= x, where x
represents a parameter of the activation function. b is called
the bias term and it is associated with each inter connection
to introduce a supplementary degree of freedom. The
weighted sum S to the i, neuron in the k, layer (k 22) is

Sk.l = 2 [(WK—lxK—1+f)+bK—1]

Nk=l

1

where w is the weight parameter between each neu-
ron-neuron inter connection (8).

Multiple data structures should be evaluated together
in children with VUR for an early differential diagnosis
and for the prediction of prognosis (16). In the literature,
classical statistical methods such as multivariate regression
analysis are frequently used in the prediction of differential
diagnosis and prognosis of VUR (17). In these analytic
methods where there are multiple linear connections, the
co-evaluation of multiple variables has some drawbacks.
Strong predictions by ANNs can be made in situations
where data structures need to be evaluated together (18).
The structure of these networks supports capturing very
complex relationships between predictor variables and
dependent variables. This study has features that require
analysis with ANN. The high number of variables and
the possibility of multiple correlations form the basis of
different statistical approaches.

In this study, three different ANN models were created
in which different clinical, laboratory and imaging variables
were included. Thus, the contribution of different findings
in these models to the differential diagnosis was evaluated.

Materials and Methods

This study was approved by the Ethics Committee of
the Faculty of Medicine of Ege University (The protocol
number: 13-6.1/56 ). Patients gave their informed consent
for inclusion in the study.

In this retrospective cross-sectional study, 611 pediatric
patients who had been admitted to Ege University Faculty
of Medicine Pediatric Nephrology Outpatient Clinic and
Tepecik Training and Research Hospital were included.
Informative data about the patients were obtained from
hospital records and patient files. The conversion of records
into data was carried out by pediatric nephrologists in the
study team and a database was created. Four basic variables
of the patients (gender, age group, history of UTI, and
urine culture positive UTI) were examined descriptively. 39
characteristics including these four variables were evaluated
by ANN algorithms (Figure 1).

In our study, 39 features (physical findings, laboratory
and imaging findings) were presented (Table I). VUR or UT],
which is classified by pediatric nephrologists, constitutes
the outcome variable to be estimated. History of UTI
and culture positive UTI used to estimate the outcome
variable are two independent variables. Since recurrent
UTI which occurs commonly in children with VUR is an
important variable, history of UTI was included in the
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model. Three different models were created by an ANN
method for the differential diagnosis of VUR/UTI. ANN
analyses of 14 clinical and 16 laboratory variables without
any ultrasonographic variables were included in Model 1. In
Model 2, 14 clinical, 16 laboratory and 2 ultrasonographic
variables (hydronephrosis and dilatation) were included
in the ANN analysis. In Model 3, 14 clinical, 16 laboratory,
and 10 ultrasonographic variables (9 hydronephrosis and 1
dilatation) were included in the ANN analysis.

All variables were used in the analysis as shown in
Table I. Variability of the differences of AP (anteroposterior
diameter) was used by re-coding in Model 3 (19).

Eleven children had bilateral VUR. The anteroposterior
(AP) renal pelvis diameter of the right and left kidneys were

Axon from a neuron ZW.H +b [(Z wix; +b)
Input layer Hidden layer Output layer
P -
Xz
x5 Output axon (VUR/UTI)
X39

Figure 1. Perceptron network structure with 39-input and 2-output
multilayer forward feed
VUR: Vesicoureteral reflux, UTI: Urinary tract infection

not included separately in the model as kidney diameters
were determined in only 3 children. Values of AP right and
left renal diameter difference are defined categorically
according to the values of either <5 mm or =5 mm in
analytic methods.

As a result, an axon leading from an ANN, reaching the
synapse dendrite (studied with 39 variables) was studied
by the linear modeling system and the variable output was
predicted as VUR/UTI.

Statistical Analysis

Statistical analyses were performed using Waikato
Environment for Knowledge Analysis (WEKA 3.8).

K-fold cross-validation technique was used to evaluate
predictive models by partitioning the original sample into
a training set to train the model, and a test set to evaluate
it. In 10-fold cross-validation, the original sample was
randomly partitioned into 10 equal-sized subsamples. Of
the 10 subsamples, a single subsample was retained as the
validation data for testing the model, and the remaining 9
subsamples were used as training data. The cross-validation
process was then repeated 10 times, with each of the 10
subsamples used exactly once as the validation data. The 10
results were then averaged to produce a single estimation.

The significance of the area under the curve (AUC)

Table I. The variables used in the artificial neural network analysis

Clinical variables Laboratory variables USG variables

Diagnosis(V/1)Modet1.23 u-culture, Modet123 USG-R-grade _ ;. 012"

Gender(cat: otesFematel Model 1,2,3 ud—densitym Model 1,2,3 USG-L-grade ordinat mvz)Model 3

Age,, "% ud-nitrite .\, """ USG-AP diameter differences . "
Fever .y " ud-Lesterase ., "°* "> USG-R-Hydronephrosis .., "****
Emesis_m Model 12,3 ud-erythrocyte .\, """’ USG-L-Hydronephrosis .., " *?
Incontinence(cahWN)M""e“‘z'3 ud—protein(camm)M°de“'2'3 USG-R-L Hydronephrosis (CEWN)M""E‘Z'3
Collywobbles . "M% us-erythrocyte . Mo*"*? USG-Bladder wall thickening ., """
Urgency . "> us-leukocyte .\, MO0 1% USG-Bladder diverticulum . M
Frequent urination "%’ ud-leukocyte .\, "% USG-Ureter dilatation .., """’
Dysuria((at:wN) Model 1,2,3 us_bacteria (cat YN Model 1,2,3

Restless """ us-leukocyte cylinder, "odt??3

Anorexia Model1,2,3 b-leukocyte (C)MO“‘ 123

(cat:y/N)

UTlon story(catzwmM"“e“'z'3

b-thrombocyte Model 1,23

Model 1,2,3

Prolonged neonatal Jaundlce(camw)

b_ urea Model 1,2,3
(<)

b-creatininem Model 1,23

b-uric acid(c) Model 1,23

All categorical variables are defined as binary (cat: Y/N: Yes/No and Gender: cat: Male/Female), c: Continuous variable, cat: Categorical variable, UTI: Urinary tract
infection, ud: Urine dipstick, us: Urine sediment, USG: Ultrasonography, b: Blood, R: Right, L: Left, AP: Anterior-Posterior, u-le: Urine-leukocyte esterase

232



Keskinoglu and Ozgiir.
Dignosis of VUR Using ANN Algorithm

statistics was assessed by receiver operating characteristic
(ROC) analysis. The statistics (sensitivity, specificity and
precision value) obtained from the ROC analysis were also
evaluated.

Results

Of the 611 children, 425 (69.6%) had VUR and 186
(30.4%) had UTI. Some descriptive characteristics of the
children with VUR and UTI are presented in Table II.

41.2% (175) of the children with VUR were boys and 58.8%
(250) were girls. 41.9% (78) of the children with UTI were
boys and 58.1% (108) were girls. 55.1% of those children with
VUR and 58.1% of those children with recurrent UTI were in
the age group of 0-24 months. During medical examination,
76.5% of children with VUR and 78.9% with UTI presented
their urinary cultures. The respective numbers of children
with urinary culture were similar for both VUR and recurrent
UTI. Since VUR data was related with UTI variable, it is hard

Table Il. Characteristics of children with vesicoureteral reflux
and urinary tract infection

VUR uTl
Variables

n (425) | % n (186) | %
Gender
Boy 175 41.2 78 41.9
Girl 250 58.8 | 108 58.1
Age groups
0-24 months 234 55.1 108 58.1
25-60 months 83 19.5 34 18.3
61 months and over 108 25.4 44 23.7

Presence of urinary culture in previous UTI

Present 315 76.5 146 78.9

Not present 97 235 39 211

UTI based on notification

Not present 101 23.8 31 16.7
1-4 259 60.9 | 118 63.4
5 and over 65 15.3 37 19.9

VUR: Vesicoureteral reflux, UTI: Urinary tract infection

Table IIl. Results of model 1, 2 and 3

Model Sensitivity | Specificity | Precision | AUC
Model 3 0.939 0.418 0.779 0.809
Model 2 0.856 0.425 0.744 0.747
Model 1 0.682 0.216 0.527 0.601

AUC: Area under the curve

to differentiate the diagnosis of VUR and UTI. The results of
ANN for VUR and UTI are shown in Table III.

By the cross-validation method, the sensitivity to
differentiate VUR in Model 3 was found to be 0.939 whereas
the specificity was 0.418. Also, AUC was found to be
a significantly high value at 0.809. Model 2 included 2
ultrasonographic variables (hydronephrosis and dilatation).
The sensitivity of model 2 was found to be 0.856 and AUC
was found to be 0.747. In Model 1, in which there was
no ultrasonographic variable included, the sensitivity was
found to be 0.682 and AUC was found to be 0.601. The ROC
which was obtained from ANN analysis is presented Figure

ROC Curve
1.0
I == Model 3
== Model 2
0.8
= Model 1
2 06
=
a3
"
c
a 04
0.2
0.0
0.0 0.2 0.4 0.6 0.8 1.0
1 - Specificity

Figure 2. Comparisons of the model 1, model 2, model 3
ROC: Receiver operating characteristic

2. When the AUC's were evaluated for ANN, it was found
that the RBUS variable is very important in differentiating
VUR and UTI.

Discussion

In this study, the performances of 3 different models
were evaluated via ANN analysis for the differential
diagnosis of VUR and recurrent UTI, which is an important
urinary problem in children. Different sensitivity, specificity
and predictive values were obtained by using different
models that incorporate different findings. When detailed
RBUS findings are added to the models, the sensitivity
value increased from 0.682 to 0.939, while specificities were
similar. However, the predictive value of Model 3 was higher
than the other models because the differential diagnosis
of VUR was the main objective. In the model that includes
most variables, clinical, laboratory and detailed urinal tract
findings (10 clinical variables, 14 laboratory variables, and
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10 ultrasonographic variables) were used together and the
predictive value and sensitivity were determined to be 0.779
and 0.939, respectively. In the literature, lower sensitivity
and lower specificity estimates of RBUS in the detection
of VUR have been reported. However, the findings of RBUS
have not been detailed in these studies.

In one study, the sensitivity of colored doppler RBUS in
the evaluation of ureteral jet opening in children with VUR
was determined to be 85% for grade Ill-1V and 94% for grade
IV-V (20).

The sensitivity of RBUS was found to be 0.939 in our
study. We think that the diagnostic sensitivity of VUR will
increase when RBUS with a discriminative capability such
as color doppler RBUS is used together with conventional
RBUS.

Some studies reported that ANN and other data mining
methods supported medical decisions regarding VUR and
some nephrological problems (21-27).

In one study, data was evaluated with ANN, and the
results were compared with logistic regression analysis
results for the surgical treatment decision of VUR (24).
Better performance has been achieved with ANN.

Study Limitations

In our study, the performance of ANN was tested
and found to be distinctive in a more chaotic decision,
such as the differential diagnosis between VUR and UTI.
We found that the model with the highest distinguishing
characteristics was the model including the detailed RBUS
variables.

The algorithms were trained on the training set via a
multilayer perceptron before the estimates were made on
the test set (28). The iterations were continued until the
error values between the input and output parts of the
algorithm were minimized. Algorithms which were obtained
via k-fold cross validation were applied on the validation set.

It is important to select the ANN function according to
the suitability of the data structure. A linear ANN algorithm
was used in our study. Since this approach involves the
training stages of the algorithms, more successful estimates
can be obtained than with classical linear approaches (29).
When the outputs of our study are evaluated together
with the literature, detailed clinical findings and detailed
ultrasonographic evaluation were observed to be important
for the differential diagnosis between VUR and UTI. For
this reason, the importance of RBUS, which is frequently
performed in renal disease, can be seen and so negating
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the need for invasive methods. Results with high sensitivity
were obtained by evaluating multiple data using different
analysis techniques such as ANN. Some studies also have
reported that better estimates were obtained by the ANN
method.

Conclusions

VUR is a urinary system anomaly that causes adverse
outcomes in children such as renal scarring when late
diagnosis or uncontrolled prognosis occurs. Early diagnosis
and differential diagnosis from UTl are important. ANNs can
build computer models that are useful for medical decision-
making. When the data from detailed clinical findings and
noninvasive imaging techniques such as USG are evaluated
together via ANN analysis, better estimates and higher
sensitivity can be obtained for the differential diagnosis of
VUR and UTI.
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