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Purpose: The cumulative effect of measurable parameters on proximal ureteral stone clearance following extra-
corporeal shock wave lithotripsy (ESWL) was assessed via the application of an artificial neural network (ANN).

Methods and patients: From January 2015 to January 2020, 1182 patients with upper ureteral stone underwent 
ESWL in the supine position. The corresponding significance of each variable inputted in this network was de-
termined by means of Wilks’ generalized likelihood ratio test. If the connection weight of a given variable could 
be set to zero while maximizing the accuracy of the network classification, the variable was not considered as an 
important predictor of stone removal. 

Results: A total of 1174 cases (after excluding 8 cases) were randomly assigned into a training group (813 cases), 
testing group (270 cases), and keeping group (91 cases). We performed ANN analysis of the stone clearance rate in 
the training group, and it showed a predictive accuracy of 93.2% (482/517 cases). However, the predictive accura-
cy for the stone clearance rate in the training group was 75.3% (223 cases/296 cases). The order of importance of 
independent variables was stone length > course (d) > patient’s age > stone width > pH value.

Conclusion: The ANN possesses a huge prediction potential for the invalidation of ESWL.
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INTRODUCTION

Urolithiasis is one of the most common urological 
diseases. According to the European Association 

of Urology (EAU) guidelines for urolithiasis, extracor-
poreal shock wave lithotripsy (ESWL) remains the pri-
mary treatment for symptomatic upper ureteral stone(1). 
However, all stones do not respond to this treatment. 
The early ESWL suitable stones will guide doctors to 
choose another treatment to avoid unnecessary ESWL. 
For this purpose, it is necessary to establish or construct 
a prediction model that includes all variables that may 
affect the stone-free state.
Artificial neural network (ANN) is a computational 
method based on a large number of neurons, which 
loosely simulates the way in which biological brains 
solve the problem of large clusters of biological neurons 
connected by axons. Any neuron can have a summa-
tion function, which is capable of combining all of its 
input values. This system is self-learning and training, 
not explicitly programmed, and performs well in areas 
where traditional computer programs have difficulty in 
expressing solutions or feature detection. The network 
is able to recall the appropriate output for a particular 
set of inputs after training, which can infer the correct 
output of a pattern that has never been encountered be-
fore. The ANN, as a form of artificial intelligence tech-
nology, has been widely used in various fields. Tsao 
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et al.(2) used both neural networks and logistic regres-
sion algorithm to predict the clinical stage of prostate 
cancer indicated by prostate specific antigen levels and 
Gleason grade. In this study, we hypothesized that the 
ANN could be a more powerful tool than logistic re-
gression algorithm to predict potential capsular inva-
sion by cancer. The ANN is also a more powerful tool 
than regression analysis for predicting the survival of 
liver cancer patients(3). 
Therefore, in this study, we used an ANN to assess the 
cumulative effect of all measurable parameters that af-
fect the removal of stones in the proximal ureter follow-
ing ESWL.

MATERIALS AND METHODS
From January 2015 to January 2020, patients with up-
per ureteral stone who underwent ESWL in the supine 
position were included in this study. All procedures 
performed in the study were in accordance with the 
ethical standards of the Affiliated Jiangning Hospital of 
Nanjing Medical University and the 1964 Helsinki Dec-
laration and its later amendments or comparable ethical 
standards. This study was approved by the Ethics Com-
mittee of the Jiangning Hospital, Nanjing Medical Uni-
versity. The proximal ureter was defined as the segment 
extending from the pyeloureteral junction to the lower 
edge of the fourth lumbar spine. The stones were ini-
tially diagnosed by abdominal ultrasound and abdom-
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inal roentgenogram of the kidney, ureter, and bladder 
(KUB). If felt necessary, a simple computed tomogra-
phy (CT) scan was performed. The lithotripter adopt-
ed in this study was electromagnetic Dornier Compact 
Delta II UIMS (Dornier Medical Systems, Germany). 
In this work, the stones were fragmented under ultra-
sonic or fluoroscopic guidance. In each group, shock 
waves were delivered at 60-90 SW/min. The energy 
of this machine can be divided into 9 levels ((A, B, C, 
1-6), and we usually applied 3-5 levels. 
The stone free rate (SFR) was measured on a KUB 
film obtained 3 months after surgery. Treatment failure 
was defined as radiologically confirmed persistence of 
stones (> 4 mm) without rupture after the second ses-
sion of SWL. The minimum follow-up period was 3 
months.
SPSS 22 for Windows software was used to process the 
acquired data. SPSS software was used to establish a 
feed-forward and back-propagation error-adjusted neu-
ral network. An ANN was used to study the effect of 18 
factors on the stone-free state. These factors included 
sex, age, stone position (left/right), stone length, stone 
width, body mass index, Alpha receptor blocker or Cal-
cium channel blocker, urinary tract infection, hydrone-
phrosis, daily drinking, hypertension, diabetes, coro-
nary heart disease, PH, course of the disease, history 
of ipsilateral endoscopy, and ipsilateral stone discharge.
When a category existed, an input neuron was allocated 
to each category value of the category variable, with a 
value of 1, otherwise 0. The output layer comprised 1 
neuron, and the stone-free state was defined as the class 
value 1, and the nonstone-free state was defined as the 
class value 0. The value of network output was actually 
in the range of 0 and 1, and then it was converted to 
Class 0 (if the output was not more than the decision 

threshold) or class 1 (if the output was more than the 
decision threshold) based on the decision threshold. In 
a separate test set, using the cascade learning paradigm, 
the number of hidden nodes were selected to obtain the 
optimal performance.
In our study, patients were randomly allocated by the 
SPSS software; 69.25% of patients were classified into 
the total training group, 23.00% into the testing group, 
and 7.75% into the keeping group. The relative impor-
tance of each input variable in the network was deter-
mined by means of Wilks’ generalized likelihood ratio 
test. If the connection weight of a given variable could 
be set to 0 while retaining the accuracy of network clas-
sification, the variable was not considered to be a sig-
nificant predictor of stone removal. Mean ± standard 
deviation (M ± S.D.) was used to express the result of 
data. P < 0.05 was defined as statistically significant.

RESULTS
A total of 1174 cases (after excluding 8 cases) were 
allocated into the training group (813 cases), testing 
group (270 cases), and keeping group (91 cases). In 
813 cases (69.2%), the stones were excreted, and the re-
maining 361 cases (30.8%) needed other treatment due 
to an inadequate response to lithotripsy. There was no 
statistical difference in the background data among the 
three groups. Univariate analysis showed that daily wa-
ter intake, course of the disease (d), length, width, and 
age of patients were significantly correlated with stone 
excretion. The overall accuracy of the ANN analysis in 
predicting stone removal was 93.2% (482/517 cases) 
and 75.3% (223 cases out of 296 cases), respectively.
The predicted stone removal curve is shown in Figure 
1. The area under the receiver operating characteristic 

Figure 1. Probability prediction graph
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(ROC) curve of the applied ANN analysis model was 
0.935 (Figure 2). The relative weights of the 18 key 
variables were assigned by the ANN analysis for pre-
dicting proximal ureteral stone clearance (Figure 3), 

the importance of independent variables was as follows: 
the length of stone > course (d) > patient’s age > stone 
width > Ph value. The cumulative and gain plots pre-
dicted by ANNs for proximal ureteral stone clearance 

Figure 2. Receiver Operating Characteristic curve for stone-free status (area under the curve = 0.935)

Figure 3. Independent variable importance graph
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are shown in Figures 4 and 5.

DISCUSSION
Proximal ureteral stone is one of the most common 
stone diseases in modern society. Stones smaller than 
4-6 mm can initially be treated by monitoring. ESWL 
is generally the first choice for the treatment of an up-

per ureteral stone, especially for stones less than 1 cm. 
However, effective treatment management decisions 
depend on the nature of the stones, as well as patient 
factors. The patient's position also affects the stone 
clearance after ESWL(4). Although ESWL has been 
found to be effective for treating ureteral stones, some 
ureteral stones do not respond to this treatment. Wher-

Figure 5. The gain graph for stone expulsion

Figure 4. The cumulative gain graph for stone expulsion
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ever possible, allowing the stone to pass spontaneously 
is probably the most popular option. Accurate predic-
tion of the passage of a stone in an individual’s body 
will allow timely intervention in patients who need it. 
An accurate prediction can also prevent unnecessary 
surgery and potential complications in patients who do 
not require stone management or lithotripsy.
It is crucial to identify patients with failed ESWL and 
ensure earlier and better treatment options, which can 
be achieved by building predictive models. Among a 
wide range of expert systems (ES), an ANN may be 
suitable for the stone channel prediction of ESWL for 
upper ureteral stone. The ANN analysis is a complex 
nonlinear mathematical model, which is inspired by the 
closely connected parallel structure inside the human 
brain. The ANN analysis is capable of stimulating the 
human brain to process, analyze, and learn relationships 
between data without the need to provide any known 
associations or rules(5-9). ANNs can assist in building 
prediction models, classifing biomedical events, and 
making a decision. On the other hand, some applica-
tions of neural networks have been applied in many 
fields of urology(10-12).
Complicated interactions and relationships among in-
dividual predictive variables could be detected via an 
ANN. Although expert systems are based on accurate 
expert-defined rules, there is no need for neural net-
works to know the data in advance(13,14). They learned 
by exposure to data and expected responses so that after 
the learning and testing phases, the ANN can be applied 
to be a decision-making helper. Compared with the sta-
tistical method, the ANN has several advantages. Pre-
dictions of individuals, rather than assumptions about 
correlations among variables, and determination of re-
lationships among variables are important to the results. 
The ANN can accurately predict 2 classes with a higher 
average classification rate (sensitivity + specificity)/2, 
which can take into account the ability of the model to 
predict the two categories, regardless of the number of 
cases per category(15).
The ANN analysis can be used as an assistant for mak-
ing a clinical decision, and on that basis a trained ANN 
can usually provide better prediction than standard 
multiple regression analysis. In the current study, we 
analyzed the application of the ANN analysis to pre-
dict the proximal ureteral stone clearance rate following 
extracorporeal shock wave lithotripsy. The accuracy of 
the neural network in predicting stone removal reached 
an unprecedented 93.2% (482 out of 517 cases), and 
the overall accuracy was 75.3% (223 out of 296 cases). 
Through the gain diagram, we found that the predict-
ed success rate of stone removal will be increased by 
more than 2.5 times. The area under the ROC curve was 
0.935.
In this study, an ANN analysis was performed to spec-
ify the relative weights of the 18 key variables for the 
prediction of proximal ureteral stone clearance. The re-
sults of the constructed neural network indicated that 
the length, course, age, width, PH value, and body mass 
index were the most relative variables affecting the 
output decision. The correlation ranged from large to 
small: stone length, course of the disease, patient age, 
stone width, urine PH value, and body mass index. On 
further validation in a prospective group of patients, the 
ANN could help guide the selection of patients with 
ureteral stones treated with ESWL. However, the results 

of the current study are only preliminary explorations. 
Identification and inclusion of more critical variables 
in the input, such as rock brittleness, may improve the 
efficiency and usefulness of the neural network. How-
ever, further prospective studies are needed to assess 
the potential of ANN analysis for the prediction of the 
proximal ureteral stone clearance rate.

CONCLUSIONS
The accuracy of the neural network in predicting the 
removal of upper ureteral stone after ESWL is high. In 
the analysis of prognostic variables, the model of stone 
clearance was determined by ANN analysis. The length 
of stone was the strongest predictor of stone clearance, 
followed by the course of the disease, patient’s age, and 
stone width. Identification and inclusion of more crit-
ical variables in the input may improve the efficiency 
and usefulness of the neural network. However, it needs 
to be validated by other researchers, preferably by using 
a prospective randomized approach.
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