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Introduction The aim of this pilot study was to develop and validate a machine learning (ML)-based 
clinical nomogram to predict the success rate of extracorporeal shock wave lithotripsy (ESWL) for kidney 
stones, optimizing patient selection and treatment outcomes.
Material and methods A retrospective analysis of ESWL data in all nephrolithiasis patients was performed 
from January 2018 to September 2022. Age, gender, stone size, stone area, stone location inside  
the kidney, stone density, skin-to-stone distance (SSD), stent presence, hydronephrosis presence, com-
plications, and number of ESWL procedures were analysed. Inclusion criteria were a single kidney stone, 
stone size 5 mm to 20 mm, stone density less than average 1000 HU according to a native CT scan, and  
an adult patient. Statistical analysis was performed using the T test, mean, and standard deviation, and the 
calculations were processed using IBM SPSS Statistics for Macintosh, Version 25.0 with statistically signifi-
cant values indicated by p <0.05. Python programming language was used to test machine learning models 
based on the previous study data. The scikit-learn library was used as a source of different ML models.
Results 102 patients fulfilled inclusion and exclusion criteria. There were 70 male and 32 female patients. 
The mean age was 54.1 ±13.2 years, mean stone size 9.1 ±3.1 mm, stone area 47.3 ±30.8 mm2 and SSD 
8.4 ±1.8 cm. Patients were divided into two groups. The first group consisted of patients who achieved  
an SFR ≤3 mm after single ESWL procedure (group ESWL 1st, n = 42), the second group were patients who 
needed more than one ESWL procedure to achieve the SFR (group ESWL nth, n = 60). Statistically signifi-
cant predictors of single-treatment success were stone size (7.9 ±2.2 mm vs 10.0 ±3.4 mm, p <0.001), 
stone area (34.1 ±19.4 mm² vs 56.6 ±33.9 mm², p <0.001), and SSD (7.2 ±1.3 cm vs 9.3 ±1.7 cm,  
p <0.001). The Linear Discriminant Analysis model (LDA) achieved a mean predictive accuracy of ~70%. 
The final nomogram identified the highest probability of single-treatment ESWL success for SSD ≤8 cm 
and stone area ≤60 mm², in all locations except for stones in the lower kidney pole.
Conclusions Using machine learning we have introduced the nomogram predicting single treatment 
success rate of an ESWL procedure. The application of this ML-nomogram in clinical practice enables 
the nomogram to continuously improve and refine its outputs as new data become available.
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Introduction

Two interventions are currently most often used to 
treat uncomplicated nephrolithiasis: extracorporeal 

shock wave lithotripsy (ESWL) and retrograde in-
trarenal surgery (RIRS). ESWL uses high-energy 
shock waves to break stones into small fragments, 
which the patient spontaneously excretes through 
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the urinary tract. This procedure is still consid-
ered a standard stone disease treatment option for 
kidney stones up to 20 mm (diameter) with a good 
long-term stone-free rate (SFR) [1–3]. The method  
is generally well-tolerated without a requirement 
for a general anesthesia and with minimum proce-
dure-related complications. The indication criteria 
for each procedure can vary depending on the kid-
ney stone properties or patients’ attitude towards 
multiple procedures needed to achieve SFR. ESWL 
is less invasive than RIRS, but with novel laser tech-
niques RIRS becomes a preferable procedure. How-
ever, there are disadvantages of RIRS over ESWL: 
higher incidence of treatment complications, and 
the procedure is more costly, sometimes requiring 
a longer hospital stay. Choosing the optimal in-
tervention for patients with uncomplicated neph-
rolithiasis is not straightforward, and therefore  
an adequate treatment method must be selected [4].
To improve the ESWL indication, a better quantita-
tive approach is necessary. Machine learning (ML) 
is a term describing artificial intelligence (AI) al-
gorithms that improve performance when exposed 
to new data. The development of ML-based nomo-
gram is therefore of great importance to improve 
the ESWL success rate.
The primary aim of this study was to use ML algo-
rithms to predict the single treatment success rate 
of an ESWL in patients with kidney stones. The 
secondary aim of the study was to determine stone 
parameters predicting the success rate of an ESWL 
procedure.

MATERIAL AND METHODS

A retrospective analysis of ESWL data in all nephro-
lithiasis patients was performed from January 2018 
to September 2022. Age, gender, stone size, stone 
area, stone location inside the kidney, stone density, 
skin-to-stone distance (SSD), stent presence, hy-
dronephrosis presence, complications, and number 
of ESWL procedures were analyzed. Inclusion cri-
teria were a single kidney stone, stone size 5 mm 
to 20 mm, stone density less than average 1000 HU 
according to a native CT scan, and an adult patient. 
Patients with contraindications for an ESWL proce-
dure and previous stone intervention were excluded 
from the study (Figure 1). The ESWL procedure 
was performed under local anesthesia in all pa-
tients using the same piezoelectric extracorporeal 
lithotripter Sonolith® i-sys, which includes an  in-
tegrated lithotripsy table and C-arm fluoroscopy 
with standard ramping energy modulation protocol 
used in all patients (low energy settings for the first 
100  shocks to improve tolerability and minimize 

soft tissue injury, followed by  a  gradual increase 
to therapeutic levels).
Stone targeting was conducted by the same urolo-
gist using both radiography and ultrasonography. 
The energy of a single shock wave ranged from 0.15 
to 1.2 mJ/mm², with 2000 to 4000 shock waves ad-
ministered per procedure.

Extracorporeal shock wave lithotripsy success rate 
analysis

To analyze a success rate of ESWL a SFR with stone 
fragments 3 mm or less on non-contrast CT imag-
ing performed on all patients 2 weeks after the pro-
cedure was defined as a success. Patients were ret-
rospectively divided into 2 groups. The first group 
consisted of patients who achieved given SFR after 
one ESWL procedure (group ESWL 1st). The second 
group consisted of patients who needed more than 
one ESWL procedure to achieve the SFR (group 
ESWL nth). Stone and patient parameters were 
compared in the groups.
Statistical analysis was performed using the T test, 
mean, and standard deviation, and the calculations 
were processed using IBM SPSS Statistics for Ma-
cintosh, Version 25.0 with statistically significant 
values indicated by p <0.05. 

Machine learning model testing and creation 
of a nomogram

The next part of the study was ML testing with the 
aim of predicting the probability for an ESWL pro-
cedure success. Python programming language was 
used to test the machine learning models based on 
previous study data. The scikit-learn library was 
used as a source of different ML models. The mod-
els tested were as follows: Linear Discriminant 
Analysis (LDA), K Neighbors Classifier (KNN), 
Decision Tree Classifier (CART), Gaussian Naïve 

Figure 1. Enrolment diagram.
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Bayes (NB), and Random Forest Classifier (RFC). 
Accuracy, precision, and recall for each of the ML 
models were evaluated.
To tackle the measurement imprecision and lim-
ited sample size (n = 102), we applied a para-
metric-bootstrap noise-injection strategy. Stone 
size (σ  =  0.5  mm) and skin-to-stone distance 
(σ = 0.5 cm) were each assumed to follow normal er-
ror distributions; patient we generated 100 Monte-
Carlo resamples of these 2 variables while keeping 
all other features and the outcome label unchanged. 
Patients were then randomly split into a model-
ling pool (68  patients, 2/3 of both study groups) 
and an independent hold-out test set (34 patients, 
remaining 1/3). The modelling pool was expanded 
by the above-described bootstrap to 6800 observa-
tions and randomly divided 80%/20% for training 
and validation. The final model from this phase was 
applied to the untouched originals in the test set, 
ensuring the algorithm never encountered the ex-
act values used for evaluation. Steps of (1) patient 
splitting, (2) bootstrapping, (3) model training/vali-
dation and (4) testing were repeated 100 times with 
all reported metrics representing the mean across 
these runs.

Bioethical standards

The study was approved by Ethics Committee of Co-
menius University, Martin, Slovakia (No. approval: 
EK UNM 47/2020).

RESULTS

A total of 102 patients fulfilled the inclusion and ex-
clusion criteria. There were 70 male and 32 female 
patients. The mean age was 54.1 ±13.2 years, mean 
stone size 9.1±3.1 mm, stone area 47.3±30.8 mm2, 
and SSD 8.4 ±1.8 cm.

Extracorporeal shock wave lithotripsy success rate 
analysis

Patients were divided into 2 groups: the single 
treatment success (group ESWL 1st, n = 42) and the 

failure of the single treatment (group ESWL nth, 
n  =  60) (Figure 1). Average SFR in group ESWL 
1st was 2 mm. The statistically significant measure-
ments between the given groups (1 vs 2) were mean 
stone size, stone area, and SSD (Table 1), with 
p <0.001, respectively. There was no statistical sig-
nificance between the groups in terms of age, sex, 
stone density, hydronephrosis presence and compli-
cations rate. A pre-stenting was performed in 51 pa-
tients (50%) with no statistically significant differ-
ence between the groups. Two patients developed 
renal hematoma, which was treated conservatively 
as a complication of the procedure.

Machine learning model testing and creation  
of a nomogram

For ML purposes the models from scikit-learn li-
brary were tested on all given parameters. The 
stone location inside the kidney, SSD, and the area 
of each stone appeared to be of greatest importance 
and were used in the final nomogram. 
Using python and machine learning models from 
the scikit-learn library, training of multiple models 
was performed to predict spread into group ESWL 

Table 1. Statistically significant measurements between  
the groups with p <0.001

Parameter ESWL 1st

(n = 42)
ESWL nth

(n = 60)

Stone size (mm) 7.9 ±2.2 10.0 ±3.4

Stone area (mm²) 34.1 ±19.4 56.6 ±33.9

SSD (cm) 7.2 ±1.3 9.3 ±1.7

SSD – skin-to-stone distance

Figure 2. Visualization of single learning and verification cycle.

Figure 3. Accuracy, precision, and recall scores for the tested 
ML models.
CART – Decision Tree Classifier; KNN – K Neighbors Classifier; LDA – Linear 
Discriminant Analysis; NB – Gaussian Naïve Bayes; RFC – Random Forest 
Classifier
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1st or ESWL nth. Several models suffered from over-
training. The LDA model achieved the best aver-
age results by repeating the split test as described 
in  the Methods section (approximately 70% mean 
accuracy). This process is schematically shown 
in Figure 2, and scores are shown in Figure 3.
After successful testing, a nomogram was created. 
Using the new ML nomogram, we estimated the 
probability of ESWL success (Figure 4). The nomo-
gram can predict ESWL success in the single treat-
ment based on SSD, area, and stone location. The 
best probability of a single treatment success was 
found with SSD ≤8 cm and stone area ≤ 60 mm2 
in all locations with the exception of a lower kidney 
pole (Figure 4).

DISCUSSION

Kidney stones can be considered a problematic uro-
logical disease, because data show an increasing in-
cidence rate [3, 5]. ESWL is a standard procedure 
still popular because of wide availability and good 
results. However, indications vary based on each 
department preference, and several recent studies 
favor RIRS [6].
It was demonstrated that patients after RIRS 
achieved better health-related quality of life 
(HRQOL) score results compared to ESWL pa-
tients  [7]. These patients preferred RIRS because 
it was faster and less involving in comparison with 
ESWL procedures. This has led us to work on im-
provement of ESWL indication with the aim of only 
a single procedure needed to achieve SFR.
Stone area and SSD play a significant role in achiev-
ing ESWL success, according to our study findings. 
The role of SSD and stone burden was well con-
firmed by other authors [8]. However, stone area 
is not routinely used to analyze ESWL success, and 

based on our study this parameter is crucial. Re-
cent studies also mention stone volume as a novel 
parameter properly assessing stone burden which 
superiority remains to be proven [9]. In our study, 
stone area was used due to the retrospective nature 
of the dataset and the limited availability of volu-
metric data across all patients.
A recent study by Kayar et al. [10] developed a no-
mogram for predicting stone-free outcomes after 
RIRS. The model stratified patients into 4 distinct 
risk categories based on clinical and anatomical 
factors. Notably, ROC analysis identified stone vol-
ume as a stronger predictor of treatment success 
compared to stone size. These findings support the 
growing role of individualized predictive tools in 
endourology and provide valuable context for inter-
preting our ESWL-specific model.
Stone density – despite being traditionally regarded 
as a key predictor of ESWL success – did not emerge 
as a significant variable in our nomogram. Several 
factors may account for this finding. First, stones in 
our cohort had an average density below 1000 HU, 
which may have limited variability and thus re-
duced the strength of association. Second, as this 
was a retrospective study, HU measurements were 
not standardized across all scans, and differences in 
CT protocols, slice thickness, or reconstruction pa-
rameters may have introduced measurement noise 
and attenuated true correlations. Third, stone den-
sity may be partially collinear with other predictive 
variables, thereby diluting its independent contri-
bution in the multivariate model.
For ESWL procedures performed in our study 
the  patients achieved only analgesic medication, 
no general anesthesia was used. All patients un-
derwent the ESWL procedure using the same litho-
tripter with stone focusing done by both radiogra-
phy and ultrasonography by the same urologist.
Interestingly, stent presence did not make any 
difference between the 2 groups compared in our 
study. Following the usual routine at our depart-
ment, the pre-stenting rate was high. There are 
studies reporting that stent presence affects ESWL 
success – pre-stenting before ESWL does not benefit 
stone-free rate and can induce lower urinary tract 
symptoms [11]. We believe that with our ML nomo-
gram we can reduce the pre-stenting rate in stone 
patients with high ML probability of 1st ESWL pro-
cedure success.
Machine learning as a problem-solving tool is still 
a  novelty for many clinicians. ML was seldom 
used to improve ESWL success rate up to this 
date. In  one study [12] the authors demonstrated 
that a machine learning algorithm trained on just 
11 patients increased the hit rate of shockwaves. 

Figure 4. Best probability of a single ESWL treatment success.
SSD – skin-to-stone distance
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This study has several limitations that should be ac-
knowledged. First, the relatively small sample size 
of 102 patients limits the generalizability of the find-
ings. However, this limitation was greatly reduced 
by the modified dataset. Although sufficient for  
a pilot study, a larger cohort would be necessary  
to further validate the model and improve its pre-
dictive accuracy. Second, the retrospective nature  
of the study may introduce biases related to data col-
lection and patient selection. Additionally, because 
the study was conducted at a single institution, the 
findings may not be fully generalizable to other cen-
ters with different patient populations, equipment, 
or treatment protocols. Furthermore, although mul-
tiple clinical and radiological variables were ana-
lyzed, additional factors such as stone composition 
and patient-reported outcomes could further refine 
the model’s predictive performance. The study also 
utilized a single piezoelectric lithotripter, so the re-
sults may not be directly applicable to other types  
of ESWL devices, such as electromagnetic or electro-
hydraulic lithotripters. Despite these limitations, this 
study highlights the potential of machine learning  
in optimizing ESWL outcomes and provides a foun-
dation for future research with larger, prospectively 
collected datasets and external validation cohorts.

CONCLUSIONS

Using machine learning we have introduced a no-
mogram to predict the single treatment success 
rate of an ESWL procedure. The best probability  
for ESWL success was found with SSD ≤8 cm 
and stone area ≤60 mm2 in all locations with the 
exception of a lower kidney pole. The application  
of machine learning in clinical practice enables  
the nomogram to continuously improve and refine 
its outputs as new data become available.
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There was a study developing an AI model focused 
on ESWL single treatment of ureteral stones [13]. 
However, no studies focused on single treatment 
success of kidney stones, which was the aim of our 
study.
During our ML process, overtraining of models was 
challenging. We tested several models to achieve 
the best possible results. This is a standard routine 
in the ML process, with different models achieving 
different variability. In our study, the LDA model 
has shown to have the best parameters, and the fi-
nal nomogram was based on this model.
However, ML is usually used on higher numbers 
of data, and this could have affected our results. 
To tackle the measurement imprecision and lim-
ited sample size, we applied a parametric-bootstrap 
noise-injection strategy, as described in the Mate-
rial and methods section. This protocol injects re-
alistic measurement noise and averages over 100 
independent experiments, jointly minimizing over-
fitting risk while extracting maximal information 
from a modest cohort. A conventional k fold scheme 
would interleave each patient’s 100 noised replicas 
across all folds, so each “validation” fold is inevita-
bly contaminated by versions of the same subjects 
that appear in training, inflating accuracy and leav-
ing no truly independent check. In our 100 repeat 
pipeline the leakage inside the internal 80:20 split 
is harmless because each run is ultimately judged 
on a separate one third hold out of untouched orig-
inals, but k fold cross validation would omit that 
safeguard and therefore exaggerate performance 
while offering a noisier estimate drawn from a small 
number of original patients.
To observe the stability of our results, the whole 
process was repeated 100 times with a random se-
lection of the model and test. This approach is still 
not ideal and can introduce biases into the resulting 
models. This can be overcome only by using a larger 
input data sample, but there is no universally ap-
plicable mathematical formula for determining the 
minimum sample size. While methods for evaluat-
ing sample size exist [14], the answer is always only 
available after testing. General rule of thumb, how-
ever, points at 10–1000× for each of the observed 
variables.
The strengths of our study include the complexity of 
analysis based on several stone and patient param-
eters, with all patients having only a single kidney 
stone and a complex ML application on these data.
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