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Introduction Urinary stone composition analysis is essential for guiding treatment and preventive strat-
egies, but conventional methods such as Fourier-transform infrared spectroscopy (FTIR) are costly and 
limited in availability. Artificial intelligence (AI), particularly convolutional neural networks (CNNs), offers 
potential as a non-invasive alternative using computed tomography (CT) imaging. The aim of the study  
is to evaluate the performance of a CNN model in predicting urinary stone composition from non-con-
trast CT (NCCT) images. 
Material and methods A retrospective analysis was conducted using an institutional database of pa-
tients with urinary stones surgically removed between 2020 and 2024. Stone composition was con-
firmed via FTIR. A total of 1,487 NCCT scan images were used for CNN development and internal valida-
tion, with 105 scan images reserved for external validation. Transfer learning with VGG16 architecture 
was applied, incorporating data augmentation and fine-tuning strategies. Performance metrics included 
accuracy, area under the ROC curve (AUC), and Cohen’s κ coefficient. 
Results The dataset comprised calcium oxalate monohydrate (74.9%), calcium oxalate dihydrate 
(17.6%), uric acid (2.7%), struvite (2.3%), and other compositions (2.5%). The CNN achieved an internal 
accuracy of 89.8% (AUC 0.92). In independent temporal validation the cohort accuracy was 85.4%, with 
an AUC of 0.81 and a Cohen’s κ of 0.864. Misclassifications occurred mainly between calcium oxalate 
subtypes due to overlapping radiological features. 
Conclusions CNN-based analysis of NCCT images provides accurate, non-invasive prediction of urinary 
stone composition, with performance comparable to conventional methods. This approach may  
improve preoperative planning and broaden diagnostic access, particularly in settings where FTIR  
is unavailable. Prospective multicenter studies are warranted to validate clinical implementation.
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Introduction

Urinary stone disease is a common condition, with 
an estimated prevalence ranging from 5% to 14%, 
and a high recurrence rate [1]. Additionally, uroli-
thiasis is associated with a high economic burden 
due to diagnostic and therapeutic costs, as well as 
indirect costs such as work absenteeism. Current 

clinical guidelines recommend the chemical analy-
sis of urinary stones to assess the risk of recurrence, 
determine the likelihood of treatment success,  
and guide preventive strategies [2].
Calcium is present in around 75% of cases, being 
the most frequent component of urinary stones. 
About 60% are composed of calcium oxalate, while 
mixed compositions of calcium and hydroxyapatite  
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account for 20%, uric acid for 10%, struvite for 
around 10%, brushite for 2%, and cystine for 1% [3].
One of the validated techniques for analyzing stone 
composition is infrared spectroscopy, which utilizes 
infrared light absorption bands generated by the en-
ergy released from directional atomic vibrations [4]. 
Although this technique demonstrates high sensi-
tivity and specificity for determining urinary stone 
composition, its high cost and limited availability  
in most laboratories pose significant limitations [5].
On the other hand, artificial intelligence (AI)  
is rapidly evolving, and its implementation in medi-
cine has led to significant improvements in clinical 
practice, particularly in urology and in the study  
of urinary stone disease [6]. AI is defined as the pro-
cess of optimizing an algorithm's reward function. 
Computational systems “learn” to identify patterns 
through various subdomains specifically designed 
to address the need for recognizing and process-
ing complex inputs. These patterns are typically 
represented by artificial neural networks (ANNs).  
A standard ANN consists of a series of intercon-
nected neurons (processors), where input neurons 
are activated by environmental sensors, and sub-
sequent neurons are activated through weighted 
connections from already activated neurons. This 
process ultimately determines the behavior of the 
neural network. The “learning” process aims to de-
velop a neural network capable of performing a de-
sired task, such as remotely controlling a device [7].
The convolutional neural network (CNN), an ad-
vanced variant of the artificial neural network,  
is specifically designed to recognize spatial patterns 
and features in images by implementing convolu-
tional layers, pooling, and fully connected layers. 
This approach reduces model complexity, optimizes 
memory and computational power usage, and pro-
vides data that were previously inaccessible. For in-
stance, image distortions in computed tomography 
(CT) scans can hinder accurate assessment. CNNs 
address this issue by focusing on specific regions  
of the image, isolating them from surrounding struc-
tures, removing unwanted noise, and extracting in-
formation that was not previously available [8].
The objective of our study is to determine the chem-
ical composition of urinary stones by analyzing 
non-contrast computed tomography images using  
a trained convolutional neural network.

MATERIAL AND METHODS

Study design and dataset

This was a retrospective analysis of an institu-
tional database of patients who underwent urinary 

stone analysis using FTIR between the years 2020 
and 2024. Stone samples included both outpatient 
submissions and intraoperatively retrieved frag-
ments obtained during endourological procedures. 
Patients with more than one surgical intervention 
were included provided that a new stone sample 
and a new imaging study were available for each 
procedure.
From this cohort, we included in the present study 
only those patients who had a NCCT performed 
at our institution within the time window ranging 
from 3 months before to 48 hours after the FTIR 
analysis. 
For each patient, between four and five augmented 
images focusing exclusively on the stone were ex-
tracted. Image selection aimed to minimize sur-
rounding tissue or anatomical structures to avoid 
potential noise or confusion during CNN training.
To prevent data leakage and ensure method-
ological rigor, dataset partitioning was performed  
at the patient (stone) level rather than at the im-
age level. All images derived from the same patient 
and corresponding stone were strictly assigned  
to a single subset (training, internal validation,  
or external validation). The split was conducted 
prior to data augmentation to avoid artificially in-
creasing similarity between subsets. Consequently, 
no augmented or original images from the same 
stone were shared across different data partitions. 
The external validation cohort consisted exclusively 
of patients who were not included in the training  
or internal validation sets, thereby ensuring full in-
dependence of the evaluation dataset.
An independent validation cohort was defined  
at the patient level and consisted of 105 NCCT im-
ages corresponding to 105 patients (each represent-
ing a unique stone event). These cases were not 
used during model training or internal cross-vali-
dation. The validation cohort was derived from the 
same institution and imaging infrastructure but 
from a non-overlapping subset of patients, ensuring 
independence at the patient level. All scans were 
acquired using standardized institutional NCCT 
protocols. Therefore, this evaluation represents  
an independent temporal validation rather than  
a multicenter external validation.
We developed a CNN model capable of determining 
the main chemical composition of urinary lithiasis, 
using the images of non-contrast computed tomog-
raphy scans of the abdomen and pelvis. The dataset 
was divided into a training set (80%, n = 1190 im-
ages) and a test set (20%, n = 297 images). CT scans 
were initially retrieved from the institutional PACS  
system and manually exported as two-dimension-
al JPEG (JPG) images for model development.  
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The exported images corresponded to non-contrast 
abdominal CT slices centered on the stone. Because 
images were converted from DICOM to JPG for-
mat, original metadata such as pixel spacing and 
exact Hounsfield unit (HU) calibration were not 
preserved.
Prior to CNN training, images were resized  
to a standardized matrix dimension to ensure com-
putational compatibility. Intensity values were nor-
malized to a fixed range to facilitate model conver-
gence. No additional windowing manipulations were 
applied beyond those present at the time of image 
export. Distribution of urinary stone types is shown 
in Figure 1.

Data preprocessing and augmentation

Data preprocessing and augmentation were per-
formed using the ImageDataGenerator module 
from the Keras library. Applied transformations in-
cluded shear range (0.2), zoom range (0.2), and ran-
dom vertical/horizontal flip. Images were processed 
in batches of 3 (batch size = 3) during training  
and evaluation.

Convolutional neural networks model architecture

Transfer learning was employed utilizing the pre-
trained VGG16 architecture initialized with Ima-
geNet weights. Original, fully connected layers 
were excluded, and the convolutional layers of the 
pre-trained model were initially frozen to retain 
relevant general features [9].

Subsequently, a customized architecture was 
added, consisting of the following:
•	 One dense, fully connected layer with 128 neu-

rons and Rectified Linear Unit (ReLU) activation.
•	 A dropout layer configured at 35% (0.35) to re-

duce overfitting.
•	 A final classification layer with Softmax activa-

tion for categorical discrimination between differ-
ent stone composition groups.

A fine-tuning training phase was conducted by se-
lectively unfreezing the last convolutional layers  
of the pre-trained model to optimize performance 
on the specific images used in this study.

Compilation and training

The model was compiled using the Adam optimizer 
with an initial learning rate of 0.0001, categori-
cal cross-entropy loss function, and categorical ac-
curacy as the evaluation metric during training 
and validation. Initially, training was conducted  
for 50 epochs, followed by implementation of Ear-
ly Stopping, monitoring the “validation loss” with  
a patience of 5 epochs to prevent overfitting.

Internal validation strategy

Internal evaluation of the model was performed 
using a 10-fold cross-validation strategy, ensuring  
a robust and reliable assessment of its performance.

Software and computational environment

The entire development and training process was 
conducted using Python version 3.9 within the Spy-
der 6.0 environment and Anaconda Navigator soft-
ware. TensorFlow 2.10 and Keras libraries were pri-
marily utilized for model construction and training. 
The training was executed on a computer equipped 
with a 10-core GPU and 24 GB of RAM.

Class imbalance and training strategy

The distribution of stone composition in the data-
set was markedly imbalanced, with calcium oxalate 
monohydrate accounting for approximately 75%  
of all cases. To preserve the natural epidemiologi-
cal distribution of stone types, no explicit class-
balancing techniques (e.g., class-weighted loss, 
oversampling, or undersampling) were applied; the 
model was trained on the original class frequencies.  
We acknowledge that this strategy favors ecologi-
cal validity at the expense of potential bias toward  
the majority class.

Figure 1. Distribution of urinary stone types and correspond-
ing data partitioning for model development. Each stone 
subtype – calcium oxalate monohydrate (COM, 74.9%),  
calcium oxalate dihydrate (COD, 17.6%), uric acid (2.7%), 
struvite (2.3%), and other compositions (2.5%) – was indi-
vidually split into a training set (80%) and a test set (20%)  
for the development and internal validation of the convolu-
tional neural network (CNN).
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RESULTS

A total of 2,516 patients had FTIR-confirmed 
stone composition. They were filtered by those 
who met the inclusion criterion: NCCT performed 
at our institution within a time window ranging 
from 3 months before to 48 hours after the FTIR 
analysis. A total of 336 patients met these criteria 
and were included (Table 1). From there, a total 
of 1,592 NCCT images scans with urinary stone 
disease were retrospectively reviewed. After pre-
processing, data augmentation, and annotation, 
1,487 scan images were allocated for training and 
internal validation of the CNN, and the remain-
ing 105 scan images constituted the external  
validation set.
All cases were labeled according to the stone com-
position confirmed via Fourier transform infra-
red spectroscopy. The distribution of stone types  
in the dataset was as follows: calcium oxalate 
monohydrate (COM) 74.9%, calcium oxalate dihy-
drate (COD) 17.6%, uric acid 2.7%, struvite 2.3%,  
and other compositions 2.5%.
Following training, the model demonstrated robust 
performance metrics:
In the training set, the model achieved an accuracy 
of 89.8%, with an area under the receiver operating 
characteristic curve (AUC ROC) of 0.92.
In the validation set of 30 independent cases, the 
model maintained an accuracy of 85.4%, with  
a corresponding AUC ROC of 0.81 and a Cohen’s κ  
coefficient of 0.864, indicating a strong agree-
ment between model predictions and ground-truth  
labels.
Performance across stone types was consistent, 
with the highest precision observed for calcium 
oxalate monohydrate, the most prevalent and clini-
cally relevant subtype. Notably, the model exhibit-
ed occasional misclassifications between COM and 
COD stones, likely due to their overlapping Houn-
sfield unit (HU) ranges and similar morphology  
on CT imaging.

DISCUSSION

Accurate determination of urinary stone composi-
tion is essential because it directly informs etio-
logical evaluation, guides treatment decisions,  
and supports strategies to prevent recurrence. 
Current guidelines from the AUA and EAU recom-
mend infrared spectroscopy or X-ray diffraction  
as the reference standards for stone analysis [2, 4].  
However, these techniques are not universally 
available and may be costly, limiting their use  
in many clinical settings.
In recent years, artificial intelligence has rapidly 
expanded into clinical practice, particularly in urol-
ogy. A recent systematic review analyzing 71 stud-
ies reported an overall accuracy of 88.2% for stone 
composition prediction, 96% for stone detection, 
and 87% for predicting spontaneous passage [6]. 
Similarly, Panthier et al. (2024) reported sensitivity 
ranging from 58.7% to 100%, specificity from 68.5% 
to 100%, and accuracy up to 99.95% for AI-based 
detection of urinary stones on CT imaging [10].
Within this context, our study evaluated the ability 
of a convolutional neural network to predict urinary 
stone composition using standard non-contrast CT 
images. Our model achieved high predictive perfor-
mance, with strong agreement between predicted 
and true labels, as reflected by both accuracy and 
Cohen’s κ. These results are consistent with prior 
studies in the field.
For example, Le et al. demonstrated that radiomics 
combined with machine learning could identify uric 
acid stones with up to 94% accuracy [11, 12], while 
Tang et al. reported an AUC of 0.933 for predicting 
calcium oxalate monohydrate stones using AI-based 
models [13]. Compared with these approaches, which 
rely on handcrafted radiomic features, our model 
uses a CNN applied directly to standard CT images. 
This may simplify implementation and improve scal-
ability in routine clinical practice [14].
In addition, unlike studies based on intraoperative 
endoscopic images [15, 16], our approach enables 
preoperative prediction, which is more directly ap-
plicable to clinical decision-making and treatment 
planning.
Despite these encouraging results, several limita-
tions should be acknowledged.
First, the dataset was markedly imbalanced, with 
calcium oxalate monohydrate accounting for ap-
proximately 75% of cases. While this reflects real-
world epidemiology, it may bias the model toward 
the majority class and limit performance in less 
frequent stone types. Future studies should explore 
class-balancing strategies to improve model robust-
ness across all compositions.

Table 1. Baseline demographic and anatomical characteristics

Characteristic n (%)

Mean age (years) 50

Sex 
Male
Female

204 (60.7)
132 (39.3)

Stone location
Renal
Proximal ureter
Mid ureter
Distal ureter

120 (37.5)
65 (19.3)

27 (8)
124 (36.9)
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Future research should focus on prospective, mul-
ticenter validation, inclusion of more diverse and 
mixed stone types, and integration of imaging with 
clinical and laboratory data into hybrid predictive 
models [18]. Ultimately, embedding these algo-
rithms into radiology workflows or PACS systems 
could enable real-time, automated decision support 
in daily practice [19, 20].

CONCLUSIONS

The application of convolutional neural networks  
to non-contrast-enhanced computed tomography im-
ages demonstrates high diagnostic accuracy in pre-
dicting the chemical composition of urinary stones. 
The application of convolutional neural networks 
to non-contrast-enhanced computed tomography 
images demonstrates promising accuracy in esti-
mating the chemical composition of urinary stones 
in a non-invasive manner. Rather than replacing 
established laboratory techniques such as FTIR  
or X-ray diffraction, this AI-based approach may 
serve as a complementary preoperative decision-sup-
port tool, particularly in settings where conventional 
compositional analysis is unavailable, delayed, or 
resource-constrained. Further prospective and mul-
ticenter validation is required before clinical imple-
mentation. By enabling early and personalized deci-
sion-making, it could improve surgical planning and 
facilitate preventive strategies tailored to stone type.
Future efforts should aim to include a broader and 
more heterogeneous patient population, particular-
ly underrepresented or mixed stone types, and to ex-
ternally validate model performance in prospective, 
multicenter clinical trials. Additionally, integrat-
ing clinical and laboratory variables with imaging 
data may further enhance the predictive capability 
of these models. Ultimately, the integration of AI-
based tools into radiological workstations or PACS 
could provide real-time decision support for urolo-
gists during diagnostic and therapeutic planning.
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Second, although we performed an independent 
temporal validation, all data originated from  
a single institution using similar imaging proto-
cols. Therefore, our findings require confirmation 
in true external multicenter datasets, including dif-
ferent scanners and acquisition settings, to ensure 
generalizability.
Third, the model was trained using manually se-
lected two-dimensional CT slices rather than full 
three-dimensional volumes. Given that urinary 
stones are inherently heterogeneous 3D structures, 
this approach may not capture the full composition-
al complexity. In addition, manual slice selection in-
troduces operator-dependent bias and limits repro-
ducibility. Future work should focus on automated 
3D segmentation and volumetric analysis.
Another important limitation relates to the refer-
ence standard. FTIR provides the overall compo-
sition of the entire stone, whereas the model was 
trained on selected CT slices representing only part 
of the stone. In mixed stones, this mismatch may 
introduce label noise and partially explain some 
misclassifications.
From a technical perspective, images were exported 
in JPEG format rather than being analyzed directly 
from DICOM files. As a result, important quantita-
tive information such as Hounsfield units and pixel 
spacing was not preserved, and compression arti-
facts may have been introduced. This may affect re-
producibility, and it highlights the need for future 
DICOM-based pipelines.
Additionally, we did not perform formal model inter-
pretability analysis (e.g., Grad-CAM), which could 
help identify the image regions driving predictions. 
Incorporating explainability tools will be important 
to improve clinical trust and facilitate adoption.
Despite these limitations, our study demonstrates 
the feasibility of using deep learning to estimate 
urinary stone composition from routine CT imag-
ing, achieving performance within the range re-
ported in prior AI-based imaging studies [17].
From a clinical perspective, this approach may be 
particularly valuable in settings where FTIR is not 
readily available or is cost-prohibitive. In such con-
texts, AI-based tools could provide a low-cost, acces-
sible alternative to support decision-making. Rath-
er than replacing standard laboratory techniques, 
this technology should be viewed as a complementa-
ry tool that can enhance preoperative planning and 
expand access to compositional information.
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