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Abstract
Objectives Distinguishing between kidney stones and phleboliths can constitute a diagnostic challenge in patients undergoing
unenhanced low-dose CT (LDCT) for acute flank pain. We sought to investigate the accuracy of radiomics and a machine-
learning classifier in differentiating between kidney stones and phleboliths on LDCT.
Methods Radiomics features were extracted following a semi-automatic segmentation of kidney stones and phleboliths for two
independent consecutive cohorts of patients undergoing LDCT for acute flank pain.

Radiomics features from the first cohort of patients (n = 369) were ultimately used to train a machine-learning model designed
to distinguish kidney stones (n = 211) from phleboliths (n = 201). Classification performance was assessed on the second
independent cohort (i.e., testing set) (kidney stones n = 24; phleboliths n = 23) using positive and negative predictive values
(PPV and NPV), area under the receiver operating curves (AUC), and permutation testing.
Results Our machine-learning classification model trained on radiomics features achieved an overall accuracy of 85.1% on the
independent testing set, with an AUC of 0.902, PPV of 81.5%, and NPV of 90.0%. Classification accuracy was significantly
better than chance on permutation testing (p < 0.05, permutation p value).
Conclusion Radiomics and machine learning enable accurate differentiation between kidney stones and phleboliths on LDCT in
patients presenting with acute flank pain.
Key Points
• Combining a machine-learning algorithm with radiomics features extracted for abdominopelvic calcification on LDCToffers a
highly accurate method for discriminating phleboliths from kidney stones.

• Our radiomics and machine-learning model proved robust for CT acquisition and reconstruction protocol when tested in
comparison with an external independent cohort of patients with acute flank pain.

• The high performance of the radiomics-based automatic classification model in differentiating phleboliths from kidney stones
indicates its potential as a future diagnostic tool for equivocal abdominopelvic calcifications in the setting of suspected renal colic.
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Abbreviations
AUC Area under the curve
CV Cross-validation
LDCT Low-dose computed tomography

PCA Principal component analysis
ROC Receiver operating characteristics curve
VOI Volume of interest

Introduction

Acute flank pain is a frequent motive for medical consul-
tation in primary care and emergency medicine. It is often
caused by renal colic, which results from kidney stones
blocking the urine flow in the upper urinary tract, and has
risen in incidence and prevalence over the last few de-
cades [1]. The methods of diagnosing renal colic have
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evolved over the last few years, from abdominal radiog-
raphy coupled with ultrasound to unenhanced low-dose or
even ultra-low-dose computed tomography (LDCT) [2].
The key for the diagnosis relies on the calcification’s lo-
cation in relation to the ureters: A calcification inside a
ureter in the setting of acute flank pain typically indicates
a kidney stone, while a pelvic calcification outside the
ureter is mostly caused by a phlebolith. However, in daily
practice, the identification of the ureter and calcification
locations on LDCT can be challenging. In cases of diag-
nostic uncertainty following LDCT, patient management
may require a complementary CT study with iodinated
contrast enhancement or late CT acquisition and contrast
excretion in order to identify the real position of the ure-
ter. Correctly and accurately diagnosing kidney stones is
thus of high clinical value, as persistent symptoms may
require supplementary urological procedures, such as in-
vasive ureteroscopy or extracorporeal shockwave litho-
tripsy, aimed at causing kidney stones to fragment [3].

Several studies have reported that kidney stones and
phleboliths present different morphological structures, with
distinct imaging characteristics observable using abdominal
radiography or full-dose CT. Phleboliths have radiolucent cen-
ters and are calcified around their periphery [4], while kidney
stones tend to instead present more densely organized micro-
structures due to their microcrystalline nature [5–7]. However,
very little is known about the morphological structure of kid-
ney stones and phleboliths on LDCT. Moreover, no study has
investigated whether the textural or radiomics characteristics
of these abdominopelvic calcifications might be of clinical

interest, despite this field of quantitative image analysis and
radiomics being a rapidly growing area, primarily in oncolog-
ical applications [8–12]. In our study, we sought to assess the
performance of a machine-learning classifier based on
radiomics features designed to differentiate kidney stones
from phleboliths on low-dose unenhanced CT scan.

Methods

Patient population

The study was approved by the local ethics committee for re-
search on human subjects (CCER 2017-00922), which waived
the need for written informed consent. A senior radiologist (with
18 years of experience) reviewed two independent patient cohorts
who underwent LDCT for acute flank pain in two clinics of our
institution. Data from the first cohort (i.e., training set) were
employed to train our machine-learning classifier (see below),
including LDCTs performed between August 2015 and
March 2017 on 369 consecutive patients (mean age ± SD, 52 ±
15 years old; range, 19–94), namely 251 males and 118 females
(Fig. 1). The second independent cohort (i.e., testing set) provided
the data to test our machine-learning classifier in comparison with
an independent dataset (see below), including LDCTs performed
between January 2018 and August 2018 on 43 consecutive pa-
tients (mean age ± SD, 54 ± 17; range, 26–92), comprising 22
males and 21 females. Patients in the training and testing cohort
were distinct to keep these datasets independent from each other.

Fig. 1 The pipeline figure
illustrates the successive study
steps, from low-dose CT acquisi-
tion (LDCT) to the model perfor-
mance assessment using an inde-
pendent test set. The model se-
lection and fine-tuning were
based on the training set only,
using cross-validation (see
BMethods^ section for details).
LDCT, low-dose CT scan; Sn,
sensitivity; Sp, specificity; PPV,
positive predictive value; NPV,
negative predictive value
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Image acquisition

All LDCT examinations on the training set were performed
using 64-slice multi-detector CT (GE Discovery 750 HD, GE
Healthcare) applying the following protocol in helical mode:
0.7-s gantry rotation time, 120 kVp, 1.37:1 beam pitch, 40-
mm table feed per gantry rotation, fixed z-axis tube current of
45mA, and 64 × 0.625-mm detector configuration, as routine-
ly used in clinical practice [2]. Images were reconstructed at
2.5 mm thickness with filtered back projection and blended
with 40% adaptive statistical iterative reconstruction (ASIR-
40) on a soft reconstruction kernel.

All LDCT examinations on the independent testing set were
performed using 64-slice multi-detector CT (SomatomDefinition
Flash, Siemens Healthcare) following this protocol in helical
mode: 0.5-s gantry rotation time, 120 kVp, 0.9 beam pitch,
34.5-mm table feed per gantry rotation, a fixed z-axis tube current
of 40 mA, and 2 × 64 × 0.6-mm detector configuration, as rou-
tinely used in clinical practice [2]. Images were reconstructed at
2 mm thickness with advanced modeled iterative reconstruction
(ADMIRE, strength 3) projection, on a soft reconstruction kernel.

Imaging analysis and reference standard

The same senior radiologist reviewed all the LDCT examina-
tions, selecting one or two abdominopelvic calcifications on each
LDCT according to intra- or extra-uretero-pelvic position.
Calcifications positioned inside a well-defined and fat-
surrounded ureter associated with urinary tract dilatation proxi-
mal to obstruction were diagnosed as kidney stones.
Calcifications located inside the bladder were also considered.
In contrast, those located distant from the ureters, ipsilateral to an
upper urinary tract dilatation, and not in contact with a large
vessel arterial wall were considered phleboliths. Soft-tissue cal-
cifications prohibiting straightforward scan-based diagnosis
were discarded. In the training set, we analyzed 412
abdominopelvic calcifications from 369 patients, finding 211
kidney stones and 201 phleboliths. In the independent testing
set, we considered for analysis 47 abdominopelvic calcifications
in 43 patients, finding 24 kidney stones and 23 phleboliths.

Kidney stone and phlebolith segmentation on LDCT

All abdominopelvic calcifications identified in the training
and testing datasets were segmented by the same senior radi-
ologist, using the semi-automatic Fast GrowCut algorithm
implemented in 3D Slicer (Version 4.8).

Radiomics features extraction

Radiomics features were automatically extracted from the seg-
mented abdominopelvic calcifications using PyRadiomics
(Version 2.1.0) [13]. This enabled us to compute first-order

features, shape features, gray level co-occurrence matrix
(GLCM) features, gray level size zone matrix (GLSZM) fea-
tures, gray level run length matrix (GLRLM), neighboring gray
tone difference matrix (NGTDM), and gray level dependence
matrix (GLDM) features from the volume segmented from the
LDCT images (Table 1). Further features were added by apply-
ing filters to the native LDCT images (Table 2) prior to
extracting the radiomics features. Using the PyRadiomics pack-
age on the native LDCT images and filtered images enabled the
extraction of 147,029 radiomics features in total for each calci-
fication, constituting a large number of input data for the clas-
sification procedure described below.

Machine-learning classification model

Themachine-learning classificationmodel was developed and
optimized on the training set using cross-validation. It was
further tested on the independent testing set only once, so as
to avoid overfitting from repeated use of the testing set in
selecting the model.

First, we sought to select the best machine-learning algorithm
family enabling us to identify nephrolithiasis and phleboliths. To
this end, we assessed the prediction accuracies of several ma-
chine classifiers on the training set using 10-fold stratified cross-
validation (CV) (Table 3 for the assessed algorithms), with scikit-
learn default parametrization applied to each classifier. The best
classification model was selected based on the area under the
receiver operating characteristic curve (ROC-AUC) obtained
from this stratified CV strategy. Following this algorithm selec-
tion step, our best model was based on an AdaBoost classifier. It
included a primary standardization step, followed by dimension
reduction using principal component analysis (PCA) and a final
classification step using an AdaBoost classifier.

Secondly, we aimed to fine-tune our model so as to identify
the hyper-parameters enabling our model to achieve the best
prediction accuracy on the training set. This hyper-parameter
tuning was performed using a grid-search approach, with 5 × 3
(inner × outer loops) nested stratified CV [14]. The best

Table 2 Filters and wavelets used to obtain transformed images from
the native LDCT acquisition before extracting iteratively the textural
radiomics features

Wavelet family name (abbreviation) Number of wavelets used

Biorthogonal (bior) 15
Coiflets (coif) 17
Daubechies (db) 38
Reverse biorthogonal (rbio) 15
Symlets (sym) 19
Haar (Haar) 1
Dmeyer (dmey) 1
Lagrangian of Gaussian (LOG) 4
Other filters
Logarithmic (logarithm) 1

Eur Radiol (2019) 29:4776–4782 4779



combination of parameter values was selected based on its
ROC-AUC obtained from this nested stratified CV strategy
using the training set (Table 3).

Finally, our model’s capacity to identify nephrolithiasis was
evaluated using the independent testing set, computing overall
classification accuracy, sensitivity, specificity, positive predic-
tive value (PPV), negative predictive value (NPV), ROC-AUC,
and log-loss. Permutation testing was also performed on the
testing set by randomly shuffling the label of the testing set
N-times (N = 10, 000) and computing prediction accuracy. All
the classification steps were performed using scikit-learn pack-
age (Version 0.19.1) [15], an open-source python package for
machine learning (installed through Anaconda version 4.5.10,
with python version 3.6.6).

Results

Overall, 369 patients were included in the training set, each pre-
senting with either kidney stones or phleboliths clearly

identifiable on unenhanced LDCT. Our training set included
the radiomics features of 211 kidney stones and 201 phleboliths.
The independent testing set comprised 43 patients, with
radiomics features of 24 kidney stones and 23 phleboliths.

The model was selected using a cross-validation strategy
enabling us to identify the best machine-learning classifier
(Table 3 for the results of each classifier family). This model
was based on an AdaBoost classifier. Hyper-parameter tuning
was then performed using grid-search nested CV and selected
on the basis of its ROC-AUC. The best model was that which
featured an AdaBoost classifier with 75 individual decision
trees as base estimators and a learning rate set at 0.1, yielding
a cross-validation AUC of 0.87.

The performance of our AdaBoost classifier on the testing
set was evaluated as high, with an overall accuracy of 85.1%,
sensitivity of 91.7%, specificity of 78.3%, positive predictive
value of 81.5%, and negative predictive value of 90.0%, for a
ROC-AUC at 0.902 and log-loss of 0.653 (Fig. 2). Permutation
testing (with 10,000 permutations) demonstrated that our model
performed significantly (p < 0.001, permutation p value) above
chance level in classifying individual calcified pelvic structures
in the independent testing set (Fig. 3). Figure 4 illustrates a
clinical situation where such a classifier could be applied.

Discussion

We sought to investigate the accuracy of radiomics and ma-
chine learning to differentiate kidney stones from phleboliths
in patients undergoing LDCT for acute flank pain. Using a
machine-learning classifier trained on the radiomics features
of abdominopelvic calcifications from a primary cohort of con-
secutive patients, we managed to accurately identify kidney
stones and phleboliths in a second independent testing cohort.

Fig. 2 After training an
AdaBoost classifier on the
training set, the model’s area
under the curve was computed
using the independent testing set,
demonstrating its high
performance in classifying kidney
stones versus phleboliths. ROC,
receiver under the operating
curve; AUC, area under the ROC

Table 3 Different machine-learning classifiers were assessed on the
training set using tenfold stratified cross-validation (CV). The best clas-
sifier was selected based on its CV performance during this tenfold CV.
For each classifier, preprocessing with standardization and dimension
reduction using principal component analysis was fitted before classify-
ing the algorithm with default scikit-learn parameters

Classifier Accuracy mean ± std

AdaBoost 86.3 ± 3.1%
Support vector machine 83.2 ± 2.0%
Logistic regression 82.7 ± 2.5%
Stochastic gradient descent 81.0 ± 4.1%
Gaussian Naïve Bayes 76.6 ± 4.3%
K-nearest neighbors 71.4 ± 4.9%
Random forest 67.2 ± 2.3%
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Differentiating kidney stones from phleboliths on LDCT re-
view in cases of abdominopelvic calcifications can be challenging,
and there are serious implications for clinical management such as
additional diagnostic procedures for patients presenting with acute
flank pain. Previous studies have revealed that the structure of
phleboliths is characterized by a radiolucent center distinct from
the phlebolith visible on plain abdominal radiography, yet this
observation was not replicated in CT studies [4, 16]. Micro-CT
studies, however, reported that kidney stones are not inert calcium
formations, but present complex structural organizations [17, 18].
Moreover, macroscopic CTsoft-tissue criteria (i.e., the rim and tail

sign) have been applied with some success to differentiate kidney
stones from phleboliths [19, 20]. However, as these criteria lack
quantitative cutoffs, they may not be as easily reproducible on
LDCT. We thus took advantage of the recent development of
radiomics [21, 22] to show that sub-visual information about the
texture of abdominopelvic calcifications coupled with a machine-
learning classifier accurately differentiates kidney stones from
phleboliths on LDCT. This finding could suggest that the internal
microstructure and textural information of kidney stones and
phleboliths differ on LDCT, as was previously reported using
plain abdominal radiography and full-dose CT scan [4, 18].

One of the main advantages of a radiomics and machine-
learning approach is its quantitative nature and reproducibility.
Once an abdominopelvic calcification is segmented, a large num-
ber of quantitative radiomics features can be rapidly extracted
and fed into a machine-learning classifier, which outputs the
probability of the calcification being either a kidney stone or
phlebolith with high accuracy. One of the downsides of such
an approach, though, is its potential dependency upon a fixed
CT acquisition protocol and the poor ability of the machine-
learning model to generalize for LDCT scans acquired in differ-
ent settings (e.g., distinct CT model or constructor, different ac-
quisition parameters, or different reconstruction algorithms) [23,
24]. Our study demonstrated, however, that our machine-
learning classifier might be robust enough in terms of acquisition
settings while still yielding very high prediction accuracy due to
it being trained and independently tested on two distinct CTscan
models. We achieved very good sensitivity, specificity, PPV, and
NPVon an independent testing cohort scanned using a Siemens

Fig. 4 Illustrative case of a young
female patient (25 years old) with
a calcified structure in the right
pelvis (arrow) observed on LDCT
(a), initially suspected as a kidney
stone causing an upstream
uretero-pelvic calyceal dilatation.
The periureteral fatty planes being
absent (a, b), the precise location
of the calcification required a
contrast injection in order to de-
lineate the ureter (arrowhead).
The late acquisition images in
axial (b) and MIP coronal recon-
struction (c) revealed the calcifi-
cation to be a juxta-ureteral
phlebolith. Using this example as
a case external to the study popu-
lation, the linear AdaBoost model
classified the structure with the
unenhanced images (a) as a
phlebolith

Fig. 3 After training an AdaBoost classifier on the training set, a
permutation test was computed on the independent test set. The
machine-learning model achieved significantly higher classification ac-
curacy (vertical orange line) than on randomly shuffled labels on the test
set (distribution in blue)

Eur Radiol (2019) 29:4776–4782 4781



Somatom Definition Flash, while the training cohort data were
acquired on a GE Discovery 750 HD, with different acquisition
parameters and reconstruction algorithms (notably different iter-
ative reconstruction algorithms: ASIR-40 for GE and ADMIRE
[strength 3] for Siemens).

All in all, we found that radiomics and machine learning offer
accurate differentiation between kidney stones and phleboliths
on LDCT, being robust for CT acquisition and reconstruction
protocols in an external independent patient cohort with acute
flank pain. With the rapid rise of machine learning and artificial
intelligence, we believe that our findings have the potential to
improve clinical management and reduce having to subject pa-
tients presenting with acute flank pain undergoing LDCT to ad-
ditional procedures. Finally, our work contributes to the exten-
sion of radiomics beyond oncological imaging [25], with prom-
ising applications in this especially frequent motive for medical
consultation in primary care and emergency medicine.
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