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Abstract
Purpose  Currently, all solid enhancing renal masses without microscopic fat are considered malignant until proven otherwise 
and there is substantial overlap in the imaging findings of benign and malignant renal masses, particularly between clear cell 
RCC (ccRCC) and benign oncocytoma (ONC). Radiomics has attracted increased attention for its utility in pre-operative 
work-up on routine clinical images. Radiomics based approaches have converted medical images into mineable data and 
identified prognostic imaging signatures that machine learning algorithms can use to construct predictive models by learning 
the decision boundaries of the underlying data distribution. The TensorFlow™ framework from Google is a state-of-the-art 
open-source software library that can be used for training deep learning neural networks for performing machine learning 
tasks. The purpose of this study was to investigate the diagnostic value and feasibility of a deep learning-based renal lesion 
classifier using open-source Google TensorFlow™ Inception in differentiating ccRCC from ONC on routine four-phase 
MDCT in patients with pathologically confirmed renal masses.
Methods  With institutional review board approval for this 1996 Health Insurance Portability and Accountability Act com-
pliant retrospective study and a waiver of informed consent, we queried our institution’s pathology, clinical, and radiology 
databases for histologically proven cases of ccRCC and ONC obtained between January 2000 and January 2016 scanned with 
a an intravenous contrast-enhanced four-phase renal mass protocol (unenhanced (UN), corticomedullary (CM), nephrographic 
(NP), and excretory (EX) phases). To extract features to be used for the machine learning model, the entire renal mass was 
contoured in the axial plane in each of the four phases, resulting in a 3D volume of interest (VOI) representative of the entire 
renal mass. We investigated thirteen different approaches to convert the acquired VOI data into a set of images that adequately 
represented each tumor which was used to train the final layer of the neural network model. Training was performed over 
4000 iterations. In each iteration, 90% of the data were designated as training data and the remaining 10% served as valida-
tion data and a leave-one-out cross-validation scheme was implemented. Accuracy, sensitivity, specificity, positive (PPV) 
and negative predictive (NPV) values, and CIs were calculated for the classification of the thirteen processing modes.
Results  We analyzed 179 consecutive patients with 179 lesions (128 ccRCC and 51 ONC). The ccRCC cohort had a mean 
size of 3.8 cm (range 0.8–14.6 cm) and the ONC cohort had a mean lesion size of 3.9 cm (range 1.0–13.1 cm). The highest 
specificity and PPV (52.9% and 80.3%, respectively) were achieved in the EX phase when we analyzed the single mid-slice 
of the tumor in the axial, coronal and sagittal plane, and when we increased the number of mid-slices of the tumor to three, 
with an accuracy of 75.4%, which also increased the sensitivity to 88.3% and the PPV to 79.6%. Using the entire tumor 
volume also showed that classification performance was best in the EX phase with an accuracy of 74.4%, a sensitivity of 
85.8% and a PPV of 80.1%. When the entire tumor volume, plus mid-slices from all phases and all planes presented as tiled 
images, were submitted to the final layer of the neural network we achieved a PPV of 82.5%.
Conclusions  The best classification result was obtained in the EX phase among the thirteen classification methods tested. Our 
proof of concept study is the first step towards understanding the utility of machine learning in the differentiation of ccRCC 
from ONC on routine CT images. We hope this could lead to future investigation into the development of a multivariate 
machine learning model which may augment our ability to accurately predict renal lesion histology on imaging.
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Introduction

Renal cell carcinoma (RCC), the most common malignancy 
of the kidney, accounts for approximately 2–3% of all can-
cers, with a 2% increase in annual incidence [1]. Up to 70% 
of renal neoplasms are detected incidentally at imaging, and 
subtyping at the time of initial RCC presentation is clini-
cally relevant, as patients with more indolent disease may 
undergo active surveillance, while those with more aggres-
sive disease may be triaged to ablation or surgical resection 
[2–4]. Currently, all solid enhancing renal masses without 
microscopic fat are considered malignant until proven oth-
erwise, and there are overlapping imaging features between 
clear cell RCC (ccRCC) and benign oncocytoma (ONC). In 
addition, multifocal renal ONCs are common, making the 
diagnosis of ONC with concomitant ccRCC a diagnostic 
challenge [5]. Since histopathological diagnosis requires a 
biopsy or surgery, a reliable non-invasive method to char-
acterize incidental renal lesions would have clinical value 
[3, 6].

In the era of personalized medicine, radiomics may prove 
useful, converting medical images into datasets with prog-
nostic imaging signatures. This may be useful for machine 
learning algorithms to construct predictive models by learn-
ing the decision boundaries of the underlying data distribu-
tion. [7–9]. It has shown promise in the diagnosis of lung, 
head and neck, breast, and brain tumors [10–16], but has not 
been validated in RCC, due in part to the genetic heterogene-
ity of RCC tumors, and the overlap in enhancement features 
on imaging [2, 17, 18]. As multidetector CT (MDCT) has 
been advocated for characterization of common renal lesions 
[2, 3], radiomics may provide a novel approach for deter-
mining histology. Previous studies have correlated radiomic 
features to tumor characteristics including histology, tumor 
grade, genetic and molecular characteristics, as well as clini-
cal outcomes in patients with renal masses [18–35].

Deep learning may assist radiologists with characteriza-
tion of incidentally detected renal masses, especially distin-
guishing ccRCC from its most common benign mimic, ONC 
utilizing a multiphasic MDCT study routinely used for stag-
ing and characterization. Using large MDCT image datasets, 
radiomics may add a new dimension to personalized medi-
cine by capturing the intra-tumor heterogeneity within renal 
masses [17]. The TensorFlow™ framework from Google is a 
state-of-the-art open-source software library that can be used 
for training deep learning neural networks for performing 
machine learning tasks. Given the limited size of our dataset 
of ccRCC and ONC tumors with a pre-operative four-phase 
MDCT, we made use of transfer learning as implemented 
through Google’s Inception architecture, which allowed us 

to exploit a previously trained multi-layer neural network 
while simply retraining the final layer of the neural network 
model to develop a deep learning-based renal lesion clas-
sifier to discriminate ccRCC from ONC on routine four-
phase MDCT images. Multi-layer neural network models 
typically comprise of several computational layers, each of 
which functions to abstract the input data in different ways, 
usually in increasing levels of complexity. This allows them 
to be very sensitive to complex features in large datasets.

Previous studies have examined the utility of Tensor-
Flow™ Inception in various aspects of clinical image 
interpretation including development of a machine learn-
ing-based model for the binary classification of chest x-ray 
abnormalities [36], development of a breast cancer risk 
model using a mammographic dataset [37], and classifica-
tion of striatal signal changes on 123I-ioflupane (DaTscan) 
SPECT studies in patients with Parkinson’s disease [38]. In 
this study, we investigated the diagnostic value and feasi-
bility of a deep learning-based renal lesion classifier using 
open-source Google TensorFlow™ Inception in differenti-
ating ccRCC from ONC on routine four-phase MDCT in 
patients with pathologically confirmed renal masses.

Materials and methods

Patients and lesions

With institutional review board approval for this 1996 Health 
Insurance Portability and Accountability Act compliant 
retrospective study and a waiver of informed consent, we 
queried our institution’s pathology database for histologi-
cally proven cases of ccRCC and ONC from January 2000 
to January 2016. We then searched our institution’s medical 
records to identify the date of surgery or biopsy, and our 
image archiving system (Centricity; GE Medical Systems, 
Milwaukee, WI) to identify those patients who had a pre-
operative MDCT with a four-phase renal protocol. In those 
patients who had multiple lesions, in order to avoid potential 
clustering effects, only one lesion per patient was selected at 
random and included in the analysis. Figure 1 summarizes 
the selection of the patient population used in our current 
study. In three prior studies [29, 30, 35], we reported on the 
179 patients included in the current study. The prior studies 
examined the performance of qualitative and quantitative 
enhancement features as determined by two expert radiolo-
gists and a traditional threshold based CAD algorithm in 
differentiating clear cell RCC from other RCC subtypes. The 
objective of this current study was to discriminate ccRCC 
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from ONC with a deep learning-based classifier using open-
source Google TensorFlow™ Inception.

Four‑phase MDCT acquisition

All patients had a pre-operative MDCT at our institution 
with an intravenous contrast-enhanced four-phase renal 
mass protocol. This included an unenhanced (UN) scan 
and contrast-enhanced acquisitions during the corticome-
dullary (CM), nephrographic (NP), and excretory (EX) 
phases acquired from the lung bases to the iliac crests. 
Pre-operative MDCT was performed on multiple scanners 
(4-MDCT, 16-MDCT, and 64-MDCT). Acquisition param-
eters were similar over the multiple generations of scanners: 
120 KVp, 200–400 mA based on patient size and 3-mm scan 

collimation with 3-mm reconstruction intervals. Patients 
received a power injection of non-ionic IV contrast material 
(iohexol, Omnipaque 350, GE Healthcare), 35–45 g iodine 
dosed to weight at a rate of 3 mL/s. Patients weighing less 
than 45 kg, 45–90 kg, and > 90 kg received 100 mL (35 g 
iodine), 125 mL (45 g iodine), and 150 mL (54 g iodine) of 
iohexol, respectively. A bolus tracking system (Care Bolus 
VB10, Siemens Healthcare or Smart-Prep, GE Healthcare) 
was used to determine the onset of contrast-enhanced imag-
ing and a region of interest (ROI) was placed in the thora-
coabdominal aorta junction, with a trigger set to begin at 
150 HU. Images were acquired at 55 s (CM), 120 s (NP), 
and 8 min (EX) after the threshold of 150 HU was reached 
in the thoracoabdominal ROI. For the patients imaged with 
earlier generation helical scanners (4- and 16-MDCT), the 

Fig. 1   Patient flow diagram. CT computed tomography, RCC​ renal cell carcinoma, VOI volume of interest
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CM and NP phases were performed 15 and 10 s earlier to 
achieve complete volumetric coverage. Overall, there was 
very little variation in the timing of image acquisition: all 
included patients were imaged within 5 s of stated times.

CT image analysis

Tumor volume of interest

To extract features to be used for the deep learning model, 
the entire renal mass was contoured in the axial plane in each 
of the four phases using an in-house developed FDA 510 K 
cleared software. Each slice of the segmentation was manu-
ally edited to ensure the contour was limited to the target 
lesion and was slightly within the lesion borders to exclude 
volume averaging from adjacent perirenal fat or normal renal 
parenchyma. This resulted in a 3D volume of interest (VOI) 
representative of the entire renal mass (Fig. 2). All VOIs 
were reviewed by two board certified genitourinary fellow-
ship trained abdominal radiologists with 20 (blinded for 
review) and 11 (blinded for review) years of clinical expe-
rience, both of whom were blinded to all patient informa-
tion, including the histopathologic diagnosis. The two radi-
ologists reviewed and confirmed the 3D VOI independently 
to ensure only tumor was included in the VOI, but did not 
record a diagnosis. All segmentation tumor VOI discrepan-
cies were resolved by consensus. Histopathologic assign-
ment after nephrectomy or biopsy served as the reference 
standard for all tumors.

Deep learning analysis

Google TensorFlow™ Inception

Currently, TensorFlow™ Inception only supports 2D images 
as input. Given that the CT imaging data were acquired as a 
volumetric set of DICOM images, we investigated thirteen 
different approaches to convert the acquired volumetric data 
into a set of 2D Joint Photographic Experts Group (JPEG) 

images that adequately represented each tumor. A detailed 
summary of the individual processing modes is available 
in Table 1. The DICOM data to JPEG conversion was per-
formed using in-house software developed on Python 3.7 
using the Python Imaging Library (PIL) module with default 
JPEG compression settings [39].

Processing modes

First, for each tumor, we obtained the largest tumor diameter 
in the axial, coronal and sagittal planes and converted it to 
a JPEG image as it has been shown that encompassing all 
three planar dimensions on post-contrast CT can improve 
discrimination between ONC and ccRCC [18]. All three pla-
nar dimensions were submitted as a grayscale JPEG image 
in each of the three post-contrast phases to the final layer 
of TensorFlow™ Inception. This resulted in three datasets, 
one for each post-contrast phase (CM, NP, and EX) referred 
to in shorthand as ACM1 (Fig. 3), ANM1 and AEM1, 
respectively.

Second, we used the largest tumor diameter, as well as the 
image before it and after it, in the axial, coronal, and sagittal 
planes. This allowed the tumor to be characterized using a 
greater volume, while maintaining the constraint of Tensor-
Flow™ Inception, which requires use of a single 2D image 
to represent the tumor. Additionally, In order to allow for a 
richer characterization of homogeneity and heterogeneity 
within the tumor [17] we encoded the three slices as the red, 
green, and blue (RGB) channels of a JPEG image. When the 
R, G, and B values are similar, the result is a neutral color 
(similar to the grayscale images), but when the R, G, and 
B values are different, the colors stray from grayscale with 
stronger red, blue, or green components. Thus, the heteroge-
neity or homogeneity in the central location of the tumor can 
be better captured through our RGB approach; rather than 
using a single slice alone. Given that the differences in heter-
ogeneity of ccRCC and ONC is an important property when 
a radiologist is determining its classification on routine clini-
cal images [21], we hoped the level of detail captured with 

Fig. 2   An example of how a VOI for each tumor was obtained. Fig-
ure shows a clear cell RCC at axial multidetector CT in a 67-year-old 
man that was segmented in the unenhanced (a), corticomedullary (b), 

nephrographic (c) and excretory phase (d) resulting in a 3D VOI rep-
resentative of the entire lesion in each phase (e). RCC​ renal cell carci-
noma, CT computed tomography, VOI volume of interest
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our RGB approach could improve classifier performance. 
We created three such datasets, one for each of the three 
post-contrast phases (CM, NP, and EX); referred to in short-
hand as ACM3, ANM3, and AEM3 (Fig. 4), respectively.

Third, an RGB JPEG image from three mid-slices of the 
axial, sagittal, and coronal plane was created from UN, CM, 
NP, and EX phases. We incorporated the UN phase in this 
processing mode to determine if this would improve the 
classification accuracy, as it has shown some utility in the 
differentiation of ccRCC from ONC on MDCT [34]. This 
resulted in 12 RGB images (4 phases x 3 cutting planes) 
used to represent the corresponding tumor in the dataset; 
referred to in shorthand as ATM3 (Fig. 5).

Fourth, as prior work has shown that whole lesion param-
eters provide a slight improvement in the discrimination of 
ccRCC from ONC on multiphasic CT [19], we incorporated 
the entire tumor volume acquired in the axial plane to deter-
mine if this would improve the classification accuracy of 
ccRCC and ONC. These were also encoded in groups of 
three adjacent slices as the red, green, and blue channels 

of a RGB JPEG image. We created three such datasets, one 
for each of the three post-contrast phases (CM, NP, and 
EX); referred to in shorthand as ZC (Fig. 6), ZN, and ZE, 
respectively.

Finally, based on the performance of the individual 
processing modes, we combined the modes with the best 
performance to see if this would improve the classification 
accuracy.

Supervised learning

For the machine learning task, we used the Tensorflow API 
from Google™ [40]. Given the limited size of the dataset, 
building an entire multi-layer neural network from scratch 
was not feasible. Instead, we pursued a simple transfer learn-
ing approach that allows us to exploit a previously trained 
neural network model and retrain the existing weights for 
new classes; the image data from the current study were used 
to train the final layer of the neural network model.

Table 1   Summary of the notation for each image processing mode submitted to the final layer of the neural network used to classify clear cell 
RCC and oncocytoma on MDCT using the Google TensorFlow™ Inception framework

A  all imaging planes (Axial, Sagittal, Coronal), C corticomedullary phase, E excretory phase, JPEG joint photographic experts group, M largest 
tumor diameter located in the middle of the 3D tumor contour, MDCT multidetector computed tomography, N nephrographic phase, RGB red, 
green, blue, T tiled phases, Z entire tumor volume, 1 single. 3 triplet

Processing mode Imaging plane Imaging phase on MDCT Slice Grayscale or 
RGB JPEG

Single or triplet

ACM1 Axial, coronal and sagittal Corticomedullary Mid-slice of tumor Grayscale Single
ANM1 Axial, coronal and sagittal Nephrographic Mid-slice of tumor Grayscale Single
AEM1 Axial, coronal and sagittal Excretory Mid-slice of tumor Grayscale Single
ACM3 Axial, coronal and sagittal Corticomedullary Middle 3 slices RGB Triplet
ANM3 Axial, coronal and sagittal Nephrographic Middle 3 slices RGB Triplet
AEM3 Axial, coronal and sagittal Excretory Middle 3 slices RGB Triplet
ZC Axial Corticomedullary Total tumor volume RGB Triplet
ZN Axial Nephrographic Total tumor volume RGB Triplet
ZE Axial Excretory Total tumor volume RGB Triplet
ATM3 Axial, coronal and sagittal Unenhanced, corticomedullary, 

nephrographic and excretory
Mid-slice of tumor RGB Triplet

axial coronal sagi�al

Cor�comedullary Phase

ACM1

Fig. 3   Example of the ACM1 processing mode
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Fig. 4   Example of the processing modes using a RGB JPEG triplet image

Cor�comedullary yralludemocitroCyralludemocitroC

Excretory yrotercxEyrotercxE NephrograpicNephrograpicNephrograpic

decnahnenUdecnahnenU Unenhanced

Axial Coronal Sagi�al

Fig. 5   Example of the ATM3 processing mode

Fig. 6   Example of the ZC processing mode
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Neural network training

In this study, we used the Inception v3 architecture model 
[41] which was previously trained on images with Ima-
geNet [42]. The top layer of the Inception v3 model out-
puts a 2048-D vector (also known as bottleneck in Tensor-
Flow terminology) for each input image. We then trained a 
Softmax layer to serve as the final layer of the model; this 
layer would assign fuzz probabilities for any specific tumor 
as belonging to either ONC or ccRCC class of tumors. 
Since the classification task involved 2 classes, this train-
ing step corresponded to learning 2 + 2048*2 bias and 
weight parameters of the neural network model.

Training was performed over 4000 iterations. In each 
iteration, 90% of the data were designated as training data 
and the remaining 10% served as validation data to assist 
in optimization of model parameters while preventing any 
over-fitting and maximize generalizability of the model. 
Test data were separated prior to the training; therefore, no 
data were designated as test data during the neural network 
training with the Inception model.

Classification

A leave-one-out cross-validation scheme was implemented 
where data from 178 subjects were used for training to 
build a classifier model which was then evaluated on the 
179th subject. Since the tumor in each subject is repre-
sented by multiple images, the classifier was first used to 
generate fuzzy probabilities for each image as belonging 
ONC or ccRCC classes. These fuzzy probabilities were 
thresholded at 50% to determine the classified label for 
each image. An unweighted voting scheme using the labels 
of these individual images determined the final tumor clas-
sification for that subject (ccRCC = positive, ONC = nega-
tive). This process was repeated 179 times in order to get 
a distribution of classifier performance metrics. The final 
classification task was implemented using in-house soft-
ware developed with Python 3.7.

Statistical analysis

Statistical analysis was performed using statistical soft-
ware (MedCalc, version 18, MedCalc Software). Accu-
racy, sensitivity, specificity, positive (PPV) and negative 
predictive (NPV) values, and CIs were calculated. The CIs 
for accuracy, sensitivity, and specificity are exact Clop-
per–Pearson CIs. The CIs for the PPV and NPV are calcu-
lated using the log method. All CIs are expressed at 95%.

Results

Patient and lesion characteristics

We analyzed 179 consecutive patients with 179 lesions 
(128 ccRCC and 51 ONC). Table 2 describes the clinico-
pathologic characteristics of the entire cohort. The mean 
patient age was 64 years (range 22–91). The majority 
of the patients with ccRCC had a T1 (78%) lesion with 
a mean size of 3.8 cm (range 0.8–14.6 cm). The mean 
lesion size for patients with an ONC was 3.9 cm (range 
1.0–13.1 cm) with no significant differences in lesion size 
between the two cohorts. For all patients, the mean time 
from pre-operative CT to surgery or biopsy was 68 days 
(range, 0–865 days). Histopathology was diagnosed in 58 
(32%) lesions from 20-gauge percutaneous core biopsy, 77 
(43%) lesions from partial nephrectomy, 26 (15%) lesions 
from total nephrectomy, and 18 (10%) lesions from radical 
nephrectomy (Table 2).

Diagnostic performance metrics

When we compared the single mid-slice of the tumor in 
the axial, coronal, and sagittal plane submitted as a single 
image to the final layer of TensorFlow™ in the CM, NP and 
EX phases (processing modes ACM1, ANM1, and AEM1, 
respectively), we found a similar accuracy, sensitivity, and 
NPV among the three methods. The highest specificity and 
PPV (52.9% and 80.3%, respectively) were achieved in the 
EX phase (processing mode AEM1) (Table 3).

When we increased the number of mid-slices of the 
tumor to three, and encoded them as a RGB JPG image 
submitted to the final layer of TensorFlow™ in the CM, 
NP and EX phases (processing modes ACM3, ANM3, 
and AEM3, respectively), we found the highest classifica-
tion accuracy was also in the EX phase, with an accuracy 
of 75.4%. Using the AEM3 mode in the EX phase also 
increased the sensitivity to 88.3% and the PPV to 79.6%. 
The specificity ranged from 39.2% to 45.1% using triplet 
images, and the highest NPV achieved was 59.5% in the 
EX phase with the AEM3 mode. (Table 3).

Using the entire tumor volume (processing modes ZC, 
ZN, ZE) in the axial plane also showed that classification 
performance was best in the EX phase with an accuracy 
of 74.4%, a sensitivity of 85.8% and a PPV of 80.1%. 
However, the specificity (44.9%) and NPV (55.0%) did 
not show any improvement with this method in this phase. 
Using this whole volume approach showed limited classi-
fication improvement in the CM and NP phases (Table 3).

The highest PPV (82.5%) was obtained using three mid-
slices of the axial, sagittal and coronal plane in the UN, 
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Table 2   Patient and lesion 
characteristics

Data in parenthesis are the percentage unless otherwise noted
RCC​ renal cell carcinoma, MDCT multidetector computed tomography
*Data in parentheses are the range

Characteristic All lesions (n = 179) Clear cell RCC (n = 128) Oncocytoma (n = 51)

Gender
 Male 115 (64) 80 (63) 35 (69)
 Female 64 (36) 48 (37) 16 (31)

Mean age (years)* 66 (22–91) 62 (22–91) 69 (38–87)
Method of specimen acquisition
 Biopsy 58 (32) 33 (26) 25 (49)
 Partial nephrectomy 77 (43) 56 (44) 21 (41)
 Total nephrectomy 26 (15) 22 (17) 4 (8)
 Radical nephrectomy 18 (10) 17 (13) 1 (2)

Mean time From pre-operative 
MDCT to biopsy or surgery 
(days)*

68 (0–865) 75 (0–756) 61 (0–865)

Laterality of tumor
 Left 94 (53) 68 (53) 26 (51)
 Right 85 (47) 60 (47) 25 (49)

Mean lesion size (cm)* 3.9 (0.8–14.6) 3.8 (0.8–14.6) 3.9 (1.0–13.1)
Pathologic tumor stage
 T1a – 73 (57) –
 T1b – 27 (21) –
 T2 – 6 (5) –
 T3 – 22 (17) –
 T4 – 0 (0) –

Table 3   Performance of a deep learning classifier of clear cell RCC and oncocytoma using the Google TensorFlow™ Inception framework

RCC​ renal cell carcinoma, PPV positive predictive value, NPV  negative predictive value

Processing mode Accuracy (95% CI) Sensitivity (95% CI) Specificity (95% CI) PPV (95% CI) NPV (95% CI)

Single mid-slice
 ACM1 64.8% (57.3–71.8%) 77.3% (69.1–84.3%) 33.3% (20.8–47.9%) 74.4% (70.1–78.3%) 37.0% (26.2–49.2%)
 ANM1 60.9% (53.3–68.1%) 71.9% (63.3–79.5%) 33.3% (20.8–47.9%) 73.0% (68.4–77.2%) 32.1% (22.7–43.2%)
 AEM1 69.8% (62.5–76.5%) 76.6% (68.3–83.6%) 52.9% (38.5–67.1%) 80.3% (75.0–84.7%) 47.4% (37.5–57.5%)

Three mid-slice
 ACM3 69.3% (62.0–75.9%) 78.9% (70.8–85.6%) 45.1% (31.3–59.7%) 78.3% (73.5–82.5%) 46.0% (35.2–57.2%)
 ANM3 69.8% (62.5–76.5%) 82.0% (74.3–88.3%) 39.2% (25.8–53.9%) 77.2% (72.8–81.1%) 46.5% (34.5–59.0%)
 AEM3 75.4% (68.4–81.5%) 88.3% (81.4–93.3%) 43.1% (29.4–57.8%) 79.6% (75.3–83.3%) 59.5% (45.3–71.2%)

Whole tumor volume
 ZC 69.5% (62.1–76.3%) 79.4% (71.3–86.1%) 43.8% (29.5–58.8%) 78.7% (74.0–82.8%) 44.7% (33.6–56.4%)
 ZN 71.6% (64.3–78.1%) 84.3% (76.7–90.1%) 38.8% (25.2–53.8%) 78.1% (73.8–81.7%) 48.7% (35.8–61.9%)
 ZE 74.4% (67.2–80.7%) 85.8% (78.5–91.4%) 44.9% (30.7–59.8%) 80.1% (75.6–84.0%) 55.0% (41.9–67.5%)

Tiled (all axes and all phases)
 ATM3 72.6% (65.5–79.0%) 82.8%(75.1–88.9%) 47.1% (32.9–61.5%) 79.7% (75.0–83.7%) 52.2% (40.3–63.8%)

Combined modes
 ATM3 + ZC 69.8% (62.5–76.5%) 73.4% (64.9–80.9%) 60.8% (46.1–74.2%) 82.5% (76.7–87.0%) 47.7% (38.8–56.7%)
 ATM3 + ZN 76.0% (69.0% -82.0%) 85.2% (77.8–90.8%) 52.9% (38.5–67.1%) 82.0%(77.1– 86.0%) 58.7% (46.6–69.9%)
 AEM3 + ZE 74.3% (67.3–80.5%) 82.0% (74.3–88.3%) 54.9% (40.3–68.9%) 82.0% (76.9–86.2%) 54.9% (43.8–65.5%)
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CM, NP, and EX phases combined with the full volume the 
CM phase and submitted to TensorFlow’s final layer of the 
neural network as a set of 12 RGB tiled images to repre-
sent the tumor (processing mode ATM3 + ZC. Using this 
approach, the accuracy, sensitivity, specificity, and NPV 
remained similar to the other twelve methods (Table 3).

Discussion

Although MDCT is most commonly used for detection, vis-
ual characterization, and clinical staging of renal masses, 
there remains a need for a non-invasive risk stratification, 
particularly in challenging diagnostic cases that involve 
discrimination between the variably aggressive ccRCC, 
and benign ONC [43]. A multivariate diagnostic approach 
including a radiomics machine learning-based analysis and 
tumor biopsy, could improve confidence in the visual char-
acterization to enable more appropriate triage. This model 
has shown promise in renal tumor classification and grading 
[16, 43, 44]. Whether it can assist the accurate differentiation 
of ccRCC from ONC on routine CT images has not yet been 
fully elucidated.

In this pilot study, we demonstrated that TensorFlow™ 
Inception shows promise as a machine learning classifier to 
triage malignant ccRCC lesions from ONC, as it achieved 
a high PPV of 82.5%, when the entire tumor volume, plus 
mid-slices from all phases and all planes presented as tiled 
images, were submitted to the final layer of the neural net-
work. An advantage of using TensorFlow™ Inception is the 
ability to preprocess images to elucidate as much informa-
tion as possible in order to capture the inherent radiomic and 
biologic heterogeneity of ccRCC [17, 21]. The study cohort 
has previously been reported on three prior studies [29, 30, 
35] which investigated the ability of two experienced radi-
ologists to distinguish ccRCC from ONC based on quali-
tative and quantitative enhancement features. Our current 
study had comparable, and in some instances higher, results 
with regards to improving the accuracy, sensitivity and PPV 
in distinguishing ccRCC from ONC. However, in the prior 
work, two experienced radiologists had a higher NPV and 
specificity indicating they were able to correctly classify an 
ONC more frequently than our current deep learning clas-
sifier. These results may due to our sample size and if we 
included more subjects to power the deep learning study, we 
could improve upon the NPV and specificity. It may also be 
due, in part, to the experience of the radiologists practicing 
at our institution which is a large tertiary referral center. 
Further investigation is needed with a larger sample size for 
the deep learning classifier in comparison to radiologists of 
varying level of experience to determine how to definitively 
improve upon classifying ONC.

Previous studies have investigated several quantitative 
methods on imaging, including enhancement thresholds 
and texture features in individual post-contrast phases in an 
attempt to improve diagnostic accuracy in distinguishing 
ccRCC from ONC [19–35]. When we investigated each indi-
vidual post-contrast phase, we found the best classification 
result was obtained in the EX phase with processing mode 
AEM3, where the three mid-slices of the tumor in the axial, 
coronal, and sagittal planes were submitted to the final layer 
of the neural network, with an accuracy of 75.4% and a sen-
sitivity of 88.3%. This was similar to prior work [30, 34, 35, 
43] that has shown improved differentiation of ccRCC from 
ONC using enhancement and texture features quantified in 
the EX phase on MDCT, likely due to the differences in the 
cellularity and stroma between these two tumor types [5]. 
However our study also demonstrated further investigation 
is needed to improve ONC classification, as the NPV ranged 
from 32.1 to 59.5% and the specificity ranged from 33.3 to 
60.8% among the thirteen processing modes analyzed.

To our knowledge, our study is the first to investigate 
the use of TensorFlow™ Inception to discriminate ccRCC 
from ONC on multiphasic CT. A limited number of stud-
ies have attempted machine learning applied to texture fea-
ture analysis to differentiate ONC from other tumor types. 
Yu et al. [26] and Raman et al. [45] found that the use of 
machine learning further improved upon the area under the 
curve (AUC) achieved with individual texture features. Both 
of these studies used the AUC as an indicator of classifier 
performance, but considering their limited data set and class 
imbalance, AUC is not the best metric to determine the diag-
nostic utility of a machine learning classifier [43, 46].

Our study had some limitations. First, we only reported 
on the utility of these methods in discriminating ccRCC from 
ONC. However, distinguishing between these two most com-
monly encountered lesions is likely most clinical impactful, 
as these are the most difficult to differentiate in routine clini-
cal practice, and 15–20% of patients who undergo surgical 
intervention end up having a benign ONC [6, 44]. Second, 
one shortcoming of TensorFlow™ Inception is that although 
it is a pre-trained model, the ImageNet database which it was 
previously trained on is not restricted to medical images. It is 
possible that having a TensorFlow™ based neural network 
trained with only medical images could improve the classi-
fication performance. However, this involves building a sig-
nificantly larger database of medical images, an activity that 
is currently underway at our institution. Third, TensorFlow™ 
Inception currently supports analysis of single images and not 
volumetric data. By analyzing the largest tumor diameter in 
each phase in the axial, coronal and sagittal planes, as well as 
adjacent slices, submitting the entire tumor volume as indi-
vidual images, and investigating a tiled approach, we were 
able to characterize the tumor using a greater volume while 
maintaining the constraint of using 2D images to represent the 
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tumor. Fourth, approximately a third of the patients included 
in our study had their histological diagnosis obtained from 
percutaneous core biopsy. While biopsy has become a stand-
ard of care at our institution to diagnose renal tumors, and 
the specimens are reviewed by a genitourinary subspecialty 
pathologist, this may be a limitation due to the heterogene-
ity of the tumor type. Fifth, although the classes are unbal-
anced, they are comparable to those in previous investigations 
[18–34] and incidence of disease in the population [1, 47]. 
Our dataset was further limited because we only chose those 
patients with a dedicated four-phase renal mass protocol, how-
ever this reduced the variability inherent in different scanning 
protocols and CT scanners. Additionally, we used 90% of the 
data as a designated training dataset, and the remaining 10% 
served as the validation dataset to prevent any over-fitting and 
maximize the generalizability of the model.

As previous work has shown, evaluating individual param-
eters in isolation is not always useful in the differentiation of 
ccRCC from ONC [3, 21, 34, 45]. Our proof of concept study 
is the first step towards understanding the utility of machine 
learning. The ability to submit DICOM and/or 3D images to 
TensorFlow™ for implementing convolutional neural net-
works will be an exciting next step for machine learning in 
radiology as this is an open-source platform. Further investiga-
tion in a large prospective cohort is needed to further validate 
this measure and improve diagnostic accuracy in differentiat-
ing ccRCC from ONC on routine CT images. We hope this 
could lead to future investigation into the development of a 
multivariate machine learning model which may augment our 
ability to accurately predict common lesion histology on imag-
ing. This may also entail correlating machine learning results 
with genomic data, and incorporation of these results into a 
nomogram to predict disease specific survival. Given that the 
genotype of a tumor is likely to influence its phenotype, which 
can manifest as differences in appearance on imaging, we hope 
these phenotypes can be further elucidated with machine 
learning to assist the clinician in triaging patients with a renal 
mass to the appropriate therapeutic pathway.
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