
Kidney Cancer Diagnosis Using Deep Learning
Andrew Cheng1 , Michael Icaza2 , Nicholas Judd2 , Jason Smith3 , Sushmita Mukherjee4 , Manu Jain5 , Binlin Wu2

1Department of Computer Science, Rutgers University-New Brunswick, Piscataway, NJ. 2Physics Department and CSCU Center for Nanotechnology, Southern Connecticut State University, New Haven, CT. 
3Department of Biomedical Engineering, Rensselaer Polytechnic Institute, Troy, NY. 4Departments of Biochemistry, Weill Cornell Medical College, New York, NY. 

5Department of Dermatology, Memorial Sloan Kettering Cancer Centre, New York, NY. 

ABSTRACT

J. Deng, W. Dong, R. Socher, L. Li, K. Li, L. Fei-Fei, “ImageNet: A large-scale hierarchical image database,” 2009 IEEE Conference on 

Computer Vision and Pattern Recognition (CVPR). 248-255 (2009).

K. He, X. Zhang, S. Ren, J. Sun, “Deep Residual Learning for Image Recognition,” 2016 IEEE Conference on Computer Vision and Pattern 

Recognition (CVPR). 770-778 (2016).

G. Huang, Z. Liu, K.Q. Weinberger, “Densely Connected Convolutional Networks,” 2017 IEEE Conference on Computer Vision and Pattern 

Recognition (CVPR). 2261-2269 (2017).

M. Icaza , N. Judd, M. Jain, S. Mukherjee, B. Wu , “Distinguish chromophobe renal cell carcinoma and renal oncocytoma based on analysis of 

multiphoton microscopic images using convolutional neural network,” Proc. SPIE 10873, 1087315 (2019).

M. Jain, B. D. Robinson, B. Wu , F. Khani, S. Mukherjee, “Exploring Multiphoton Microscopy as a Novel Tool to Differentiate Chromophobe   

Renal Cell Carcinoma From Oncocytoma in Fixed Tissue Sections,” Arch Pathol Lab Med. 142, 383-390  (2018).

N. Judd, J. Smith, M. Jain, S. Mukherjee, M. Icaza, R. Gallagher, R. Szeligowski, B. Wu, “A pilot study for distinguishing chromophobe renal cell 

carcinoma and oncocytoma using second harmonic generation imaging and convolutional neural network analysis of collagen fibrillar  

structure,” Proc. SPIE 10489, 1048919 (2018).

C. Szegedy, W. Liu, Y. Jia, P. Sermanet, S. E. Reed, D. Anguelov, D. Erhan, V. Vanhoucke, A. Rabinovich, “Going deeper with convolutions,” 

2015 IEEE CVPR, 1-9 (2015).

DISCUSSION
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In this study, we trained a convolutional neural network 

(CNN) utilizing a mix of recent CNN architectural design 

strategies, including the Inception module (Szegedy et. al), 

skip connections (He et. al), and transfer learning. Our 

goals were to leverage these modern techniques to 

improve the binary classification of kidney tumor images, 

which were collected from formalin-fixed paraffin-

embedded tissue sections after de-paraffinization and 

imaged using Multi-Photon Microscopy (MPM). We 

demonstrate that incorporating these newer model design 

elements, coupled with channel-wise standardization and 

data augmentation, leads to significantly increased 

classification performance over the state-of-the-art. Our 

best model averages over 92% sensitivity, specificity, 

accuracy, and area under the receiver operating 

characteristic curve (AUROC) in image-level classification 

across all cross-validation folds.

METHODS

AUROC Accuracy Sensitivity Specificity PPV NPV

0.9684 0.9370 0.9254 0.9283 0.9310 0.9408
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Fig. 1: Sample of random 

augmentations used to transform 

raw images for training. A provides 

a level of regularization. 

Transformations allow the model to 

be rotation-invariant and robust to 

slight deviations in input images.
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Fig. 2: Overview of model layers and overall 

architecture. (S) indicates stride of 2. Blue 

refers to convolution layers. The transfer layer 

was the first 7x7 convolution layer of 

DenseNet (Huang et. al) using weights trained 

on ImageNet (Deng et. al).

Fig. 3: Visualization of the regions prioritized by our model to classify 

given chRCC images A & D. Greyscale class activation heatmaps 

(CAM) B & E are transformed into RGB images and overlayed onto A & 

F, respectively. Red shaded areas in C & F represent the regions of the 

overlayed CAM that are most important during inference. Manually 

drawn orange circles in C & F highlight key autofluorescent 

intracytoplasmic granules that are detected by our model. Red areas in 

C show tissue edges that are detected.

CONCLUSION

Fig. 5: Sample grayscale visualizations for the last convolutional layer, 

detailing features picked up by the convolutional kernels of our model. A 

shows low-level features, such as vertical and horizontal edges, while B 

contains high-level patterns that resemble morphological tissue structures.

Fig. 4: Heatmap of model performance by metric for each fold. 

Scores that are higher are represented by a darker shade of blue. 

Each validation fold is composed of the images of two patients, one 

with chRCC and the other with oncocytoma.

Table 1: Summary of average model performance across cross validation folds. 

PPV and NPV refer to positive and negative predictive value, respectively.

Our changes successfully improve the binary 

classification of chRCC and oncocytoma, achieving 

state-of-the-art performance in all measured metrics 

(Table 1) compared to previous studies (Icaza et. al, Jain 

et. al, Judd et. al). Performance is relatively consistent 

for each validation fold, with a lower bound of around 

70% in the worst case (Fig. 4). Furthermore, our model 

can correctly identify and utilize AIG (Fig. 3), an MPM-

specific signature used by uropathologists in a previous 

blinded histopathology study (Jain et. al), to arrive at a 

correct classification of chRCC. Our model is also able to 

detect morphological patterns (Fig. 3, Fig. 5B), which are 

important for diagnosis (Jain et. al). 

• This study was severely limited by the small number of real 

images (~400).

• Future studies may choose to obtain more training data and 

leverage more resources to produce a deployable model that 

overfits less and generalizes better to new data.

• Patient-level classification using this model can be pursued
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