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Abstract

Background: Renal cell carcinoma (RCC) is a common cancer that varies in clinical behavior.
Clear cell RCC (ccRCC) is the most common RCC subtype, with both aggressive and indolent
manifestations. Indolent ccRCC is often low-grade without necrosis and can be CHmonitored
without treatment. Aggressive ccRCC is often high-grade and can cause metastasis and death if
not promptly detected and treated. While most RCCs are detected on computed tomography (CT)
scans, aggressiveness classification is based on pathology images acquired from invasive biopsy or
surgery.

Purpose: CT imaging-based aggressiveness classification would be an important clinical
advance, as it would facilitate non-invasive risk stratification and treatment planning. Here,
we present a novel machine learning method, Correlated Feature Aggregation By Region
(CorrFABR), for CT-based aggressiveness classification of ccRCC.

Methods: CorrFABR is a multimodal fusion algorithm that learns from radiology and pathology
images,and clinical variables in a clinically-relevant manner.CorrFABR leverages registration-
independent radiology (CT) and pathology image correlations using features from vision
transformer-based foundation models to facilitate aggressiveness assessment on CT images.
CorrFABR consists of three main steps: (a) Feature aggregation where region-level features are
extracted from radiology and pathology images at widely varying image resolutions, (b) Fusion
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where radiology features correlated with pathology features (pathology-informed CT biomarkers)
are learned, and (c) Classification where the learned pathology-informed CT biomarkers, together
with clinical variables of tumor diameter,gender,and age,are used to distinguish aggressive

from indolent ccRCC using multi-layer perceptron-based classifiers. Pathology images are

only required in the first two steps of CorrFABR, and are not required in the prediction
module.Therefore,CorrFABR integrates information from CT images, pathology images, and
clinical variables during training, but for inference, it relies solely on CT images and clinical
variables, ensuring its clinical applicability. CorrFABR was trained with heterogenous, publicly-
available data from 298 ccRCC tumors (136 indolent tumors,162 aggressive tumors) in a five-fold
cross-validation setup and evaluated on an independent test set of 74 tumors with a balanced
distribution of aggressive and indolent tumors. Ablation studies were performed to test the utility
of each component of CorrFABR.

Results: CorrFABR outperformed the other classification methods, achieving an ROC-AUC
(area under the curve) of 0.855 £ 0.0005 (95% confidence interval: 0.775, 0.947), F1-score of
0.793 = 0.029, sensitivity of 0.741 £ 0.058, and specificity of 0.876 + 0.032 in classifying ccRCC
as aggressive or indolent subtypes. It was found that pathology-informed CT biomarkers learned
through registration-independent correlation learning improves classification performance over
using CT features alone,irrespective of the kind of features or the classification model used. Tumor
diameter, gender, and age provide complementary clinical information,and integrating pathology-
informed CT biomarkers with these clinical variables further improves performance.

Conclusion: CorrFABR provides a novel method for CT-based aggressiveness classification of
ccRCC by enabling the identification of pathology-informed CT biomarkers, and integrating them
with clinical variables. CorrFABR enables learning of these pathology-informed CT biomarkers
through a novel registration-independent correlation learning module that considers unaligned
radiology and pathology images at widely varying image resolutions.

Keywords

clear cell renal cell carcinoma; correlated feature learning; deep learning; machine learning;
multimodal fusion; radiology-pathology fusion

INTRODUCTION

In 2022, there were nearly 450 000 new kidney cancer cases diagnosed,and over 150

000 reported deaths world-wide.! Out of these, 90%-95% are estimated to be renal cell
carcinoma (RCC).2 Increased utilization of abdominal imaging has led to greatly increased
detection of incidental renal masses.3# Radiological imaging, such as computed tomography
(CT), plays a vital role in risk assessment and treatment planning for these renal masses, by
distinguishing benign masses from RCC, and by characterizing the aggressiveness of RCC.?

Clear cell RCC (ccRCC) is the most common subtype (~ 75%), accountable for the majority
of RCC deaths.® ccRCC is asymptomatic in early stages, and 25%-30% of patients have
ccRCCs that have metastasized at the time of diagnosis.”:8 The prognosis of ccRCC depends
on the aggressiveness of the mass, with higher tumor grade and the presence of necrosis
being correlated with worse clinical outcomes.?-11
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Clinical assessment of the aggressiveness of ccCRCC based on tumor grade and necrosis is
conducted using pathology images of tissue collected via biopsy or surgery. These invasive
procedures are often associated with adverse side effects of bleeding, pain, and infection.
Making this aggressiveness assessment on non-invasive radiology images can help decide
the optimum management strategy, and prevent overtreatment and adverse side effects

in patients with indolent disease.”-1213 However, radiology imaging-based aggressiveness
classification of ccRCC is challenging due to the subtle and overlapping radiology features
of the two classes (indolent and aggressive).1*1> Tumor size is one such example, where
larger tumors can indicate a more aggressive subtype,but it is not a conclusive feature for
classification,12.16

Prior machine-learning based image-analysis methods for kidney tumors focused

on differentiating between malignant or benign masses,17-19 classifying histological
subtypes,20-23 or distinguishing between low- and high-grade ccRCC.24-34 In this study, we
extend the definition of aggressiveness to include both tumor grade and presence of necrosis,
as prior studies show that both of these measures have prognostic value in predicting
disease-specific progression-free survival.1>35 No prior study attempted to classify ccRCC
using CT images as aggressive or indolent using machine learning, based on both tumor
grade and necrosis observed on pathology images.Moreover,most prior machine learning
studies used radiology images in a vacuum while classifying kidney masses. Only one

study considered complementary pathology images and genetic data in addition to radiology
images for prognosis prediction in ccRCC.3¢ The study showed that the multi-domain
approach has the best performance, suggesting the benefit of complementary multimodal
data fusion.Yet,the requirement for all three modalities during inference limits the clinical
relevance of this approach, since neither histological nor genetic data are available in the
pre-operative setting.

Methods incorporating pathology image information during model training, but not
requiring it during inference, have been described for prostate cancer,37:38 but to our
knowledge have not been developed for kidney cancer. The radiology-pathology fusion
approach developed for the prostate, Correlated Signature Network for Aggressive and
Indolent Cancer Detection (CorrSigNIA), can detect and differentiate between indolent
and aggressive prostate cancer on magnetic resonance imaging (MRI).38 CorrSigNIA
emphasizes disease pathology characteristics on MR images by learning MRI features that
are correlated with pathology features on a perpixel level. The method relies on registered
(spatially aligned) MRI and pathology images for creating these pathology-correlated
radiology image biomarkers. The study showed that including pathology-correlated MRI
biomarkers improved the performance of MRI-based prostate cancer detection.

However, several factors limit the applicability of CorrSigNIA to most multimodal clinical
datasets, including our task of aggressiveness classification of ccRCC. The foremost of these
limiting factors is CorrSigNIA’s dependence on spatially aligned radiology and pathology
images. Most clinical radiology-pathology datasets are unaligned, and radiology-pathology
image registration is challenging and often impossible in most clinical scenarios. For
instance, most pathology data is collected via biopsy,where the spatial location of the

biopsy needle is not tracked or stored. Moreover, pathology samples collected from surgery
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are either too soft or lack spatial information about their location in the body, making it
impossible to reliably and accurately match them to the preoperative radiology images. The
second limiting factor of CorrSigNIA is that it severely downsamples the pathology images
for learning pixel-level correlations between registered radiology and pathology images.
Radiology and pathology images vary widely in image resolutions, and such downsampling
of pathology images may lead to the loss of valuable information. Third,CorrSigNIA also
leverages rich pixel-level annotations of aggressive and indolent cancer on both radiology
and pathology images. Such pixel-level annotations on both radiology and pathology images
require specialized clinical expertise, and extensive labor and time, and is difficult to obtain
for most clinical scenarios.

Our dataset of classifying ccRCC into aggressive and indolent subtypes consists of spatially
unaligned radiology and diagnostic pathology images at widely varying image resolutions,
and without pixel-level cancer annotations. As such, CorrSigNIA cannot be applied to

this dataset as an approach for radiology-pathology image fusion and necessitates the
development of registration-independent multimodal image-fusion methods.

To integrate radiology and pathology image information in a clinically relevant way,

we developed a registration-independent multimodal image fusion approach, CorrFABR.
CorrFABR leverages recent advances in foundation model development with common
representation learning to identify pathology-informed radiology biomarkers for kidney
cancer. Radiology CT features are extracted from the pre-trained vision transformer-based
foundation model, DinoV23? that has demonstrated excellent performance in several
computer vision tasks. The recent vision-language pathology foundation model CONCH
(CONirastive learning from Captions for Histopathology)*? is used to select representative
cancer patches from pathology whole slide images (WSI) using zero-shot classification, in
the absence of expert pathologist annotations. CorrFABR also uses CONCH as a pathology
feature encoder. After feature extraction, CorrFABR uses registration-independent common
representation learning to learn pathology-informed CT biomarkers (i.e., CT features that are
maximally correlated with pathology features). These pathology-informed CT biomarkers
are then used in combination with clinical variables of tumor diameter, gender, and age to
classify ccRCC tumors as aggressive or indolent. The motivation of incorporating tumor
diameter as an additional feature is supported by prior studies,1218 which show a correlation
between tumor diameter and aggressiveness. Age and sex are risk factors for developing
RCC, with men experiencing higher morbidity rates than women.*1 CorrFABR does not
require spatial alignment between radiology and pathology images, does not require cancer
annotations on the pathology WSI, and does not require pathology images during inference,
allowing its use to guide biopsy procedures or facilitate treatment planning.

Using multi-institution public data without spatial correspondences, CorrFABR was trained
and evaluated on cohorts from the 2021 Kidney Tumor Segmentation Challenge2 and

The Cancer Imaging Archive (TCIA).#3 The main contributions of this paper, which are
encompassed by the proposed CorrFABR method, can be summarized as:

1. Development of a novel ‘Feature Aggregation by Region” module that (a)
leverages foundation models to extract radiology and pathology features,
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(b) identifies pathology-informed radiology biomarkers through registration-
independent correlated feature learning using these foundation model-derived
features, and (c) enables integration of spatially unaligned radiology and
pathology images with widely different image resolutions.

2. Development of a novel non-invasive method to classify ccRCC into indolent or
aggressive subtypes using a clinically relevant multimodal (radiology, pathology,
clinical variables) fusion approach.

We posit that our proposed CorrFABR method can be widely applicable for

selecting radiology cancer biomarkers through registration-independent radiology-pathology
correlation learning, and can be useful in other cancer classification/segmentation tasks as
well beyond this specific ccRCC classification task.

2| MATERIALS AND METHODS
2.1| Dataset

We used publicly available data from the 2021 Kidney and Kidney Tumor Segmentation
Challenge (KiTS21) and TCIA: The Cancer Genome Atlas Kidney Renal Clear Cell
Carcinoma Collection (TCGA-KIRC). All patients included in this study had confirmed
ccRCC, underwent contrast-enhanced CT scans, and, in the case of TCGA-KIRC, had
corresponding diagnostic pathology images from partial or radical nephrectomy. This
resulted in 203 patients with CT from the KiTS21 dataset,2 and 169 patients with CT

and pathology from the TCGA-KIRC cohort** (Table 1). The mean tumor diameter was
5.01 + 3.11 cm for KiTS21 and 5.83 + 2.89 cm for TCGA-KIRC (Table 2). Figure 1 shows
example data from a sample patient.

Labels and annotations: The KiTS21 data included manually segmented regions

of the kidneys and tumors. For the TCGA-KIRC data, no manual segmentations

were available.Automatic segmentations of the kidneys and tumors were extracted on

CT using the previously validated and pre-trained Medical Image Segmentation with
Convolutional Neural Networks model.#> These segmentations were visually inspected for
quality assurance. On pathology data, tissue was segmented from background using Otsu
thresholding.*® Since the pathology WSI did not have any pathologist annotations of cancer
regions, an expert pathologist at our institution outlined the extent of cancer on 20 randomly
selected cases (10 aggressive, 10 indolent) to enable assessment of the foundation model
CONCH?# for cancer patch selection. These annotations were only used for assessment of
the quality of patch selection using CONCH, and were not used during data selection or
model training.

Each tumor was labeled as either indolent or aggressive using the pathology reports.
Aggressive tumors were defined as having necrosis or a high tumor grade of 3 or

4 (Fuhrman grade?*’ or International Society of Urological pathology [ISUP] gradell).
Indolent tumors were defined as those with low tumor grade (1-2) without necrosis.18
Tumor grade and necrosis were both included in the definition of aggressiveness since both
are considered important prognostic markers for ccRCC.3%47-49 Qut of the total 372 tumors,
199 were labeled as aggressive. Of these, 19 low-grade (grade 2) cases had the presence
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of necrosis (Table 3) and were thus considered aggressive despite being low tumor grade.
While ccRCC tumors may be heterogenous, with both low- and high-grade areas, the lack of
pixel-wise annotations restricted labels with finer granularity.

Pre-processing: All CT volumes were cropped using a three-dimensional bounding box
extracted from the lesion segmentations and resized to an in-plane dimension of 224 x 224
pixels. The motivation of resizing all tumors to the same in-plane dimension was to enable
extraction of similar CT imaging features for all cases, irrespective of the tumor size. This
makes the tumor diameter a complementary clinical feature, and the predictive value of both
the imaging features and the tumor diameter could be assessed independently. Due to the
variability of stain color in the public data, the pathology images were stain normalized.>°

2.2 | Developing CorrFABR

The overarching goal of this study is to classify ccRCC tumors into aggressive or indolent
based on tumor grade and necrosis. In order to enable this non-invasive classification

from CT scans, this study presents a method for incorporating disease characteristics

from pathology images into the radiology domain without requiring spatial alignment
between the two domains. CorrFABR also enables integration of clinical variables of tumor
diameter, gender, and age to the classification module. An overview of the proposed method,
CorrFABR, is shown in Figure 2, which consists of three steps:

1. Feature extraction and aggregation from radiology CT and pathology images

2. Fusion to learn pathology-informed CT biomarkers, that is, a combination of
CT features that are maximally correlated with pathology features (denoted as
CorrFeat)

3. Classification of ccRCC tumors as aggressive or indolent using these learned

pathology-informed CT biomarkers and clinical variables (tumor diameter,
gender, age).

During training, unaligned radiology, and pathology images originating from the same
patient are used in Step 1 (Feature aggregation) and Step 2 (Fusion). For training of the
model in the Step 3 (Classification), as well as during inference, pathology images are not
needed. Therefore, the model only relies on pathology image data during the training phase
(steps a and b), and never during inference. Each step of the method is described below.

2.2.1| Input data—During training, for each patient, image data from the radiology
and pathology domains are used.Each slice in the CT volume containing the kidney mass
and the corresponding pathology WSI are used as inputs to step a, feature extraction and
aggregation.

2.2.2| CorrFABR steps

Step (a): Feature extraction and aggregation: To enable learning correlated features from
unregistered radiology and pathology images with widely varying image resolutions, we
propose a region-level feature extraction and aggregation module. In contrast to pixel-level
correlation learning used in CorrSigNIA,38 region-level correlation learning extracts and
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aggregates features from “regions” denoting corresponding areas in the two modalities with
similar tissue composition (e.g., aggressive ccRCC). The region in one modality does not
need to be spatially aligned to the region in the other modality, but both regions need to
represent tissue of similar composition. For example, the kidney tumor on the CT image,
and the cancer patches from the WSI of pathology acquired from the partial or complete
surgical removal of the tumor, and used diagnostically to classify this tumor as aggressive or
indolent ccRCC, can be considered as corresponding regions of similar tissue composition
in the two modalities. Since the kidney pathology dataset does not contain pixel-level
annotations of normal tissue and cancerous tissue or pixel-level annotations of aggressive
and indolent ccRCC, we used a vision-language pathology foundation model CONCH#0

in a zero-shot classification framework to select cancer patches from the WSI. CONCH

was trained with a diverse dataset of 1.17 million histopathology images and corresponding
images captions using contrastive learning from captions in a task-agnostic way. CONCH
generates pathology image features that achieve state-of-the-art performance in diverse
downstream tasks on 14 diverse datasets. Since CONCH was not trained with publicly
available histopathology images, the risk of data contamination on the TCGA-KIRC dataset
used in this study is minimal. In particular, in the published study, CONCH was evaluated
on the TCGA RCC dataset for zero-shot classification of RCC subtypes, and demonstrated
excellent performance in that classification, supporting its utility in this study.

The region-based approach is in contrast to the CorrSigNIA study where very rich pixel-
level annotations for the entire prostate were available in both modalities in addition

to spatial alignment, enabling pixel-level correlation learning. Our proposed region-level
correlation learning would be appropriate for most medical datasets with unaligned
multimodal images at varying image resolutions, and without pixel-level annotations on
both modalities.

Selecting matched ““regions” in radiology and pathology images: Only one whole-slide
pathology image was available per patient. The pathology images contain the diagnostic
slice obtained from the surgical removal of either a portion or the complete kidney mass.
Pathology patches of 224 x 224 pixels were extracted from the tissue regions of the

WSI, after stain normalization and background segmentation using Otsu thresholding. Each
patch was then subjected to a zero-shot classification with CONCH using text prompts
asking for the patch to be classified as either “cancer” and “normal tissue”. A CONCH-
predicted normalized cancer similarity score of 0.9 was used to select representative cancer
patches from the WSI.This threshold of the predicted normalized cancer similarity score
was decided based on ablation studies comparing CONCH performance with an expert
pathologist (see Section 3.1.1).The number of patches per WSI depends on the width and
height of the WSI, and the number of cancer patches selected by CONCH.

For CT, the regions were selected as the outlined tumor area. However, only slices with

at least 5% of its area containing the tumor were considered. This resulted in excluding

slices at the very beginning and the end of the 3D tumor volume with very small tumor
CONCH

area compared with the external regions outside the tumor. If Np; are the number of
CONCH-selected cancer patches for case j, then the kidney tumor on CT and the N p{°¥"

Med Phys. Author manuscript; available in PMC 2025 January 06.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Bhattacharya et al.

Page 8

patches from the diagnostic pathology slice were considered as matched “regions”with
similar tissue composition.

Feature extraction and aggregation for radiology images: The pre-trained vision
transformer-based foundation model DinoV239 was used to extract CT imaging features on
a slice-level.DinoV2 was trained on 142 million natural images in a self-supervised learning
setup, without any labels or annotations. Prior studies show that DinoV2 generates robust
visual features that can be used for a large variety of computer vision tasks.3°

Feature extraction and aggregation for pathology images: For pathology images,
features were extracted from the Aigh-resimages (pixel sizes of 0.008 — 0.032 mm/pixel)
in a patch-wise manner, with a patch size of 224 x 224 pixels,and patches selected via
CONCHA as described above. CONCH was also used as the pathology feature encoder.

Generating paired radiology and pathology input vectors for training the fusion
module: Figure 3 illustrates how the input vectors with matched radiology and pathology
representations were generated to allow training of the step (b), fusion, of the CorrFABR
model. Slice-level feature representations were first generated for the resized tumor volumes
of each case (Step A in Figure 3). For case j with N¢; slices, each slice i € N¢; has a
radiology feature representation R, of dimension (1, FD,,;). To generate a corresponding
pathology representation for this slice i, 75% of CONCH-selected cancer patches for the
same case (N p;°"“"") were randomly selected, generating N p, patches corresponding to CT

slice i for case j. Pathology feature representations were extracted on a patch-level and
averaged across all the Np, patches (Step B in Figure 3). Randomly selecting a subset of
the patches introduces some variability in the pathology vector (which otherwise would be
identical for all N¢; slices) to enable more robust common representation learning training.
The percentage of 75 was selected based on the Positive Predictive Value of the CONCH-
selected patches being cancer (see Section 3.1.1).

Step B was repeated for all the N¢; slices of case j, resulting in a case-level radiology
feature representation S7* with dimension (N¢, FD,,), and a case-level pathology feature
representation S?" with dimension (N¢;, FD,..). For CorrFABR that uses DinoV2 (ViT-S/
16)39 as CT feature extractor, FD,,, = 384, and CONCH (ViT-B/16) as pathology feature
extractor, FD,,, = 512. For each case, we thus generate N¢, paired radiology and pathology
input vectors. Considering all training set cases with corresponding pathology images, and
considering all the CT slices with > = 5% tumor area among these cases, an approximate
2025 paired input vectors were generated to train the fusion module for learning pathology-
informed CT biomarkers.

Step (b): Fusion: The fusion step enables learning radiology biomarkers that are correlated
with pathology features (which we call pathology-informed CT biomarkers). The fusion step
consists of two parts: model training and encoding. Inspired by CorrSigNIA,38 the model
considered in this work is a Correlational Neural Network (CorrNet).>1 CorrNet learns a
common representation between two input vectors, such that they are maximally correlated
in this lower dimensional latent space, while at the same time minimizing the reconstruction
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error between the output of the decoder and the input. The reconstruction loss prevents
collapse of the latent representation (e.g., all zeros).

The CorrNet model consists of one encoder-decoder pair for each input domain (Figure 4).
Using one vector pair from the training set, the input vectors R, and P, are constructed,
originating from radiology and pathology data respectively. The latent representations

hx = f(WR +b)and h, = f(V P, + b) are the output from the single-layer encoders of each
domain, respectively. The activation function s can be any linear or nonlinear function, and

W e RFX384 e gkX512 and p € R¥ 1 where & is the size of the latent representation.
The joint hidden representation is given by
h(R, P)= f(WR,+VP,+b).

@

The single layer decoder functionality can be expressed as: R; = g(W'h, + b') and

P, =g(V'hp+ 1), g is any activation function. The loss consists of two parts. The first part,
denoted L....,, minimizes the reconstruction error between the input and the output of the
CorrNet model. The second part, denoted L., maximizes the correlation between the latent
representations, k. and h,. The total loss is therefore:

L = Liecon = ALeorrs

@
where L., IS given by

N
L= Y. (L(R.R))+ L(P, P)
i=1

®

and N is the number of samples in one batch and L is the reconstruction error calculated
using mean squared error. L., is given by

7L 1 (e A= )

VEX 1 - )

Lo, =

©

In line with CorrSigNIA,38 we used A = 2 for all experiments, the dimension of the hidden
space was set to k = 5, and f and g are set as the identity function.

Once the model is trained, only the encoder part of the radiology domain is used,

and applied to radiology data alone. This ensures the method is usable for clinical
inference before surgery or biopsy, where pathology data is unavailable. For inference,
the input radiology features per-slice are fed to the trained CorrNet model and the latent
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representation is considered the pathology-informed CT biomarkers (denoted as CorrFeat in
short). Thus, for a case j with (N¢,, 384) CT feature representations corresponding to N,
CT slices, the pathology-informed CT biomarkers would have a feature representation of
dimension (N¢;, 5). A case-level pathology-informed CT biomarker with five features is then
formed by averaging the representations across all the slices.

Step (c): Classification: The classification module to classify ccRCC tumors as aggressive
or indolent consists of a multi-layer perceptron (MLP) that is trained with the pathology-
informed CT biomarkers and three clinical variables (tumor diameter, gender, age) as

inputs. Since the pathology-informed CT biomarkers are learned from resized tumor regions
irrespective of the tumor size, the tumor diameter is an orthogonal complementary feature
to the imaging biomarkers. Gender and age also provide complementary clinical information
to the imaging features. The MLP classifier consists of two fully-connected layers, after the
input layer. The first hidden layer after the input layer consists of five nodes and rectified
linear unit activation, and the output layer consists of one (1) output node with sigmoid
activation function for binary classification. The classifier was trained with binary cross
entropy loss function with L2 regularization.

2.3| Training and test set split

A total of 372 cases were included from KiTS21 and TCGA-KIRC. The training and
validation set included 136 indolent cases,and 162 aggressive cases.A test set of 74 cases
with balanced distribution of aggressive and indolent ccRCC was randomly selected from
KiTS21, to ensure that the test set included cases of high segmentation quality. The
remaining cases not included in the test set (N = 298) formed a five-fold cross-validation
setup. As only TCGA-KIRC included CT and pathology data, this cohort was used to
train in steps (a) and (b), while training cases from KiTS21 were included in Step (c).
The motivation for using a subset of the KiTS21 dataset in addition to the TCGA-KIRC
cohort for training the classification module was to increase the training set size, and also
to include heterogeneity in the training set population. In addition, including the KiTS21
dataset to the training set ensured representation of all tumor grades in the training set, as
the TCGA-KIRC dataset does not contain any ISUP or Fuhrman Grade 1 clear cell renal cell
tumors, but the KiTS21 dataset does.

2.4 | Ablation experiments

The CorrFABR design choices were based on ablation experiments to assess the following:

1. how to optimally extract and aggregate features from whole slide pathology
images for registration-independent radiology-pathology correlation learning;

2. how to design an optimum method for aggressiveness classification of ccRCC
using CT imaging features;

3. whether pathology-informed CT biomarkers improve classification accuracy;

4. whether classification accuracy can be further improved if complementary
clinical information of tumor diameter, gender, and age are included as
additional input features.
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Evaluation: All models in the ablation experiments were trained and validated using the
same dataset (N = 298), using the same five-fold cross-validation splits. All models were
also evaluated using the same held-out test set (N = 74). Since each ablation experiment
includes models trained in a five-fold cross-validation setting, the average and standard
deviation values of each metric on the test set from the five-fold models are reported.The
standard deviation values provide an indication of how stable the model performances are
to variations in training and validation splits. In order to compute 95% confidence intervals,
and for statistical analysis, the five predicted probability values from the five-fold models
for each test-set case were averaged to derive an aggregated per-case predicted probability
value. Next, we describe in detail the ablation experiments we performed as part of points
1-4 above, and the corresponding evaluation method for each experiment.

2.4.1| Feature extraction and aggregation from pathology WSI—The diagnostic
pathology WSI were widely different in resolution and image sizes, in comparison to the

CT images. To enable radiology-pathology correlated feature learning, two approaches were
considered for feature extraction and aggregation from the pathology images: (a) whole
image /ow-res, and (b) patch-based Aigh-res. In the Jow-res approach, the whole slide
pathology images were downsampled and resized to 448 x 448 pixels,and pathology features
were extracted from this severely downsampled pathology images for aggregation. The
Jow-res approach follows the prior CorrSigNIA study38 on radiology-pathology correlation
learning.

For the Aigh-res approach, patches of size 224 x 224 pixels were extracted from the
high-resolution version of the WSI, and the mean of the representations from the selected
patches were used to form a representative pathology feature representation for each case.
Since there were no cancer annotations on the pathology images in the public dataset

and the diagnostic pathology WSI would have a mixture of normal and cancerous tissue,
two approaches were adopted for patch-selection: (a) selecting all patches with tissue
(after segmenting the background using OTSU thresholding), and (b) selecting cancer
patches using zero-shot classification via the pathology vision-language foundation model
CONCH.#0

Evaluation: The following evaluation methods were adopted to decide the optimum
pathology feature extraction and aggregation method:

1. Whole image /ow-res versus the patch-based high-res. To compare the effects of
low-res versus the patch-based //gh-res methods of pathology feature extraction
and aggregation, the final classification performance of clear cell renal cell
carcinoma using each of these approaches, was considered. Classification
performance was assessed using the Area Under the Receiver Operating
Characteristics Curve (ROC-AUC), F1-score, sensitivity, and specificity. The
softmax threshold for the latter metrics was set to 0.5.

2. The two patch-based high-res versions (all patches vs. CONCH-selected
patches): Since the WSI did not have cancer segmentations, an expert pathologist
at our institution (E.C.) annotated the cancer regions on the WSI for 20
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cases (10 aggressive ccRCC, and 10 indolent ccRCC). The patches from both
methods (i.e., all patches with tissue, and CONCH-selected patches) were then
quantitatively and qualitatively evaluated relative to the expert pathologist on
these 20 cases.For quantitative evaluation of patch-selection,the metric positive
predictive value was considered.A high positive predictive value ensures that
selected patches have a high probability of containing cancerous tissue, thereby
being more informative about ccRCC aggressiveness. The threshold for the
CONCH-predicted normalized cancer similarity was chosen such that a high
positive predictive value was achieved for the selected patches.

2.4.2 | Designing an optimum method for classification using CT imaging
features—The classification performance of a model depends on the kind of features and
the kind of classification model being used. To assess what would be the optimum classifier
for our task, our study included experiments with (a) different CT feature extractors
(DinoV2,3? BiomedCLIP,%2 and VGG16°3), and different pathology feature extractors
(CONCH,* and VGG163), (b) different levels of granularity for feature extraction and
aggregation (slice-level,and tumor-texture level),and (c) different classification modules
(MLP based classifiers, and segmentation models with classification heads). The MLP based
classifiers were trained with slice-level representations,with or without radiology-pathology
correlation learning (Figure 5). The segmentation models with classification heads were
trained with either CT image slices or correlated tumor-texture feature maps from radiology-
pathology correlation learning (Figure 6). The goal for these experiments was also to see

if registration-independent radiology-pathology correlation learning would be better suited
for a particular kind of features (convolutional neural networks [CNN]-based or vision
transformer-based), or a particular level of representation granularity (slice-level or tumor
texture-level). Below,we summarize the experiments for different classification models and
the segmentation models with classification heads, respectively.

. Classification Models:

The classification models were transfer learning-based models,using either CT
image slices directly as inputs,or features from pre-trained foundation models

as inputs. For the transfer learning-based model with CT image slices as input,
we fine-tuned the VGG16 classification model (pretrained with ImageNet) by
refining the last layer only to avoid overfitting (Model Name: VGG16-fine-tune).
For classification models with foundation model-derived features (Figure 5),
each model had three components:

— CT feature extractors: Slice-level features were extracted for all the slices
in the CT volume using the following pre-trained foundation models:

1. Vision transformer-based DinoV23? trained on natural images
(extracted feature dimension 384 per slice)

2. Vision transformer-based BiomedCLIP%2 from the vision-language
foundation model trained on biomedical image-text pairs (extracted
feature dimension 512 per slice)

Med Phys. Author manuscript; available in PMC 2025 January 06.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Bhattacharya et al.

Page 13

— Feature Selectors: Since the extracted feature dimensions (384 or 512)
were much larger than the training set size (238), feature selection was
used to select the most representative features, while reducing the feature
dimensionality.

1. In absence of radiology-pathology correlation learning, the linear
PCA or the nonlinear Kernel PCA was used to select the most
discriminative features.

2. When radiology-pathology correlation learning was used,
CorrNet> models were trained to learn the optimum combination
of radiology features correlated with pathology features
(i.e., learning pathology-informed CT biomarkers - CorrFeat).
Pathology feature extraction and aggregation was done using
CONCH as described in Section 2.2.2 (Step b).

— Classifier: The optimum classifier was decided-based on experiments with
several configurations of MLP models with different number of layers,
different number of nodes in each layer, and different activation functions.
Our experiments showed that the classifier described in Section 2.2.2 (Step
¢). was the optimum, with more complex models leading to overfitting.

The models are named based on the feature extractor and selector, as summarized in the
table in panel B of Figure 5.More details can be found in Section | (Ablation Studies) and
Tables | and 1l of the supplementary material.

Segmentation models with classification heads:

The motivation of segmentation models with classification heads were two-fold:
(a) enable end-to-end training with information within the tumor pixels only,
excluding pixels outside the tumor mask (in contrast with slice-level information
for the MLP classifiers), and (b) investigate the performance of registration-
independent radiology-pathology correlation learning on low-level tumor texture
features for this task, in line with the prior CorrSiGNIA study for the prostate.
Figure 6 summarizes the segmentation models with classification heads for our
task.

— In the absence of radiology-pathology correlation learning, a Holistically
Nested Edge Detection (HED) segmentation model®* was trained end-to-
end with three adjacent CT slices to capture the 3D tumor information,with
the label being the entire tumor annotated as aggressive or indolent.The
predicted probability maps for the 3D tumor volume were then used to
derive a binary classification label either via majority voting, or via training
an additional MLP classifier with the probability percentiles. (Model names:
HED-Majority or HED-XX, where XX is the percentile of the probability
maps used for classification)

— When radiology-pathology correlation learning was used, pathology-
informed CT biomarkers learned with low-level tumor textures were used
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as inputs to the HED segmentation model. For learning correlated features
using tumor texture, the second layer of VGG16 was used both as CT

and pathology feature extractors, similar to CorrSigNIA (Model Names:
VGG16-CorrFeat-HED-Majority or VGG16-CorrFeat-HED-XX, where XX
is the percentile of the probability maps used for classification)

Section | (Ablation Studies) and Tables I and Il of Supplementary Materials provides a
detailed description of the segmentation models with classification heads with and without
radiology-pathology correlation learning.

Evaluation: Each method was evaluated using the classification performance in classifying
clear cell renal cell carcinoma into aggressive and indolent classes. Classification
performance was assessed using the ROC-AUC, F1-score, sensitivity, and specificity. The
softmax threshold for the latter metrics were set to 0.5.

2.4.3| Pathology-informed CT biomarkers and clinical variables as classifier
inputs—The motivation for resizing the CT tumor regions for all cases to 224 x 224 x N¢,,
(N¢; being the number of CT slices for the case j), irrespective of the tumor size, was to
understand the utility of CT imaging features (with or without correlated feature learning)
in the classification task. Since tumor diameter can also contain information regarding the
aggressiveness of a ccRCC tumor, experiments were done to assess the predictive value of
tumor diameter alone and as an additional input feature along with the pathology-informed
CT biomarkers.Moreover,motivated by prior studies that indicate that gender and age can
be predictors of RCC aggressiveness, we also integrate these two additional complementary
clinical variables.

Evaluation: Final classification performance using ROC-AUC, F1-score, sensitivity, and
specificity was used to assess the predictive value of tumor diameter alone versus in
combination with pathology-informed CT biomarkers.

2.5]| Statistical Analysis

The following statistical tests were performed:

1. Delong’s test®® was used to compare the ROC-AUCs of our proposed CorrFABR
method with the baseline classifier with tumor diameter (since clinicians
currently consider tumor diameter as an important predictor), and (b) the best-
performing classification model using CT images alone, without any correlated
feature learning. Bonferroni correction®® was applied for multiple comparisons
and the p-value for statistical significance was obtained by dividing by the
number of comparisons (i.e., our proposed method would be statistically
significantly better if p < 0.025).

2. Non-inferiority test was applied to compare ROC-AUCs between methods
with the non-inferiority margin of 0.05. If there were multiple comparisons,
Bonferroni correction was applied and the threshold of significance was changed
correspondingly based on the number of comparisons. Given the small test-
set size, and the number of different ablation experiments with incremental
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improvements in each step, we chose non-inferiority tests as opposed to
Delong’s test for the ablation experiments.

3. Two independent power analyses were done. First, power analysis was
performed to determine the sample size required to have a certain probability
of observing statistically significant differences between CorrFABR with the
best-performing classification model with CT images alone, without correlated
features or clinical variables in item 1(b). Second, power analysis was also
done to calculate the probability of finding a statistically significant difference
between the aggressive and indolent classes using our proposed CorrFABR
method with our given test set size. For each power analysis, the effect size was
computed by dividing the difference between the average predicted probability
values of the two groups by the common error standard deviation.

The statistical analysis was done in R version 4.4.1.

2.6 | Training details

Five-fold cross-validation was used to train both the CorrNet model and the classification
models. The CorrNet models were trained for 500 epochs, with a learning rate 0.5 - 1074,
batch size 50, and RMSprop optimizer. The MLP classification model was trained for
maximally 5000 epochs with early stopping, a learning rate of 0.001, batch size of 32, and
an Adam optimizer. Early stopping was used with patience of 50 epochs, and the model with
the best validation performance was used for evaluation.

The HED segmentation models were trained for maximally 100 epochs, a learning rate of
0.001, and batch size of 8. The learning rate was reduced by 0.1 if the validation loss had not
been reduced in 10 epochs.Early stopping was used with patience of 20 epochs, and the final
model was used for evaluation.

3| EXPERIMENTAL RESULTS

Summary:

Our experiments demonstrate that simple MLP classifiers that use (a) pathology-informed
CT biomarkers learned through registration-independent radiology-pathology correlation
learning from foundation model-derived features, and (b) orthogonal clinical variables

of tumor diameter, gender, and age as inputs, achieve the optimum performance

in classifying ccRCC into aggressive and indolent classes. We also find that the

proposed registration-independent radiology-pathology correlation learning helps improve
classification performance,irrespective of the feature extractor (CNN-based or vision-
transformer-based) and the backbone classification model (classification vs. segmentation
with classification head models).Moreover,patch-based Aigh-res version of pathology
feature extraction and aggregation shows improvement over the /ow-res pathology feature
extraction. In the following subsections, we present the results from each of the ablation
experiments detailed in Section 2.4, that justify the design choices for CorrFABR.
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3.1| Results of ablation experiments

3.1.1| Feature extraction and aggregation from pathology WSI

A Whole image /fow-resversus patch-based Aigh-res approaches: High-res patch-
based approach (with pathology patches selected by CONCH) outperforms the
low-res whole image approach (Table 4) for both DinoV2- and BiomedCLIP-
based feature extractors. While the Delong test did not show statistically
superior ROC-AUC due to the small test set, non-inferiority tests with
Bonferroni correction demonstrate statistical significance (both p < 1e~10).
Standard deviation values in the Aigh-res approach for both DinoV2- and
BiomedCLIP-based models are lower, suggesting more stable performance to
variations in training and validation splits. Higher performance using the patch-
based Aigh-res approach is expected as information is lost in the severely
downsampled /fow-res pathology images.Moreover,for the fow-reswhole slide
pathology image feature extraction, the same pathology feature is matched with
all the CT slices containing tumor, resulting in less heterogeneity in radiology-
pathology correlation learning.

B. All patches with tissue versus CONCH-selected patches for the high-res
approach: For the Aigh-res patch-based approach for pathology feature
extraction, when patches with CONCH-predicted normalized cancer similarity
score >= 0.9 were selected,an average positive predictive value (PPV) of
0.76 was achieved. This suggests that approximately 76% of CONCH-selected
patches (with normalized cancer similarity score = 0.9) would contain cancer.
This PPV was higher than when all patches with tissue were considered (PPV
=0.67), as well as when a normalized cancer similarity score of 0.5 was used
to select patches using CONCH (PPV = 0.74). Qualitative evaluation shows that
CONCH patches with normalized cancer similarity score >= 0.9 shows very
good overlap with an expert pathologist outline (Figure 7), leading us to use this
approach for CorrFABR.

3.1.2| CT imaging features versus pathology-informed CT biomarkers for
classification

Classification models: Pre-trained slice-level feature representations from the foundation
models (DinoV2, BiomedCLIP) followed by dimensionality reduction with principal
component analysis (PCA) have poor performance, compared to fine-tuning only the last
layer of VGG16 (ROC-AUC of DinoV2-PCA vs. BiomedCLIP-PCA vs. VGG16-fine tune:
0.325£0.130 vs. 0.391 + 0.114 vs. 0.778 = 0.024) (Table 5). Since the feature dimensions
from pre-trained foundation models (384 or 512) are large compared to the training set
size (238), directly training the MLP classifiers without feature selection/dimensionality
reduction leads to severe overfitting that was observed in the training and validation loss
curves. When Kernel PCA (KPCA) with a nonlinear radial basis function kernel was

used for feature selection, both DinoV2 and BiomedCLIP features achieved improved
performance (ROC-AUC of DinoV2-KPCA: 0.782 £ 0.026, BiomedCLIP-KPCA: 0.625 +
0.117).
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Radiology-pathology correlation learning as a feature selector led to improved classification
ROC-AUC for both DinoV2 and BiomedCL IP-feature extractors, when compared to PCA
or KPCA being used as feature selectors (ROC-AUC of Dinov2-CorrFeat-Avg vs. DinoV2-
KPCA: 0.815 £ 0.007 vs. 0.782 £ 0.026; BiomedCLIP-CorrFeat-Avg vs. BiomedCLIP-
KPCA: 0.794 £ 0.008 vs. 0.625 + 0.117). While the Delong’s test did not show statistically
superior AUC on account of the small test set, the non-inferiority tests show statistical
significance for these comparisons (both p < 0.016). The standard deviation values also
decrease, suggesting more stable performance to variations in training-validation splits. The
improvement in ROC-AUC is larger for BiomedCLIP than for DinoV2, which may be
attributed to the difference in size and diversity of the training datasets of these foundation
models (BiomedCLIP was trained with 15 million biomedical image-text pairs, whereas
DinoV2 was trained with a much larger and diverse dataset of 142 million images through
self-supervision). Our experiments suggest that for cancer-specific classification tasks,
radiology-pathology correlation learning enables learning the combination of radiology
features that are correlated with pathology features of cancer (i.e, pathology-informed
radiology biomarkers), thereby providing a means of discriminative feature selection from
pre-trained foundation model-derived features. Averaging the slice-level pathology-informed
CT biomarkers per-case leads to a better classification accuracy than considering both the
average and standard deviation of the slice-level biomarkers on a per-case basis for both the
foundation model-derived features.

Segmentation models with classification heads: Similar trend of improved performance
with pathology-informed CT biomarkers was also observed with the segmentation models
with classification heads (Table 5). It may be noted that for these models, radiology-
pathology correlation learning was performed on a tumor texture level, rather than on a
slice-level, unlike the classification models. Also, the segmentation models were trained
end-to-end without any pre-training. Among the segmentation models with classification
heads, VGGCorrFeat-HED-90 model exhibited the best overall performance with an ROC-
AUC of 0.767 = 0.030, outperforming its counterpart with input CT slices (HED-90, ROC-
AUC: 0.729 + 0.025, non-inferiority test p < 0.016). More experiments with different design
choices for the segmentation models with classification heads are reported in Section Il
(Results) and Table Il of the Supplementary Material.

For the models that use majority voting from the predicted segmentation labels for
classification, presenting an ROC-AUC number is not straight-forward and may vary
depending on how the segmentation probability maps are converted to a probability value
for ROC-AUC computation.When the segmentation model-predicted probability maps were
used to additionally train MLP classifiers, presenting ROC-AUC numbers are straight-
forward as it is based on the predicted probability value from the MLP classifiers. However,
not much difference in performance was noted between VGGCorrFeat-HED-XX models
and the VGGCorrFeat-HED-Majority model, with the models using the 75th or the 90th
percentiles from the predicted probability maps yielding the best results.

Overall, we note that when registration-independent radiology-pathology correlation
learning is used, the learned pathology-informed CT biomarkers improve classification
performance (Figure 8), irrespective of (a) the kind of CT feature extractors (DinoV2,
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BiomedCLIP, or VGG16),(b) the level of feature granularity (slice-level or tumor-texture
level), and (c) the used models (classification models or segmentation models with classifier
heads).The improvement in performance is larger if the baseline features are from models
initially trained with smaller and less diverse datasets (e.g., BiomedCLIP or VGG16),than
when the baseline features are from models trained with larger and more diverse datasets
(e.g., DinoV2).

3.1.3| Pathology-informed CT biomarkers + clinical variables for
classification—Tumor diameter alone when used as an input in a Random Forest classifier
showed a classification ROC-AUC of 0.679 £ 0.023. Adding tumor diameter, gender, and
age showed improvements in classification performance, irrespective of the type of feature
extractors and classifiers (Table 6). Our proposed CorrFABR method that uses pathology-
informed CT biomarkers with clinical variables as inputs to an MLP-classifier shows the
best performance with an ROC-AUC of 0.855 + 0.005 (95% CI: 0.775, 0.947). CorrFABR is
statistically significantly better than the baseline models that use tumor diameter (p < 0.008).
Details of performance when each independent clinical variable is added as input features
are presented in Table IV of Supplementary Material.

Since CorrFABR leverages foundation model-derived features and shallow CorrNet

for feature selection, it does not involve intensive training and large training
datasets.However,larger test sets are required to establish statistically significantly improved
performance over the second-best model (see Section 3.2 below).

3.2 | Results of statistical analysis

Our statistical analyses demonstrate the following:

1. CorrFABR is statistically significantly better than the classifier that uses tumor
diameter,the current clinical non-invasive feature for assessment (Delong’s test, p
< 0.008).

2. Our test set size (N = 74) is insufficient to show statistically significant

improvements of CorrFABR over the best classification model with CT images
(DinoV2-KPCA). We need a test set of at least 391 samples to show statistically
significant differences between the two models (demonstrated by power analysis
with one-tailed two-sample ¢-test with a computed effect size of 0.232, power

of 0.9, significance level 0.05). However, CorrFABR is statistically significantly
non-inferior to DinoVV2-KPCA (non-inferiority test, significance-level 0.05, p <
0.01).

3. Although we do not have enough samples to show statistically significant
differences between CorrFABR with the best-performing classifier with CT
images alone (DinoVV2-KPCA) using Delong’s test, we do have enough samples
to see a statistically significant difference between the CorrFABR-predicted
probability values of the aggressive and indolent cases (power analysis using
one-sided ¢-test, each subgroup size of 37 samples, computed effect size of 1.23,
significance level of 0.05 gives a power of 0.999).
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4, High-res pathology feature extraction and aggregation is statistically
significantly non-inferior to Jow-res pathology feature extraction and aggregation
(non-inferiority tests with Bonferroni multiple comparison correction, comparing
DinoV2-Corrfeat-Avg-Low-res with DinoV2-Corrfeat-Avg, and BiomedCLIP-
Corrfeat-Avg-Low-res with BiomedCLIP-Corrfeat-Avg, both p < 1e~19),

5. Radiology-pathology correlated feature learning isstatistically significantly non-
inferior to counterparts without correlation learning (non-inferiority tests with
Bonferroni multiple comparison correction, comparing DinoV2-KPCA with
DinoV2-Corrfeat-Avg, BiomedCLIP-KPCA with BiomedCLIP-Corrfeat, and
HED-90 with VGGCorrfeat-HED-90, all p< 0.016).

3.3 | Failure analysis

Table 7 shows the performance of the proposed CorrFABR method on subgroups in the test
data, grouped by gender, tumor diameter, and age. The diameter and age values have been
binned in four bins with approximately equal number of samples in each bin.Looking at the
ROC-AUCs of these subgroups,we see a difference in performance between genders (male
vs.female ROC-AUC: 0.799 + 0.012 vs. 0.895 + 0.015) and age groups (largest difference
between ages < 50 years vs. ages = 71 years: ROC-AUC: 0.788 £ 0.046 vs. 0.927 + 0.022).
The largest performance difference was, however, observed between small tumors (< 2.8 cm
diameter) and large tumors (= 6.1 cm) (ROC-AUC: 0.903 + 0.040 vs.0.419 + 0.084).A closer
examination of the misclassified cases showed that CorrFABR consistently misclassified

15 cases (out of 74 test cases) in at least three out of the five trained models in the

five-fold setup. Five of these were indolent cases, but incorrectly classified as aggressive.The
remaining 10 cases were aggressive, but incorrectly classified as indolent. The misclassified
indolent cases had a significantly larger tumor diameter than the correctly classified ones,
and the misclassified aggressive cases had a significantly smaller tumor diameter than the
correctly classified ones (indolent: correct 3.28 cm vs. incorrect 6.50 cm, aggressive: correct
7.74 cm vs. incorrect 3.38 cm, both p < 0.05, two-sided ¢-test).Figure 9 shows one example
false negative and one example false positive case respectively. As seen in literature,12:16
there is a strong correlation between tumor diameter and aggressiveness, where larger
tumors tend to be aggressive, and vice versa. This is reflected in the training data and
consequently in the models’ predictions. Looking at the class distribution of tumors smaller
than 4.3 cm in the training data, we see that 34% were aggressive. To further improve
performance on small tumors, data collection is needed to balance the classes for this
clinically relevant group.

4| DISCUSSION

We presented a novel, clinically-relevant, multimodal fusion method, CorrFABR, that
enables integrating information from pathology images (as pathology-informed radiology
biomarkers) and clinical variables for radiology-based classification of ccRCC as aggressive
or indolent. CorrFABR does not require spatially aligned radiology and pathology images
for learning pathology-informed radiology biomarkers. Moreover, pathology images are not
required during inference, making CorrFABR a clinically relevant solution for radiology-
based assessment in new patients before surgery or biopsy. Such radiology imaging-

Med Phys. Author manuscript; available in PMC 2025 January 06.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Bhattacharya et al.

Page 20

based aggressiveness assessment of ccRCC can help guide treatment plans and prevent
unnecessary biopsies or surgeries in patients with indolent disease and/or with other medical
conditions that put them at higher risk of adverse effects from invasive procedures. This
non-invasive assessment is often particularly important for treatment planning in higher
age-group patients, or for small tumors with diameter < 4.5 cm. CorrFABR demonstrates
excellent performance in patients over 71 years age, as well as for small tumors with
diameter < 4.5 cm, suggesting its clinical utility (Table 7). We trained and evaluated
CorrFABR on heterogenous public data of ccRCC patients. We found that CorrFABR
demonstrated improved classification performance than other methods that use CT images or
tumor diameter as inputs.

As the definition of aggressiveness of ccRCC, we used both high tumor grade (grade 3 or 4)
and the presence of necrosis, thereby incorporating two important prognostic factors.%15:57
Previous methods have been presented for tumor-grade classification only, without reference
to necrosis.24-29.31-34 Therefore, numerical comparison of results is challenging, as the
target endpoint is different. This is further amplified by evaluation on internal data only
and/or the use of different/multiple input data sequences (un-enhanced, varying delay times
of enhanced images, or multiple phases).

Our study has a few noteworthy limitations. First, the method is evaluated on ccRCC and
does not include other renal cancer subtypes. This is partly because of the sparsity of

other RCC examples in the public dataset, and partly because ccRCC is the most prevalent
subtype, and radiologic classification of its aggressiveness is an unmet clinical need. In
future work, we intend to extend this study for radiology imaging-based aggressiveness
classification of all types of kidney tumors. Second, by using public data,CT images taken at
different post-contrast phases were included. This introduces noise and heterogeneity in the
signal to the model. A more homogenous dataset with exactly the same post-contrast phase
could likely improve the models’performance,but potentially at the cost of generalizability
across phases. Our dataset highlights the common clinical scenario where there is variability
in post-contrast phases across different institutions and even within the same institution.
Third, our dataset size is relatively small. Our results demonstrate that with heterogenous
publicly available data, CorrFABR shows improved numerical performance over other
models, with statistically significant improvements over the tumor diameter-based classifier,
and statistically significant non-inferior performance to the best classifier with CT features
but without correlated feature learning or clinical variables (DinoV2-KPCA). Power analysis
shows that we have enough power (> 0.9) to see differences between indolent and aggressive
classes using CorrFABR-predicted probabilities, but unfortunately not enough samples to
show significant differences between CorrFABR and the best CT-based classifier. The
required sample size to show this statistically significant difference (391) is considerably
larger than both our test set and training sets.Future studies will focus on increasing the
cohort size, both for training and testing. Fourth, we could not include other clinical
variables that may be relevant for this classification, for example, smoking history. This

is attributed to incomplete clinical variables available in the public dataset.Finally, two
different grading systems were used for the different cohorts, Fuhrman and ISUP. Previous
studies®® have shown that ISUP is a better prognostic marker than Fuhrman when using all
four grades (1-4). However, when grouping the grades into low and high, only 10 cases out
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of 279 differed between the grading systems (all 10 cases were Fuhrman grade 3 but ISUP
grade 2). The impact of using two grading systems in this study is therefore considered to be
low. In fact, a larger variance may come from high inter-reader variability within each tumor
grade system.>’

Our study is the first to bring pathology information into the radiology domain for ccRCC
characterization in the clinically relevant scenario when radiology and pathology images are
not registered, and pathology images are not needed during inference. Our study is also the
first study to leverage foundation model-derived features from both radiology and pathology
images to learn pathology-informed radiology biomarkers. Our experiments demonstrate,
even with foundation model-derived features, there remains a need to identify relevant
radiology cancer biomarkers for downstream medical imaging tasks. This need is stronger
when the foundation models are trained with smaller and less heterogenous datasets, as
evidenced by the larger performance improvements with pathology-informed radiology
biomarkers in the classifiers that use BiomedCLIP and VGG16 backbones in contrast

to classifiers that use DinoV2 backbones. Registration-independent radiology-pathology
correlation learning provides a computationally efficient method to identify discriminative
and relevant radiology cancer biomarkers from foundation model-derived features, and these
learned radiology biomarkers can be further applied to different downstream tasks with
simple classifiers, and relatively small datasets. Our promising results also demonstrate the
applicability of our approach to other diseases with unaligned radiology and pathology
images. Moreover, our study is the first to incorporate clinical variables of tumor diameter,
gender, and age in classifying ccRCC aggressiveness. Our experiments demonstrate that
these clinical variables provide complementary information that helps improve classification
performance. Future work will focus on increasing the cohort size, using different subtypes
of kidney cancers, and using larger, multi-institution data to improve classification accuracy
and generalizability.

5| CONCLUSION

In this paper, we present CorrFABR, a method of learning radiological image biomarkers
by incorporating pathology image features into the radiology domain without the need

for spatially aligned data. CorrFABR also enables integrating orthogonal clinical variables
together with pathology-informed radiology biomarkers to distinguish aggressive and
indolent ccRCC tumors. During inference, the pathology-informed radiology biomarkers
can be extracted without needing pathology images. Our experiments show that CorrFABR
shows numerical improvements over all other models, including statistically significant
improvement over the tumor diameter-based classifier.CorrFABR also demonstrated
statistically significant non-inferior performance to the best CT-based classifier.While
pathology-informed radiology biomarkers improve performance irrespective of the pre-
trained feature backbone, it was observed that the improvement in performance was larger
when the feature extractor backbone has originally been trained with smaller, less diverse
datasets.
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FIGURE 1.
Example images from a patient in our cohort. (Left) CT image with an aggressive tumor

highlighted with white arrows, and (Right) the histopathology slice showing surgically
resected tissue from an unknown location within the tumor. Please note the differences
in appearance and resolution between the CT and histopathology images. CT, computed
tomography.
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@ CT imaging feature extractor @ Pathology cancer patch selection via zero-shot classification using CONCH

@ Pathology feature extractor @ Classifier using pathology-informed CT biomarkers and tumor diameter

FIGURE 2.

Summary of the proposed method CorrFABR to classify ccRCC into aggressive and indolent
classes. The three-step approach consists of (a) a feature extraction and aggregation module

to aggregate region-level features from radiology (CT) and pathology images, (b) a fusion

module to learn pathology-informed CT biomarkers, and (c) finally, the classification
module to classify ccRCC tumors using the learned pathology-informed CT biomarkers

and clinical variables (tumor diameter, gender, age). CorrFABR uses the pretrained vision
transformer-based foundation model DinoV239 as the CT feature extractor (circle-1), and
the pretrained vision-language foundation model CONCH#0 to select cancer patches from
the WSI, generating a pathology cancer Region-of-Interest (circle-2), as well as to extract

pathology features (circle-3). The CorrNet®! is used to learn pathology-informed CT
biomarkers from the extracted and aggregated multimodal features, and a MLP is used

as the classifier (circle-4). Pathology images are only required during training in modules

(aand b) (light blue arrow), and not required during inference. ccRCC, clear cell RCC;
CorrFABR, correlated feature aggregation by region; CorrNet, correlational neural network;
CT, computed tomography; ROC-AUC (area under the curve), area under the receiver
operating characteristics curve; WSI, whole slide images.
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Step A. Generate slice-level CT feature representations for case j with N¢; slices
S A i ‘{\“

For each CT slice i € Nc;, CT feature @ CT imaging feature extractor

representation Ri has dimension
(1, FDyaq) @ Pathology feature extractor

Resized tumor on CT CT features
(Nc;, 224,224) (Nc;, FD, o)
Step B. For each CT slice i € Nc,, corresponding feature representation Pi with dimension (1, FDpa,,,) is generated as below:

Randomly
select 75% Average

_of cancer L n F Seross
~ patches & —>®—;) > Np,
without

patches
replacement

Pathology
. ) features
Pathology WSI with Cancer patches Selected cancer patches (1 FD )
cancer ROI (Np,concH, 224,224) (Np;, 224,224) (NDpji FD o) P

Step C: For case j with N¢; CT slices, repeat step B for all slices.
Dimension of case-level CT representation S, ., = (Nc;, FD7), and pathology representation S, = (N¢j, FD,,)

FIGURE 3.
Generating pairs of radiology and pathology input features for training the CorrNet model.

CorrNet, correlational neural network.
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FIGURE 4.

Page 29

\ /
/N

v V

CorrNet model, with R, and P, as input representing one pair of feature vectors. The input

is processed through the single-layer encoder with weights W and v, respectively. The
correlation loss (L...) forces the resulting representations to be as correlated as possible. The
output from the single-layer decoders, W and V", reconstructs the input signal as closely as
possible through the reconstruction loss (L.....). CorrNet, correlational neural network.
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Ablation Studies: Classification Models

Without radiology-pathology correlation learning

Feature Feature Model Name
: D-’. Extractor Selector

~ (Nc,5) VGG16 - VGG16-fine-tune
(Nc,224,224) (Nc,224,224) (N¢,FD,4q) DinoV2 PCA/ DinoV2-PCA /
FD = Feature Dimension Kernel PCA  DinoV2-KPCA
. Classifier: (A) VGG16-fine-tune; (B) Multi-layer perceptron; BiomedCLIP PCA/ BiomedCLlP-PCA/
Kernel PCA  BiomedCLIP-KPCA
CT feature extractors Feature selectors: With radiology-pathology correlation learning
(slice-level): 1. PCA DinoV2 CorrNet DinoV2-CorrFeat
1. Dinov2 (FD,,q = 384) 2. Kernel PCA BiomedCLIP CorrNet BiomedCLIP-CorrFeat
2. BiomedCLIP (FD,,, =512) 3. CorrNet
FIGURE 5.

Ablation Studies were performed to decide the optimum classification method. (a) The
VGG16 classification model was fine-tuned by training the last layer with our dataset, while
keeping all other weights from the pre-trained model frozen. (b) For foundation model-
derived features, each classification method included three modules: the CT feature extractor
(circle-1), the feature selector (green rectangle), and the classifier (brown rectangle). The

CT feature extractors used were pretrained DinoV2,39 and BiomedCLIP.52 Feature selectors
were PCA, kernel PCA and CorrNet®! for radiology-pathology correlation learning. The
classifier was always a MLP. (c) The corresponding model names reflect the kind of feature
and feature selector used. CT, computed tomography; CorrNet, correlational neural network;
MLP, multi-layer perceptron; PCA, principal component analysis.
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Feature Feature Classification Head Model Name
Extractor Selector

Without radiology-pathology correlation learning

Ablation Studies: Segmentation Models with
Classification Heads

@) Without Radiology-Pathology Correlation Learning
\

--- -- Majority voting/ HED-Majority/
XX percentile and HED-XX
MLP
With radiology-pathology correlation learning
VGG16- CorrNet Majority voting/ VGG16-CorrFeat-HED-Majority/
tumortexture XX percentile and VGG16-CorrFeat-HED-XX
MLP

Average Generate
within correlated
tumor feature

s B mask maps L
(Nc,224,224) (Nc,224,224,FD, ;) (N¢,FD, ) (Nc,224,224,5)  (Nc,224,224)
FD,,, = Feature Dimension
CT feature extractors . Classifier: Feature Selector:
(low-level texture features): Seg;mla.n*:zt[n)on . 1. Majority Voting CorrNet
VGG16 (second layer) (FD, .4 = 64) modet: 2. Percentiles and MLP

FIGURE 6.
Ablation studies were performed with segmentation models with classification heads. (a)

Without radiology-pathology correlation learning, input CT images were used as inputs to

a segmentation model (purple rectangle), and the predicted probability maps were fed to a
classification head (brown rectangle) to convert the segmentation probability maps to binary
classification outputs. (b) When radiology-pathology correlation learning was used, low-
level texture features were used to learn pathology-informed CT biomarker feature maps
for the entire tumor (green rectangle), which were then used as inputs to the segmentation
model with classification head. CT, computed tomography.
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FIGURE 7.
Patch selection using CONCH in a zero-shot classification framework. The center column

shows the predicted normalized similarity scores for the tissue patches overlaid on the WSI,
with the pathologist’s outline of the cancer region in black. Patches were selected using a
threshold of CONCH-predicted normalized similarity score >=0.9. (a) shows an aggressive
example, where selected patches (right) and the pathologist outline have a PPV of 0.77

for this particular case. (b) shows an indolent example, where selected patches (right) and
the pathologist outline have a PPV of 0.76 for this particular case. Best viewed in color.
CONCH, CON:trastive learning from Captions for Histopathology; WSI, whole slide images.
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(@) Classification Models (b) Segmentation Models with
classification heads
1.000
I I ] I 0.800 I , l
S
e 0.600
3 0.400
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DinoV2 BiomedCLIP CT intensity/ VGG16
. PC:eature extractors and feature selectors 90 Percentile Probability Values
m KPCA mCT

u Pathology-informed CT biomarkers
Pathology-informed CT biomarkers+Clinical

Pathology-informed CT biomarkers
Pathology-informed CT biomarkers+Clinical

FIGURE 8.
Combination of pathology-informed CT biomarkers and clinical variables improve

classification performance, irrespective of the kind of CT feature extractors (DinoV2,3°
BiomedCLIP,52 or VGG16°3), the level of granularity for feature extraction and correlation-
learning (slice-level or tumor-texture level), and the models (classification models or
segmentation models with classifier heads) used. (a) Classification models use slice-level
features from DinoV2 or BiomedCLIP, whereas (b) segmentation models with classifier
heads use low-level tumor texture features from VGG16. For learning pathology-informed
CT biomarkers, all models use CONCH#C to select cancer patches from the pathology WSI.
Clinical variables (tumor diameter, gender, age) are included as additional orthogonal input
features. Each bar represents the ROC-AUC computed from the average of the predicted
probabilities from the five-fold models with 95% confidence interval values. CONCH,
contrastive learning of histopathology; CT, computed tomography; ROC-AUC, area under
the receiver operating characteristics curve; WSI, whole slide images.
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(a) False negative: Tumor diameter 2.5 cm, (b) False positive: Tumor diameter 13.2 cm,
ISUP grade: 3, necrosis present, ISUP grade: 2, necrosis absent,
59-year-old female 69-year-old male

FIGURE 9.

One false negative and one false positive example by CorrFABR. (a) The tumor with
diameter 2.5 cm was aggressive based on ISUP grade of 3 and presence of necrosis, but
CorrFABR incorrectly classifies it as indolent. Tumor segmentation is shown in red outline
for this aggressive case. (b) The tumor with diameter 13.2 cm was indolent based on ISUP
grade of 2 and absence of necrosis, but CorrFABR incorrectly classifies it as aggressive.
Tumor segmentation is shown in yellow outline for this indolent case. CorrFABR, correlated
feature aggregation by region; ISUP, international society of urological pathology.
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TABLE 2

Tumor diameter in cm.

Tumor Grade Grade 1 Grade 2 Grade 3 Grade 4

KiTS21 324+117 407+231 6.27+3.67 849+270
TCGA-KIRC  — 496+260 582+272 8.00+3.01

Page 36

Note: For KiTS21, radiologic measurements are given.For TCGA-KIRC,approximations of diameter based on calculated volume from automatic

segmentations are given. TCGA-KIRC has no Grade 1 cases.

Abbreviation: KiTS21, 2021 kidney and kidney tumor segmentation challenge; TCGA-KIRC, The Cancer Genome Atlas Kidney Renal Clear Cell

Carcinoma Collection.
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TABLE 3

Number of cases with/without necrosis per tumor grade.

Without necrosis

With necrosis

Total

Grade 1
Grade 2
Grade 3
Grade 4
Total

24
149
107
23
303

0

19
27
23
69

24
168
134
46
372

Note: Bold numbers indicate cases defined as aggressive (with necrosis and/or tumor grade 3 or 4).
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Subgroup performance of the proposed CorrFABR approach.

TABLE 7

# cases (indolent/aggressive) AUC
Overall 74 (37/37) 0.855 + 0.005
Gender
Male 47 (20/27) 0.799 £ 0.012
Female 27 (17/10) 0.895 +0.015
Diameter (cm)
<28 18 (12/6) 0.903 + 0.040
2.9-43 19 (15/4) 0.943 +0.015
4.4-6 19 (8/11) 0.950 + 0.038
26.1 18 (2/16) 0.419 + 0.084
Age (years)
<50 15 (10/5) 0.788 + 0.046
51-60 21 (12/9) 0.874 £ 0.024
61-70 22 (10/12) 0.822 +0.013
271 16 (5/11) 0.927 £ 0.022

Abbreviation: CorrFABR, correlated feature aggregation by region.
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