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Delayed diagnosis and treatment resistance result in high pancreatic ductal adenocarcinoma (PDAC)
mortality rates. Identifying molecular subtypes can improve treatment, but current methods are costly
and time-consuming. In this study, deep learning models were used to identify histologic features that
classify PDAC molecular subtypes based on routine hematoxylin-eosinestained histopathologic slides. A
total of 97 histopathology slides associated with resectable PDAC from The Cancer Genome Atlas project
were used to train a deep learning model and test the performance on 44 needle biopsy material (110
slides) from a local annotated patient cohort. The model achieved balanced accuracy of 96.19% and
83.03% in identifying the classical and basal subtypes of PDAC in The Cancer Genome Atlas and the local
cohort, respectively. This study provides a promising method to cost-effectively and rapidly classify
PDAC molecular subtypes based on routine hematoxylin-eosinestained slides, potentially leading to
more effective clinical management of this disease. (Am J Pathol 2024, 194: 2302e2312; https://
doi.org/10.1016/j.ajpath.2024.08.006)
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Pancreatic ductal adenocarcinomas (PDACs) have recently
surpassed breast cancer to become the third leading cause of
cancer death in Canada and the United States (https://www.
cancer.net/cancer-types/pancreatic-cancer/statistics and http://
cancer.ca/Canadian-Cancer-Statistics-2019-EN, both last
accessed October 23, 2023). Surgery can cure approximately
one-fifth of PDAC cases, if detected early. In spite of surgical
intervention, the 5-year survival rate remains at 20%.1,2

Approximately 80% of patients have metastatic disease at
diagnosis, and most of these patients succumb to the disease
within a year3 because of a lack of clinically relevant
biomarkers that can predict treatment response, late disease
presentation, chemoresistance, and limited therapeutic options
remain major challenges in the clinical management of PDAC.

The discovery of molecular subtypes of PDAC4e6 has
facilitated efforts to identify clinically relevant biomarker
stigative Pathology. Published by Elsevier Inc

Y-NC-ND license (http://creativecommons.org
signatures to stratify patients into different prognostic sub-
groups. However, agreement on suggested subgroups for
clinical trials in PDAC has been challenging, with each
proposed subtyping schema using independent PDAC co-
horts, leading to uncertainty in robustness, generalizability,
and utility value.
Rashid et al7 conducted a systematic analysis and introduced

a robust single-sample classifier [Purity Independent Subtyp-
ing of Tumors (PurIST)] to predict subtypes in patients with
.
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PDAC. PurIST eliminates the need for next-generation
sequencing technology by being compatible with NanoString
platforms. The classifier was trained using k-top scoring pairs
and demonstrated robust performance compared with
consensus clustering results. The PurIST model identified
significant differences in overall survival between basal-like
and classical samples and showed basal-like samples were
not responsive to combination of chemotherapy drugs folinic
acid, fluorouracil, irinotecan, and oxaliplatin (FOLFIRINOX)
treatment. These findings suggest potential clinical decision-
making applications for the proposed model.

Despite this, the clinical assessment of PDAC molecular
subtypes typically requires labor-intensive and costly assays
with extended turnaround times, constraining their practical
use. As an alternative, histopathology provides a convenient
visual readout of disease biology and provides an inex-
pensive view of the aggregate effects of molecular alter-
ations on cancer cells and may serve as a surrogate marker
for molecular subtypes by examining tumor tissue on
routinely prepared hematoxylin-eosin (H&E)estained
slides8 from both resection specimens as well as biopsies of
metastatic disease. Two recent studies have explained some
relationship between gland formation as well as neutrophil
infiltration and the molecular subtypes of PDAC.8,9

With advances in artificial intelligence in the past decade
and the increased capacity to digitize histopathology slides,
modern machine learning methods have been successful in
the analysis of histopathology images, despite the require-
ment for a large amount of labeled data.10e13 These models
have demonstrated their potential for a wide range of ap-
plications, including cancer diagnosis,13e16 prognostication,
and predicting genomic and molecular subtypes.

Within the context of pancreatic cancer, Nimgaonkar et al17

described a machine learningegenerated histologic signature
that associates with outcomes following adjuvant gemcitabine,
whereas this signature does not correlate with the previously
developed transcriptomic classification systems.17 Furthermore,
in another series, Saillard et al18 proposed a deep learning
framework to identify the molecular subtypes of PDAC from
histopathology images associated with formalin-fixed, paraffin-
embedded tissue in resected and needle biopsies and reported an
area under the curve ranging from 0.81 to 0.86.

The current study presents the performance of several deep
learningebased models to identify the molecular subtypes of
PDAC. Although the proposed model was trained on
formalin-fixed, paraffin-embedded tissue, this study showed,
for the first time, the utility of the proposed models in needle
biopsies of frozen sections of PDAC with positive predictive
values of 1.0 and a negative predictive value of 0.85.

Materials and Methods

Data Acquisition and Cohort Construction

This study used whole section slides associated with two sepa-
rate cohorts of patients with PDAC along with their PurIST
The American Journal of Pathology - ajp.amjpathol.org
molecular subtypes.More specifically, thefirst cohort contained
the histopathology slides from The Cancer Genome Atlas
project [under The Cancer Genome AtlasePancreatic Adeno-
carcinoma (TCGA-PAAD) project],19 which was used for
training and validation of the proposed model. This data set was
composed of 97whole slide images (scanned at a 40� objective
magnification) from 95 patients, and the molecular subtypes
were obtained using the PurIST algorithm. The breakdown of
the subtypes is shown in Table 1: 19 basal-like slides (18 pa-
tients) and 78 classical slides (77 patients). A board-certified
pathologist (D.F.) blinded to molecular subtypes annotated the
tumor and benign regions of all the slides in this data set. This
data set was obtained from the Genomic Data Commons portal
(https://portal.gdc.cancer.gov, last accessed October 23, 2023).

The external data set consisted of 110 whole slide images,
obtained from 44 patients from the authors’ own institution.
All these cases were from patients with nonresectable
PDAC who were enrolled in the Personalized Oncoge-
nomics (NCT02155621; https://clinicaltrials.gov/study/
NCT02155621) and/or PanGen (NCT02869802; https://
clinicaltrials.gov/study/NCT02869802) trials at British
Columbia Cancer. These slides comprised 33 basal-like
and 77 classical PDACs and were used for testing the
proposed histopathology-based molecular classifier. The
data set included frozen section needle biopsy tissue
samples from different organs, including the liver and
pancreas. These slides were not annotated by any
pathologist and were solely used for testing the classifier.
All experiments were conducted in accordance with the
Declaration of Helsinki and the International Ethical
Guidelines for Biomedical Research Involving Human
Subjects. Anonymized archival tissue samples were
retrieved and digitized after approval by the institutional
Research Ethics Board (REB number H18-03646).

Quality Control and Color Normalization

HistoQC20 was used to identify and exclude areas of the
slide images that contained artifacts (eg, blurry regions, pen
marks, and white background). Afterwards, to ensure con-
sistency in the color distribution of both data sets, a color
normalization strategy was used, as described in the study
by Boschman et al.21 Three reference images from the
training data set that represented a broad range of colors
were selected. Each image was then randomly normalized
with one of the reference images using the methods of
Reinhard et al,22 Vahadane et al,23 or Macenko et al.24 This
approach was adopted as a singular reference image or color
normalization method and may not be optimal for all data
sets or tasks. By using a combination of normalization
methods, the images become diverse enough to train a
generalizable model, while also being similar enough to
overcome any potential domain shift caused by differences
in color profiles across data sets. This strategy aims to
improve the model’s generalizability and reduce the impact
of color variations between data sets.
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Table 1 The Details of the Two PDAC Data Sets

Data set Unit

Subtype

Basal Classical

Training and validation data set
(TCGA-PAAD)

Sample type Whole section
Fixation procedure Formalin fixed
Magnification 40.0
Patients 18 77
Slides 19 78
Benign annotations 25 50
Tumor annotations 129 231
256 � 256-Pixel benign patches at 5� magnification 990 4670
256 � 256-Pixel tumor patches at 5� magnification 6080 18,313

External validation data set
(POG-PANGEN)

Sample type Needle biopsy
Fixation procedure Fresh frozen
Magnification 40.0
Patients 9 35
Slides 33 77
256 � 256-Pixel tumor patches at 5� magnification 8138 14,695

These data sets were used for training the machine learning models to classify patients into prognostic subgroups based on the Purity Independent
Subtyping of Tumors (PurIST) algorithm.
PAAD, pancreatic adenocarcinoma; PANGEN, Prospectively Defining Metastatic Pancreatic Ductal Adenocarcinoma Subtypes by Comprehensive Genomic

Analysis; PDAC, pancreatic ductal adenocarcinoma; POG, Personalized Oncogenomics; TCGA, The Cancer Genome Atlas.
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Deep Learning Models for Classification

A two-stage classification strategy was proposed to identify
the PurIST molecular subtype of PDAC (Figure 1). In the
first stage, a deep learningebased model was trained to
identify regions of the slide images that contains tumor. In
the second stage, another deep learningebased classifier
was trained to determine the PurIST subtype of a given
patient based on the identified tumor regions. Each classifier
is trained separately.

At the first step, 2048 � 2048-pixel patches on 40�
magnification were extracted from the intersection of
generated HistoQC masks and the annotated regions of
the train and validation data set slides. Then, the acquired
high-resolution patches were resized to 256 � 256 pixel
to provide patches on 5� magnification. After the patch
extraction, 24,393 tumor patches and 5660 benign
patches were extracted from the annotated regions
(Table 1).

In a threefold cross-validation scheme, the tumor and
benign patches (5500 patches each) were randomly selected
and grouped into three subgroups: training (66%), validation
(17%), and testing (17%). Then, a deep learning classifier
was trained to differentiate between the benign and tumor
regions at the patch level. More specifically, Resnet3425

model pretrained on ImageNet26 was used as the back-
bone model for this classifier. The last fully connected layer
was replaced with two nodes. During fine-tuning, data
augmentation techniques, such as rotating, flipping, and
cropping, were applied on the patches. The model was then
trained for five epochs with a batch size of eight, a learning
rate of 1 � 10e5, and a weight decay of 5 � 10e4. An
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RTX3090 GPU with 24 GB GRAM served as the power-
house for both training and testing purposes. Table 2 and
Supplemental Table 1 show the performance of the tumor
versus benign patch classifier.
To classify patients based on their PurIST molecular

subtypes, a 10-fold cross-validation scheme was applied to
ensure fair and robust evaluation at the patient level. Each
subset was then further divided into training (approximately
57%), validation (approximately 16%), and testing
(approximately 27%) splits (Supplemental Table 2). Four
deep learning architectures [namely Vanilla,21,27 Iterative
Draw and Rank Sampling (IDaRS),28 and attention-based
models, including Deep Multiple Instance Learning
(DeepMIL)29 and Variability-aware Multiple Instance
Learning (VarMIL)],30 were used to train classifiers for
stratifying patients into PurIST molecular subtypes. A brief
overview of these models is provided below.

Vanilla
This approach is a widely used method in digital pathology
for classifying cancer subtypes in patients. It simplifies
weakly supervised classification tasks into fully supervised
problems. In this approach, each patch is assumed to have
the same label as its originating slide. The extracted patches
from annotated regions are fed into the model, and its
weights are updated until it accurately predicts the patch
labels. A simple majority vote is used in Vanilla to aggre-
gate results, with all patches carrying equal weight.
Although the Vanilla approach is simple and effective

for classifying cancer subtypes, it has limitations, such as
its inability to capture spatial relationships between
patches. Additionally, the simple majority voting
ajp.amjpathol.org - The American Journal of Pathology
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Figure 1 The proposed pipeline for training, validating, and testing a model aimed at classifying pancreatic ductal adenocarcinoma slides into Purity
Independent Subtyping of Tumors (PurIST) molecular subtypes. This pipeline consists of two primary sections. The green section represents the necessary
steps for training and validating the model (A), whereas the blue section outlines the steps for deploying and using the trained model to classify unannotated
slides (B). During the training phase, annotated patches from the training set are used to train two classifiers separately. POG, Personalized Oncogenomics;
TCGA, The Cancer Genome Atlas.
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technique may not work well in cases where the tumor
area is small or unevenly distributed in the slide. Despite
these limitations, the Vanilla approach remains a popular
and valuable tool in digital pathology for identifying
cancer subtypes in patients.

IDaRS
Unlike the Vanilla approach, which assumes all patches
extracted from the tissue slide areas are cancerous and
passed to the model during the training phase, the IDaRS
approach introduces a selection procedure to include only
informative patches during the training phase. The model
is trained in a fully supervised manner, and slide labels
are assigned to corresponding extracted patches. The
IDaRS model features a rank and sampling module
responsible for selecting k top patches that the model has
Table 2 The Tumor/Benign Classifier Performance of the Three Differe

Split no.
Benign
accuracy, %

Tumor
accuracy , % k Va

1 92.07 90.79 0.82
2 85.88 94.97 0.81
3 79.79 91.27 0.71
Average, means � SD, % 85.91 � 6.14 92.34 � 2.29 78.8

The American Journal of Pathology - ajp.amjpathol.org
the highest confidence in predicting their labels, along
with r random patches from the slide. This selection
process enables the model to learn more robust features
and prevent overfitting.
Attention-Based Models
The attention mechanism, introduced in 2014, guides the
model to focus on specific image areas to perform a
machine-learning task (eg, detecting an object in the
image). Several studies have recently used attention
mechanisms to focus on discriminative and informative
patches in histopathology images. In these models,
attention layers and slide representation act as result
aggregators and determine slide labels. Attention layer
weights specify which patches are more informative in
nt Splitting Schemes

lue F1 score
Area under
the curve

Average
accuracy, %

88 0.9144 0.9757 91.43
76 0.9087 0.9687 90.42
90 0.8594 0.9410 85.53
5 � 6.04 89.42 � 3.02 96.18 � 1.84 89.13 � 3.16
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Table 3 The Average of the Models’ Statistics on the 10-Fold Cross-Validation Splits

Data set Model Basal, % Classical, %
Patients’
k value

Patients’
F1 score Patients’ AUC

Average patients’
accuracy, %

Testing split from
the training and
validation data set

Vanilla 100 92.37 � 4.9 0.84 � 0.09 0.92 � 0.05 0.99 � 0.01 96.19 � 2.45
IDaRS 96.67 � 10.54 96.12 � 3.34 0.89 � 0.13 0.94 � 0.06 0.97 � 0.06 96.4 � 5.98
DeepMIL 94.17 � 12.45 88.85 � 16.35 0.77 � 0.24 0.87 � 0.14 0.92 � 0.09 91.51 � 9.05
VarMIL 97.5 � 7.91 97.49 � 4.27 0.92 � 0.1 0.96 � 0.05 0.98 � 0.04 97.5 � 4.09

Data are means � SD.
AUC, area under the curve; DeepMIL, Deep Multiple Instance Learning; IDaRS, Iterative Draw and Rank Sampling; VarMIL, Variability-aware Multiple Instance

Learning.
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predicting slide labels. Two attention-based models were
used in this study, DeepMIL and VarMIL.

DeepMIL
This model uses visual attention and weakly supervised
learning to classify. It uses a multilayer perceptron as the
attention layer, assigning weights to extracted patches and
computing the slide representation vector. The slide repre-
sentation vector is then input for the final stage, where a
classifier predicts the molecular subtype. DeepMIL is the
first model to combine visual attention and weakly super-
vised learning for classifying histopathology data sets.

VarMIL
VarMIL improves slide representation accuracy by incor-
porating an attention-weighted variance module into the
attention layer. By adding this module, the model accounts
for variability within regions of interest, thus increasing
classification performance. This approach can also help
model tumor heterogeneity, or the diversity of cancer cells
within a tumor. By accounting for the variability within
regions of interest, the model can better understand the
different types of cancer cells present in tissue samples and
make more accurate predictions.

For the Vanilla model, VGG-1931 with batch normaliza-
tion,32 pretrained on ImageNet, was deployed as the model
backbone for feature extraction. The last layer of the model
was replaced with a fully connected layer consisting of two
neurons, corresponding to the number of cancer subtypes.
The network was trained for five epochs with a learning rate
of 1 � 10e5 and a weight decay of 5 � 10e4. In the IDaRS
network, Resnet5025 was used as the backbone model. In
this architecture, k top patches with the highest model’s
confidence and r random patches from each slide are
selected for contributing to the training. The model trained
by using k Z 45 and r Z 5 to sample 50 patches from each
slide. The learning rate and other hyperparameters were
adopted from Vanilla’s settings. For the DeepMIL model,
ResNet50 was used as the feature extractor and deployed a
three-layer multilayer perceptron with two neurons in the
last layer as the classifier to determine the cancer subtype.
The models were trained for 10 epochs. Similarly, in the
VarMIL model, ResNet50 extracted features and incorpo-
rated a three-layer multilayer perceptron with two neurons
2306
in the last layer as the classifier. The model was trained for
10 epochs.
The deep learning codebase developed for this study is

publicly available (https://github.com/AIMLab-UBC/PDAC-
PathAI-MolecularClassifier, last accessed August 16,
2024).
Results

The regions of the slide image containing tumors were
initially identified through the training of a deep learning
classifier. Table 2 shows a summary of this classifier’s
performance on the held-out split of the training and vali-
dation data set. On average, this classifier achieved mean
area under the curve of 96.18% and accuracy of 89.13% in
identifying the tumor regions in the slide images.
Classifiers were additionally trained for the identification

of PurIST molecular subtypes based on the recognized
tumor patches. The resultant patch-level labels were
aggregated to establish the patient-level molecular subtype.
Table 3 summarizes the average performance of the models
across the 10 cross-validation splits on TCGA-PAAD data
set. For more detailed results on the Vanilla, IDaRS,
DeepMIL,29 and VarMIL models, please refer to
Supplemental Tables 3 to 6, which provide comprehensive
statistics over the 10-fold cross-validation splits. The Var-
MIL model outperformed the other models, achieving an
average patient accuracy of 97.5% � 4.09% over the 10-
fold cross-validation splits.
Subsequently, the tumor/normal classifier was used on the

held-out external data set to detect tumor regions and then
applied the deep learning molecular classifiers on the
resulting tumor patches in the external data set (Table 4).
The Vanilla and IDaRS models outperformed the attention-
based models, with Vanilla achieving the best accuracy
among all models, with an average patient accuracy of
83.03% � 6.35%. The VarMIL model had the best perfor-
mance on the held-out training data set but performed
poorly on this data set. This might be because attention-
based and semisupervised learning models require large
data sets for effective training. For detailed statistics of the
models’ performances, see Supplemental Tables 7 to 10.
ajp.amjpathol.org - The American Journal of Pathology
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Table 4 The Average of the Models’ Performance on the External Data Set

Data set Model Basal, % Classical, %
Patients’
k value

Patients’
F1 score Patients’ AUC

Average patients’
accuracy, %

External test Vanilla 88.75 � 10.94 77.31 � 10.32 0.549 � 0.12 0.766 � 0.07 0.867 � 0.03 83.03 � 6.35
IDaRS 78.89 � 15.22 80.74 � 3.41 0.53 � 0.12 0.76 � 0.06 0.78 � 0.09 79.82 � 7.68
DeepMIL 76.25 � 20.79 61.72 � 14.21 0.27 � 0.03 0.6 � 0.03 0.7 � 0.04 68.99 � 3.89
VarMIL 82.5 � 26.48 46.55 � 25.25 0.19 � 0.07 0.51 � 0.09 0.68 � 0.05 64.53 � 3.01

Data are means � SD.
AUC, area under the curve; DeepMIL, Deep Multiple Instance Learning; IDaRS, Iterative Draw and Rank Sampling; VarMIL, Variability-aware Multiple Instance

Learning.

PDAC Histopathology Image Classifier
Table 5 provides detailed information about the positive
and negative predictive values associated with the Vanilla
model. The model achieved a sensitivity of 0.85 and a
specificity of 1.0, meaning that it correctly identified 85% of
the basal-like samples and all of the classical samples. The
model’s positive predictive value was 1.0, indicating that
when it predicted a sample was positive for the basal-like
PDAC subtype, it was correct 100% of the time. The nega-
tive predictive value was 0.85, indicating that when the
model predicted a sample was negative for the basal-like
PDAC subtype, it was correct 85% of the time. These re-
sults suggest that the Vanilla model is highly accurate in
predicting the presence or absence of the basal-like PDAC
subtype.

Visualization techniques were subsequently used to
emphasize the identified and detected morphologic features
of the Vanilla model. Grad-CAM activation maps33 were
generated for slides from two data setsdTCGA-PAAD and
the external data setsdto illustrate the regions that
contributed to subtype prediction. Figure 2 displays the
Grad-CAM activation maps for each subtype and data set.
The regions highlighted in red in the activation maps indi-
cate the areas that were crucial in making the subtype pre-
diction. On close inspection of the maps, it can be observed
that gland-forming and nonegland-forming areas are pre-
sent, identified as the morphologic features contributing to
the classification of basal-like and classical subtypes,
respectively, by the Vanilla model. This suggests that the
model has effectively captured and exploited the morpho-
logic characteristics that distinguish between these subtypes.
Table 5 Confusion Matrix of the Best Split of the Vanilla Model
in Predicting PDAC Subtype

Variable Basal-like (þ) Classical (e)

Positive test results TP
8

FP
0

PPV
1.0

Negative test results FN
4

TN
22

NPV
0.85

Sensitivity: 0.85 Specificity: 1.0

Evaluated by TP, FP, FN, TN, PPV, NPV, sensitivity, and specificity.
FN, false negative; FP, false positive; NPV, negative predictive value;

PDAC, pancreatic ductal adenocarcinoma; PPV, positive predictive value;
TN, true negative; TP, true positive.
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The same analysis was further conducted on the external data
set. Figure 3 displays heat maps and Grad-CAMs of two bio-
psied tissue slides, overlaid for enhanced visualization.
Following a comprehensive review by a board-certified
pathologist, it was confirmed that the model picked up the
same gland-forming and nonegland-forming morphologies for
the classification of basal-like and classical molecular subtypes.

Subsequently, instances where the correct molecular
subtypes were not predicted by the model were investigated
to understand the underlying reasons for the model’s error.
Table 6 shows the cases in which the model misclassified
the basal-like samples. All tissue samples were obtained
from the liver, with the PurIST algorithm confidently clas-
sifying patients into the classical subtype. On close review
of these cases, it was observed that challenges in precisely
detecting tumor regions on certain slides were encountered
by the tumor/benign classifier used in the analysis, as
illustrated by the generated Grad-CAM activation maps.
This issue is apparent in Figure 4, which presents an over-
laid Grad-CAM activation map on one of the misclassified
slides. In this instance, the classifier erroneously identified
numerous patches as tumor tissue instead of background
benign and, consequently, benign patches were mis-
classified as basal-like.

Discussion

Over the past 10 years, genomic research using sequencing
technologies has shown wide diversity in genomic and tran-
scriptomic profiles of PDAC,with some of these variants having
therapeutic value.34,35 For example, RNA sequencing-based
molecular subtypes of metastatic PDAC correlate with differ-
ential response to first-line chemotherapy, where patients with
basal-like tumors may benefit from GEMABR as opposed to
FOLFIRINOX.36 Despite these significant advancements, the
widespread implementation of genomics-guided treatment for
patients with PDAC is hindered by limited accessibility, high
cost, and long test turnaround times. As a result, molecular
profiling is typically only available to a subset of patients in large
cancer centers.

The aggressiveness of PDAC poses a formidable challenge
when it comes to usinggenomic sequencing for patient care. The
disease’s rapid clinical deterioration demands swift action in
identifying eligible individuals for targeted therapies and clinical
2307
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Figure 2 The Grad-CAM activation maps overlaid on the slides from the training and validation data set. For the classical case, the model has selected the
areas that contain gland-forming components. PAAD, pancreatic adenocarcinoma; PANGEN, Prospectively Defining Metastatic Pancreatic Ductal Adenocar-
cinoma Subtypes by Comprehensive Genomic Analysis; POG, Personalized Oncogenomics; TCGA, The Cancer Genome Atlas.
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trials. However, the current turnaround times for molecular
profiling, which range from 19 to 52 days36 from the time of
biopsy, fall short of meeting these time-sensitive demands.

In this study, the primary goal was to develop a deep
learningebased framework to facilitate the identification of
PDAC molecular subtypes from H&E-stained biopsy tissue
slides. In contrast to molecular profiling and genomic
sequencing, H&E staining is a cost-effective and widely
available technique that is routinely performed in pathology
2308
laboratories for diagnostics and prognostication with fast turn-
around times. Therefore, building artificial intelligence algo-
rithms for the identification of molecular subtypes of PDAC
from H&E-stained slide images provides a fast, inexpensive,
and reliable solution for replacing the time-consuming, costly,
and sometimes inaccessible molecular tests.
To accomplish the goal, a two-stage classification workflow

was generated. In the first stage, a tumor/benign classifier was
trained to identify the tumor regions within a slide image.
ajp.amjpathol.org - The American Journal of Pathology
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Figure 3 Overlaid heat map and activation maps on two biopsy slides. The heat map displays the regions of the slide that the model has identified as being
relevant to the classification of the tissue subtype, whereas the Grad-CAM highlights the specific areas of the slide that the model has focused on to make its
prediction.

PDAC Histopathology Image Classifier
Subsequently, four distinct deep learning models were trained,
and their performancewas assessed in a cross-validation setting,
along with an external test data set of biopsy tissue from flash
frozen samples. Biopsy tissue samples present unique chal-
lenges for image analysis and interpretation, as they are much
smaller compared with whole-section tissue samples. Biopsy
tissue samples may also contain only partial or incomplete
structures, making it difficult to capture the full extent of the
disease and its progression.

The proposed models achieved an average patient-level
molecular subtype concordance of 83.03% � 6.35% and an
area under the curve of 0.867 � 0.03 using a Vanilla deep
learning model. This model outperformed implementations
of more sophisticated strategies (namely, IDaRS, DeepMIL,
and VarMIL). Balancing the subtypes during training helped
Table 6 The List of the Misclassified Cases From the External Test Dat

Case ID
Number
of slides

Number of basal-like
patches

PDAC_VS13_35184 5 1008
PDAC_VS15_28948 1 55
PDAC_VS13_26747 8 1662

ID, identifier; PDAC, pancreatic ductal adenocarcinoma; PurIST, Purity Indepen

The American Journal of Pathology - ajp.amjpathol.org
prevent overfitting on any overrepresented classes. Addi-
tionally, color normalization was crucial for generating a
model that can generalize across H&E-stained images pro-
cessed at various centers. A color normalization approach
that combines multiple normalization techniques and refer-
ence images was used to generate image sets that are suf-
ficiently similar yet diverse enough to enhance the
network’s robustness.

To evaluate the model’s performance, a board-certified
pathologist (D.F.) reviewed the Grad-CAM activation maps
and characterized gland formation patterns that were picked
up by the deep learning model for differentiation between
the basal-like and classical molecular subtypes. This process
identified gland formation as a contributing factor to the
classification.
a Set

Number of classical
patches

PurIST
label

PurIST
score

619 Classical 0.001
42 Classical 0.0207

112 Classical 0.0505

dent Subtyping of Tumors.
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Figure 4 Screenshot from one of the misclassified cases from the external test data set. A: The overlaid Grad-CAM activation map on the slides reveals
numerous patches erroneously labeled as tumors, which are sections of pancreatic parenchyma. In other words, the tumor/benign classifier struggled to
accurately distinguish between tumor patches and pancreatic backgrounds. B: A view in a larger magnification of the pancreas background areas that are
classified as tumor patches. C: A magnified view of an area that highlights the classifier’s ability to detect metastatic pancreatic cancer within a lymph node,
where the predominant feature is a glandular structure with minimal epithelial volume.

Ahmadvand et al
Conclusion

This study highlights the promise of deep learningmodels in the
identification of the molecular subtypes of PDAC from routine
histopathology slides and in light of recent advances,18 and
provides further evidence that such subtypes can be identified
from frozen needle biopsy samples. A crucial aspect in future
research involves assessing the clinical applicability and sig-
nificance of the proposed deep learning approach. Although the
model demonstrated promising performance on challenging
frozen samples from needle biopsies of metastatic PDACs, it is
crucial to ascertain its ability to accurately classify whole slide
pathology images from diverse sources, including primary
tumor tissue samples.
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