
PROCEEDINGS OF SPIE

SPIEDigitalLibrary.org/conference-proceedings-of-spie

Transfer learning approach for
intraoperative pixel-based diagnosis
of colon cancer metastasis in a liver
from hematoxylin-eosin stained
specimens

Sitnik, Dario, Kopriva, Ivica, Aralica, Gorana, Pačić,
Arijana, Popović Hadžija, Marijana, et al.

Dario Sitnik, Ivica Kopriva, Gorana Aralica, Arijana Pačić, Marijana Popović
Hadžija, Mirko Hadžija, "Transfer learning approach for intraoperative pixel-
based diagnosis of colon cancer metastasis in a liver from hematoxylin-eosin
stained specimens," Proc. SPIE 11320, Medical Imaging 2020: Digital
Pathology, 113200A (16 March 2020); doi: 10.1117/12.2538303

Event: SPIE Medical Imaging, 2020, Houston, Texas, United States

Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 17 Mar 2020  Terms of Use: https://www.spiedigitallibrary.org/terms-of-use



Transfer Learning Approach for Intraoperative Pixel-Based
Diagnosis of Colon Cancer Metastasis in a Liver from

Hematoxylin-Eosin Stained Specimens

Dario Sitnika, Ivica Koprivaa, Gorana Aralicac, Arijana Pačićc, Marijana Popović Hadžijab,
and Mirko Hadžijab

aDivision of Electronics, Ruđer Bošković Institute, Zagreb, Croatia
bDivision of Molecular Medicine, Ruđer Bošković Institute, Zagreb, Croatia

cDepartment of Pathology and Cytology, Clinical Hospital Dubrava, Zagreb, Croatia

ABSTRACT

Development of computer-aided diagnosis (CAD) systems is motivated by reduction of the workload on the
pathologist that is increasing steadily. Among approaches upon which CAD-based systems are built, deep
learning (DL) methods seem to be well suited for image analysis in digital pathology. However, DL networks
include a large number of parameters and that requires a large annotated training dataset. Unfortunately,
probably the biggest problem in digital pathology using machine learning methods is a small number of annotated
images. That is especially true in intraoperative tissue analysis which coincides with the topic of the present
paper: intraoperative CAD-based diagnosis of metastasis of colon cancer in a liver from hematoxylin-eosin
(H&E) stained frozen section. To cope with the insufficiency of training images we adopt a transfer learning
approach using the Nested UNet architecture. For better diagnostic performance, the trained model predicted
pixels multiple times for different striding levels using the sliding window strategy. Threshold optimization using
balanced accuracy score showed the validity of such an approach as balanced accuracy has increased significantly.
When compared to often used UNet with VGG16 backbone, Nested UNet model with DenseNet201 backbone
performs better on our dataset for both balanced accuracy metric and F1 score.
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1. INTRODUCTION

As stated in World Cancer Report,1 issued by World Health Organization, colorectal cancer caused 14 million new
cases and 8 million cancer-related deaths in 2012. Although imaging for cancer screening has been investigated
for a long time,2 a biopsy is the only method for confident diagnosis of cancer. Diagnosis is achieved by a
pathologist through visual inspection of histopathological samples. However, due to the raise in cancer incidence,
diagnoses and grading of cancer are becoming an increasingly complex and highly time-consuming task for
pathologists.3,4 Consequently, the reduction of workload imposed on pathologists represents the main motivation
for the development of computer-aided diagnosis (CAD) systems. Thus, this paper presents a transfer learning
approach to a deep learning-based CAD system for intraoperative diagnosis of metastasis of colon cancer in a liver
from images of hematoxylin-eosin (H&E) stained frozen sections. As far as we know, only two research papers
have analyzed frozen sections so far: References 5 and 6. Deep learning is expected to become the mainstream area
in medical imaging.7 Since images generally share low-level features such as edges or illumination changes,8 the
knowledge can be transferred from one task to another. Due to the insufficient data problem,9 it is reasonable
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to try a transfer learning approach to medical images. Commonly used architecture for image segmentation
problems in pathology is UNet.10 Inspired by UNet, Nested UNet11 (UNet++ or UNETpp) architecture was
developed with nodes nested between encoder and decoder and redesigned skip pathways. Due to this novelty,
UNet++ has the ability to overcome the semantic gap between the feature maps of the encoder and decoder prior
to fusion. In order to address the insufficient data problem, weights of the network’s backbone (a.k.a. encoder)
can be transferred from the ImageNet12 classification problem. Following the weights transfer, the entire model
can be retrained on the frozen sections dataset. Transferring weights can lead to problems such as overfitting
if there is not enough training data and wrong segmentation of pixels near the patch edges due to the lack of
context around those pixels. Besides data augmentation, an early stopping technique can be applied to avoid
overfitting. Furthermore, the sliding window method13,14 can be used to label the pixel in multiple contexts.
Thresholding multiple predictions of the same pixel in different contexts is expected to increase performance
metrics. In summary, this work attempts to answer the following research questions: (i) what architecture to
use for the frozen section segmentation?; (ii) can the knowledge be transferred from the ImageNet classification
problem?; (iii) can multiple predictions, for pixels in different contexts, help in scoring better results?. The rest of
the paper is organized as follows. Section 2 describes the materials and methods used for this research. Section
3 presents conducted experiments and obtained results. Section 4 discusses obtained results, while Section 5
presents conclusions.

2. MATERIALS AND METHODS

2.1 Ethics statement
This study was approved by the Ethics Committee of the Clinical Hospital Dubrava, Zagreb, Croatia (May 24,
2016).

2.2 Hematoxylin-Eosin stained samples of human liver tissue
During the intraoperative surgery procedure, frozen sections of the liver with colon cancer metastasis were
acquired. Samples diagnosed with metastatic colon cancer in a liver were collected from 11 patients during
surgical intraoperative diagnosis. 63 images were recorded from H&E stained frozen sections. The procedure
took place in Clinical Hospital Dubrava, Zagreb, Croatia. Digitalized images of H&E stained samples were
acquired using light microscope Olympus BX51 with a DP50 camera (Japan) and magnification 200x and 400x.
The spatial resolution of the microscope is 0.45 µm. To confirm the diagnosis, paraffin-embedded sections were
immunohistochemically stained to several specific primary antibodies (Hepatocyte clone OCH1E5, CDX2 clone
DAK-CDX2, and CK20 clone Ks20.8, all from Dako, Denmark) and stained using the Dako Envision System
(Denmark). Acquired images have 1388× 1037 RGB pixels with the size of the pixel footprint 0.1098 µm2.

After sample collection, two pathologists supervised the pixel-wise ground truth generation. Due to the
complexity, time consumption, and possible annotation errors,15 the computational image segmentation technique
was used prior to the pathologists’ refinement. RGB tensor X = RI1×I2×3

0+ of every image was flattened to a
matrix X = R3×I1I2 where I1 and I2 denote image’s width and height, respectively. After flattening, the image
is segmented by means of the `0-constrained non-negative matrix factorization (NMF) algorithm, such that `0
quasi-norm is applied to the latent variables (the image segments).16 Upon computational image segmentation,
segments were visually inspected and refined by two pathologists yielding the ground truth map of an image.

2.3 U-Net++ architecture and transfer learning
Improvement of the well-known U-Net architecture for biomedical image segmentation10 is presented as U-Net++
architecture in Ref. 11. As authors of the latter work stated, key improvement of the Nested U-Net architecture
(U-Net++) is overcoming the semantic gap between the feature maps of the encoder (a.k.a. backbone) and the
decoder of the network. Aforesaid beneficial behavior during the training phase is achieved by redesigning the
skip pathways. Such architecture achieves more accurate results by averaging the outputs of all segmentation
branches. As can be seen in Figure 1, every node’s output is formulated using the equation:
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xi,j =

{
C(xi−1,j), j = 0

C
[[
xi,k

]j−1

k=0
, U(xi+1,j−1)

]
, j > 0

(1)

where i denotes the index of the down-sampling layer along with the encoder and j denotes the index of the
convolution layer of the dense block along the skip pathway. Functions C(·), U(·), and [·] denote convolution
operation followed by an activation function, chosen upsampling function, and concatenation, respectively.11

Figure 1: Nested U-Net architecture (UNet++) from Ref. 11. Black connections and nodes are typical for UNet10
while blue connections are specific for Nested U-Net with introduced (green) nodes.

The problem of not having enough training data while having a lot of parameters to train leads to poor
generalization, i.e. poor predictions of the model on test data. Because low-level visual features such as edges,
shapes, geometric and illumination changes are shared among visual categories,8 it is reasonable to embed
a pretrained network as the backbone part of mentioned U-Net++ model. Although models such as VGG,17
DenseNet,18 and ResNet19 are primarily trained for the image classification task on ImageNet database,12 their
weights can serve as a good backbone starting point for transfer learning. Backbone weights were initialized on
the pretrained ImageNet problem and then unfreezed and trained along with the rest of the network. The fact
that pretrained network needs to adjust its weights more, since images in the ImageNet database are not similar
to the dataset presented in this paper, gives the intuition to train backbone’s pretrained weights as well. In
comparison to the training "from the scratch", finetuning procedure is safer from overfitting as some low-level
features are already learned in a large number of weights.

2.4 Data preprocessing
Every H&E stained RGB image from the training set is resampled to maximize the number of training samples
and to fit the model’s input constraints. Images are resampled using the sliding window technique.13,14 A
window of dimensions 128× 128 was moved through the image with 64-pixel strides. Such partially overlapping
sliding ensures gaining more training samples of tissue found in a different context without losing the important
visual features caused by cutting effect. After resampling, the training dataset contained 12,000 patches with
size 128× 128× 3.

Additionally, all data is normalized to the range [0, 1] by dividing each RGB channel by 255. That satisfies
transfer learning constraints inferred by embedding the pretrained backbone of the network.20 In order to
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enhance the training process, data is also augmented every epoch by elastic transformations21 as follows: random
horizontal and vertical flipping {True, False}, random rotation from range [−20◦,+20◦], shear from [−10%,+10%]
and zoom from [−5%,+5%].

2.5 Data splitting
The data was split in a way that images from one patient are not present in both train and test set. Hence,
the train set contains 40 images from 5 patients with [2, 17, 8, 8, 5] image per patient distribution while the test
set contains 23 images from 6 patients with [6, 4, 4, 4, 1, 4] image per patient distribution. Thus, the train set
contains 63.5% of the total number of images of H&E stained specimens and the rest of 36.5% is assigned to
the test set. After the data preprocessing phase, described in Section 2.4, 20% of the preprocessed train set is
assigned to the validation set.

2.6 Segmentation and thresholding
Upon completion of the training process, the algorithm is capable of segmenting 128 × 128 sized patches. The
simplest way of segmenting a whole image is to extract non-overlapping patches of the given RGB image and
predict whether the pixels in every patch belong to cancer or non-cancer segments. Afterwards, predicted boolean
maps of extracted patches should be reshaped back to the original-sized image to get the complete pixel-wise
diagnosis.

While the described approach is simple and intuitive it is not the most suitable for deep convolutional neural
networks. Since convolutional filters check if a learned feature is present in the image, it is not possible to discover
a feature in part of an image that is partially cut due to the patching process. Therefore, the sliding window
technique described in Section 2.4 is applied to test images, too. The only difference from the preprocessing
stage is that patch-extraction strides are set to 4 pixels. For a setup with 128×128 patch and 4 pixels stride, the
image will have 128

4 = 32 striding levels. Tensor FDM of shape S × I1 × I2 will represent the full diagnosis map
where S denotes the striding level, and I1 = 1388 and I2 = 1037 denote width and height of the input image,
respectively.

In order to obtain conservative and non-biased results, the optimal threshold should be determined on the
training set as the hyperparameter of the algorithm. When the number of detections ni,j for every pixel pi,j
is obtained by summing the FDM along the striding-level axis ni,j =

∑S
s=0 FDMs,i,j , the threshold thr is

determined by finding the minimum number of detections n (for whole training set) to mark the pixel as cancer
to achieve the maximum of the chosen metric.

3. EXPERIMENTS AND RESULTS

3.1 Training process
Model described in Section 2.3 was initialized as follows: backbone weights were set to pretrained values on
ImageNet12 while the rest of weights were initialized using Glorot normal initializer.22 The learning process
of UNet++ architecture with pretrained DenseNet20118 backbone can be seen in Figure 2. Weighted binary
crossentropy loss was used with non-cancer and cancer predictions weighted by factors 0.2 and 0.8, respectively.
The learning rate was decreased by half if validation loss did not decrease after 5 consecutive epochs. In order
to prevent overfitting to the train set, an early stopping strategy was used after 30 epochs without improvement
on the validation loss. As an optimizer, Adam method for stochastic optimization23 was used with a starting
learning rate of 1e-4. Also, the model was trained on two GPU cards (Nvidia Tesla P100 and NVidia Quadro
P600) with a batch size of 64. Time consumption per epoch was ∼ 110 seconds.
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Figure 2: Visualization of training process showing weighted crossentropy loss minimization on the train set (red
line) and on the validation set (green line)

3.2 Threshold optimization
After the model is trained, to have an equal number of sliding window passes on each pixel, images were padded
using the symmetrization technique. When model prediction on every striding level is obtained, the minimum
threshold should be optimized. Threshold impact on balanced accuracy score (BACC), which is given by the
equation:

BACC =
sensitivity + specificity

2
, (2)

is shown in Figure 3. Red dot shows the optimal threshold on the train set where BACC=91.17%, sensitiv-
ity=94.31%, specificity=88.03%, and F1-score=80.92% are achieved. Sensitivity, also known as recall and true
positive rate TPR, is defined as:

Sensitivity =
TP

TP + FN
, (3)

where TP denotes the number of true positives (correctly diagnosed cancerous pixels) and FN denotes the
number of false negatives (incorrectly diagnosed non-cancerous pixels). Specificity, also known as selectivity and
true negative rate TNR, is defined as:

Specificity =
TN

TN + FP
, (4)

where TN denotes the number of true negatives (correctly diagnosed non-cancerous pixels) and FP denotes the
number of false positives (incorrectly diagnosed cancerous pixels). F1 score, also known as Dice coefficient or
Jaccardi index, is defined as:

F1 =
2TP

2TP + FP + FN
, (5)

For all four measures, BACC, sensitivity, specificity, and F1, value 0 indicates worse and value 1 best performance.
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Figure 3: Threshold impact on balanced accuracy score. The optimal threshold implies at least 18/32 detections
to label the pixel as cancerous.

3.3 Performance scores
Table 1 presents a comparison of different machine learning algorithms in terms of means ± standard deviations
of used performance measures. For deep learning models (UNet and UNet++) threshold is optimized on the
train set as described in 3.2. Due to memory limitations, models Spectral Angle Mapper (SAM)24 and Support
Vector Machine (SVM)25 were trained on a manually chosen region of interest (ROI). Features used for SVM
are "raw" RGB values and 21 color-texture features.26,27 Texture features were: mean, variance and entropy
of the intensity grayscale patches. Color features were means and variances of color patches: red(R), blue(B)
and green (G) colors, means and variances of R/B, R/G and G/B ratios, means and variances of R, G and B
chromaticity. Red chromaticity is defined as red = R/(R + G + B). Blue and green chromaticity are defined
analogously. Performance scores for the chosen model (UNet++ with DenseNet201 backbone) on every image in
the test dataset is shown in Figure 4.

Table 1: Comparison of different models applied to the test set. Metrics were shown as the mean ± standard
deviation. The model with the highest balanced accuracy score is highlighted.

Balanced Accuracy Sensitivity Specificity F1 score
UNet (DenseNet201) - thr ≥ 17 0.7973 ± 0.0875 0.7628 ± 0.2175 0.8318 ± 0.1382 0.5560 ± 0.1779
UNet++ (DenseNet201) - thr ≥ 18 0.8149 ± 0.0715 0.8157 ± 0.1757 0.8142 ± 0.1324 0.5658 ± 0.1724
UNet (DenseNet169) – thr ≥ 18 0.8069 ± 0.0769 0.7950 ± 0.1850 0.8189 ± 0.1292 0.5554 ± 0.1921
UNet++ (DenseNet169) – thr ≥ 18 0.8127 ± 0.0817 0.7841 ± 0.1928 0.8407 ± 0.1099 0.5671 ± 0.1877
UNet (VGG16) - thr ≥ 22 0.7589 ± 0.1051 0.7840 ± 0.2443 0.7338 ± 0.1696 0.4823 ± 0.2249
SAM (ROI) 0.6605 ± 0.2174 0.3686 ± 0.3838 0.9523 ± 0.0516 0.3228 ± 0.3086
SVM color_texture (ROI) 0.7172 ± 0.1850 0.7682 ± 0.3661 0.6662 ± 0.0735 0.3916 ± 0.2858
SVM RGB (ROI) 0.7068 ± 0.1872 0.7713 ± 0.3676 0.6382 ± 0.0708 0.3797 ± 0.2189
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Figure 4: Measured metric scores on every image in the test set using optimal the threshold found in Section 3.2

3.4 Statistical testing
After gathering metrics scores for all the models, 5 different models are chosen for repeated-measurements
statistical testing: UNet++ architecture with DenseNet201 backbone as Nested UNet representative, standardly
used UNet with VGG16 backbone, SVM with linear kernel trained independently on RGB and color-texture
features,26,27 and SAM. Models were tested for a significant difference in BACC and F1 score.

To use a parametric test such as Analysis of Variance (ANOVA), the data should be tested for normality.28
The Shapiro-Wilk test29 was used with α = 0.05 significance level. Because the data did not pass the normality
test, Friedman test30–32 was applied as a non-parametric alternative. Friedman’s null hypothesis states that
there are no differences between the models. With α = 0.05 the test rejected the null hypothesis and accepted
the alternative one for both balanced accuracy and F1 score. Additionally, the Nemenyi post-hoc test33 was used
to determine which model statistically differs from other for α = 0.05 level of significance.

As can be seen in Figure 5 a), difference in term of balanced accuracy is statistically significant between
UNet++ DenseNet201 and SVM with RGB features, and UNet++ DenseNet201 and UNet VGG16 model. How-
ever, as it is shown in Figure 5 b), for F1 score the model UNet++ is significantly better than all other models.

4. DISCUSSION

As shown in Figure 2, the model is trained reasonably quickly. The model converges in about 2.5 hours yielding
good balanced accuracy score on the train set. However, the reached loss is only moderately low. Also, when
evaluated on the test set, the model shows a significant decrease in all measured metrics. The chosen model has
around 29M trainable parameters implying enough capacity to learn important features for this task. Considering
the before mentioned discrepancy between measured metrics on train and test set, loss, and capacity of the model,
two possible explanations are offered. Firstly, there is a large variability between the samples so the train set does
not completely represent the test set. Centroids in RGB color space representing cancerous and non-cancerous
tissues from images of both train and test sets are shown in Figure 6. It can be seen in Figure 6 b) that several
images have cancer or non-cancer centroids close to each other. This indicates that color features alone are
not fully discriminative. Secondly, having only 40 training samples could be a reason why the model cannot
learn enough features to improve its loss. More images in the train set could increase the representativeness
of the training data. It is worth mentioning that multiple detections on pixels with different striding levels
and thresholding significantly increase the balanced accuracy score. However, that increases computational
complexity. The model’s performance on images with the highest and lowest balanced accuracy score (test
images 22 and 8, respectively) is shown in Figure 7. It can be observed that predicted segments in image f)
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are completely scattered and useless to the pathologists. It is obvious that model’s prediction in such worst-case
scenarios should be ignored. However, predictions in image c) are denser and could draw pathologist’s attention
if previously missed. As this model is meant to be an assisting system it should be used with caution.

a) b) c)

Figure 5: Nemenyi test results for each image from the test set: a) results for balanced accuracy, b) results for
F1 score. Colors denote p-values or non-significant difference (NS) as shown on the legend c).

a) b)

Figure 6: Centroid values for each image in train and test set plotted in 3D. Red dots represent cancer centroids
in RGB color space, while green dots represent non-cancer centroids in a) train set and b) test set.
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Figure 7: The first row presents the model’s performance on test image 22 (highest balanced accuracy BACC =
92.88% and F1 = 64.64%), while the second row presents performance on test image 8 (lowest balanced accuracy
BACC = 59.21% and F1 = 14.23%). The first column shows RGB images of H&E stained samples, the second
column shows ground truths, and the third column shows the model’s predictions.

5. CONCLUSION
Variations in slide preparation, sectioning and staining make CAD-based diagnosis from the images of H&E
stained frozen sections very demanding. Despite that, UNet++ with DenseNet201 backbone achieves at least
a good performance. It is shown that usage of the pretrained backbone of the network, even on non-medical
images, enables UNet++ model to successfully finetune its remaining weights on only 40 images of 5 patients.
Statistical testing shows that UNet++ with DenseNet backbone outperforms SVM-based and SAM diagnostic
models. Even when compared to often used deep learning models such as UNet with VGG16 backbone, the
chosen model performs better on the given dataset for both balanced accuracy metric and F1 score. Regarding
the usefulness of multiple-predictions of a pixel in different contexts, dots in Figure 3 show that the best score is
achieved only when the pixel is predicted in different contexts. Otherwise, there would be no difference in BACC
when the threshold changes as the model would always predict the same for the pixel in a different context. If
there are n contexts for a pixel, it is expected that the model will lead to the best result if the threshold is set
around 50% of n possible contexts.

Until the availability of large enough annotated datasets, models can be further improved by pretraining
on a similar task (i.e. formalin-fixed paraffin-embedded colorectal cancer datasets) with more available images
for training. It is expected that finetuning will converge better in comparison to models pretrained on natural
images. Also, stain normalization techniques, such as one described in Ref. 34, can yield about the same scores
on train and test set and possibly improve overall performance metrics. As Figure 6 shows, original data has large
centroid variability both for cancer and non-cancer segments. Stain normalization using a good target image is
expected to decrease variations in observed image and between images in the whole dataset. Additionally, the
original image can be stain-normalized using different target images or different stain normalization algorithms.
Obtained stain-normalized images can be merged with original ones to make a multi-view dataset. By adding
enhanced data to the original, better performance is expected if a suitable multi-view model is chosen.
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