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Abstract 

There is a need for computer-aided diagnosis (CAD) systems to relieve the workload on 
pathologists. This seems to be especially important for intraoperative diagnosis during surgery, for 
which diagnostic time is very limited. This paper presents preliminary results of intraoperative 
pixel-based CAD of colon cancer metastasis in a liver from phase-contrast images of unstained 
frozen sections. In particular, two deep learning networks: the U-net and the structured autoencoder 
for deep subspace clustering, were trained on eighteen phase-contrast images belonging to five 
patients and tested on eight images belonging to three patients. Spectrum angle mapper was also 
used in comparative performance analysis. The best result achieved by the U-net yielded balanced 
accuracy of 83.70%±8%, sensitivity of 94.50%±8%, specificity of 72.9%±8% and Dice coefficient 
of 45.20%±25.4%. However, factors such as absence of tissue fixation and ethanol-induced 
dehydration, melting of the specimen under the microscope and/or frozen crystals in the specimen 
cause variations in quality of phase-contrast images of unstained frozen sections. This, in return, 
affects reproducibility of diagnostic performance. 
 
Keywords: U-net, Structured autoencoders, intraoperative diagnosis, colon cancer metastasis in a 
liver, phase-contrast imaging, unstained specimens. 
 
 

1. INTRODUCTION 
 
According to the International Agency for Research on Cancer of the World Health Organization, 
there were 14 million new cases and 8 millions of cancer-related deaths in 2012 [1]. 10% of 
diagnosed cases among men and 9.2% among women relates to colorectal cancer. Although 
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imaging for cancer screening has been investigated for a long time [2], biopsy is the only method 
for confident diagnosis of cancer. Collected tissue samples are fixed across a glass slide for 
subsequent microscopic examination. Diagnosis is set by pathologist through visual inspection of 
histopathological samples. That represents a gold standard for diagnosis of almost all types of 
cancers [3], [4]. However, due to the raise in cancer incidence, diagnoses and grading of cancer is 
becoming increasingly complex and highly time-consuming task for pathologists [4], [5], [6]. 
Hence, there is a need for computer-aided diagnoses (CAD) to relieve the workload on pathologists 
[4]-[9]. To improve visibility of tissue structures, histopathological samples are dyed with one or 
more stains. The stain used by pathologists for over a hundred years is hematoxylin-eosin (H&E). 
Hematoxylin stains cell nuclei blue, while eosin stains cytoplasm and connective tissue pink. 
Fixation is ensured through formalin-fixed paraffin-embedding (FFPE) and that, typically, takes 48 
hours to prepare. However, for intraoperative diagnosis during surgery, which is of interest in this 
paper, diagnostic time is very limited and rapid frozen section is used instead of FFPE section [8]. 
That, however, influences tissue morphology and, consequently, quality of staining, which even in 
a case of FFPE is burdened with experimental variations known as batch effects [10]. Hence, hard 
constraint imposed on diagnostic time during surgery in combination with staining associated batch 
effects stand for motivation to validate possibility of CAD diagnosis using phase-contrast images of 
the frozen sections of unstained histopathological specimens. As pointed in [8], very few researches 
have analyzed frozen sections so far [11], [12]. The most important reason is that number of slides 
samples for analysis is insufficient. That creates major problem for machine learning-based CAD 
systems even when specimens are stained, in particular for convolutional neural networks (CNNs)-
based deep learning (DL) structures, which require large amount of annotated (labeled) training 
data [9], [7], [5], [13], [14], [15]. Above statement is even truer for the images of unstained frozen 
sections. This paper presents preliminary results for pixel-based diagnosis of the colon cancer 
metastasis in a liver using phase-contrast images of unstained frozen sections. In particular, the 
structured autoencoder (SAE) for deep subspace clustering [16] and the pre-trained U-net [17], 
were trained and validated on phase-contrast images of eighteen sections collected from five 
patients, and tested on eight phase-contrast images collected from three patients. Furthermore, 
spectrum angle mapper (SAM) classifier has also been used for diagnosis. To the best of our 
knowledge this is the first work attempting to discriminate metastatic colon cancer cells in liver 
from non-cancerous cells in intraoperative diagnosis using images of unstained frozen sections. The 
rest of the paper is organized as follows. Section 2 presents materials and methods used for this 
research. Section 3 presents conducted experiments and obtained results. Section 4 discusses 
obtained results. 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).  
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2.2 Samples of human liver tissue and phase-contrast image acquisition 
 
Twenty six phase-contrast images were recorded from unstained frozen sections belonging to eight 
patients diagnosed with the metastatic colon cancer in a liver. After recording, images were 
annotated according to procedure described in Section 2.3. All images were acquired in the phase-
contrast mode on the light microscope Olympus BX51 with a DP50 camera, Japan, with 
magnifications 200x and 400x (eyepiece 10x and objective 20x and 40x). To confirm diagnosis, 
disease or tissues specific antigenes were immunohistochemically detected on paraffin-embedded 
liver sections by primary antibodies (Hepatocyte clone OCH1E5, CDX2 clone DAK-CDX2 and 
CK20 clone Ks20.8, all from Dako, Denmark) and visualized by labeled polymer (Dako Envision 
System, Denmark). 
 
 
2.3 Ground truth generation 
 
It is known that clinical annotation of histopathology data is a bottleneck in design and evaluation 
of histopathology image analysis related CAD algorithms [4], [9], [8]. Well annotated data are 
critical for optimization and performance evaluation of any learning-from-data approach, and 
especially for supervised classification systems [9]. Thus, generation of ground truth data has to be 
supervised by expert pathologists. This process, however, is highly time consuming for 
pathologists. Therefore, annotations are rarely pixel level precise and tend to contain numerous 
false positives and negatives [9]. Hence, to reduce burden on pathologists and to, possibly, reduce 
number of false positive and negatives we combined computational image segmentation method 
with pathologists' selection of cancer-related segment. Afterwards, selected cancer-related segment 
was refined according to pathologists' suggestions. In particular, a 3D acquired RGB image tensor 
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+∈X  was flattened into a matrix 1 23 I I×∈X  , where I1 and I2 stand, respectively, for number of 

rows and number of columns of the image. Segmentation is executed by means of nonnegative 
matrix factorization (NMF) algorithm with the 0  quasi-norm constraint imposed on latent 
variables (the image segments) [18]: 
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quasi-norm (it counts number of nonzero entries of the vector sj) of the column vectors of S. M is 
intrinsic dimension of X that in our application corresponds with the number of tissues present in 
the histopathological sample. In the study considered herein it was assumed M=6. L stands for the 
maximal number of tissues that can be simultaneously present at any pixel location. The acquired 
images were comprised of I1=1037×I2=1388 pixels with the size of the pixel footprint of 0.1098 
µm2. Since spatial resolution of the microscope was 0.45 µm it was justified to assume that only 
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one tissue structure occupies each pixel, [19]. Thus, we set L=1 in (1), which in combination with 
the nonnegativity represents constraints on A and S that ensure virtually essentially unique 
factorization of X. Columns of Â  stand for spectra of tissue components in RGB color space, 
while rows of Ŝ , { }1

0 1
ˆ

MJ
m m

×
+ =

∈s  , stand for spatial distributions of corresponding tissue structures. 

After unfolding, each segment { }1 2
0 1

ˆ MI I
m m

×
+

=
∈S  was visualized and inspected by two pathologists (G. 

A. and A. P.). One segment, let us say *ˆ
mS , was identified as cancer related and further post-

processed in accordance with the pathologists' suggestions. 
 
 
2.4 Structured AutoEncoder for deep subspace clustering and cancer diagnosis 

Let us assume we have at disposal the prior knowledge on cancer reference (target) spectra in given 
representation domain (it can be the RGB image itself). Then, segmentation of the image in 
representation domain in combination with the prior information can be used for cancer diagnosis. 
That is, segment with the centroid closest to the target spectra (in term of some proximity measure) 
is labeled as cancerous. Thus, segmentation quality has direct influence on diagnostic performance. 
As opposed to single subspace-based methods such as principal component analysis or NMF, 
subspace clustering aims at seeking collection of low-dimensional implicit linear subspaces to fit 
given unlabeled data set and segment it into clusters according to subspaces they are generated 
from [20], [21], [22]. These methods represent data set using the self-representation model X=XC, 
where C stands for the representation matrix that needs to be learned from X. Clustering is 
performed by grouping eigenvectors of L=D-1/2AD1/2. Here, L stands for graph Laplacian and D is 
diagonal matrix with the entry ii ijj

=∑D A . Affinity matrix is given as T= +A C C . Hence, 

performance of subspace clustering methods critically depends on C. Applying k-means algorithm 
to group top eigenvectors of L is known as spectral clustering [23], with computational complexity 
that is cubic in number of data points (pixels in the case of histopathological image). Another 
limitation of the existing subspace clustering methods is that they assume linear representation 
model even though data can lie on nonlinear manifold. Methods in [24] and [25] address this issue 
by formulating kernel-based subspace clustering for, respectively, single- and multi-view data. It is, 
however, unclear how to choose the kernel function. In addition to that, the out-of-sample problem 
is also the open issue of both linear and nonlinear kernel-based subspace clustering methods. That 
in combination with the cubic computational complexity, related to calculation of the eigenvectors 
of L, makes the existing subspace clustering methods infeasible for clustering large scale data sets 
such as images of histopathological specimens. To overcome issues addressed above, [16] proposed 
DL approach to subspace clustering in term of SAE. Assuming the neural network is comprised of 
N+1 layer, SAE in comparison with standard AE architecture imposes self-representation constraint 
on the hidden layer: ( 2) ( 2)N N=H H C . Here, C is representation matrix learned from the input layer, 
i.e. data (0) = =H X XC  using some of the existing subspace clustering methods [20], [21], [22]. 
That preserves globality in learning ( 2)NH . Locality is preserved by enforcing SAE to reconstruct 
the input X at the output layer ( )NH . Section 3.1 presents more details of SAE architecture used for 
cancer diagnosis using phase-contrast images of unstained sections. To the best of our knowledge, 
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this is the first application of the SAE deep subspace clustering to intraoperative diagnoses of 
cancer from images of histopathological specimens. 
 

2.5 U-net for segmentation and pixel-wise diagnosis 

Fully convolutional neural networks (FCNs) [26] differ from CNNs in the fact that FCNs replace 
the fully connected layer with upsampling and deconvolution layer [26], [15]. Both of these layers 
are learnable and are considered as a backwards version of, respectively, pooling layer and 
convolutional layer. That yields characteristic U-shape of the network. FCNs are adopted for image 
segmentation due to two main reasons: (i) they can be applied to images of virtually any sizes, and 
(ii) they are capable for pixel-wise classification. Even though CNNs and/or FCNs require large 
number of training data to avoid overfitting, the problem can be alleviated up to some extent by 
using either transfer learning which yielded state-of-the-art performance on several 
histopathological datasets [27], or by slight modification of the original U-net architecture [26] 
such that it works with very few training images [28]. In this paper, we applied U-net in transfer 
learning mode for diagnosis of metastasis of colon cancer in a liver using phase-contrast images of 
unstained frozen sections. Results in Section 3.2 suggest that the U-net could reach competitive 
performance if large enough number of labeled images is available. 
 

2.6 Spectral angle mapper diagnosis 

We also used target detection algorithm from hyperspectral remote sensing: the SAM [29]. SAM is 
supervised pixel-based classifier that compares target cancer spectra 3 1

0
×
+∈t   with the pixel spectra 

jx  by calculating the angle  ( ),j jα x t  between the two spectra. In our case t represents cancer 
spectra obtained as an average of all cancerous pixels on training images.  Diagnosis is established 
through comparison of jα  with a threshold *α : 
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Threshold *α  was estimated on the bases of eighteen images from the training set and the 
corresponding ground truth maps. It represents the arithmetic mean between average angle between 
the cancerous spectra and the target t and average angle between the non-cancerous spectra and the 
target t.  
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3. EXPERIMENTS AND RESULTS 

3.1 Training and testing process 

To obtain trustworthy results of intraoperative diagnosis we strictly separated training from testing 
data as recommended in [4]. The number of phase-contrast images of unstained sections per patient 
was either two (three patients) or four (five patients). Variation of number of images per patients 
was caused by the quality of tissue samples and frozen sections. See Section 4 for the more detailed 
discussion. Diagnostic models were trained and validated on eighteen annotated images (~70% of 
the overall number) belonging to five patients (~70% of the overall number) and tested on eight 
annotated images (~30% of the overall number) belonging to three patients (~30% of the overall 
number). We used SAE with vectorized 3×3 patches centered at each pixel of the phase-contrast 
images. The SAE applied to vectorized patches of the phase-contrast images contained three inner 
layers according to the architecture: 27×21×19×21×27. The tanh was used as nonlinear 
activation function. The k-means algorithm was applied to the self-referenced middle layer to 
obtain the final segmentation. Thereby, the k-means was cross-validated with the number of 
segments as hyper parameter. The best results were obtained for three segments. The segment with 
the centroid closest, in term of the angular proximity measure, to the target cancer spectra t was 
labeled as cancerous. Regarding the U-net applied on phase-contrast images, the encoder part of the 
network, the VGG-16 net, was kept on values pre-trained on the ImageNet database, while the 
decoder part of the network was trained and validated on ~70% of the annotated images (and 
patients), and tested on remaining ~30% of the images (and patients). Training and validation were 
performed only on the patches of the size 32×32 pixels that contained at least 20% of cancerous 
pixels. The U-net and the SAE diagnostic models were implemented in Tensorflow [30] and Keras 
[31] on QUADRO P6000 GPU card. The SAM diagnostic model was implemented in Matlab 
2014b on a personal computer running under Windows 64-bit operating system with 64 GB of 
RAM using an Intel Core i7-3930K processor operating with a clock speed of 3.2 GHz. While 
training of the U-net and the SAE diagnostic models takes hours, diagnostic time is within one 
minute of the CPU time.  
 

3.2 Performance scores 

To quantify diagnoses performance we compared on eight test images labels predicted by the three 
diagnostic models (U-net, SAE and SAM) with the ground truths. As performance measures we 
used sensitivity, specificity, balanced accuracy and Dice coefficient (a.k.a. F1 score). The worst 
value of all metrics corresponds to 0 and the best to 1. While sensitivity and specificity emphasize 
respectively errors in diagnoses of cancer and non-cancer pixels, balanced accuracy and Dice 
coefficient emphasize errors in diagnoses of both cancer and non-cancer pixels. Obtained results 
are shown in Table 1. Low value of the Dice coefficient implies that many predicted labels are false 
positive. That is visible in Fig. 1. It shows diagnostic maps (predicted labels) for the three methods, 
together with phase-contrast images and ground truth maps. Given the fact that very few researches 
have analyzed frozen sections so far [8] and given the fact that, to the best of our knowledge, no 
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research results for CAD based on phase-contrast images of unstained frozen section were 
published so far, we consider achieved performance as promising. In particular, very recently 
research [12] provided intraoperative computer aided assessment of squamous cell carcinoma on 
tongue using hyperspectral images of H&E stained frozen sections. Experiments on seven ex vivo 
tongue-tumor specimens yielded sensitivity=0.94 and specificity=0.68. Hence sensitvity=0.945 and 
specificity=0.729 achieved by the U-net on phase-contrast images of unstained frozen sections is 
promising result.  Further performance improvement is expected after optimizing hyper-parameters 
such as the input patch size and nonlinear activation functions. 
 
 
Table 1. Diagnostic performance (mean ± standard deviation) achieved by the U-net, SAE and SAM models 
on eight phase-contrast images of unstained frozen sections. Sections were collected from the three patients 
diagnosed with the metastasis of colon cancer in a liver.  
 

 Balanced 
accuracy 

Sensitivity Specificity Dice coefficient 

U-net 0.837±0.080 0.945±0.080 0.729±0.080 0.452±0.254 
SAE 0.700±0.170 0.827±0.310 0.574±0.056 0.346±0.211 
SAM 0.517±0.025 0.511±0.172 0.524±0.150 0.197±0.120 

 
 

 
 
Figure 1. (a) and (f) RGB phase-contrast images; (b) and (g) ground truths; (c) and (h) labels predicted by 
the U-net; (d) and (i) labels predicted by the SAE; (e) and (j) labels predicted by the SAM. 
 

 
4. DISCUSSION  

 
There are multiple factors that affect reproducibility of the quality of frozen sections. They include 
tissue type that affects the freezing time; treatment and procedures during surgery, such as: drugs, 
time from excision till freezing in laboratory; thickness of the specimen; melting of the specimen 
under the microscope; drops of water on the surface of the specimen and frozen crystals in the 
specimen; as well as skill of the laboratory technician. All these factors contribute to variations in 
frozen sections preparation and affect diagnostic performance reported in Section 3. In this regards, 
Fig. 2 illustrates how mentioned factors contribute to the variation of the phase-contrast images of 
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the unstained frozen sections. Thus, we had to pay special attention during sample collection 
process to the quality of acquired images and discard phase-contrast images such as the one shown 
in Fig. 2b.  
 

 
Figure 2. Examples of the phase contrast images of unstained frozen sections. (a) Good quality. Tumor is in 
gray-blue color. (b) Poor quality. 
 
 

5. CONCLUSIONS 
 
This paper presents three methods for intraoperative computer aided diagnosis of metastatic colon 
cancer in a liver from phase-contrast images of unstained frozen sections. The methods are aimed 
to assist pathologist, as a second reader, during intraoperative diagnosis. To the best of our 
knowledge this is the first work attempting to discriminate metastatic colon cancer cells in liver 
from non-cancerous cells in intraoperative diagnosis using images of unstained frozen sections. In 
particular, two deep learning methods, the U-net and the SAE-based deep subspace clustering, were 
trained for diagnosis. The U-net has potential to reach competitive diagnostic performance 
provided that: more labeled images are available; variation of the quality of phase-contrast images, 
cause by variations in frozen section collection and preparation process, is reduced. In addition to 
that, further improvement in diagnostic performance of proposed methods is possible through the 
increase of the accuracy of ground truth. Quality of generated ground truth is in our approach 
possibly affected by image segmentation method. That is, pathologists identified one segment as 
cancer related and focused on its refinement. In the future work it is planned that, through software 
assistance, pathologists label cancerous pixels directly.  
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