
 

Abstract— Due to the importance of nuclear structure in cancer 
diagnosis, several predictive models have been described for 
diagnosing a wide variety of cancers based on nuclear morphology.  
In many computer-aided diagnosis (CAD) systems, cancer 
detection tasks can be generally formulated as set classification 
problems, which can’t be directly solved by classifying single 
instances. In this paper, we propose a novel set classification 
approach SetSVM to build a predictive model by considering any 
nuclei set as a whole without specific assumptions. SetSVM 
features highly discriminative power in cancer detection 
challenges in the sense that it not only optimizes the classifier 
decision boundary but also transfers discriminative information to 
set representation learning. During model training, these two 
processes are unified in the support vector machine (SVM) 
maximum separation margin problem. Experiment results show 
that SetSVM provides significant improvements compared with 
five commonly used approaches in cancer detection tasks utilizing 
260 patients in total across three different cancer types, namely 
thyroid cancer, liver cancer and melanoma. In addition, we show 
that SetSVM enables visual interpretation of discriminative 
nuclear characteristics representing the nuclei set.  These features 
make SetSVM a potentially practical tool in building accurate and 
interpretable CAD systems for cancer detection. 
 

Index Terms—cancer detection, digital pathology, nuclear 
structure, nuclear quantification, set classification, visualization 

I. INTRODUCTION 
ANCER is the second leading cause of death in the US and 
a major public health problem worldwide, accounting for 

8.8 million deaths in 2015 [1]. Given the strong association 
between aberrant nuclei morphology and tumor progression, 
changes in nuclear structure have remained the ‘gold standard’ 
for cancer diagnosis for over 150 years [2]. In clinical diagnosis, 
the characterization of nuclear morphology can be visually 
interpreted under light microscopy with cells stained with 
reagents (e.g. Hematoxylin and Eosin) [3]. Many tumors have 
characteristic nuclei alterations which can be manually 

analyzed by pathologists in therapeutic decision making. Such 
morphological alterations include changes in nuclear size, 
shape, appearances of nucleoli, chromatin arrangement and so 
on [4]. In computer-aided diagnosis (CAD) systems, nuclear 
structure is commonly quantified by a set of numerical features 
[5]-[7] describing inherent morphological characteristics, 
including nuclear size and shape features (e.g. perimeter, area, 
curvature, symmetry) as well as nuclear texture features (e.g. 
Haralick, Gabor, Wavelet). Alternative nuclear quantification 
approaches include transport based morphometry (TBM) [8] 
and recently proposed deep learning methods, which have been 
successfully applied in nuclei detection [9]-[11], segmentation 
[12],[13] and classification [14].   

In clinical diagnosis, pathologists rely on microscopic 
examination of a set of nuclei within the tissue sample for 
analysis. Thus, in most situations, a diagnostic label is only 
available for the tissue sample rather than individual nuclei. A 
predictive model is required to learn from sets of nuclei without 
nuclei-level annotations and predict the diagnostic label for a 
new set of nuclei, referred as set classification problem. Beyond 
cancer diagnosis, set classification problem is also ubiquitous 
in prognosis prediction, where the model needs to predict the 
patient’s survival outcome by taking account of a set of 
quantified nuclei [15]. Different from conventional image 
classification where training and testing samples are labeled 
single-shot images, in the set classification scenario, training 
and testing samples are sets, each of which consists of various 
numbers of unlabeled nucleus images. The set classification 
problem is challenging and can’t directly solved by supervised 
machine learning approaches. Existing solutions to nuclei set 
classification and their own limitations are described as follows. 

Though often implicitly, many predictive models solve the 
set classification problem with single image classification by 
making specific assumptions regarding the relationship 
between the distribution of instances and the set label. Many 
studies assume that at least half of the instances in a set 
represent the set label and thus apply the majority voting 
strategy in set prediction. Predictive models using majority 
voting have been described for diagnosing a wide variety of 
cancers including lung cancer [16], cervical cancer [17] and 
breast cancer [18], to name a few. In [19], a threshold-based 
voting strategy was adopted for hepatocellular carcinoma tumor 
grading. However, the voting threshold for a set being 
categorized into a certain class needs to be pre-defined based 
on domain knowledge for the best performance. In the multiple 
instance learning (MIL) framework [20], one set is considered 
positive when there is at least one positive instance within it, 
otherwise the set is considered negative. MIL has received 
growing attention in medical diagnosis [21],[22], its 
assumption, however, is questionable in our case since not all 
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nuclei in the tissue sample show characteristic morphological 
changes associated with the disease [23].  

Single image classification essentially seeks to build an 
instance-level classifier utilizing set-level labels, which infers 
the latent instance labels for set prediction. Due to tumor 
heterogeneity [23], however, the choice of assumption often 
requires prior domain knowledge and has significant impact on 
overall performance of the predictive model.     

Set classification considers the set information as a whole and 
learns the predictive model at the set level. We note that the idea 
of classifying nuclei sets instead of individual nuclei is not new. 
The most popular and intuitive way is to aggregate multiple 
statistics (STATS) about nuclear feature attributes within a set 
[7],[24]. The generated feature vector including statistics such 
as mean, maximum, minimum, and standard deviation, 
summarizes characteristics of the nuclei set. The performance 
of STATS thus largely depends on those pre-designed statistics 
from experimental experience. Bag-of-words (BoW) [25],[26], 
which is another widely applied approach in set classification, 
learns a number of representative instances or dictionary in the 
training set and then provides a histogram about the 
composition of one set regarding the dictionary. Unsupervised 
clustering, such as k-means, is usually adopted in feature space 
to generate a collection of cluster centers as dictionary.  

We note two separate processes in STATS and BoW when 
dealing with set classification problems. First, a mapping 
function for set representation is constructed in an unsupervised 
way. In STATS, the types of statistics are manually defined; In 
BoW, the dictionary for histogram representation is built by k-
means algorithm with the cost function aiming at minimizing 
reconstruction error. Second, a set-level classifier takes as input 
set representations for supervised training based on certain 
criterion, e.g. minimizing classification error or maximizing 
separation margin. Although STATS and BoW have achieved 
different degrees of success in cancer prediction, a shared 
problem is that the model performance may be limited due to 
the inconsistent objectives in two separate processes.  

Beyond STATS and BoW, we mention a few recent attempts 
that use the concept of set classification for cancer detection. In 
[27], earth mover distance (EMD) was utilized to measure 
between-set distances in order to predict the probability of 
nuclei set belonging to a certain class. In [28], any nuclei set 
was represented as a feature vector with multidimensional 
scaling based on subspace distances. However, similar to 
STATS and BoW, these approaches also involve two separate 
processes: unsupervised set-wise distance learning and 
supervised classifier training.  

In this paper, we propose a novel set classification method, 
SetSVM, which unifies set representation learning with 
classifier training. The method solves the set classification 
problem by jointly optimizing the mapping function and the 
SVM decision boundary in a maximum soft margin problem. 
The main contributions can be summarized as follows: 1) We 
show that a better performance is possible by introducing 
discriminant information from the classifier to the mapping 
function; 2) Compared with our preliminary work [29], we used 
invertible features to show that SetSVM is able to visualize set-
level morphological attributes in a discriminative subspace, 
which helps interpret patients’ nuclear patterns from different 
classes. In addition, we tested the effectiveness of SetSVM 

using different types of nuclear quantification approaches, 
provided comparisons with additional state-of-art methods and 
provided extended experimental validations with 260 patients 
in total covering four diagnostic challenges.  

The remaining of the paper is organized as follows. Section 
II describes set representation learning and classifier 
optimization. In section III, we provide the details on 
experiment design including data preprocessing, nuclear 
morphometry quantification as well as visualization of 
meaningful information between nuclei groups. Experiment 
results are reported in section IV and the proposed approach is 
discussed in section V.    

II. METHODOLOGY  
Suppose we have  patients included for study, the nuclei 

dataset can be denoted as tuples , 
where  is a set of nuclei extracted from the  
patient and  (normal vs. cancer) is the 
corresponding patient label. One single nucleus is quantified as 

 describing its morphological characteristics. The 
goal of set classification is to find class label  to which the 
unseen set  belongs.  

A collection of prototypes are firstly initialized (section II- 
C), SetSVM then constructs a mapping function (section II-A) 
to extract set representations to describe the global nuclear 
attributes for any nuclei set. The idea is to compute matched 
‘nucleus’ in a set with respect to each prototype. In model 
training (section II-B), both prototypes and decision boundary 
are jointly optimized to maximize the separation margin, 
leading to discriminative set representations for specific cancer 
detection tasks. In this paper, we show that the optimization of 
prototypes is a mathematical variant of the learning vector 
quantization (LVQ) technique (section II-D). 

A. Nuclei Set Representation via Prototypes 
The mapping function for set representation stems from the 

well-known matching kernel in pattern recognition [30],[31]. 
The basic idea of matching kernel is to measure the maximal 
similarity between two sets  and  by finding the matched 
instance in one set with respect to a particular instance in the 
other set.  

The matching kernel can be defined as follows: 

 

where  is a local Mercer kernel for instances from two sets.  
is computed by finding the matched instance in  for any 

 and the matched instance in  for any . 
However, due to the ‘max’ operation,  is not necessarily 
positive definite even if  is a Mercer kernel and therefore it is 
risky to use it as SVM kernel for set classification. 

The kernel can be positive definite by comparing matched 
pairs of instances in  and  via a collection of prototypes, 
defined as follows: 
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where  is a set of prototypes containing  pre-
defined prototypes;  is to find matched instance in  
by prototype ;  is generally defined as a positive definite 
kernel (e.g. linear kernel, radial basis function, polynomial 
kernel), which makes  positive definite. 

Here, we define  as the weighted mean of instances 
in  related to : 

 

where  uses RBF kernel and outputs 
the mapping in the same feature space as instances. 

 measures the matching degree between instance  and 
prototype .  is a smoothing parameter and  in (3) 
equals finding the nearest neighbor in  for  when  is 
sufficiently large. Fig. 1 presents the construction of the 
mapping . 
 

 We choose  as the linear kernel, thus (2) becomes: 

 

 

where  and  is the set 
representation concatenated by the mapping  with 
respect to prototype , summarizing the instance attributes in 

. The kernel defined in (4) not only measures the similarity 
between two sets  and , it also explicitly provides set 
representation for any nuclei set, facilitating visualization of 
discriminative information in the nuclei set as will be seen in 
section III-E. 

B. Unifying Set Representation Learning with Classifier 
Training 

As mentioned earlier, the uniqueness of SetSVM is to 
combine set representation learning with classifier training in 
one unified cost function to increase discriminativeness. Here 
we maximize the soft separation margin over both the decision 
boundary and the prototypes . In a two-class classification 
problem, SVM classifier seeks to find a hyperplane: 

, which maximizes the separation margin. The SVM can be 
formulated as the following unconstrained minimization 
problem with hinge loss: 

 

where  is the SVM decision boundary, 
 is the hinge loss term,  is a kernel function 

mapping  to a high dimensional space,  is a parameter for 
the regularization term. One point  can be classified by 

 with  being the Lagrange 
multiplier. 

For set classification, the kernel function  is replaced 
by  in (4). The class label for a test set  is 
determined by . As mentioned in 
the previous section, we choose  in (4) as linear kernel and 
thus get the linear SVM taking as input set representations  
and  for  and  respectively. 

Denoting (5) as , the optimization process is 
performed in two phases: 1) fix prototypes , optimize  
over . Since the problem is convex, the optimal decision 
boundary is feasible by quadratic programming (QP) 
algorithms. 2) fix the decision boundary , optimize prototypes 

. Due to the non-convexity of cost function, the optimal  can 
be learned by gradient descent based approaches. Such 
optimization processes proceed alternatively for a pre-defined 
number of iterations.   

Although the update of  is straightforward to derive, we 
provide the details here for completeness and for showing the 
relation between our method and LVQ (learning vector 
quantization) in the next section.  

 

Since the hinge loss in  is not differentiable, sub-gradient is 
computed. When , the derivatives of 

 with respect to each  are as follows: 

 

 

 

 

When , the sub-gradient  for all 
prototypes. The derivative  can be organized as: 

 

 

where is the indicator function; . 
We should note that the Lagrange multiplier  if 

 and  if , meaning that 
only support vectors contribute to the updates of prototypes. 

With learning rate , the prototype  is updated by: 

 

Fig. 1. Illustration of the mapping function via prototypes. Matched instances
(marked in red and blue squares) in  and  are computed regarding each
prototype and are used for set representation. Here we have four prototypes: 
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C. Initialization of Prototypes  
Prototypes  are initialized with the clustering method 

across all nuclei in the training data. To make the initialization 
procedure robust, we apply k-means++, where the first cluster 
center is chosen randomly and each subsequent cluster center is 
chosen from instances with probability proportional to its 
squared distance from the point's closest existing cluster center. 

The number of clusters  is predefined. We note that the 
initialization of prototypes with k-means clustering is 
unsupervised and is not necessarily optimal for classification 
purposes.  

D. Relation to LVQ  
Learning vector quantization (LVQ) [32] is a supervised 

prototype learning method using class label information for 
pattern recognition tasks. The set of prototypes are defined in 
the feature space of the observed data. The essence of LVQ is 
that one prototype  is updated toward the direction of data 
point  if they have the same class labels; otherwise the 
prototype is repelled, which can be defined as follows: 

 

where  and  are the class labels for  and  
respectively. 
  In our model, the update rule for  in (11) can be rewritten 
as: 

 

                        For simplicity, let’s consider  with : 

 

where  is the change for  along the direction 
toward . During model learning, the contribution of set  
on the update of prototype  is a weighted contribution of all 
instances belonging to . The update direction of based on 
instance  is determined by .  

If , the change  for  is predictive about the set 
class label  and prototype  will be pulled toward instance 

 to narrow the gap , leading to a higher weight 
for  in generating  in (3). In contrast, if 

,  the change  based on  is not predictive and thus the 
prototype  will be repelled, leading to a smaller weight 

 for  in . As a result, the gradient-based updates 
of prototypes  in SetSVM can be viewed as a relaxed version 
of LVQ utilizing set-level label information.  

III. EXPERIMENTS 

A. Datasets 
Diagnostic challenges in thyroid cancer, liver cancer and 

melanoma were included in this study for quantitative 
evaluation of the proposed SetSVM in cancer detection tasks. 
Under an Institutional Review Board approval, tissue blocks for 
the thyroid and liver datasets were obtained from the archives 

of the University of Pittsburgh Medical Center (UPMC). Tissue 
blocks for the melanoma dataset were retrieved from the 
archives of the Mount Sinai Hospital. Tissue sections were cut 
at 5 micron thickness from the paraffin-embedded block and 
were placed on conventional 25mm × 75mm × 1.0mm
Superfrost Plus microscope slides using Fisherbrand Superslip 
cover slips (50mm × 24mm × 0.17mm; Fisher Scientific, 
Thermo Fisher Scientific, Inc., Waltham, MA). All tissues were 
fixed in 10% neutral buffered formalin and processed on a 
conventional tissue processor. All cases were reviewed by more 
than one pathologist, and only cases with a clear diagnosis (gold 
standard) were selected for this study. 

 

 
 In the thyroid dataset, cases for analysis included resection 
specimens with diagnosis of three different types of thyroid 
lesions, namely follicular adenoma of the thyroid (FA), 
follicular variant of papillary thyroid carcinoma (FVPC), and 
nodular goiter (NG). All tissues sections were stained with 
Feulgen technique. All images in the thyroid dataset were 
acquired using an Olympus BX51 microscope (100X UIS2 
objective and 2 mega pixel SPOT Insight camera) with 0.074 
microns pixel image resolution. 78 patients were involved in 
the thyroid dataset with 28 patients for FA, 22 patients for 
FVPC and 28 patients for NG. The diagnostic challenges in the 
thyroid dataset included differentiating FA from NG as well as 
differentiating FVPC from NG.  

In the liver dataset, tissue sections for imaging were stained 
using conventional hematoxylin and eosin (H&E) protocol used 
in the histology laboratory. Images of the liver slides were 
acquired using an Omnyx VL4 scanner (Omnyx, LLC) with a 
resolution of 0.1375 microns pixel and were saved in lossless 
JPEG format. Cases for analysis included 26 specimens with 
diagnosis of focal nodular hyperplasia (FNH) and 17 specimens 
with diagnosis of malignant hepatocellular carcinoma (HCC). 
The diagnostic challenge included differentiating FNH from 
HCC. 

In the melanoma dataset, tissue sections were stained using 
H&E. Slides from each case were scanned with an Aperio 
ScanScope XT whole slide scanner at ×40 magnification (0.25 
microns pixel) and were converted into digital images. A total 
of 139 cases were included in our study, including 67 cases 
diagnosed with malignant melanoma (MM) and 72 cases 
diagnosed with dysplastic nevi (DN). The diagnostic challenge 
included differentiating MM from DN. 

Fig. 2. Segmented nuclei randomly selected from patients diagnosed with FA 
(a), FVPC (b), NG (c), FNH (d), HCC (e), DN (f) and MM (g). Nuclei intensity 
and position are normalized as described in section III-B. 
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B. Nuclei Segmentation and Preprocessing 
Due to the differences in nuclei heterogeneity, nuclei in the 

three datasets were segmented with separate approaches. In the 
thyroid dataset, nuclei were segmented with a supervised 
method [33] while nuclei in the liver dataset and melanoma 
dataset were segmented using an unsupervised method [34].  

Segmented nuclei images were preprocessed as follows. 
Each nucleus image  with intensities in the range  
was first normalized by  to minimize 
the intensity variations in slide preparation, staining procedure 
and image acquisition. Next, nuclei position variations such as 
rotation, translation and coordinate inversions were eliminated 
by position normalization. Nuclei were relocated to the image 
centers to remove translation and the major axes for nuclei in 
each dataset were aligned in the same direction to eliminate 
arbitrary rotation. A few segmented nuclei after preprocessing 
are shown in Fig. 2. 

C. Nuclear Morphometry Quantifications  
 In this paper, we used hand-crafted features, autoencoder 
features and transport-based morphometry to describe nuclear 
morphology and validated the effectiveness of SetSVM. All 
features were extracted in unsupervised way.   
 I. Hand-crafted features 
 Nuclear structural characteristics were quantified with 256-
dimensional hand-crafted features, including 6 morphological 
features (e.g. area, perimeter, circularity), 220 texture features 
(e.g. Haralick features, Gabor features) and 30 wavelet features. 
Features were normalized to have the same variances of one. 
More details can be found in [27]. 
 II. Autoencoder features 

Nuclear morphology was quantified by hidden features in a 
two-layer sparse stacked autoencoder (SSAE) [10]. The SSAE 
is able to transform nuclear quantification back to image space 
by input reconstruction, making it possible to visually 
investigate the feature space.  

The SSAE transforms input image  to feature representation 
 in the hidden layer by the ‘encoding’ phase: , 

which is then used to approximate the input in ‘decoding’ 
phase: . 

 

 
In the experiment, we followed the similar model architecture 

in [10] and set the number of the first layer hidden units as 400 
and the number of the second layer hidden units as 49. The 

visualization of learned weights in the two-layer SSAE is 
shown in Fig. 3. 

III. Transport-based morphometry (TBM) 
Transport-based morphometry is an approach to quantify 

nuclear structure, refer to [8] for details. Briefly, nuclear image 
 is approximated by  particles using weighted  

method to summarize pixel intensity distribution over image 
coordinates.  can thus be denoted as , where 

is the delta function placed at position  and  is the 
corresponding intensity mass. Reference image  is usually the 
average image across the dataset and can be similarly 
approximated by . We seek to find the optimal 
transport plan  by minimizing the transport distance : 

 

 

The morphological representation  for  is obtained by: 

 

 D. Cross Validation 
We utilized the ‘leave-one-out’ strategy to test the cancer 

detection performance of SetSVM. The data from one patient 
was used for testing and the remaining data was used for model 
training. The training data was further split into training and 
validation sets to search for the best parameter  in (3) and the 
number of prototypes  in SetSVM. 

It is worth mentioning that testing patients were not involved 
in SSAE model training. We used ‘standalone’ data to train 
SSAE just once for each diagnostic challenge in order to avoid 
multiple model trainings with ‘leave-one-out’ strategy. That is, 
for challenge FA vs. NG, the standalone data was FVPC; for 
challenge FVPC vs. NG, the standalone data was FA; for 
challenge FNH vs. HCC, the standalone data was the thyroid 
data and for MM vs. DN, the standalone data was the liver data. 
After SSAE training, the model can be viewed as a feature 
extractor applied to both training and testing sets in the same 
manner to describe nuclear structure. 

E. Visualizing Nuclear Structure Differences between Sets 
As mentioned earlier, set representation by SetSVM enables 

visualization of relevant differences between sets in terms of 
nuclear morphometry. Such visualization of discriminative 
information is plotted at patient level rather than nuclei level, 
reflecting characteristic nuclear morphology for the entire set. 
  We begin by finding the most important prototype in  for a 
two-class diagnostic challenge. Each prototype  maps 
set  into  and the set representation for  is 

. The optimal SVM decision boundary 
 indicates the importance of feature 

variables. We find the most important prototype  
regarding differentiating nuclei sets by feature ranking:  

 

Fig. 3. (a) Learned weights ( ) in the first SSAE layer. (b) Learned
weights ( ) in the second SSAE layer. Weights are plotted in pseudo color.
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Combined with the penalized version of Fisher Linear 

Discriminant Analysis (pLDA) [35], the set information  
extracted by  can be used for visualizing discriminant 
variations between nuclei sets. 

We have  data representations  
with each index  belonging to class . The pLDA seeks to find 
a discriminative direction  by optimizing the following 
problem:  

 

where  is the total scatter matrix; 
 is the within class scatter 

matrix;  is the center of the entire dataset and  is the center 
for class ;  is a constant.  

We can project data points onto the discriminant direction 
 by . The discriminant variations along  

can be computed about the mean:  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

where  is the coefficient computed in units of the standard 
deviation  for data projections along .  
   Note that if data samples are measured with invertible feature 
transformation ,  can be transformed back to the image 
space by . In our case, the decoding phase in SSAE can 
be used to visualize such variations by image reconstruction.  
 

IV. RESULTS  

A. Classification accuracy comparisons  
   To evaluate cancer detection performance of SetSVM, we 

also tested five existing approaches in the diagnostic 
challenges. All the methods took as input the same nuclear 
quantifications and utilized the SVM classifier. To be fair, SVM 
classifier was applied to all approaches, aiming at evaluating 
outcomes of different strategies in using set information. The 
‘leave-one-out’ cross validation was adopted for all 
comparisons.  

Methods 
FA vs. NG FVPC vs. NG* FNH vs. HCC* DN vs. MM* 

Acc. P R AUC CK Acc. P R AUC CK Acc. P R AUC CK Acc. P R AUC CK 
MV 69.64% 0.72 0.64 0.79 0.39 82.00% 0.81 0.77 0.83 0.64 83.72% 0.92 0.65 0.89 0.64 71.22% 0.74 0.63 0.75 0.42 

BoW 67.85% 0.73 0.57 0.69 0.36 76.67% 0.71 0.77 0.85 0.53 84.89% 0.86 0.71 0.91 0.67 69.78% 0.70 0.66 0.72 0.39 
STATS 73.21% 0.71 0.79 0.78 0.46 78.00% 0.74 0.77 0.80 0.56 88.37% 0.88 0.82 0.93 0.75 72.66% 0.72 0.70 0.73 0.45 
EMD 71.43% 0.75 0.64 0.79 0.43 82.00% 0.84 0.73 0.88 0.64 86.05% 0.92 0.71 0.91 0.70 70.50% 0.72 0.63 0.75 0.41 

mi-Graph 78.57% 0.78 0.78 0.82 0.57 84.00% 0.82 0.82 0.84 0.68 88.37% 0.88 0.82 0.90 0.76 71.94% 0.68 0.78 0.75 0.44 
SetSVM 78.57% 0.81 0.75 0.83 0.57 86.00% 0.83 0.86 0.87 0.72 90.69% 0.93 0.82 0.93 0.80 74.51% 0.76 0.76 0.75 0.49 

Methods 
FA vs. NG* FVPC vs. NG FNH vs. HCC* DN vs. MM* 

Acc. P R AUC CK Acc. P R AUC CK Acc. P R AUC CK Acc. P R AUC CK 
MV 60.71% 0.60 0.64 0.68 0.21 84.00% 0.75 0.95 0.91 0.68 79.06% 0.75 0.71 0.81 0.56 66.19% 0.65 0.64 0.69 0.32 

BoW 58.92% 0.60 0.54 0.60 0.18 84.66% 0.86 0.82 0.87 0.69 80.23% 0.74 0.82 0.84 0.60 64.75% 0.63 0.67 0.71 0.30 
STATS 69.64% 0.72 0.64 0.77 0.39 84.00% 0.79 0.86 0.85 0.68 81.39% 0.74 0.82 0.84 0.62 70.50% 0.65 0.85 0.71 0.42 
EMD 67.85% 0.67 0.71 0.69 0.36 86.00% 0.80 0.91 0.88 0.72 81.39% 0.76 0.76 0.88 0.61 68.35% 0.67 0.69 0.72 0.37 

mi-Graph 73.21% 0.74 0.71 0.70 0.43 90.00% 0.90 0.86 0.89 0.80 83.72% 0.81 0.76 0.90 0.66 70.50% 0.69 0.70 0.72 0.42 
SetSVM 75.00% 0.75 0.75 0.84 0.50 88.00% 0.90 0.82 0.91 0.75 84.88% 0.86 0.71 0.91 0.68 72.42% 0.72 0.70 0.75 0.44 

Methods 
FA vs. NG* FVPC vs. NG* FNH vs. HCC* DN vs. MM* 

Acc. P R AUC CK Acc. P R AUC CK Acc. P R AUC CK Acc. P R AUC CK 
MV 71.43% 0.69 0.79 0.77 0.43 84.00% 0.89 0.73 0.90 0.67 83.72% 0.92 0.65 0.87 0.64 80.58% 0.76 0.87 0.79 0.61 

BoW 70.23% 0.68 0.75 0.77 0.40 82.00% 0.90 0.82 0.88 0.63 82.94% 0.86 0.71 0.83 0.63 77.59% 0.73 0.84 0.78 0.55 
STATS 73.21% 0.72 0.75 0.79 0.46 88.00% 0.81 0.77 0.91 0.75 81.39% 0.85 0.65 0.86 0.59 78.41% 0.77 0.79 0.81 0.57 
EMD 71.43% 0.70 0.75 0.77 0.43 86.00% 0.86 0.82 0.89 0.71 83.72% 0.86 0.71 0.85 0.65 76.26% 0.74 0.82 0.78 0.53 

mi-Graph 73.21% 0.71 0.79 0.79 0.46 88.00% 0.81 0.95 0.91 0.76 83.72% 0.86 0.71 0.86 0.66 79.14% 0.76 0.82 0.79 0.58 
SetSVM 76.78% 0.76 0.79 0.80 0.54 90.00% 0.84 0.95 0.92 0.80 86.04% 0.92 0.71 0.87 0.70 82.01% 0.78 0.87 0.78 0.64 

TABLE I 
CLASSIFICATION RESULTS BY DIFFERENT APPROACHES IN FOUR DIAGNOSTIC CHALLENGES (HAND-CRAFTED FEATURES)  

TABLE II 
CLASSIFICATION RESULTS BY DIFFERENT APPROACHES IN FOUR DIAGNOSTIC CHALLENGES (AUTOENCODER FEATURES)  

TABLE III 
CLASSIFICATION RESULTS BY DIFFERENT APPROACHES IN FOUR DIAGNOSTIC CHALLENGES (TBM)  

* challenges where SetSVM provides statistically better performance based on classification accuracy.   
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 1) Majority voting (MV) [16]. The linear SVM classifier was 
trained based on individual nuclei with labels being as same as 
set labels. Then each nucleus in the test set was predicted 
individually and the final set label was assigned by majority 
voting. 

2) Feature statistics (STATS) [24]. Statistical features were 
extracted for all nuclear attributes. In the experiment, minimum, 
maximum, mean, standard deviation, skewness and kurtosis 
were computed and concatenated into a single vector to 
represent the nuclei set. 

3) Bag of words (BoW) [25]. The dictionary in BoW was 
built in the nuclei feature space with -means using training 
data. The BoW model generated a histogram to represent any 
nuclei set by measuring the occurrences of each ‘word’ in the 
nuclei set. 

4) Earth mover distance (EMD) [27]. The earth mover 
distance was used to measure the distance between two sets 
based on an optimization process. The computed EMD for   
and  is denoted as , which was applied in SVM 
by the RBF kernel  

5) mi-Graph [36]. Compared with standard  multiple instance 
learning (MIL), mi-Graph was designed under relaxed MIL 
assumption. It constructs a graph for the nuclei set with nuclei 
being nodes and a predefined graph kernel is used in SVM to 
measure the similarity between two sets. 

The performance of SetSVM was evaluated on the three 
datasets with four diagnostic challenges, namely, FA vs. NG, 
FVPC vs. NG, FNH vs. HCC and DN vs. MM. We calculated 
cancer detection accuracy (Acc.) to summarize the overall 
classification performance. In addition, precision (P), recall (R), 
the area under the receiver operating characteristic curve (AUC, 
Fig. 4) and Cohen’s kappa (CK) coefficient were considered to 
evaluate the model.  

Table I, II and III contain the summary of classification 
results in each diagnostic challenge with hand-crafted features, 
autoencoder features and TBM respectively. The cancer 

detection performances were evaluated for SetSVM as well as 
five existing approaches mentioned above. As we can see from  
Table I, II and III, SetSVM provided statistically better 
classification accuracies in challenges marked with * (assessed 
by p values, p<0.05) compared with five existing methods using 
different nuclear quantification approaches. The improvements 
are gained by optimizing both set representation and classifier 
decision boundary in one consistent cost function.  

As far as computational complexity, our method only needs 
to compute the distance between each instance and each 
prototype to obtain the linear embeddings. Suppose we have  
defined prototypes and each set contains  instances, the 
computational complexity is  to compute the instance- 
prototype distances for a set. However, in mi-Graph, the 
computational complexity is to compute the instance-
wise distances, which increases quadratically with  . Actual 
running time for each method was shown in Table IV. The 
experiments were performed on a PC with Intel Core(TM) 2.8 
GHz processor and 12 GB of RAM. The software was 
implemented using MATLAB R2017a. 

B. Visualizing nuclear characteristics in different groups  
SetSVM is able to provide visual exploration of the 

discriminant patterns for the nuclei set when using invertible 
nuclear quantifications (e.g. sparse autoencoder features). As 
mentioned in section III-E, each set can be characterized by a 
feature vector in the nuclear feature space regarding the most 
important prototype . We utilized the extracted set 
information in combination with pLDA technique to visualize 
nuclear morphological differences between nuclei sets. For 
each diagnostic challenge, we projected all the data onto the 
discriminant direction  with fixed  in (18) and 
the discriminant variations  along  was visualized by 
the inverse transformation in SSAE, as shown in the bottoms of 
Fig. 5(a)-Fig. 5(d). The generated nuclei images beneath 
histogram bars are plotted in pseudo color. After projection, 
patient representations that are most similar to these nuclei 
images are counted in the corresponding bins. The height of 

Fig. 4.  ROC curves for each method in all diagnostic challenges. From top to bottom: results with hand-crafted features, autoencoder features and TBM 
respectively; From left to right: results for diagnostic challenges FA vs. NG, FVPC vs. NG, FNH vs. HCC and DN vs. MM respectively.  
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bars in histograms indicates the frequency of corresponding 
morphometry patterns in each diagnostic challenge.   
 The histograms in Fig. 5(a) suggests that nuclei in FA 
patients tend to have slightly bigger nuclei size and more  
chromatin concentrated around the nuclei membrane, while 
nuclei in NG patients are relatively small with more uniform 
chromatin distributed within the central region of the nucleus. 
     In comparison between FVPC and NG shown in Fig. 5(b), 
the distribution histograms are more widely separated 
compared with FA vs. NG. A large proportion of FVPC patients 
have significantly bigger nuclei than NG patients. We 
computed the nuclei area of segmented nuclei images for all 
groups (shown in Table V) and found that the average nuclear 
size in FVPC patients is 38% bigger than NG patients. 
Moreover, greater numbers of FVPC patients tend to have 
central clearing nuclei with peripheralization of chromatin 
compared with NG group. 
  Results for the challenge FNH vs. HCC are shown in Fig. 
5(c). It is clear that nuclei in the malignant group (HCC 
patients) are much bigger (34% bigger calculated from Table 
V) than the benign group (FNH patients). In addition, HCC 
group tend to have more prominent chromatin mass condensed 
within the central region of nucleus, indicating more 
hyperchromatin inside nucleus than benign patients. In contrast, 
FNH patients have nuclei with relatively uniform chromatin 
distribution and little variations in size. 
 Fig. 5(d) shows the analysis results for comparison between 
DN and MM. The nuclei of DN patients are usually small and 
condensed without a nucleolus. However, MM patients tend to 
have enlarged nuclei (21% larger calculated from Table V)  
with chromatin condensed around nuclei membrane and central 
region. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 

Groups FA FVPC NG FNH HCC DN MM 
Nuclear 

area 28.5±8.2 37.8±10.4 26.8±7.1 30.3±5.7 41.6±15.1 31.3±18.8 37.5±12.5 

Methods Running time (s) 
MV 3856.4 

BoW 30.8 
STATS 23.4 
EMD 7265.1 

mi-Graph 1100.8 
SetSVM 400.6 

 FA vs. NG FVPC vs. NG FNH vs. HCC DN vs. MM 
Hand-crafted 

features 
Autoencoder 

features 
TBM 

TABLE V  
 NUCLEAR AREA (IN SQUARE MICRONS) IN DIFFERENT GROUPS 

TABLE VI 
PARAMETER SELECTIONS IN THE EXPERIENTS 

TABLE IV 
 RUNNING TIME FOR APPROACHES 

Fig. 5. Distributions of discriminative nuclear patterns in four diagnostic challenges: follicular adenoma of the thyroid (FA) vs. nodular goiter (NG) (a), follicular 
variant of papillary thyroid carcinoma (FVPC) vs. nodular goiter (NG) (b), focal nodular hyperplasia (FNH) vs. malignant hepatocellular carcinoma (HCC) (c), 
and dysplastic nevi (DN) vs. malignant melanoma (MM) (d). For view purpose, the generated nuclei images beneath histogram bars are plotted in pseudo color. 
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V. DISCUSSION 
Nuclear structure, as observed under microscopy on routine 

staining, has long been prime interests of pathologists in cancer 
diagnosis. Models in CAD systems are required to solve the set 
classification problem and predict the presence or absence of 
cancer based on sets of nuclei. In this paper, we described a 
novel set classification approach SetSVM in the application of 
nuclear morphometry-based cancer detection. SetSVM 
integrates set representation learning and classifier training in 
one unified cost function for better discriminativeness. The 
method is based on the idea of measuring set-set similarity by 
comparing matched ‘nuclei’ obtained via a collection of 
prototypes. For better discriminative power, both decision 
boundary and prototypes are optimized to maximize the 
separation margin. SetSVM provides set representation to 
summarize characteristics of nuclear morphometry for any 
nuclei set. Representative information in the nuclei set can be 
visualized directly by feature decoding in the sparse stacked 
autoencoder (SSAE) in the discriminant subspace. 

In nuclear-based cancer detection tasks, we compared our 
approach with five commonly used methods using thyroid, liver 
and melanoma datasets with 260 patients in total. All the 
methods took as input the same nuclear quantifications using 
hand-crafted features, autoencoder features and TBM. 
Experiment results show that the proposed SetSVM is able to 
provide state-of-art performances in almost all diagnostic 
challenges using different nuclear quantification approaches. 
One possible reason is that compared with SetSVM, other 
methods separate mapping function and classifier training, 
which may limit the model performance when the objectives of 
the two processes are inconsistent. In addition, the validation 
with three different types of features suggests that SetSVM is 
likely to provide superior performances independent of nuclear 
quantification approaches in CAD systems. 
 Beyond cancer detection, SetSVM enables visualization of 
discriminant nuclear patterns for the nuclei set. Combined with 
SSAE and pLDA, the modes of variations that are responsible 
for distinguishing two classes can be plotted in image space to 
discover the characteristic chromatin distribution within the 
nucleus. As far as we know, this is the first attempt to visually 
interpret such biological information at the patient level. In 
pathology, the spatial arrangement of chromatin is often 
associated with tumor progress. The compact, condensed dark 
stained hetero- chromatin inside nucleus reflects relatively low 
levels of transcriptional inactivity. Nuclear morphological 
features including chromatin clearing with peripheral 
margination of chromatin and nuclear enlargement have been 
documented as important diagnostic information in 
differentiating thyroid lesions. Enlargement in nuclear size and 
prominent nucleoli are often observed in malignant lesions and 
are used for cancer grading. Together with SSAE and pLDA, 
the proposed SetSVM provides a practical tool for direct 
visualization of representative nuclear patterns in patients from 
specific pathological lesions.  

Although the proposed method can yield satisfying 
performance, it also has some limitations. First, SetSVM is built 
directly on set levels and only predicts labels for sets rather than 
instances. Beyond label prediction for the patients, it would be 
interesting to extend the work to infer the probabilities of 

individual nuclei belonging to a certain class. By doing so, we 
may be able to plot the heatmap and thus locate the tumor region 
in pathology images. Second, in this paper, nuclear structure 
was quantified with unsupervised approaches (hand-crafted 
features, autoencoder features and TBM) and SetSVM only 
optimizes set representation and the classifier. There is still 
room to further improve the discriminativeness by introducing 
label information to nuclear quantification, leading to an end-
end learning architecture.  

We note that in SetSVM two parameters: number of 
prototypes m and the smoothing parameter  in mapping 
function are important to cancer detection performance. To test 
the sensitivity of each parameter, we fixed the other parameter 
as the optimal value and presented classification accuracies 
with respect to the change of m and  in each diagnostic 
challenge, as shown in Fig. 6.  The number of prototypes ranges 
from 1 to 50 and increasing  improves the performance. 
However, further increase of  would lead to 
suboptimal unchanged classification accuracies. Lager number 
of prototypes  can generate higher dimensional set 
representations, where redundant information may degrade 
performance of the predictive model. Similar performance 
patterns can be observed when keeping  fixed and changing 

 from 0.1 to 3.0. When  is very small, the mapping 
function  becomes finding the nearest neighbor in  
with respect to prototype and thus neglects 
characteristics of other instances. When  is too large, the 
nuclei characteristics summarized by prototypes within a set are 
‘obscured’, losing discriminative features for classification. 

Finally, it is worth noting that the proposed SetSVM is a 
quite general predictive model. It is a type of weakly supervised 
method in the sense that it takes as input sets of unlabeled 
feature vectors with only set-level labels available, alleviating 
the efforts to access detailed labels in many situations. It can 
thus be extended to many pattern recognition tasks.  

VI. CONCLUSION 
   In this study, we formulated the cancer detection task as a 

set classification problem and described a novel predictive 
model SetSVM to improve cancer detection performance by 
analyzing nuclear morphology. The idea was motivated by the 
two separate optimization stages in existing methods and 
SetSVM optimizes feature representation and decision 

Fig. 6. Performance analysis on sensitivity of parameters. (a) classification
accuracy vs. number of prototypes (  = 0.6, 0.8, 0.8, 0.6 in FA vs. NG, FVPC vs.
NG, FNH vs. HCC and DN vs. MM respectively); (b) classification accuracy vs.
smoothing parameter (m = 15, 15, 20, 15 in FA vs. NG, FVPC vs. NG, FNH vs.
HCC and DN vs. MM respectively). Here we provide the example analysis based
on autoencoder features. 
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boundary jointly in one cost function for consistency. The 
SetSVM achieved state-of-art performances in terms of five 
evaluation metrics in diagnosing thyroid cancer, liver cancer 
and melanoma. Hand-crafted features, autoencoder features and 
TBM showed that SetSVM is robust to nuclear quantifications.  

In addition, SetSVM is able to visualize representative set 
information using invertible features, leading to identification 
of discriminant morphological variations between sets of 
nuclei. We show that SetSVM can automatically discover 
differences of nuclear chromatin configurations (e.g. nuclear 
size, chromatin migration) in normal and cancer patients, which 
helps understand the interrelationship between nuclear 
structures and disease states.  
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