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Abstract—A supervised learning system requires labeled data
during the training phase. Obtaining labels can be an expensive
process, especially in medical imaging applications where a
qualified expert may be needed to carefully analyze images
and annotate them. This constrains the amount of labeled data
available. This study explores the possibility of incorporating
labeling behavior (viz., labeling latency) in a supervised convolutional neural network (CNN) framework in order to improve its
performance in the presence of limited labeled data. The problem
of “spot" detection in MRI scans is considered in this work. In
this two-class problem, (a) labeling behavior is available only
during the training phase unlike traditional features that are
available both during training and testing; and (b) the labeling
behavior is associated with only one class (the positive samples)
unlike other side information that is available for all classes.
To address these issues, a new CNN architecture referred to as
L-CNN is designed. The proposed method utilizes the labeling
behavior of the expert to cluster the labeled data into multiple
categories; a source CNN is then trained to distinguish between
these categories. Next, a transfer learning paradigm is used
where a target CNN is initialized using this source CNN and its
weights updated with the limited labeled data that is available.
Experimental results on an existing MRI database show that the
proposed L-CNN performs better than a conventional CNN and,
further, significantly outperforms the previous state-of-the-art,
thereby establishing a new baseline for “spot" detection in MRI.

I.

I NTRODUCTION

Despite all the recent advances in medicine and technology,
it is estimated that human deaths due to cancer will exceed
595,000 in US this year.1 Other health issues, including organ
failure and traumatic brain injuries, are also severely affecting
the quality of life of a number of individuals.2 Researchers in
the medical domain are considering cell based therapy (CBT)
as a promising solution to cure a myriad of such serious
diseases. In CBT, a key step is to inject or transplant stem
cells into the affected organ. Unfortunately, the success of
CBT in humans is currently limited. One key hurdle in the
success of CBT is the inability to non-invasively quantify the
number and location of transplanted cells in the affected organ,
which severely affects our understanding on how these cells
behave after the transplant. Over the past 20 years, researchers
in regenerative medicine and radiology have performed cellular
MRI (Magnetic Resonance Imaging) of the affected organ to
manually track these transplanted cells that appear as dark
1 http://www.cancer.org

2 http://www.organdonor.gov/
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Fig. 1: This paper describes a CNN architecture that incorporates the labeling behavior of an expert during the training
phase. The labeling behavior is anticipated to provide side
information that captures the intra-class variability of positive
exemplars in a two-class problem. (Note: Green markers have
been used to indicate spots in a MRI scan).
spots. Manual enumeration of these spots in a 3D MRI is a
tedious and time consuming task that is prone to subjectivity
and inaccuracy. It is not feasible to adopt such a manual
approach for large scale MRI analysis of transplanted cells.
Thus, there is a pressing need for an intelligent approach that
can automatically and accurately detect these cells (spots) in
MRI scans.
Deep learning methods, specifically those based on convolutional neural networks (CNNs), have demonstrated tremendous success in a variety of detection and classification problems [1]. It is well-known that the success of CNNs relies on
the availability of large labeled datasets. However, in many real
world applications, such as those in radiology and medicine,
obtaining large scale labeled data can be very challenging. The
problem of spot detection in MRI scans is also beset by a number of problems: (a) Limited Data: An MRI scan may contain
only a small number of transplanted cells resulting in only
a limited number of positive exemplars during training. (b)
Large Intra-class Variation: The spots can exhibit a large number of morphological variations both within the same scan as
well as across different scans. (c) Difficulty in Labeling: The
labeling process in this applications can only be undertaken by
qualified medical experts and, hence, traditionally used crowdsourcing methods [2] cannot be adopted, leading to scarcity
of labeled data. Further, collecting raw data in itself is very
challenging due to the need for time consuming procedures
and limited availability of medical experts, MRI instruments,
specimens, etc. The problem of limited training data coupled
with large intra-class variations in spot morphology, makes it

particularly difficult to learn effective representation schemes
for spots.
A medical expert, when annotating MRI data, typically
uses an image viewer to carefully visualize and review an MRI
scan (e.g., by using a ‘zoom-in option’, or ‘change contrast’
option) before clicking and labeling a spot (i.e., a positive sample). This labeling procedure can be both time consuming and
expensive. Therefore, to learn effective feature representation
schemes from limited spot samples, a binary classifier needs
to be extended beyond its traditional framework.
In this paper, we investigate the role of incorporating
an expert’s labeling behavior into a particular classifier, the
convolutional neural network (CNN). The inspiration for this
approach comes from research in psychophysiology where it
has been observed that the human mind processes different
images differently, based on the salient characteristics of
individual images/stimuli [3] [4]. This is perhaps the case
when a medical expert carefully analyzes and labels spots in
MRI scans. For example, an easy-to-classify spot may take
less time to label, while a difficult-to-locate spot may require
more time to label. Thus, the time taken by an expert to label
each spot, i.e., the labeling latency, can be viewed as a variable
that models the labeling behavior of an expert. However, the
labeling latency value associated with a spot (positive sample)
provides additional information that is only available during
training and is absent during testing. Further, a medical expert
only labels the positive samples in an MRI (the remaining
samples in the MRI are automatically assumed to be negative
samples). Thus, labeling latency is only available for one class,
i.e., the positive class.
The paradigm of learning using privileged information
(LUPI) is closely related to the problem at hand. Privileged
information (also known as side or hidden information) is also
available only during training but absent during testing [5]–
[12]. However, existing LUPI approaches cannot be appropriated in the context of supervised classifier learning where the
side information is only available for samples of one class and
missing for the other class(es).
In this regard, the contributions of this paper are three-fold:
⇧ Utilizing labeling latency as an additional variable for
learning in the context of a medical imaging application.
⇧ Introducing the problem of exploiting side information that
is only available for one class.
⇧ Designing a new CNN framework, L-CNN,3 that exploits
labeling latency as side information.
II.

P RIOR LITERATURE

In this section, a brief overview of the related work is
presented.
Cell detection in MRI: Most of the current literature
focuses on cell or spot detection in microscopy images. In
contrast, this paper focuses on MRI based cell/spot detection
which is more challenging but essential for understanding
in vivo cell behavior in real clinical practice. In a recent
3 The term L-CNN is used to indicate that the CNN exploits Labeling
behavior.

2157

Training
Class Labels
Image and
Features
Additional
Information

Testing

Training

+

-

+

-

+

-

+

-

+

Learning with
Side Information

Testing

+
Learning with
Labeling Latency

Fig. 2: Unlike traditional features, labeling latency is only
available during the training phase. Further, unlike traditional
side information, it is associated with a single class only. In
this figure, a two-class problem (“+" and “-") is considered.
study [13], a simple threshold based strategy was used to
detect spots in MRI. However, the approach was not compared
against the ground truth. Further, threshold based approaches
are generally not robust to diverse data variations. Therefore,
in [14], a machine learning based approach was presented
to detect spots in MRI and its performance was compared
against spot detection approaches used on microscopy images.
The approach in [14] utilized a probabilistic framework that
exploited fern-like features for spot detection in MRI.
Classifier learning with labeling latency: The literature
on LUPI-based approaches is closely related to our work. The
basic goal of the LUPI paradigm is to exploit side or privileged
information that is available only during training and not
during testing. Side information has been successfully utilized
in the context of unsupervised learning frameworks [15] [16].
A number of approaches also show the benefits of using
side information in a supervised learning framework [5]–[11].
However, in the supervised learning framework, existing LUPI
approaches cannot be utilized if the side information is only
available for a single class and completely absent for the other
classes.
A recent study [12] utilized reaction time of a labeler as
an additional side information in a SVM based framework.
However, in [12], the side information is available for both
positive and negative classes. In the experiments, an image was
displayed for a very short period of time to the labeler, who had
to indicate whether the image contained a face image or not.
The reaction time to label was taken as the side information
for each image that could potentially model the classification
difficulty of each image.
CNN learning with side information: The idea of exploiting side information with CNNs is relatively less explored,
especially in the context of image based learning. The few
approaches that have been studied [17] [18] suffer from the
same limitation as standard LUPI approaches and, therefore,
cannot be easily appropriated to the problem at hand. This
paper is one of the first to demonstrate how a CNN learning
framework can exploit labeling latency.
III.

P ROPOSED A PPROACH

The basic architecture of the proposed L-CNN framework
is shown in Fig. 3.
The human computer interface (HCI) takes an MRI scan
G as an input and extracts patches X from its slices, where
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Fig. 3: Basic architecture of the proposed L-CNN framework.
each extracted patch can potentially contain a spot. During the
training phase, it also allows the expert to label spots (positive
patches) in each slice in an interactive manner using an image
viewer (e.g., by zooming in, changing image contrast, etc.),
resulting in a set of labels Y associated with these patches.
Further, the labeling latency value associated with each positive
spot label is also recorded. Labeling latency is utilized later as
an additional source of information to categorize spot patches.
After this, a transfer learning paradigm is adopted for which
the source task involves learning a CNN that can distinguish
between these categories of spot patches. The target task is to
differentiate between spot and non-spot patches using training
data that has a limited number of positive examples. Since
CNNs are initialization dependent and unfavorably impacted
when the training data is limited, rather than using a randomly
initialized CNN, the proposed approach transfers layers from
the source CNN to the target CNN. The results obtained with
this approach are significantly superior to previous state-ofthe-art for the problem of spot detection in MRI scans.
A. Image Viewer: Human-Computer Interface
This module has two main purposes: First, it is used to
obtain ground truth on spots and to record labeling latency
when an expert manually locates spots in an MRI scan. Second,
after the spots have been labeled by the expert, the system
extracts patches (described below) from the MRI slice. An
extracted patch containing a clicked pixel is labeled as a
positive sample (containing a spot) and the corresponding
labeling latency is associated with it. The remaining patches
are labeled as non-spot patches (negative samples).
Labeling spots: Given an MRI scan G, this module
presents a software with zooming and contrast adjustment
capabilities for the expert to carefully analyze each 2D slice
in the MRI scan and click on the spatial location to indicate
a spot. Collectively, these 3D locations are denoted by a set
= {[ u }ku=1 where u denotes the location of a clicked
point and k represents the total number of clicked points.
In addition, the time lapse between clicks is also recorded
as labeling latency. It was observed that experts label the
easier spots first without engaging in any detailed analysis
as shown in Fig. 4. Difficult-to-label spots, on the other hand,
were typically labeled at the end. Every potential spot entity is
carefully analyzed by the medical expert by zooming-in and,
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occasionally, by changing the contrast of the locally selected
region (see Fig. 5). Labeling latency is indirectly related to
the cognitive overload involved in labeling a point as a spot.
It is denoted as R = {[ru }ku=1 where ru is the labeling
latency associated with the clicked point u . Certain latency
values were rather high, due to breaks taken by the expert
or due to distractions. Hence, values greater than 45 seconds
were simply replaced with the mean time taken between
mouse clicks. These pre-processed values of labeling latencies
corresponding to one MRI scan are shown in Fig. 6. Factors
such as spatial distance between two consecutive clicks have
little or no effect on labeling latency (as small movements on
the mouse, translate to large spatial distances on the screen).
For simplicity, any possible effects of such factors are ignored.
Since the labeling task is laborious, experts are asked to
indicate positive samples (spot entities) only. However, this
means that latency information is available only for positive
samples and not for the negative samples. For experts, this
creates an easier and more practical labeling environment.
However, from a pattern classification standpoint, this introduces a new challenge: “features" that are available during
training but not during testing and are associated with one
class only.
Extracting regions for classification: The annotated (i.e.,
clicked) locations, , must be associated with some regions
in the MRI scan; these regions, representing a collection
of pixel intensities, will then be input to the classifier. The
question to address here is, how should a region be defined?
A superpixel [19] based strategy similar to [14] is utilized
to extract a large number of patches from MRI G and these
regions are denoted as X = {x1 , x2 , ...xn } where n > k. As
shown in Fig. 7, for each superpixel in a 2D MRI slice, a patch
of size z ⇥ z is extracted by keeping the darkest pixel of the
superpixel at the center (since spots typically appear darker
than the surrounding tissue). Note that a superpixel approach
is preferred over a dense sampling method for defining regions
as the former results in fewer but more relevant patches for
further processing and is less likely to associate multiple spots
to a single patch. Further, as mentioned in [14], the superpixel
algorithm used in [19] [20] outperforms other superpixel and
3D supervoxel algorithms (such as 3D SLIC) for capturing
spot boundaries. Therefore, the 2D spot patches detected in
neighboring slices are later joined to form a 3D spot.
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Fig. 4: Basic view is used to label easy-to-detect spots.
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Fig. 5: (Left) Zoomed-in view to locate a spot. (Right)
Zoomed-in view with contrast adjustment for detailed contextual observation prior to labeling spots.
Formally, X = {x1 , x2 , ...xn } where each patch xu has a
center au . Note that aqu denotes the slice number where the
patch is located based on the 2D spatial location defined by
a1u and a2u . The distance between the center location of each
patch with respect to all the clicked locations in is computed.
If the smallest of these distances, dmin , is less than or equal
to a pre-defined threshold ⌧ , the patch is considered to be a
spot; otherwise, it is considered to be a non-spot that forms
the negative class of the dataset. Note that dmin = minj k j
au k2 and 1  j  k. Based on this step, a label yu is assigned
to each patch xu . Thus, Y = {y1 , y2 , ..., yn } where yu 2
{0, 1}. Further, X = {X p , X g } where X p = {x1 , x2 , ...xk }
denotes all the spot patches while X g = {xk+1 , xk+2 , ..., xn }
represents all the non-spot patches. Note that 8xu 2 X p , the
training samples exist as triplets {[(xu , yu , ru )}ku=1 , while for
the remaining non-spot patches the labeling latency values (ru )
are not available.
B. Classification Approach
Clustering: The variation in labeling latency values for
an MRI scan can be seen in Fig. 6. A Gaussian Mixture
Model (GMM) is utilized here to categorize Xp into m clusters
based on their corresponding labeling latency values. Here,
m denotes the optimum number of clusters selected using
the standard Akaike infomation criterion. Thus, each patch
xu 2 X p is associated with a clustering index vu where
1  vu  m and V = {v1 , v2 , ..., vk }.

Transfer learning: In transfer learning, the knowledge
gained to perform one task (source task) is used to benefit
learning in another task (target task). In the context of CNNs,
transfer learning can be implemented by transplanting the
learned network layers (feature representations) from a source
CNN for initializing a target CNN. In this study, the target task
is the task of separating spot patches from non-spot patches.
To train a CNN to perform this task, one approach would be
to initialize it randomly and then utilize the target task training
data to update it. Another approach would be to initialize it
based on the layers of a source CNN that has been trained for
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Fig. 8: (A) Spot patches extracted from one MRI scan (concatenated as 10 ⇥ 15 patches), (B) Spot patches from another
MRI scan. These patches represent inter-scan and intra-scan
variations in spot patches.
a different task. Here, the source task involves differentiating
between categories of spots generated using the clustering
process described earlier. The layers of the ensuing source
CNN is then used to initialize the target CNN.
The source dataset DS = (X p , V ) is developed, where the
cluster indices in V act like labels for the spot patches in X p .
A CNN, N S , is then trained to distinguish between the patches
S
of these clusters. Formally,
Pk the goalS is to learn weights for N
that minimize the loss u=1 J(N (xu ), vu ) where J denotes
the standard cross-entropy loss function. Functionally, this
CNN learning process is denoted as N S = h(N o , DS ) where
N o represents a randomly initialized CNN architecture and
N S denotes the CNN that has learned a feature representation
(weights) to distinguish between spot patches belonging to
different clusters. The CNN architecture customized for this
data is shown in Fig. 9. Note that due to the small size of the
input patches (z = 9), a pooling layer has not been utilized.
In the second step, the goal is to utilize the target dataset
DT = (X, Y ) for learning a target CNN, N T , which can
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Fig. 9: The CNN architecture used in this work. The network takes a 9 ⇥ 9 image patch as input. Each composite layer Lb ,
b = {1 . . . 3}, is composed of a convolutional layer C ib , which produces the feature maps F ib , and a non-linear gating function
(ReLU), producing the transformed feature maps F ib . After passing through the composite layers, the data passes through the
fully connected layer Lf c , which produces the output. The softmax function is then applied to the output.

IV.

DATASETS

In this study, the in vivo MRI database of [14] comprising
5 MRI scans of different Rat brains was used. 3 of these Rats
were injected with Mesenchymal stem cells which appear as
dark spots in MRI. About 100, 000 patches are extracted from
each of the 3 scans. The number of positive samples in each
scan is about 5000. The labeling latency for each labeled patch
was also documented. Each of the three scans is successively
used for training while the remaining two independent MRI
scans are used for testing. This creates 6 testing scenarios.
The p
following parameters were used: z = 9, m 2 [5, 9], and
⌧ = 2.
V.

E XPERIMENTAL R ESULTS

In this section experiments are designed to answer the
following questions: (a) How does the L-CNN compare with a
traditional CNN? (b) What is the result if random clustering is
used instead of GMM based clustering? (c) What is the effect
of transferring different number of CNN layers? (d) How do
the results obtained in this study compare with the previous
state-of-the-art for spot detection in MRI scans? Note that in
all experiments, the Area Under the Curve (AUC) value was
used as measure of accuracy.
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distinguish between spot and non-spot
Pn patches. Formally, the
objective is to minimize the loss u=1 J(N T (xu ), yu ). However, in this case, N T is not randomly initialized; rather the
feature layers in N S are transplanted to initialize it. This is
denoted as N T = h(N oS , DT ). The transfer is conducted in
the standard manner detailed in [21] [22]. In this case, all the
convolutional layers are transferred for initialization. The fully
connected layer is incompatible for transfer due to structural
differences induced by the two tasks. Therefore, as typically
done in transfer learning, the fully connected layer is randomly
initialized. The resulting initialized CNN is denoted as N oS .
Experimental results show that this transfer of knowledge
brings an improvement that is not achieved when using a
randomly initialized CNN N T = h(N o , DT ) that is updated
using only the dataset DT . Note that it may be possible to
achieve different levels of improvement based on the labeling
behavior of different experts. This could be one interesting
direction to explore in the future.
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Fig. 10: Performance of the proposed L-CNN.
Comparison with conventional CNN approach: In this
experiment, the result of L-CNN is compared with a conventional CNN N T that is randomly initialized and then simply
trained using DT . Results in Fig. 10 clearly demonstrate that
the L-CNN results in better performance than the conventional
CNN on all 6 testing scenarios. It is interesting to note
that exploiting labeling behavior using L-CNN can provide a
performance increase of up to 4% (see test set T 3). Thus, the
significance of labeling behavior in performance improvement
has been clearly established.
Comparison with random clustering: It can be seen
that the L-CNN architecture exploits clustering to create subcategories of the labeled spot patches. In this experiment, we
investigate the performance when spot patches are randomly
assigned to categories instead of using GMM. These results
are shown in Fig. 10 for each of the 6 testing scenarios, and
also compared with the L-CNN. In all testing scenarios, LCNN clearly performs better when GMM is used instead of
random clustering. Further, it can be seen that the performance
due to random clustering is, in general, very similar to that of
the conventional CNN.
Comparison using different number of transfer layers:
Here, the effect of transferring different layers is investigated.
The proposed CNN architecture has three convolutional layers
and a fully connected layer. The results of transferring different
number of convolutional layers are shown in Fig. 11. It is
evident that , in general, transferring all three layers results in
superior performance.
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Fig. 11: Results with different number of transfer layers.
Comparsion with previous state-of-the-art: We compare
the results of L-CNN with the previous state-of-the-art for
spot detection reported in [14]. For this comparison to be
compatible, a leave-2-out approach was utilized using the same
experimental setup mentioned in [14]. The proposed approach
clearly results in superior performance with an accuracy of
94.68%, compared to the 89.1% accuracy achieved in [14].
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