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Abstract—Most of existing computer aided diagnosis (CAD)
systems follow a rigid paradigm where the classifier’s decision
function is optimized during the training phase, and fixed during
the test phase. These systems are often perceived as unfriendly
as they do not allow clinicians to provide input. They are also
unable to cope with the perpetual changes in data distribution
caused by different sensing technologies, imaging protocols, and
patient populations. To address these shortcomings, this paper
proposes a novel CAD model capable of incorporating expert
domain knowledge in real-time to improve its decision function.
When the data distribution changes, our classification accuracy
on lung nodule data remains above 90% while popular deep
networks’ accuracies reduce to chance level. We demonstrate
that the order of feedback samples affects the final accuracy.
An information-gain sorting mechanism is proposed to compute
an optimal order of feedback samples. We provide extensive
experimental results on two lung nodule datasets to demonstrate
that the proposed approach is promising for building a more
reliable and radiologist-friendly CAD system.

Index Terms—Domain adaptation, interactive medical diag-
nosis, lung cancer screening, lung nodule, memory-augmented
neural network, radiologist feedback

I. INTRODUCTION

LUNG cancer is consistently ranked as the leading cause
of the cancer-related deaths all around the world in

the past several years, accounting for more than one-quarter
(26%) of all cancer-related deaths [1]. The stage at which
diagnosis is made largely determines the overall prognosis of
the patient. The five-year relative survival rate is over 50%
in early-stage disease, while survival rates drop to less than
5% for late-stage disease [1]. Lung cancer screening of high
risk individuals, which is designed to detect the disease at an
early stage, has been shown in the National Lung Screening
Trial (NLST) to reduce lung cancer mortality by 20% (NLST
research team). The main challenge in lung cancer screening is
detecting lung nodules [2], [3]. Radiologist fatigue, increasing
workload, and stringent turn-around-time requirements are
just a few of the factors which negatively impact detection
rate for lung nodules. Many studies have documented the
occurrence of diagnostic errors in clinical practice, caused by
many different contributing factors which can generally be
divided into person-specific (such as satisfaction of search etc),
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nodule-specific (small size, low density) and environment-
specific issues (e.g. inadequate equipment, staff shortages,
excess workload, etc.) [4], [5].

Computer-aided diagnosis (CAD) systems aim to improve
the radiologist’s performance in terms of diagnostic accuracy
and speed [6]. The role of CAD systems in lung nodule
detection and screening has been demonstrated over the years
[7], [8], as well as their role in distinguishing benign from ma-
lignant nodules [6], [9]. However, automated identification of
nodules from non-nodules is quite challenging mainly due to
the large variation in sizes, shapes, margins and density of the
nodules [10]. The nodules can also occur in different locations
(such as peri-fissural, subpleural, endobronchial, perivascular),
contributing to the diversified contextual environment around
the nodule tissue [11].

The performance of a conventional CAD system depends
heavily on the intermediate image processing stages (such as
extracting hand-crafted morphological and statistical features)
which are both time-consuming and subjective [12]. In recent
years, deep learning technology has attracted considerable in-
terest in the computer vision and machine learning community
[13]–[16]. Deep neural networks (DNNs) have an advantage
of automatically capturing the image’s higher level features
directly from the raw input data. This leads to powerful
features tuned to specific tasks of medical image analysis [17]–
[21]. Recent work has explored deep networks for detecting
lung pathology [20], [22]–[25]. In the context of pulmonary
nodule classification in Computed Tomography (CT) images,
Hua et al. [26] introduced models of a deep belief network
and a convolutional neural network that outperforms the con-
ventional hand-crafted features. Setio et al. [27] proposed a
multiview convolutional network for lung nodule detection.

Knowing the enormous potential of CADs to enhance the
radiologists’ diagnostic capability, most of the previous studies
focused on improving the stand-alone performance of CADs.
However, optimizing the quality of the interaction between
radiologists and CAD systems as a team is often overlooked
[28]. Therefore, while the majority of the studies reported a
high level of diagnostic performance using a combination of
radiologists and CAD systems, the overall team performance is
lower than expected based on the performance of radiologist
and the CAD system in isolation. There are even research
reporting no or minimal benefits associated with the presence
of CADs on radiologists diagnostic performance (e.g. [29],
[30]). Radiologist’s trust in the CAD system is a key factor in
improving the team performance. Inappropriate level of trust in
the automation leads to poor performance of the radiologist-
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CAD team [28]. Radiologists sometimes under-trust CADs,
preventing them from utilizing its benefits. On the other hand,
over-trust in automation leads to making diagnostic errors that
would not have happened without CAD [30].

Despite the recent advances in deep learning, DNNs still
make significant errors that are sometimes obvious to radi-
ologists. To build an appropriate level of trust in machine
learning models, it is desirable for radiologists to be able to
correct those mistakes on the fly. The CAD model must be
able to rapidly incorporate the expert domain knowledge and
improve its decision function. We conjecture that this software
feature will lead to higher adoption rate of machine learning
technologies within the radiology community. The interaction
will facilitate clinicians to gain a deeper understanding of how
the software works, thereby, facilitate an effective utilization of
CADs to increase the efficiency and accuracy of the diagnoses.

Another motivation for the designing an adaptable CAD
system is the perpetual problem of domain shift. Domain shift
occurs when the conditions, or domains, under which the
systems were developed differ from those in which we use the
systems. While most of existing work focuses on improving
the classification accuracy for a static dataset, the problem of
adapting a classifier to changes in lung CT data is largely
under-investigated. It is especially helpful in the case of lung
nodule detection which involves substantial amount of inter-
patient and intra-patient variations that heavily deteriorate the
generalization performance of deep networks. These variations
might be created by the differences in patient populations,
image resolutions, scanner types, or imaging protocols. A
possible solution is to use domain adaptation (DA) methods
[31]–[36]. However, most of existing domain adaptation tech-
niques require a computationally intensive re-training process.
This is not acceptable for clinical uses because it can cause a
significant delay in diagnoses and treatments.

Motivated by the above challenges, this paper proposes
a novel framework for iteratively adapting a lung nodule
classifier to changes in the data distribution using only a few
feedback examples from clinical experts. This removes the
need for annotating many samples from the target domain,
as well as re-training the whole deep model from scratch.
Recurrent structure of the model enables the radiologist to
provide samples one after the other, evaluate the performance
enhancement, and stop when satisfied with the model predic-
tion accuracy. Our paper makes the following contributions:

1) We evaluate the performances of deep convolutional
networks for the lung nodule detection task. We also
study their behaviors in the presence of domain shifts.
This is done in two ways: (i) adding different types of
never-seen-before distortions to the images of the source
domain, and (ii) evaluating our models on a new dataset
independent of the training data.

2) A computationally efficient framework is proposed for
rapidly adapting deep networks to the radiologists’ feed-
back using a memory-augmented recurrent network. Our
extensive experimental results demonstrate that the pro-
posed approach is robust to shifts in the data distribution
caused by the variation of sensing technology or patient
population.

3) Given a set of feedback samples from radiologists, we
propose an effective strategy for finding the optimal
order to feed those samples into the recurrent network.
Our approach is well-grounded in information theory,
and demonstrates to produce significantly better results
compared to random ordering.

The rest of this paper is organized as follows: Section II
explains how we adapt a classifier to domain experts’ input,
and compute an optimal feedback sequence. Section III de-
scribes the two datasets used in this study. All the designed
experiments and obtained results are presented in Section IV.
Section V concludes the paper with future research directions.

II. METHODOLOGY

A. Rapid Adaptation of Lung Nodule Classifier

Motivation: Radiologist’s trust in the computer-aided di-
agnosis (CAD) systems is a key factor in increasing the
adoption rate of CAD to clinical practice. Since radiologists
are responsible for the final diagnosis, it is important for them
to be able correct errors made by CAD systems. As a result,
the system has to be able to rapidly adapt to radiologists’
feedback and further refine its decision. Such interaction is
crucial for radiologists to understand how CAD systems work.
This in turns will help improve efficacy and efficiency of the
radiologist-CAD team [28].

Another important reason for making lung nodule classifier
adaptive is the perpetual problem of domain shift. That is the
problem when training data are different from test data. For
lung nodule, difference in CT scanner’s sensing technology,
reconstruction algorithms, or scanning protocol are common
reasons causing discrepancy between training and test data.
Variation in the patient population is another factor contribut-
ing toward shift in data distribution. It has been shown that
the classification accuracy reduces dramatically when training
and test data come from different distributions [37]–[40]. Re-
training a lung nodule classifier is both expensive and time-
consuming, which can disrupt the clinical work-flow.

In this section, we propose a framework for adapting lung
nodule classifier, using only few feedback inputs, to never-
seen-before data distribution. The proposed approach enables
radiologists to review a few errors made by a deep network
and incorporate his or her knowledge to correct them. Our
classifier uses these feedback to further refine its decision.

Background on Memory Recurrent Network: Due to the
sequential nature of feedback provided by the radiologist, and
the need to encode and accumulate the information over time,
neural networks with recurrent structures are a natural choice.
They are equipped with an “internal memory” that captures
information about what has been calculated so far. Long-short
term memory (LSTM) model is introduced as a modification
to vanilla recurrent networks (RNNs), capable of encoding the
long-term dependencies [41].

In our lung nodule detection problem, the model must be
able to quickly encode and retrieve information, and modify
its decisions (if needed) to make accurate inferences only
within a small dataset called feedback samples. This set
of samples are provided as either information correction by
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Fig. 1. Architecture of the 3D-LUCRAM classifier, consisting of a 3D-ResNet and a memory-augmented neural network (MANN).

the radiologist or brand-new samples possibly from never-
before-seen distributions. Thus the ideal model must learn
to capture the cumulative expertise gained across domains
and continuously adapt to never-before-seen distributions [42].
However, the neural networks with internal memory capacity
(such as LSTM) are not able to rapidly encode, store and
access a significant amount of new information required at
each step. Architectures such as memory networks [43] and
Neural Turing Machines (NTMs) are developed as models
that meet the requisite criteria. These are external-memory
equipped networks capable of rapidly encoding new informa-
tion and storing them in a stable, addressable representation
that can selectively be accessed when needed.

Our approach uses a memory augmented neural network
(MANN) [44], a variant of Neural Turing Machine [43], as
the main building block for processing sequential feedback
information. MANN consists of two main components: a) a
LSTM network as the main controller, and b) an external
memory bank interacting with the main controller through
read and write operations (see Fig. 1). The external memory
is denoted by a matrix Mt ∈ Rk×q where k is the number of
memory slots and q is the size of each slot. The model has an
LSTM controller that reads and writes to the external memory
at every time step (i.e. receiving each feedback).

Reading: For a given input xt and the memory matrix Mt

with k rows (slots) of size q at time t, the reading operation
is done by a weighted linear combination of all memory slots
scaled by a normalized read-weight vector wr

t as follows:

rt = (Mt)
T .wr

t (1)

Here, rt is the content vector retrieved from the memory,
and wr

t ∈ Rk×1 is the read-weight vector. For a given input
xt, the controller will produce a key kt computed as kt =
tanh(Whkht + bk) from the controller hidden states (ht).
Whk and bk are the corresponding weight matrix and bias
respectively. This key will be compared against each memory
slot Mt(i) using the cosine similarity measure K(., .). Then
to specify how much each slot should contribute to rt, the
similarity is used to produce the read-weight vector wr

t :

wr
t = softmax

[
K(kt,Mt(i))

]
(2)

where softmax is used to get the normalized weight vector with
its elements summing to one. This vector allows the controller
to select values similar to previously-seen values, which is
called content-based addressing.

Writing: To write into the memory, the controller will interpo-
late between writing to the most recently read memory rows
and writing to the least-used memory rows. If wr

t−1 is the
read-weight vector at the previous time step, and wlu

t−1 is a
weight vector that captures the least-used memory location, the
write weights ww

t ∈ R1×k is then computed using a learnable
sigmoid gate:

ww
t ← σ(αt)w

r
t−1 + (1− σ(αt))wlu

t−1 (3)

where σ(.) is the sigmoid function. αt is a scalar computed as
αt = wαht+bα at each time step, and wt and bt are trainable
parameters learned discriminatively through back-propagation.
This encourages information to be written into either rarely-
used locations of the external memory to preserve recently
encoded information, or the last used location to update the
memory with newer, possibly more relevant information. The
ith memory slot at time-step t, Mt(i), is then updated as:

Mt(i)←Mt−1(i) +ww
t (i).at (4)

where at is the linear projection of the current hidden state
followed by a tanh nonlinearity.

To create the least used weight vector wlu
t , the controller

maintains a usage-weight vector wu
t which gets updated

updated after every read and write step as:

wu
t ← γwu

t−1 +wr
t +ww

t (5)

where γ ∈ [0, 1] is a scalar parameter used to determine how
quickly previous usage values should decay. The least used
weight vector wlu

t−1 is a one-hot-encoded vector generated
from wu

t−1 by setting its minimum element to 1, and all other
elements to 0.
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Finally, MANN uses the concatenation of the read content
vector and the hidden nodes (rt,ht) to predict the output.
The introduction of an external memory enables the recurrent
network to store and retrieve much longer-term information
compared to LSTM. This frees up the main controller and
increases its capacity of learning highly complicated patterns
within the data.

Adaptive Lung Nodule Classifier via Memory Augmented
Recurrent Network: Suppose D = {(xi, yi)}Ni=1 is the initial
set of training data. Let F = {xj , yj}Mj=1 denote the feedback
samples provided by physicians. Given a sample x, our goal is
to estimate its true label by conditioning on the initial training
set and the feedback data. The conditional probability can be
written as follows:

P (y|x,D,F) = P (x, y,D,F)
P (x,D,F)

= P (y|x,D)P (F|x, y,D)
P (F|x,D)

The first term P (y|x,D) depends only on the initial training
set and the given input, but not the feedback F . Thus it can
be approximated by training a convolutional neural network
(ResNet) on D. The denominator in the second term does not
affect the classifier’s decision as it is the same for every y.
Therefore, we only need to estimate P (F|x, y,D) to update
the classifier’s decision. To this end, we model this likelihood
function using a MANN. We then merge together the output
of MANN and ResNet to form an adaptive classifier as
illustrated in Fig. 1. We call it Lung nodUle Classifier with
Rapid Adaptation Mechanism (LUCRAM) and will implement
. We expect LUCRAM to generalize well to a new set of
nodule images using only few feedback samples. However, in
practice, we observe that the 3D-LUCRAM training converges
rather slowly. This could be because the recurrent network
cannot scale properly to the large input images (in our case,
32 × 32 × 32 = 32, 768 pixels). We mitigate this issue
by passing images to a ResNet before feeding them into
LUCRAM. Specifically, 512-dimensional output of ResNet’s
average-pooling layer is used as the representation of input
images fed to 3D-LUCRAM. Our experimental results show
that this modification dramatically improves the convergence
speed of LUCRAM.

Training Procedure: We train the system by sequentially
feeding the input xt and the time-delayed output yt−1 to the
network, and predict the current label yt. Each sequence of
input images is called an episode. This simulates the sequential
feedback from radiologists in the evaluation phase. This idea
is inspired by the human learning and evolution through
generations. Each training episode mimics a learner’s lifespan
where it learns to optimize its performance. Next episodes
are like the next generation learners using the accumulated
knowledge to solve a similar problem regardless of a possible
shift in the data.

More importantly, labels are randomly shuffled from
episode to episode. For example, nodules can be labeled as
1 in one episode and 0 in another. Note that labels are
consistent within the same episode. This strategy helps prevent
the LUCRAM from learning a fixed mapping from samples
to their class labels, but a dynamic binding between image

features and the labels provided in the feedback. Consider
the scenario where we do not shuffle the labels, the network
can simply predict the ground-truth labels from input images
instead of relying on the labels provided in the feedback.
This is undesirable as the model becomes insensitive to the
feedback information. Similar strategy was employed to learn
dynamic mappings for different tasks [44]. The shuffling is
limited to the training phase only, and is removed during the
evaluation. The network’s parameters are optimized through
maximizing the cross entropy between predicted probabilistic
scores and the ground truth labels. We train the network end-
to-end using ADAM optimizer with the same configuration as
the CNN and minibatch size is set to 16. A random search
is performed to find the best parameter values. The best
validation results are achieved using 128 memory slots of size
40 and LSTM controller of size 200.

B. Sorting the Feedback Samples

As will be shown in the results section, the proposed
memory-augmented recurrent architecture is capable of adapt-
ing to the new domain and improving its prediction when
receiving a few sequential feedback (provided by the radiolo-
gist), even when feedback samples are coming from a different
distribution. This also enables the radiologists to sequentially
provide as many feedback as required and stop when satisfied
with the network performance. However, feedback samples
naturally does not correspond to an ordered sequence, but to an
unordered set of inputs. In this case, an important invariance
property that must be satisfied is that shuffling the order of
inputs should not alter the network prediction.

Does the order matter? We conducted experiments to check
if the order of input feedback impacts the performance of
the adaptive model. This is done by consecutively selecting
random sets of inputs with different length (mimicking feed-
back samples from radiologist) from LUNA-16 data, randomly
shuffling the order of samples (to get several permuted se-
quences), and fed each permuted sequence to the model. We
then freezed the model and evaluated its performance over a
fixed set of thousand samples.

The changes of prediction accuracies obtained by reordering
the feedback samples are presented in Fig. 2. Performance
variation is measured by the semi-interquartile range (IQR)
(one half the difference between the 75th percentile and the
25th percentile) of all prediction accuracies achieved by re-
ordering the instances. In other words, each single point in
a box-plot is corresponding to the changes (measured by
semi-IQR) in the prediction accuracy when receiving a set
of feedback samples in different orders.

Our results demonstrates that the a priori choice of ordering
of the data to be presented to the model matters; especially
for shorter sequence of feedback. Similar observations have
been made in the context of sequence-to-sequence (seq2seq)
learning where the order in which input data is shown to the
model has an impact on the learning performance [45].

According to Fig. 2, the fluctuations in prediction accuracy
is less severe in 3D-LUCRAM than in 2D-LUCRAM. 3D-
LUCRAM’s accuracy often alters about 5% and 2% (on
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average) after 10 and 20 feedback respectively. These values
are 7.5% and 5% for 2D-LUCRAM after the same number of
feedback.

Information-Gain Sorting: Now that we know the order
matters, the question is how should we represent a set of
input feedback where an obvious, natural order cannot be
determined? As discussed earlier, the proposed framework
modifies its decisions and adapts sequentially. This is done
through updating the controller states and memory contents
according to the samples provided so far. In other words,
LUCRAM uses the prediction error of the former samples for
its later decisions which means learning more from uncertain
samples, the ones with higher prediction error.

Given this mechanism, the more informative the samples
that are presented earlier in the sequence, the richer will
be the encoded knowledge (which also includes the ground
truth label) of the new domain. Therefore, we propose an
algorithm aimed at re-ordering the samples according to their
informativeness, i.e. how well an instance helps reduce the
model uncertainty. We argue that an intuitive approach is to
feed the more complex (uncertain) instances earlier in the
sequence. This mechanism enables network to quickly adapt
to the new domain while deferring specific kinds of minor
modifications until the domain knowledge is available. In fact,
when making later decisions, the network has access to the
entire, more complicated information that has been presented
earlier and encoded in its states and memory.

In information theory, Entropy is the measure commonly
used to quantify the information content produced by one
stochastic source of data. Kullback-Leibler divergence, also
known as information gain, is a measure of comparing two
distributions: DKL(p|q) quantifies how similar a true proba-
bility distribution, p, is to a candidate distribution q. Kullback-
Leibler divergence can be decomposed into two terms:

DKL(p|q) =
∑
i

pi log
pi
qi

= −
∑
i

pi log qi −H(p) (6)

where the first term is often called cross-entropy and H(p) is
the entropy of p. In our task, p will be the distribution of true
labels which is held fixed, so H(p) doesn’t change with the
parameters of the model. Thus, cross-entropy and DKL are

Algorithm 1 Information-Gain Sorting (IGS) returns a sorted
sequence given a set of L labeled feedback samples. Re-
ordering of the instances is done according to their informa-
tiveness measured as the prediction entropy.

1: procedure IGS(F) . F = {(xi, yi)}Li=1

2: S ← {}
3: while |F| > 0 do . So long as some feedback left
4: for {(xi, yi)} in F do
5: pi ← P (xi|S; θ)
6: ei =

∑c
j=1 yij log(pij) . e for entropy

7: end for
8: i∗ = argmaxi(ei)
9: S ← S ∪ {(xi∗ , yi∗)}

10: F ← F − {(xi∗ , yi∗)}
11: end while
12: return S . The sorted sequence of feedback
13: end procedure

equivalent (differ by a constant factor for all q) and can be
used interchangeably to measure the information gain.

Therefore, we used cross-entropy between the ground truth
provided by radiologist (yi) and recurrent structure’s current
prediction (pi) to model the amount of information (i.e.
average number of bits) the network gains at a certain time.
In fact, the value of cross-entropy tells us how important a
given feedback sample is at a certain time step and is used
to decide the ordering of the samples of a given set. This
method is called Information-Gain Sorting, shortened as IGS,
and summarized as in Algorithm 1. At each time-step, the
remaining feedback samples in F (i.e. the ones have not been
selected yet) are fed to the model one after the other, and the
one with higher entropy is selected as the most informative
sample at that time. Then this sample is excluded from F and
added to the sorted sequence S.

III. DATASET

We used two different sets of CT images in our experiments.
These datasets are collected independently, and thus it is
reasonable to consider their images as samples from different
distributions. We randomly selected 70% of the samples of
the first set (i.e. our data) for training (either CNNs or
LUCRAM) and the remaining 30% for evaluating the network
performance on a data from the same distribution. The second
set, however, is the publicly available dataset used in LUNA-
16 challenge. This dataset is assumed as samples from never-
seen-before distribution (target domain) and is used to examine
the adaptability of both CNN and LUCRAM models.

A. Our Dataset

The dataset includes 226 unique CT Chest scans captured
by General Electric and Siemens scanners at a single hospital
on a single day. The data was preprocessed by an automated
segmentation software in order to identify structures to the
organ level. From within the segmented lung tissue, a set of
potential nodule point is generated based on the size and shape
of regions within the lung which exceeds the air Hounsfield
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Fig. 3. Sample images of nodules (Left) and non-nodules (Right) selected
from our dataset. Each image is a slice along 2D axial plane in the middle
of the volume.

Unit (HU) threshold. Additional filters, based on symmetry
and other common morphological characteristics, are applied
to decrease the false positive rate while maintaining very high
sensitivity.

Bounding boxes with at least 8 voxels padding surrounding
the candidate nodules are cropped and resized to 32×32×32
pixels. Each generated candidate is reviewed and annotated by
at least one board certified radiologist. From all the generated
images (about 7400 images), around 56% were labeled as
nodules and the rest non-nodules. Figure 3 shows examples
of extracted candidates and the corresponding labels provided
by radiologists. These images illustrate the highly challenging
task of distinguishing nodules from non-nodule lesions. The
first reason is that the pulmonary nodules come with large
variations in shapes, sizes, types, etc. In Figure 3, examples
of solitary (1), sub-pleural (2), cavitary (3) and ground-glass
(4) nodules are depicted. (5) is a more complicated sample
containing a mixed solid and ground-glass nodule with irregu-
lar margins. While nodules are commonly known as spherical
lesions, they also often have a non-spherical shape (12-13)
and irregular margins. These irregularities can be caused by
vessels and/or spiculations (6-11). Other objects and tissues
might also appear in the nodule samples, such as single or
multiple blood vessels (14-17), chest wall (18-19), lung recess
(19), etc. Moreover, one nodule image can also contain several
nodules of different shapes and sizes (21-24).

The second reason which hinders the identification process
is the non-nodule candidates mimicking the morphological
appearance of the real pulmonary nodules. Examples are
calcification (30), short vessels (31-34), scarring (35), infection
(36-37), vessels with motion artifact mimicking a ground-glass
nodule (38), septical thickening (39). Some images might also
contain a nodule, but is centered on another tissue (such as a
vessel in (40)) and so is labeled as non-nodule. For all these
reasons, the detection and classification of lung nodules is a
challenging task, even for experienced radiologists.

B. LUNA-16 Challenge Dataset

We also use the candidate nodules provided by the LUNA-
16 challenge [46] to evaluate our proposed architecture and
emphasis its generalization on a dataset other than our own
data. This dataset is a subset of LIDC-IDRI data [47], the
largest publicly available reference database for lung nodules

including a total of 1018 CT scans. It consists of regular
dose and low-dose CT scans collected from a wide range of
scanner models and acquisition parameters from seven differ-
ent participating academic institutions. This makes the whole
dataset heterogeneous which makes it suitable for evaluating
the generalization performance of the proposed framework.

LUNA-16 includes candidate nodules generated from only
888 scans and labeled based on the criteria explained in [46].
This results in 750K candidate nodules, containing only about
1500 true nodules. Original 3D image patches are of size 64×
64 × 64. We down-sampled and halved their size through a
bicubic interpolation over 4× 4 pixel neighborhood to match
our dataset dimensions.

IV. EXPERIMENTS AND RESULTS

A. Nodule Detection task with Baseline CNNs

As the baseline for our experiments on adaptation to new
domain, we train two CNNs on our data and evaluate their
performance on both our data and LUNA-16. These networks
are prepared for both two and three dimensional input data
using 2D and 3D convolution and pooling operations.

Modified Architectures: We modify two well-known deep
network architectures, AlexNet [14] and ResNet-50 [48], to
make them compatible with our 3D data and improve their
performance. The final baseline architectures are the result of
an extensive hyperparameter search over filter sizes, number
of channels, and learning rates.

The modified AlexNet contains eight layers (five convolu-
tional layers followed by three fully-connected layers) similar
to the original AlexNet. The local response normalization
layers after the first, second, and last convolutional layers pro-
posed in the original paper are replaced by batch normalization
(BN) layers [49]. We also add BN before all other ReLU
layers. Empirically, BN enables much faster convergence rate
during training. It also has regularization effect like dropout
because of computing the statistics on every mini-batch (rather
than the entire training examples) [49]. We use a smaller stride
of 1 and filter size of 4 for the first convolutional layer. This
results in to more distinctive features and fewer dead filters,
as demonstrated in [50]. The dropout rate is set to 50% [14]
in the first two fully-connected layers to prevent over-fitting.

We also modify the 50-layer ResNet described in [48] to
fit our data dimensions. At the top of the network, we use
a convolutional layer including 32 filters of size 4 × 4 with
stride 2, followed by a 2 × 2 max-pooling layer with stride
2. These are followed by four so-called bottleneck blocks
which are described in details in [48]. Each of the three
convolutional layers in a single bottleneck block is followed by
a BN applied before the ReLU nonlinearity. A fully-connected
layer with 50 hidden units is also added to the network and
before the classification layer. This layer helps to improve
our classification results. Similar to AlexNet, a dropout with
50% rate is used in this fully-connected layer. We also apply
2D versions of these networks to 2D slices of lung nodule
volumes along the x-axis. We choose x-axis because it contains
most information according to radiologists’ feedback. Having
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both 2D and 3D images enable us to compare to quantify the
contribution of the third dimension.

Training Procedure: For both networks, training is done
using ADAM optimizer [51] and cross-entropy loss function.
We perform data augmentation by randomly rotate nodule
volumes around the center for 2D images and along all three
axes for 3D images. We set the maximum rotation degree
to 90o and 45o for 2D and 3D networks respectively so as
to prevent introducing too much distortion to the images.
Afterwards, pepper noise was added to the rotated images.
It is similar to applying dropout to the visible layer, i.e., the
input. The dropout rate is set to 5% and all the model weights
are initialized using Xavier initialization [52].

Baseline CNNs Performance: For the binary classification
of the unbalanced classes, performance is quantitatively de-
termined via the precision, recall (sensitivity), specificity and
error rate metrics. Test results for the 2D and 3D CNNs are
provided in Figure 4. The specified point on each of the
curves shows the precision and recall values at the default
threshold of the classifier (i.e., 0.5). The black point shows
the precision-recall of the automated software. Table I includes
the performance values of all CNNs, as well as those of the
automated software (which is treated as the baseline result). To
get a better comparison, the automated software performance
was also evaluated over the same test set. The best result of
each column is shown in bold.

According to Table I, 3D networks improve over their 2D
counterparts by 3% error points. This shows that the 3D net-
works are capable of encoding and exploiting the complicated
anatomical surrounding environments of the volumetric image.
3D-ResNet achieves the lowest error rate of 9.58%, outper-
forming 3D-AlexNet with the error rate of 10.42%. ResNet
also results in a higher sensitivity (recall of 90.42% compared
with 87.92% of AlexNet) meaning that it misses less nodules.
However, 3D-AlexNet gives a slightly higher precision and
specificity, reporting fewer false positives. However, looking at
the precision-recall curve in Fig. 4, there’s no strong evidence
for us to prefer one network over the other for the lung nodule
classification task.

How do CNNs respond to domain shifts? To examine the
adaptability of the trained CNN models, we tested them on

TABLE I
PREDICTION ACCURACY OF POPULAR DEEP NETWORKS TRAINED ON OUR
DATA AND TESTED ON BOTH OUR DATA (TOP) AND LUNA-16 (BOTTOM)

Presicion Recall Specificity Accuracy

O
ur

D
at

a 2D-AlexNet 88.09% 85.52% 88.32% 86.91%
2D-ResNet 89.14% 85.52% 89.47% 87.49%
3D-AlexNet 91.05% 87.92% 91.26% 89.58%
3D-ResNet 90.51% 90.42% 90.42% 90.42%

L
U

N
A

-1
6 2D-AlexNet 71.13% 72.20% 70.70% 71.40%

2D-ResNet 80.82% 79.20% 81.20% 80.20%
3D-AlexNet 60.00% 57.60% 62.30% 60.00%
3D-ResNet 73.30% 62.10% 71.80% 70.70%

samples from the LUNA-16 dataset. As mentioned, this dataset
includes a large number of variations due to differences in sub-
ject populations, image resolution and scanner types. LUNA-
16 and our dataset were collected independently. Thus it is
reasonable to believe that its samples come from distributions
different from that of our data which is used for training the
models.

The performances of the baseline CNNs trained on our
data and evaluated on LUNA-16 samples are presented in
the lower part of Table I. Interestingly, 2D networks are
generalizing better with the 2D-ResNet achieving the best
prediction accuracy of 80.20% where 3D-ResNet suffer a
more severe drop to 70.70%. The results demonstrate the
CNN networks’ lack of generalization to domain shift. This
emphasizes the challenge of designing a framework that not
only performs well on a provided set of samples, but also
quickly adapts to a new domain by providing only a few
samples without the need to retrain the whole system from
scratch; especially in the medical imaging field where time
annotation process is time consuming, costly, and prone to
human errors.

B. Evaluation of Adaptive Classifier

Adaptation to feedback: We first verify the effectiveness of
LUCRAM by computing its classification accuracy after a few
number of feedback. Note that this experiment only uses the
training and test sets coming from our data. Each episode
consists of a set of feedback samples (i.e. labeled samples)
selected randomly from either of the two classes. In the test
phase, no further learning occurred and the network was to
predict the class labels for samples pulled from a disjoint
set. The training and test accuracies of LUCRAM over the
episodes are provided in the left and right panels of Fig.
5, respectively. The accuracies are computed for up to 20
feedback instances. For example, the 2nd instance accuracy
is the classification accuracy for just the first two samples.
The 4th instance accuracy is the classification accuracy of the
first four instances, and so on.

Table II summarizes the accuracies over the test set. For
both architectures, the 2nd instance prediction accuracy (i.e.
observing one sample from each class) is above chance level
which indicates that the networks perform educated guess
for new data samples based on the images it has already
seen and stored in the memory. 2D-LUCRAM achieves the
highest test accuracy after 226K episodes with 60.58% and
72.04% for the second and forth feedback, reaching up to
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classification using 2D-LUCRAM (Top) and 3D-LUCRAM (Bottom) on the
source domain. In the right panel and at each specific episode, the test accuracy
is presented for a network that is trained for that many episodes and is
computed as the average accuracy (±std) over 500 sequence of images (of
length 20) selected randomly from the whole test set. The vertical dashed line
in the right panel depicts the results at the episode with the best test accuracy

78.78% and 87.75% by the tenth and twentieth, respectively.
In contrast, 3D-LUCRAM reaches the highest accuracy after
only 46K episode with 66.78% and 86.70% for the second
and forth feedback, reaching up to 90.60% and 92.68% by the
tenth and twentieth, respectively. 3D-LUCRAM significantly
outperforms 2D-LUCRAM both in terms of convergence rate
and accuracy in adaptive classification setting.

Adaptation to domain shift: We demonstrate the robustness
of our adaptive classifier to domain shifts through two exper-
iments:

1) By applying different types of never-seen-before dis-
tortions with various intensities to the images. One type of
distortion is random removal of pixels and replacing them
with zero and one values. This creates salt-and-pepper noise
effect. To simulate the scenario where the test images have
different resolution compared to train image, we apply Gaus-
sian blurring on test images. We allow 3D-LUCRAM to use
only 10 samples from each new domain for adaptation. Figure
6 compares the accuracy of the adaptive classifier against
that of 3D-AlexNet and 3D-ResNet. The adaptive classifier
outperforms deep networks under all kinds and intensities of
noises. As the noise level increases, ResNet and AlexNet accu-
racies are dramatically decreased. In contrast, the classification
accuracy of our adaptive classifier remains above 80% even
when accuracies of two popular deep networks are reduced to
chance. This experiment indicates that the adaptive classifier
is highly robust against changes in data distribution.

2) Similar to what we did for CNNs, we use the trained
networks to classify another set of images of LUNA-16
challenge. As mentioned, this data is collected independent
of our training data and from many different scanner models
with various sensor resolution. This enables us to check
the networks’ adaptability and performance robustness in a
more natural setting. Classification results of the proposed
adaptive architecture are presented in the bottom panel of
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Fig. 6. Comparison of the test classification accuracies in response to applying
different type of distortions on images; namely, salt and pepper noise (Left),
Gaussian noise (Middle), and blurring (Right). The shaded areas depicts the
standard deviation of accuracy over 500 conducted episodes. The black dashed
lines depict the chance level.

TABLE II
TEST CLASSIFICATION ACCURACIES (%) FOR LUCRAM ON BOTH

SOURCE (OUR DATA) AND TARGET (LUNA-16) DOMAINS.

Domain Model Feedback Instance (% correct)
2nd 4th 6th 8th 10th 20th

Source 2D-LUCRAM 60.58 72.04 75.59 77.24 78.78 87.75
3D-LUCRAM 66.78 86.70 88.78 90.00 90.60 92.68

Target Associative Learning [53] 70.28 71.10 71.98 72.87 73.60 81.95
2D-LUCRAM 59.65 67.78 71.13 73.31 75.10 85.54
3D-LUCRAM 66.12 71.78 74.63 76.40 78.05 89.04

3D-LUCRAM + IGS 67.14 73.17 78.28 84.27 86.93 91.08

Table II. While the CNNs’ classification performance drops
dramatically (see Table I), 2D and 3D-LUCRAM show a
robust performance reaching up to 85.54% and 89.04% after
20 feedback.

We also compare our results with those achieved using
the idea of learning by association method proposed by [53].
We modify the model to make the comparison fair. Network
structures used in the original paper is replaced with our 3D
ResNet-50 structure. First, we train the network on the source
domain to minimize the loss function (combination of visit,
walker and classification loss) and then test its robustness
against the same distortions (see Fig. 6). While the network
trained via associative learning performs better than regular
CNNs, our proposed structure outperforms it by a significant
margin.

For the domain adaptation task, we used the network pre-
trained under associative learning regime and fine-tune it using
different number of labeled data (feedback samples) from
target domain. We ran the fine-tunning for as many iteration
as required and reported the best results achieved. A subset
of 100 samples from the remaining training data is randomly
selected as the required set of unlabeled samples for this
approach. Prediction accuracies on the test set is presented
in Table II. Our proposed structure outperforms the network
trained via associative learning in terms of adapting to the
target domain when only few feedback samples are provided.
LUCRAM’s prediction accuracy reaches up to 90% after
20 feedback, while this value is almost 82% for associative
learning for the same number of feedback (labeled samples)
and it requires about 200 labeled sample to reach up to 88.5%
where its performance saturates and doesn’t improve anymore.
Moreover, our framework doesn’t need any unlabeled data, nor
it requires exhaustive fine-tuning on the target domain.
Information Gain Sorting Experiment: Example of a se-
quence of feedback and its reordered version according to IGS
is shown in Fig. 7. It can be inferred that sorting the target
domain samples according to their informativeness leads to
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samples from LUNA-16 data and are fed to the networks that are pre-trained
on our data.

a sequence with the more complex, uncertain samples placed
earlier in the sequence.

Fig. 8 depicts the performance of both LUCRAM with
and without IGS. As shown, the proposed sorting method
performs only as well as selecting randomly when only the
first few feedback samples are provided. This is due to the poor
performance (almost random) of the network after the first few
feedback. Therefore, sorting the samples according to their
entropy is similar to selecting them randomly. However, as
the number of feedback inputs increases, the gap between the
random selection and IGS starts to increase. Using one-tailed t-
test at the significance level of 0.05, the difference between the
two becomes significant after only 10 and 5 feedback inputs
for 2D and 3D LUCRAM respectively. This experimentally
proves that sorting the provided feedback samples can signif-
icantly improve the speed at which the network encodes and
retrieves the information of the input domain.

The best performing model among all is the 3D-LUCRAM
model equipped with IGS. This model achieves 76.5%, 86.9%,
91.0%, and 91.1% prediction accuracy after 5, 10, 15 and 20
feedback samples of the LUNA-16 data respectively. This is
significantly higher than 72.8%, 78.1%, 83.6%, and 89.0% of
3D-LUCRAM (same network with no use of IGS) on the exact
same feedback samples. More importantly, 91.1% accuracy
of the 3D-LUCRAM with IGS on LUNA-16 data after 20
feedback is close to the 92.68% of the 3D-LUCRAM in the
source domain (second row of Table II).

Interestingly, 2D-LUCRAM with IGS performs almost al-
ways as well as 3D-LUCRAM without IGS. It shows that
feeding the samples in a proper order (determined by IGS)
is as important as using the whole volume of the 3D images
instead of the 2D center slice along axial plane which is used
in 2D-LUCRAM.

V. CONCLUSIONS

This paper systematically evaluates the adaptation of deep
networks to domain shift. We found that while deep CNNs
achieve state-of-the art performance on a set of data, they do
not perform well in response to domain shift. We propose a
practical adaptive classifier capable of taking a few feedback
inputs from radiologists to refine its decision accordingly. This
removes the need to re-train the network from scratch (or
fine-tune it on the new data) which requires a significant
amount of time, computation resources, and human effort.
Our experimental results have demonstrated that when data
change, the proposed classifier maintains a good performance
while popular deep networks’ accuracy reduces to chance
level. Finally, we show that since the proposed networks gets
updated through the sequential presentation of samples, the
order of feedback samples matters. We experimentally proved
that the most optimal way to feed the samples to the model is
to sort them according to the information gained through each
samples. This strategy combined with our proposed recurrent
model lead to a model that adapts almost perfectly for the
lung nodule detection task. The future work will explore
different optimization strategies to speed up the convergence
of LUCRAM.
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