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In recent years, the increasing burden on doctors due
to the shortage of doctors has become a problem in
the medical site, and CNN-based methods that can re-
alize highly accurate diagnosis by image recognition
are attracting attention as a method to automate diag-
nosis to ease the burden on doctors. However, in the
medical site, it is required to provide explanations to
patients, and CNN-based methods have not been in-
troduced to the site because it is difficult to explain
the results. Therefore, we proposed a method using
Attention-Guided CycleGAN as a method to analyze
the differences in regions and patterns recognized by
CNN for the explanation of diagnosis using CNN, and
evaluated the validity of analysis from the results of
the transformation, the similarity of regions of focus,
and the effectiveness of transformation for diagnosis
using CNN. The results show that Attention-Guided
CycleGAN may be effective for the analysis of CNN,
because the transformation results are in line with
symptoms between cardiomegaly and asymptomatic
patients, and be also effective for diagnosis by CNN.

Keywords: Generative adversarial network(GAN), con-
volution neural network(CNN), CycleGAN, explainable
artificial intelligence(XAI), medical information system.

1. Introduction

The explanation of the diagnostic process has been a
difficult problem in automated diagnosis using CNNs, and
the introduction of CNNs into the medical field has not
progressed due to the lack of accountability to patients. In
addition, CAM[10] and Grad-CAM[6] have been used to
analyze the classification process of CNNs, in which the
regions that contribute to the classification of CNNs are
identified using the learned feature maps, weights, and
gradients. However, in order to explain the results, not
only the regions recognized by CNNs but also the differ-
ences in shapes and patterns within the regions are consid-
ered necessary. Furthermore, since CNNs perform feature
extraction by convolution using a large number of kernels
in many layers, it is not realistic to analyze the models
themselves to obtain the differences in shapes and pat-

terns within regions for all CNN models.
Therefore, we propose a method using Generative Ad-

versarial Network (GAN)[2], which is expected to obtain
the data distribution from the learning of data generation,
in order to obtain the regions that contribute to classifi-
cation and the differences in shapes and patterns within
the regions. As a GAN model using in this study, we
use Attention-Guided CycleGAN[1] that is CycleGAN
introduced attention model. CycleGAN[11] learns mutual
transformation between two datasets based on relation-
ship between data domains, and Attention model learns to
limit using the attention map transformation region. Then,
we aim to acquire the regions that contribute to the trans-
formation from the attention map, and the differences in
shapes and patterns within the regions from the results.

2. Related work

2.1. Generative Adversarial Networks(GAN)

GAN[2] consists of a generator G and a discriminator
D as shown in Fig.1, where G learns to generate data in-
distinguishable from the original data x based on the input
noise z. The loss function of GAN proposed by Goodfel-
low et al.[2] is called Adversarial Loss in the research of
Zhu et al.[11] and is expressed as align1. The first term in
Equ.1 is used to train D to correctly identify the original
data x, and the second term is used to train D to identify
the data generated by G as not being the original data.
The relationship between G and D is often expressed as
the relationship between a counterfeiter of currency and
a police. The counterfeiter strives to produce a counter-
feit currency that can fool the police, and the police strive
to distinguish the counterfeit currency from the real cur-
rency. In this way, the counterfeiter and the police com-
pete against each other, and the counterfeiter learns how
to produce counterfeit currency that is close to the real.
Similarly, in GAN, when G and D compete against each
other, G becomes to generate data that is similar to x.

L(G,D) = Ex∼Pdata)[log(D(x))]+Ez∼PZ [1− log(D(z))] (1)

Fig. 1. : GAN
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Fig. 2. : CycleGAN

2.2. CycleGAN
CycleGAN is a model that extends GAN to perform

mutual transformation between classes, and consists of 4
models: the generators Gx and Gy corresponding to two
datasets X and Y , and the discriminators Dx and Dy, as
shown in Fig.2, and learns mutual transformation between
X and Y : Gx : Y → X ,Gy : X → Y . The mutual trans-
formation is done by unsupervised learning, there is no
need for pairing between datasets, and the restriction of
datasets is relaxed. In the research of Zhu et al.[11], the
loss function of CycleGAN is defined by Equ.2, Identity
loss is omitted since it is not used in this experiment. The
LGAN used in the first two terms of Equ.2 is defined by
Equ.3, and the three-term of Equ.2 is defined by The Lcyc.
Equ.3 is the adversarial Loss, which is the loss function
of GAN, and the dataset is learned to be mutual transform
by these two Adversarial Losses. Equ.4 is the Cycle Con-
sistency Loss, which is used to ensure consistency in the
transformation.

L(Gx,Gy,Dx,Dy) =LGAN(Gx,Dx,X ,Y )

+LGAN(Gy,Dy,Y,X)+λLcyc(Gx,Gy) (2)

LGAN(Gx,Dx,X ,Y ) =Ex∼pdata(X)[log(Dx(x))]

+Ey∼pdata(Y )[log(Dx(1−Gx(y))] (3)

Lcyc(Gx,Gy) =Ex∼pdata(x)[‖Gx(Gy(x))− x‖1]

+Ey∼pdata(y)[‖Gy(Gx(y))− y‖1] (4)

2.3. Attention-Guided CycleGAN(AG-CycleGAN)
AG-CycleGAN[1] is a model that introduces attention

layers into CycleGAN. It consists of 6 models corre-
sponding to 2 datasets X ,Y : the generative models Gx,Gy,
the discriminative models Dx,Dy, and the attention mod-
els Ax,Ay. It learns the mutual transformation like Cycle-
GAN between X ,Y , Gx : Y → X ,Gy : X → Y . The trans-
formed image of y, Gx(y), is denoted by x̂, and the recon-
structed image of y, Gy(x̂), is denoted by ˆ̂y. The attention
model generates an attention map with a value of [0,1]
that limits the transform region of the generative model,
and learns transformations that the discriminative model
would get wrong together with the generative model. In
this study, we focused on that the attention map selects re-
gions that mislead the discriminative model. We thought
that the attention map could be used to analyze the regions
that contribute to discrimination, and the transformation
result by the generative model could be used to analyze
the difference of shapes and patterns in the regions.

Fig. 3. : AG-CycleGAN

In AG-CycleGAN, all models are trained until the at-
tention model gets a good attention region, and then the
non-attention models are trained using the data in the at-
tention region. The loss until a good attention map is ob-
tained is Equ.5. The same is true for Lx

adv, Ly
cyc. The struc-

ture of this align is the same as that of CyeleGAN, where
Lx

adv, Ly
adv represent Adversarial Loss to promote mutual

transformation between datasets, and Lx
cyc, Ly

cyc represent
Cycle Consistency Loss to ensure consistency in the trans-
formation. As shown in Equ.8, the AG-CycleGAN trans-
forms the data within the attention map obtained from Ax,
and uses the original data values outside the map. Here,
� in Equ.8 represents the Hadamard product. Since Ax
learns to output the degree of the region that contributes to
the classification of Dx as the attention map with a value of
[0,1], the transformation in align can be used to limit the
transformation to only those regions that affect the classi-
fication of Dx. The same is true for ŷ.

Figure.3 shows the mutual transformation between
datasets X and Y in AG-CycleGAN. Modules Mx and My
in Fig.3 are the modules that perform the processing in
Equ.8. The right side of the figure shows the transition of
the process in the module Mx, and My also performs the
masking process with Gx and Ax.

L(Gx,Gy,Dx,Dy,Ax,Ay) =Lx
adv +Ly

adv
+λcyc(Lx

cyc +Ly
cyc) (5)

Lx
adv(Gx,Ax,Dx) =Ex∼pX (x)[log(Dx(m))]

+Ey∼pY (y)[log(Dx(1− x̂))] (6)

Lx
cyc(x, ˆ̂x) = ‖x− ˆ̂x‖1 (7)

x̂ = Ax(y)�Gx(y)+(1−Ax(y))� y (8)

3. Method

We propose a method using AG-CycleGAN to analyze
the regions that contribute to classification and the shapes
and patterns within the regions to explain the results of
classification by CNN. We thought that the attention map
and the transformation within the region would represent
the difference in shape and pattern between the region and
the region, which would be the difference between the
datasets captured by AG-CycleGAN, and we used them
to visually analyze the difference between the datasets.

However, from the results of the AG-cycleGAN trans-
formation, we cannot say that the CNNs used for diagno-
sis recognize these differences. Therefore, we performed
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Table 1. : Adjusting datasets

Cardiomegaly no finding Adjusted
Train data 2,220 48,288 4,440
Test data 556 12,073 12629

classification using the transformed data for CNNs that
had already been trained on the same dataset, and exam-
ined the changes in the discrimination results before and
after the transformation to determine whether the trans-
formation was effective for CNNs that had been trained
to discriminate classes. In addition, We examined the
similarity of the regions of interest by using CAMs ob-
tained from the feature maps and weights used by CNNs
for classification and Attention Maps obtained from AG-
cycleGAN. The validity of the transformation is discussed
based on the results.

4. Experiment

4.1. Dataset
For training, we use two groups of images from the

NIHCC dataset[7] that is 112,120 Chest CT images la-
beled with 14 symptoms and asymptomatic: one with
the cardiomegaly data(label:Cardiomegaly) and the other
with only the asymptomatic (label:no finding). Since AG-
CycleGAN uses one image from each image group for
training when the batch size is 1, we adjusted the number
of images in each image group to be the same as shown in
the Tab.1. In the preprocessing, the scaling of [-1,1] was
applied.

4.2. Experimental details
4.2.1. Mutual transformation using AG-CycleGAN

AG-CycleGAN is used to learn the mutual transfor-
mation between the datasets of cardiomegaly and asymp-
tomatic subjects, and the resulting attention map and Gen-
erator transformations are used to analyze the regions that
contribute to classification and the differences in shapes
and patterns within the regions.

4.2.2. Comparison of CAM and attention map

The Classifier is trained to discriminate between cr-
diomegaly and asymptomatic classes using a combined
dataset, and Class Activation Mapping(CAM)[10] is gen-
erated using the parameters of the trained Classifier. By
comparing the results with the attention map, we inves-
tigate the validity of the transformation domain and the
difference between the CAM and the attention map.

CAM is generated by multiplying the weights of all the
fully connected layer of the output layer of the estimated
class by the pre-activation feature map obtained from the
last convolutional layer. The CAM(Mc) of class c is de-
fined using the kth weight wc

k and the pixel value fk(x,y)

of the kth feature map fk as shown in Equ.9.

Mc(x,y) = ∑
k

wc
k fk(x,y) . . . . . . . . . (9)

4.2.3. Evaluate performance differences between pre-
and post-transformation datasets

We create the transformed test data using AG-
CycleGAN. Then, we input the original test data and the
transformed test data into a trained Classifier and compare
the results to determine the effectiveness of the transfor-
mation.

4.3. Model architecture
Generator The basic structure of the Generator is

ResNet, with ReLU for Activation, InstanceNormarizar-
ion for Normalization, and convolutional layers, Tanh, at
the output layer. The feature map is reduced by convolu-
tion of a 2-pixel stride three times on the input image, and
the output of ResNet is operated to return to the original
input size by transposed convolution twice.

Attention model In the Attention model, upsampling
and convolution is used instead of transpose convolution,
and Dilated Residual Networks (DRNs)[8] are used in the
ResNet part of the generator to generate an attention map
that retains spatial information. In addition, the convolu-
tion of a 2-pixel stride only once was performed on the
input to keep the resolution of the feature map.

In general CNNs, the receptive field of pixels is ex-
panded by pooling and stride compression of the obtained
features, and the task is learned using various features in
the image. However, feature compression has the disad-
vantage that the spatial field of the original image is lost,
so DRN uses Dilated Convolution instead of feature com-
pression to expand the receptive field while preserving the
spatial information.

Discriminator The basic structure of the Discrimina-
tor is a simple CNN, with Leaky ReLU for Activation and
Instance Normarization for Normarization. In the output
layer, Sigmoid function was used for feature map by con-
volution for training with PatchGAN[3].

Classifier The basic structure of the Classifier is the
same as that of the Discriminator in order to keep the
structure of the feature extraction part the same. In the
output layer, Global Average Pooling, Flatten, and Full
Connection are processed in this order, and the larger
value of the two output channels is used as the estimated
class.

4.4. Learning Conditions
In this experiment, we used the hinge Loss of Equ.10

used in SA-GAN[4][5][9] for the Adversarial Loss loss
function and the Mean Square Error for the Cycle Con-
sistency Loss loss function. Adam was used for optimiza-
tion, and the parameters were set to β=(0.5, 0.9). The
learning rate was set to 0.0004 for Discriminator, 0.0001
for Generator and Attention Model, and 0.0032 for Clas-
sifier. The batch size was set to 1 for AG-CycleGAN and
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8 for Classifier. However, identity loss in AG-CycleGAN
was not used in this experiment, and learning only the
mask part was not performed in this experiment because
the generator tended to cause mode collapse without trick-
ing the discriminator.

−min(x−1,0) if Discriminator and Real data
−min(−x−1,0) if Discriminator and Fake data (10)

−x if Generator

5. Results and Discussion

5.1. Mutual transformation using AG-CycleGAN
After learning the mutual transformation with

Attention-Guided CycleGAN, we obtained the results
shown in Fig.4. The Attention Map (Attn) in Fig.4
shows that both sides of the heart are selected as the
transformation region, and the difference image (Diff)
obtained by subtracting the original image from the trans-
formation result from cardiomegaly to asymptomatic
shows a transformation that reduces the size of the heart
by shaving off the sides. The difference image (Diff),
which subtracts the original image from the result of
the transformation from asymptomatic to cardiomegaly,
shows a transformation that creates a new region on
the side and enlarges the heart, and the consistency of
the results suggests that there is a difference in the size
of the heart between patients with cardiomegaly and
asymptomatic patients.

From the results of the transformations, it was con-
cluded that the AG-CycleGAN transformations reflected
the symptoms in the mutual transformations between pa-
tients with cardiomegaly and asymptomatic patients, and
that the differences in the shapes of the transformations
and the regions contributing to the classification from the
attention maps obtained by the transformations may be ef-
fective in analyzing the differences between the data. In
addition, by using the CycleGAN mechanism, a consis-
tent transformation due to Cycle Consistency Loss can
be learned, and one transformation of Gm and Gf can
be learned to perform the opposite transformation of the
other. In this way, the transformations were not unidirec-
tional to mislead the discriminator, but learned to comple-
ment each other across datasets.

5.2. Comparison of CAM and attention map
The results of the CAM of Classifier using the test data

are shown in Fig.5. Looking at the results, we can see that
for correctly estimated data Fig.5(a)(d), the region with
the large value on the CAM that contributed to the clas-
sification, was output to capture the size of the heart. In
the case of the incorrectly estimated data Fig.5(b)(c), the
heart region was not extracted correctly.

The attention map in Fig.4, which is a transformation
region, and CAM, which is a region that contributes to
classification, show the same region, suggesting that they

Table 2. : Confusion matrix of Classifier
(a) Original test data

Predict Positive Predict Negative
Actual Positive 9281 2792
Actual Negative 116 440

(b) Transformed test data

Predict Positive Predict Negative
Actual Positive 2302 9771
Actual Negative 406 150

are likely to recognize the same differences. The differ-
ence between the attention map and CAM is that the at-
tention map generates a region that contributes to the gen-
eration of the shape during the mutual transformation be-
cause it is used for the transformation. In CAM, the re-
sults are similar to those focused on the size of the heart.

Furthermore, when AG-CycleGAN is compared with
CAM, it is difficult to infer what differences are recog-
nized within a region by CAM, while AG-CycleGAN can
infer what differences are recognized by the difference of
pre- and post-transformation.

In addition, in misclassified results, the image condi-
tions are often different from those of correctly classified
images. This is because the NIHCC dataset used in this
study contains a mixture of images with different imag-
ing conditions such as angle, distance, light/dark differ-
ence, and presence of medical devices inside the body.
Therefore, it is necessary to perform preprocessing that
matches the imaging conditions, and to classify and trans-
form the Classifier and AG-CycleGAN in consideration
of the presence or absence of medical devices.

5.3. Evaluate performance differences between pre-
and post-transformation datasets

After inputting the test data and the transformed test
data into the trained Classifier, we obtained the confusion
matrices shown in Tab.2. The accuracy of 77.0% for the
test data is decreased to 19.4% after the transformation. In
addition, the confusion matrix shows that the estimation
results tend to be opposite between the original and the
transformed data, suggesting that the transformation by
the Generator is also effective for Classifier.

The confusion matrix and accuracy results show that
the transformations by the Generator affect the classifica-
tion by the Classifier, indicating that AG-CycleGAN and
Classifier in this study are likely to recognize the same
differences in the different tasks of mutual transformation
and classification.

6. Conclusion and Future work

As a result of the analysis of the difference of the shape
and pattern within the region recognized by CNN and
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Fig. 4. : Results of mutual transformation using AG-GAN Real: original image, Attn: Attention map, Masked:
transformation result in attention map, fake: Generated images by Generator and Attention model, Diff: Difference
between the transformed image and the original image

the region contributing to the classification of CNN us-
ing AG-CycleGAN on the CT images of the lungs of pa-
tients with cardiomegaly and asymptomatic, the side of
the heart was obtained as the region contributing to the
discrimination, and the difference concerning the size of
the heart was obtained as the difference of the shape and
pattern. This result is consistent with the symptoms of
cardiomegaly, and suggests the possibility that the analy-
sis using AG-CycleGAN is effective. The similarity be-
tween CAM and attention map was verified, and it was
found that Classifier focused on the heart region as well as
attention map as the region contributing to classification,
but the regions were generated in a form adapted to each
task of conversion and classification. In addition, when
we examined the difference in accuracy using the data be-
fore and after the transformation, we found that the AG-
CycleGAN transformed the data in a way that was consis-

tent with the classification by Classifier. The results sug-
gest that the AG-CycleGAN mutual transformation may
be effective for CNN analysis.

Based on these results, since this study focused on car-
diomegaly, which is a symptom that shows differences in
shape, it is necessary to verify the effectiveness of this
method for analysis of symptoms that show differences in
patterns within regions. In addition, since AG-CycleGAN
and Classifier are trained separately, the validity of the re-
sults is checked using CAM and confusion matrices, but
in practical use, it is not desirable to perform these checks
for each model.
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(a) Label: Cardiomegaly, Estimated Result: Cardiomegaly

(b) Label: Cardiomegaly, Estimated Result: Asymptomatic

(c) Label: Asymptomatic, Estimated Result: Cardiomegaly

(d) Label: Asymptomatic, Estimated Result: Asymptomatic

Fig. 5. : CAM generated from Classifier
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