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A B S T R A C T

Computer-aided diagnosis (CAD) with convolutional neural networks (CNNs) has been widely
applied to assist doctors in medical image analysis. However, most of them often encounter two
obstacles: (1) Data scarcity, because the advanced performance of CNNs heavily depends on a
large amount of data, especially high-quality annotated ones. (2) Interpretability, CNNs cannot
directly provide evidence related to the decision-making process to support their diagnosis
results. To overcome these two obstacles, we propose an interpretable deep learning framework
based on CNNs. Specifically, we introduce a multi-scale loss-based attention to leverage the
mid- and high-level features to mine significant features for decision-making. Additionally, to
better explore the semantic knowledge from training data, we utilize the mixup method to
produce more annotated training images. Moreover, to boost model generalization capability,
we employ the self-distillation to learn the knowledge generated from previous training epochs.
Experiments on two benchmark Chest X-ray datasets demonstrate the effectiveness of the
proposed framework with superior performance over recent SOTA methods, with boosting
model interpretability.

. Introduction

Pulmonary diseases, such as tuberculosis (Sterling, Njie, Zenner, et al., 2020), pleural effusion (Lu, Luo, Chen, Zhuansun, et al.,
020) and coronavirus disease (covid-19) (Zhu, Song, Shi, et al., 2021), are serious threat to human life and health. Early screening
an effectively intervene the disease progression and boost the success rate of treatment. Chest X-ray is one of the most widely
sed medical imaging analysis techniques in clinical diagnosis. It is necessary for radiologists to analyze Chest X-ray data so as to
ccurately diagnose and treat many lung diseases (Silva, Poellinger, Cardoso, & Reyes, 2020). However, manually checking Chest
-rays is laborious, time-consuming and error-prone. Hence, many CAD systems have been developed to assist radiologists to reduce

heir workloads. Recently, because CNNs can automatically extract powerful feature representations from large-scale data, they have
een widely applied to various CAD systems (Chen, Lu, Chen, Williamson, & Mahmood, 2021), including the automatic classification
f pulmonary tuberculosis (Wu, Wang, & Wu, 2017), the prediction of covid-19 (Zhu et al., 2021), etc. The success of CNNs depends
n large-scale high-quality annotated data (Thulasidasan, Chennupati, Bilmes, Bhattacharya, & Michalak, 2019), however, it is
aborious, time-consuming and expensive to attain a large number of annotated medical images (Kaissis, Ziller, Passerat-Palmbach,
t al., 2021). Additionally, CNNs cannot interpret the process of their decision-making. But it is essential and challenging for CNNs
o utilize only a small amount of medial data to obtain interpretable diagnosis (Barnett et al., 2021).
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CNNs often consist of a huge number of parameters, hence, they are easily overfitting on insufficient annotated training data,
eading to poor generalization capability. To overcome this obstacle, one popular strategy is to automatically annotate a large
mount of data by automation or a crowdsourcing platform. However, this strategy usually generates severe label noise, thereby
estricting its applicability on medical images (Kaissis et al., 2021). Another popular strategy is transfer learning, which usually has
wo stages: pre-training by a large auxiliary dataset and fine-tuning by a small target dataset (Nguyen, Luu, Pham, Rakhimkul, & Yoo,
021; Shang, Xie, et al., 2021). Nevertheless, this strategy requires the target and auxiliary datasets to have similar distributions.
dditionally, pre-training often consumes massive storage and calculation costs (He, Girshick, & Dollár, 2019). The third popular
trategy is data augmentation, which can produce more variants of existing scarce training data to enlarge the training set. This
trategy can reduce the variance of the mapping learned by deep learning models, and has been effectively applied to various
edical diagnosis systems (Noguchi, Nishio, Yakami, Nakagomi, & Togashi, 2020).

The second notorious obstacle for CNNs is lack of interpretability, which severely restricts their applications in clinical medical
iagnosis. The interpretability of models has received a lot of attention (Shi, Xing, Xu, et al., 2020; Zhu, Ma, Yuan, & Zhu, 2022;
hu, Zhang, Zhu, Zhu, & Gao, 2020). For example, Zhu et al. (2022) proposed a dynamic feature selection method to select the
ost differentiated brain regions for the diagnosis of Alzheimer’s disease. To overcome this obstacle, attention mechanisms have

een widely studied to boost model interpretation capability (Shi, Xing, Xu, et al., 2020), because they can better interpret the
ecision-making process and more accurately discover the significant features than visual interpretation methods, like Gradient-
eighted Class Activation Mapping (Grad-CAM) (Zhang et al., 2020). However, attention mechanisms often lead to a low recall of

ignificant features, thereby possibly decreasing the model classification performance. To address this limitation, recently, loss-based
ttention mechanism (Shi, Xing, Xie, et al., 2020; Shi, Xing, Xu, et al., 2020) is proposed to maximally select salient regions and
eanwhile classify images. But it only considers high-level features in CNNs and neglects the mid-level feature representations, since
any literatures indicate that mixing features of different levels can significantly boost the model performance (Cao, Puy, Boulch,
Marlet, 2021; Deng, Wang, Liu, Liu, & Jiang, 2021; Qiao, Chen, & Yuille, 2021).
Based on the aforementioned observations, in this paper, we propose a novel interpretable and generalization convolutional

eural networks for f ew chest X-rays analysis, namely IGCNN-FC. Specifically, we embed two layers of loss-based attention into
NN with simultaneously considering the mid- and high-level features, so as to better mine the significant features for decision-
aking. Additionally, we employ the popular data augmentation method mixup to produce more training data to alleviate data

carcity. To further enhance the model generalization capability, we introduce a self-distillation method to employ the knowledge
earned by model training. In summary, our major contributions are listed as follows:

∙ We propose a novel interpretable CNN for few Chest X-rays analysis, by efficiently integrating loss-based attention, mixup and
self-distillation into a unified deep framework, which can mine significant features to interpret diagnosis results using only
few annotated data.

∙ We design a multi-scale loss-based attention with simultaneously employing mid- and high-level features in the network to
boost model performance and interpretability.

∙ Extensive experiments on two popular Chest X-ray datasets demonstrate that the proposed IGCNN-FC method has superior
performance over recent SOTA methods with better interpretability.

. Relation work

.1. Few-shot learning

.1.1. Meta-learning based methods
Meta-learning methods mainly utilize the idea of learning how to learn to make the model acquire a better learning ability (Huis-

an, Van Rijn, & Plaat, 2021). Specifically, meta-learning learns meta-knowledge from many tasks and uses the obtained meta
nowledge to guide the model to learn faster in new tasks that contain only a few data (Shu, Cao, Wang, Wang, & Long, 2021).
or example, MAML (Finn, Abbeel, & Levine, 2017) proposed learning how to obtain a good initialization. Meta-SGD (Li, Zhou,
hen, & Li, 2017) further learns model optimization’s direction and learning rate based on MAML. Meta-learning methods usually
mploy complex model structures or second-order gradient optimization, so it is difficult to train and learn in the process of actual
ptimization learning (Sun et al., 2021). Therefore, the problem of meta-learning efficiency in small sample learning needs to be
olved.

.1.2. Metric-learning based methods
Metric-based methods aim to determine its category by measuring the similarity between the query and support samples (Singh,

ie, Narayan, & Berger, 2021). The framework for this type of method usually has two modules: embedded module and measurement
odule (Kim, Kim, Cho, & Kwak, 2021). First, samples are embedded into vector space through the embedded module. Then,

imilarity scores are given according to the measurement module. Koch, Zemel, Salakhutdinov, et al. (2015) first proposed to use
he Siamese-net for few-shot image recognition. Vinyals, Blundell, Lillicrap, et al. (2016) introduced a matching network using the
ttention mechanism based on LSTM to classify samples by comparing the distance between different category representations. In
rder to further solve the problem of few samples, Snell, Swersky, and Zemel (2017) proposed a prototypical network to measure
he distance between different samples and prototype centers. The above model calculates similarity based on a distance function
2

ut does not consider the non-linear distance problem. Based on the prototype network, Sung, Yang, Zhang, et al. (2018) proposed
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a Relation Network employ CNN to better measure the distance between samples, making the measurement method more reliable
and flexible. Compared with the meta-learning method, measurement learning is faster, easier to optimize, and gradually becomes
an essential branch of few-shot learning (Cen, Yun, Cai, Wang, & Liu, 2021). However, it lacks sufficient persuasion in explaining
the model results.

2.1.3. Data augmentation
The data augmentation method attempts to increase the training samples to improve the performance of few-shot learning.

or image data, data augmentation can be realized through basic translation, rotation, flipping, and other operations (Osahor &
asrabadi, 2022). Because the types of data generated by basic image transformation may be limited, in recent years, more and
ore methods have focused on mixing existing annotation data to generate new data (Chen et al., 2019; Hariharan & Girshick,
017; Thulasidasan et al., 2019). This method is easier to implement than the data augmentation method based on basic image
ransformation, and the generated samples have greater variability. SGM (Hariharan & Girshick, 2017) proposed a new strategy to
enerate hallucinate additional samples to alleviate the problem of data scarcity. Peng et al. (2022) and Yuan, Zhong, Lei, Zhu, and
u (2021) introduced a reverse graph model in the original data space to obtain high-quality node data. Additionally, Chen et al.

2019) proposed IDeMeNet, which obtains many training samples through adaptive fusion support set samples. Mixup (Thulasidasan
t al., 2019) generated a large number of enhanced images by mixing the two images using linear interpolation. Cutmix (Yun et al.,
019) further developed and proposed to cut and paste a part of a randomly selected image into another image. Further, improve
he variability of synthetic samples. Supermix (Dabouei, Soleymani, Taherkhani, & Nasrabadi, 2021) mixed salient areas of different
mages to generate new images. Stylemix (Hong, Choi, & Kim, 2021) utilized image style and contented to improve the process of
mage interpolation. In medical image analysis tasks, Cyclemix (Zhang & Zhuang, 2022) adopted a hybrid strategy and designed a
andom occlusion method to generate many medical images. Because data augmentation is simple and applicable, it has become a
opular method in few-shot learning.

.2. Knowledge distillation

Knowledge distillation aims to improve the performance of student models by using the knowledge acquired from a well-
eneralized large model (teacher) to guide the training of small models. Recently, various extension methods of knowledge
istillation have been proposed (Beyer et al., 2022; Gou, Yu, Maybank, & Tao, 2021; Wang & Yoon, 2021). For example, Kang, Zhang,
hang, Sun, and Zheng (2021) proposed an instance knowledge distillation framework and extended it to target detection. Shang,
uan, Zong, Nie, and Yan (2021) suggested that Lipschitz continuity can be used to guide the knowledge distillation framework
nd improve student model performance. Despite complex teacher models can improve the generalization performance of student
odels, pre-training requires high time and economic cost. Therefore, self-distillation using the same network for teacher and student
odels utilizes its own knowledge to learn without high training costs . Andonian, Chen, and Hamid (2022) proposed to solve the

imitations of info-NCE loss training on noise cross-modal data by progressive self-distillation. Yoon, Kang, and Cho (2022) applied
elf-distillation to reduce the differences between the two domains in domain adaptation.

.3. Attention mechanism

In visual cognition, human beings selectively devote themself to some information and ignore other visible information. Inspired
y this, attention mechanism is widely used in computer vision (Guo et al., 2022; Wang, Zhang, Kan, Shan, & Chen, 2020), graph
earning (Gan et al., 2022; Mo, Peng, Xu, Shi, & Zhu, 2022; Song et al., 2022; Xue et al., 2022) and other tasks (Cai et al., 2020;
a et al., 2022). For example, CAN (Hou, Chang, Ma, Shan, & Chen, 2019) constructed the relationship between supporting and

uerying images through a cross-attention mechanism. Xu et al. (2022) focused on vital information in different modes to improve
he performance of multimodal clustering. In addition to boosting the model performance, the attention mechanism also makes
he model interpretable (Shi, Xing, Xie, et al., 2020; Song et al., 2022). For example, Song et al. (2022) proposed to capture
he important relationship between cross-concept exercises in knowledge tracking through the attention mechanism and improved
he model interpretability. Recently, loss-based attention mechanism (Shi, Xing, Xie, et al., 2020; Shi, Xing, Xu, et al., 2020) was
roposed to maximally select salient regions and meanwhile classify images. Inspired by this, we tailor a novel multi-scale attention
echanism for solving the medical image analysis.

. Method

We present the overflow of the proposed framework in Fig. 1, and introduce its four major modules: image classification,
ulti-scale loss-based attention, mixup and self-distillation in the following.
3
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Fig. 1. The framework of the proposed IGCNN-FC. We utilize ResNet18 as the backbone network.

3.1. Image classification

Given training data 𝐗 = {𝐱𝑖}𝑁𝑖=1, where 𝐱𝑖 ∈ R𝐶×𝑊 ×𝐻 is the 𝑖th image and 𝑁 is the total number of images, 𝐶, 𝑊 and 𝐻 represent
the number of channels, the image width and height, respectively. 𝐲𝑖 ∈ {0, 1}𝐾 is a one-hot vector generated by the label of 𝐱𝑖, where
𝐾 is the number of classes. Let 𝑓 (⋅) represent the backbone network, 𝐳𝑖 = 𝑓 (𝐱𝑖) ∈ R𝐾 be the final output of the network, 𝐩𝑖 = 𝑠(𝐳𝑖)
denote the estimated class probability, where 𝑠(⋅) is a softmax function. Then, we can utilize the cross-entropy loss to train the model
for image classification, i.e.,

1 = −
𝑁
∑

𝑖=1
𝐲𝑖𝑙𝑜𝑔(𝐩𝑖). (1)

By minimizing Eq. (1), we can obtain the optimal parameters 𝛩 of the backbone network.

3.2. Multi-scale loss-based attention

To boost the interpretability of CNNs by mining the significant features for decision-making, recently, Shi, Xing, Xu, et al. (2020)
proposed a loss-based attention mechanism to simultaneously learn the prediction of features and their weights. Suppose that one
medical image 𝐱𝑖 is divided into 𝑀 patches, upon which the network can obtain 𝑀1 high-level features. Let 𝐡𝑖𝑚 represent the 𝑚th
feature in the representation, 𝐮𝑖𝑚 = 𝐡𝑖𝑚𝜃 ∈ R𝐾 be its logits, and 𝜃 represent the parameters of the fully connected layer. Then, the
loss-based attention mechanism is formulated as:

𝛼𝑖𝑚 = 𝐮𝑖𝑚[𝑦𝑖]
∑𝑀1

𝑚=1 𝐮𝑖𝑚[𝑦𝑖]
,

𝛼𝑖𝑚 =
max(𝛼𝑖𝑚−

𝜉
𝑀1

,0)
∑𝑀1

𝑚=1 max(𝛼𝑖𝑚−
𝜉

𝑀1
,0)
,

𝐡𝑖𝑚 ← 𝛼𝑖𝑚𝐡𝑖𝑚,
𝐳𝑖 =

∑𝑀1
𝑚=1 𝐡𝑖𝑚𝜃,

(2)

where 𝛼𝑖𝑚 is the attention weight of the 𝑚th feature in the 𝑖th image 𝐱𝑖, and 𝜉 is a nonnegative parameter to remove the trivial
features. However, Eq. (2) only takes into account high-level feature representations and neglects the low-level ones. Much of
the literature has demonstrated that combining the features of different levels can obtain richer semantic information than only
using high-level features, thereby boosting model performance (Deng et al., 2021; Qiao et al., 2021). Therefore, we design a multi-
scale loss-based attention to boost model interpretability and classification performance by combining different levels of features.
Specifically, we employ the features extracted by the third and fourth Resblock in ResNet18 as the mid- and high-level ones,
respectively. Because mid- and high-level features have different scales, the loss-based attention simultaneously handling mid- and
high-level features is named as multi-scale loss-based attention. By using Eq. (2), it is easy to obtain the weights of mid- and high-level
features. Then, we design the multi-scale loss function as follows:

2 = −
𝑁
∑

(𝑀1
∑

𝛼𝑖𝑚𝐲𝑖𝑙𝑜𝑔
(

𝐩𝑖𝑚
)

+
𝑀2
∑

𝛽𝑖𝑚𝐲𝑖𝑙𝑜𝑔
(

𝐪𝑖𝑚
)

)

, (3)
4

𝑖=1 𝑚=1 𝑚=1
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where 𝐩𝑖𝑚 = 𝑠(𝐮𝑖𝑚), 𝐮𝑖𝑚 is the logits generated by high-level features; 𝐪𝑖𝑚 = 𝑠(𝐯𝑖𝑚), 𝐯𝑖𝑚 ∈ R𝐾 is the logits generated by mid-level
eatures, 𝑀2 is the number of mid-level features extracted by the third Resblock, similar to 𝛼𝑖𝑚, 𝛽𝑖𝑚 is the weight of the 𝑚th mid-level
eature.

.3. Mixup

To alleviate the problem of data scarcity, we adopt mixup (Thulasidasan et al., 2019) to augment training data and their targets,
ecause it can boost the diversity of data by linearly mixing two images and their corresponding true class probabilities. Specifically,
uppose that 𝐱𝑖 and 𝐱𝑗 denote the 𝑖th and 𝑗𝑡ℎ image, respectively, 𝐩𝑖 and 𝐩𝑗 are true class probabilities of 𝐱𝑖 and 𝐱𝑗 , respectively. 𝐲𝑖
nd 𝐲𝑗 are two one-hot label vectors of 𝐱𝑖 and 𝐱𝑗 , respectively. Mixup employs linear interpolation to expand the training distribution
s follows:

𝜆 ∼ 𝐵𝑒𝑡𝑎(𝜇, 𝜇),
𝐱 = 𝜆𝐱𝑖 + (1 − 𝜆)𝐱𝑗 ,
𝐲 = 𝜆𝐲𝑖 + (1 − 𝜆)𝐲𝑗 ,

(4)

here the merging coefficient 𝜆 is sampled from a Beta distribution parameterized by 𝜇, 𝐱 represents the mixed data and 𝐲 denotes
ts one-hot label vector. Because Eq. (4) only mixes image-level knowledge, we extend it to leverage the patch-level knowledge as
ollows:

𝐩𝑚 = 𝜆𝐩𝑖𝑚 + (1 − 𝜆)𝐩𝑗𝑚,
𝐪𝑚 = 𝜆𝐪𝑖𝑚 + (1 − 𝜆)𝐪𝑗𝑚,

(5)

here 𝐩𝑚 and 𝐪𝑚 denote the mixed class probability of high-level and mid-level features, respectively. 𝐩𝑖𝑚 and 𝐩𝑗𝑚 represent the
rediction class probability of the 𝑚th high-level feature in 𝐱𝑖 and 𝐱𝑗 , respectively. Similarly, 𝐪𝑖𝑚 and 𝐪𝑗𝑚 are obtained from the 𝑚th
id-level feature.

.4. Self-distillation

To boost the generalization capability of CNNs, knowledge distillation (KD) is an effective and popular strategy to distill
nowledge from a complex teacher model to a small student model through soft targets. Self-distillation is one method of KD to
mploy the identical teacher and student model for knowledge distillation. Recently, RFS (Tian, Wang, Krishnan, Tenenbaum, &
sola, 2020) adopts a two-stage self-distillation mechanism consisting of supervised training and self-distillation. Because supervised
raining and self-distillation are two individual stages during training, they consume more training cost. To this end, we propose a
ne-stage self-distillation mechanism that integrates supervised training and KD into a unified framework. Specifically, given a set
containing one mini-batch, where images are sampled from the training data, we can generate two sets 1 and 2 by augmenting

ach image in  through standard data augmentation. Additionally, by feeding the images in 1 and 2 into the teacher model, it
s easy to obtain the prediction class probability of each image, its high-level and mid-level features, i.e., 𝐩𝑖, 𝐩𝑖𝑚, 𝐪𝑖𝑚 for the image
𝑖 ∈ 1, and 𝐩𝑗 , 𝐩𝑗𝑚, 𝐪𝑗𝑚 for the image 𝐱𝑗 ∈ 2. Next, according to the mixup strategy, we first linearly mix the images in the two
ets 1 and 2, and then feed the mixed images into the student model to obtain the prediction class probability of the image 𝐱,
nd its high-level and mid-level features, i.e., 𝐩, 𝐩𝑚 and 𝐪𝑚. After that, similar to Eq. (5), we mix the prediction class probability
btained by the teacher model as the target for the student model, i.e.,

𝐩𝑡−1 = 𝜆𝐩𝑖 + (1 − 𝜆)𝐩𝑗 ,
𝐩𝑡−1𝑚 = 𝜆𝐩𝑖𝑚 + (1 − 𝜆)𝐩𝑗𝑚,
𝐪𝑡−1𝑚 = 𝜆𝐪𝑖𝑚 + (1 − 𝜆)𝐪𝑗𝑚,

(6)

here 𝑡 is the number of training epochs, 𝐩𝑡−1, 𝐩𝑡−1𝑚 and 𝐪𝑡−1𝑚 are the targets of 𝐩, 𝐩𝑚 and 𝐪𝑚, respectively. Then, we employ the
ullback–Leibler (KL) divergence to distill knowledge from the teacher model as follows:

3 = 𝐷𝐾𝐿(𝐩∥𝐩𝑡−1) +𝐷𝐾𝐿(𝐩𝑚∥𝐩𝑡−1𝑚 ) +𝐷𝐾𝐿(𝐪𝑚∥𝐪𝑡−1𝑚 ), (7)

here 𝐷𝐾𝐿 denotes the KL divergence.
Finally, to simultaneously take into account image classification, multi-scale loss-based attention, mixup, and self-distillation,

he final total loss is:

 = 1 + 𝜔(𝑡)(𝛿2 + 𝛾3), (8)

here 𝛿 and 𝛾 are constants to weight 2 and 3, respectively, 𝜔(𝑡) is a linear function, whose value is linearly changing with the
5

umber of training epochs 𝑡. For clarity, we present the detailed procedure of the proposed IGCNN-FC in Algorithm 1.
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Algorithm 1 IGCNN-FC
Input: Training images 𝐗 = {𝐱𝑖}𝑁𝑖=1 and their one-hot labels 𝐘 = {𝐲𝑖}𝑁𝑖=1, the number of training epochs 𝑇 , parameter 𝛼 for MixUp,

eight parameters 𝛿, 𝛾,
inear function 𝜔(𝑡),
tochastic input augmentation function: ℎ(⋅),

stochastic teacher and student model with parameters 𝛩𝑡,𝛩𝑠: 𝑓 (⋅)
utput: Student model parameters 𝛩𝑠

1: for 𝑡 in [1, 𝑇 ] do
2: for each mini-batch  do
3: 1, 2 ← ℎ

(

𝐱𝑖 ∈ 
)

⊳ 𝐷𝑎𝑡𝑎 𝑎𝑢𝑔𝑚𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛

4: 𝐩𝑖,𝐩𝑖𝑚,𝐪𝑖𝑚 ← 𝑓
(

𝛩𝑡, 𝐱𝑖∈1

)

5: 𝐩𝑗 ,𝐩𝑗𝑚,𝐪𝑗𝑚 ← 𝑓
(

𝛩𝑡, 𝐱𝑗∈2

)

6: 𝐩𝑡−1,𝐩𝑡−1𝑚 ,𝐪𝑡−1𝑚 ← 𝐸𝑞.(6) ⊳ 𝑀𝑖𝑥𝑢𝑝
7: 𝐩,𝐩𝑚,𝐪𝑚 ← 𝑓

(

𝛩𝑠, 𝐱𝑖∈
)

8: 𝐿𝑜𝑠𝑠 ← Eq. (8) ⊳ 𝐿𝑜𝑠𝑠 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛
9: updating 𝛩𝑡,𝛩𝑠 using Adam;

10: end for
11: updating function 𝜔(𝑡); ⊳ 𝐿𝑖𝑛𝑒𝑎𝑟𝑙𝑦 𝑟𝑎𝑚𝑝 𝑢𝑝 𝜔(𝑡) 𝑡𝑜 𝑖𝑡𝑠 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑣𝑎𝑙𝑢𝑒
12: end for

4. Experiments

4.1. Datasets

Shenzhen set: Shenzhen dataset (Candemir, Jaeger, Palaniappan, et al., 2013; Jaeger, Karargyris, Candemir, et al., 2013) has
62 images, consisting of 326 normal and the rest are abnormal Chest X-rays (CXRs) with the manifestation of tuberculosis. For
he Shenzhen dataset, we divide it into two cases: (1) 30% and 70% of the total number of images are used for training and
esting, respectively; (2) 50% of the whole data are used for training and the remaining images are used for testing. NIH set: NIH

Chest X-ray (Wang, Peng, Lu, et al., 2017) contains 112,120 frontal-view CXR images with fourteen diseases. Same as Bozorgtabar,
Mahapatra, Vray, and Thiran (2020), we combine all labels of diseases into one category and then totally select 10,280 images,
including 5170 normal and 5110 abnormal CXRs. Similarly, for the NIH dataset, we also divide it into two cases: 5% and 10% of
the whole data are used for training, respectively, and the remaining ones are employed for testing. We repeat this process 5 times
and report the average results.

We compare the proposed framework with six popular few shot learning methods and list their details as follows:

∙ ProtoNet (Snell et al., 2017) predicted the category of the test sample by calculating the Euclidean distance between the test
sample and the center of each prototype.

∙ RelationNet (Hu, Gu, Zhang, Dai, & Wei, 2018) predicted the category of samples by using learnable modules instead of
Euclidean distance.

∙ RFS (Tian et al., 2020) optimized the training process of the embedded model and used self-supervised knowledge distillation
to improve the embedded model’s performance further.

∙ Baseline (Chen, Liu, Kira, et al., 2018) fixed the pretrained feature extractor and finetuned the FC layer, and Baseline++ (Chen
et al., 2018) replaced the top linear layer with a cosine classifier.

∙ ANIL (Raghu, Raghu, Bengio, & Vinyals, 2019) can be regarded as an improvement of MAML, and ANIL does not update all
network layer parameters, but only the last layer network parameters.

∙ RENet (Kang, Kwon, Min, & Cho, 2021) jointed the self-correlation representation information of image data and cross-
correlation attention mechanism to learn relational embeddings.

4.2. Implementation details

We trained our IGCNN-FC method using the PyTorch framework on an NVIDIA GTX 3090TI GPU (24 GB memory) and used Adam
optimizer as the model optimization. We set the batch size and training epoch for all datasets as 32 and 100, respectively. Notably,
we adapted the resolution of all images to 224 × 224 pixels with central cropping to improve efficiency. The hyper-parameter
𝜉 is empirically set as 0.1 for the Shenzhen dataset and 0.05 for the NIH dataset. Meanwhile, the other hyper-parameters 𝛿, 𝛾
are empirically set as [0.01, 0.05, 0.1, 0.5, 1] and [0.1, 1, 10, 50, 100], respectively. We performed a sensitivity analysis about
hyper-parameters 𝛿 and 𝛾 in Fig. 3. Additionally, we adopt ResNet18 as the backbone network and the same data augmentation for
the comparative methods. We evaluated all methods by using four popular metrics: classification accuracy (ACC), specificity (SPE),
6
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Table 1
Classification performance on the Shenzhen and NIH datasets with different rates of the whole data for training, respectively. We bold the best result in each
group.

Model Shenzhen dataset (30%) NIH dataset (5%)

ACC SPE SEN AUC ACC SPE SEN AUC

ProtoNet 82.67 ± 2.4 90.23 ± 2.1 74.75 ± 5.5 82.75 ± 1.6 81.17 ± 0.8 85.86 ± 2.4 76.48 ± 1.1 81.17 ± 0.7
RelationNet 80.63 ± 2.6 86.27 ± 4.8 74.55 ± 6.3 81.33 ± 2.2 81.41 ± 0.5 85.10 ± 2.8 77.62 ± 2.4 81.36 ± 0.5
Baseline 81.42 ± 2.4 89.93 ± 2.8 73.09 ± 4.9 81.51 ± 2.4 81.85 ± 0.7 86.44 ± 1.8 77.21 ± 0.7 81.82 ± 0.8
Baseline++ 82.58 ± 1.9 88.51 ± 1.9 76.87 ± 5.0 82.69 ± 1.7 82.23 ± 0.7 88.04 ± 1.5 76.63 ± 0.4 82.34 ± 0.6
RFS 82.41 ± 0.6 89.38 ± 1.2 75.17 ± 2.3 82.27 ± 0.6 81.87 ± 0.5 87.50 ± 1.5 76.30 ± 1.4 81.84 ± 0.6
ANIL 82.41 ± 1.8 88.08 ± 2.5 76.93 ± 3.8 82.50 ± 1.7 82.12 ± 0.5 87.38 ± 1.7 77.13 ± 1.3 82.25 ± 0.4
RENet 82.04 ± 2.0 89.48 ± 1.5 74.30 ± 4.2 81.89 ± 2.0 82.11 ± 0.5 88.17 ± 1.5 76.12 ± 1.9 82.15 ± 0.4
IGCNN-FC 83.00 ± 1.4 91.57 ± 1.0 74.37 ± 2.8 82.94 ± 1.4 83.10 ± 0.4 89.33 ± 2.0 76.85 ± 2.4 83.24 ± 0.4

Model Shenzhen dataset (50%) NIH dataset (10%)

ACC SPE SEN AUC ACC SPE SEN AUC

ProtoNet 83.75 ± 1.6 90.87 ± 3.2 76.00 ± 2.2 83.43 ± 1.9 82.20 ± 0.5 86.94 ± 1.8 77.39 ± 1.8 82.16 ± 0.5
RelationNet 83.47 ± 1.1 86.93 ± 2.9 79.26 ± 1.4 83.09 ± 1.5 81.58 ± 0.7 86.66 ± 1.4 76.59 ± 0.7 81.63 ± 0.8
Baseline 83.75 ± 1.0 89.81 ± 4.0 78.11 ± 2.8 83.96 ± 1.0 83.33 ± 0.4 86.93 ± 1.2 79.76 ± 1.5 83.35 ± 0.4
Baseline++ 84.26 ± 1.2 90.22 ± 2.9 78.75 ± 4.8 84.18 ± 0.7 83.50 ± 0.3 88.56 ± 1.0 78.39 ± 1.6 83.47 ± 0.4
RFS 83.56 ± 1.0 90.29 ± 1.8 76.85 ± 4.0 83.57 ± 1.5 83.08 ± 0.4 88.39 ± 0.8 77.94 ± 1.4 83.16 ± 0.4
ANIL 83.64 ± 0.4 88.91 ± 1.3 78.87 ± 1.6 83.89 ± 0.4 83.70 ± 0.3 88.14 ± 0.9 79.53 ± 0.5 83.83 ± 0.4
RENet 84.03 ± 1.2 90.95 ± 2.6 77.16 ± 3.8 84.06 ± 0.9 83.41 ± 0.3 88.92 ± 0.8 77.89 ± 1.1 83.40 ± 0.4
IGCNN-FC 85.55 ± 1.0 91.92 ± 5.5 79.42 ± 5.9 85.67 ± 1.0 84.50 ± 0.4 90.31 ± 1.6 78.81 ± 1.8 84.56 ± 0.4

Table 2
The effect of three different losses in Eq. (8).
1 2 3 ACC SPE SEN AUC
√

81.93 ± 1.7 89.27 ± 4.1 74.13 ± 5.1 81.70 ± 1.6
√ √

82.01 ± 2.1 91.14 ± 2.0 74.23 ± 5.5 82.18 ± 1.8
√ √ √

83.00 ± 1.4 91.57 ± 1.0 74.37 ± 2.8 82.94 ± 1.4

4.3. Experimental analysis

Table 1 presents the performance of different deep few-shot learning frameworks on Shenzhen and NIH datasets. It suggests that
he proposed framework can obtain superior performance over the other competitors in almost all cases. For example, when 50% of
he whole data are used for training on the Shenzhen dataset, the gain of the proposed IGCNN-FC is 1.53%, 1.88%, 0.85% and 1.77%
ver the best competitors in ACC, SPE, SEN and AUC, respectively. In summary, experimental results on two Chest X-rays datasets
emonstrate that our method achieves superior performance over recent SOTA methods. In addition, our method has statistically
ignificant difference from every comparison method because the 𝑝-values of all cases are < 0.038 on the paired-sample t-tests at
he 95% significance level on disease diagnosis task. The possible reasons are: (1) The comparative methods might simply regard
hat all image patches have the same contribution, while our method can explore the significant mid- and high-level features by
ntroducing the multi-scale loss-based attention. (2) Although some comparative methods also employ data augmentation to alleviate
odel overfitting, they cannot remove the inductive bias of data in source classes, because it might introduce uncertain correlation

nformation between samples and classes during training (Liu, Fu, Xu, et al., 2021). By contrast, the proposed method mixes images
nd patches to capture more disentangled information, thereby alleviating the bias.

.4. Ablation analysis

We conduct ablation experiments on the Shenzhen dataset (30%) to investigate the individual contribution corresponding to
ach component in the IGCNN-FC. Table 2 presents effect of three different losses in Eq. (8). Specifically, we progressively add
ifferent losses to our method. When each loss is added to IGCNN-FC, the corresponding performance is improved. It illustrates
hat both 2 and 3 have indispensable contributions. Additionally, to investigate the influence of multi-scale loss-based attention,
e carry out experiments on three cases: (1) without employing any attention mechanism (w/o), (2) only using high-level features

high-level) and (3) using both mid- and high level features (multi-scale), and show their results in Table 3. It suggests that loss-
ased attention with high-level features can obtain superior performance over that without using any attention mechanism, while
ulti-scale loss-based attention with mid- and high-level features can attain better performance than that only using high-level

eatures. Thus, multi-scale loss-based attention is beneficial to boosting the model performance.

.5. 𝐹1-Score

The 𝐹1-score comprehensively considers the ACC and recall of the classification model. While increasing precision and recall as
uch as possible, it is also desirable that the difference between them be as slight as possible. Fig. 2 presents the cases of 𝐹 -score
7
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Table 3
The effect of multi-scale loss-based attention.

Attention ACC SPE SEN AUC

w/o 82.32 ± 2.7 91.22 ± 2.1 71.20 ± 5.1 82.21 ± 2.3
Attention-4 82.71 ± 1.6 91.36 ± 1.9 72.16 ± 3.9 82.66 ± 1.3
IGCNN-FC 83.00 ± 1.4 91.57 ± 1.0 74.37 ± 2.8 82.94 ± 1.4

Fig. 2. Comparison to prior work on the Shenzhen set and NIH set, respectively.

Fig. 3. The classification accuracy of IGCNN-FC at different parameter settings on 𝛿 and 𝛾.

of IGCNN-FC on Shenzhen set and NIH set, respectively. We can find that the IGCNN-FC performs well overall, especially in the
NIH set, where we outperform the contrast method at two different labeling rates. This further indicates that IGCNN-FC has a good
performance in the medical image classification task.

5. Parameter analysis

We investigate the role of 𝛿 and 𝛾 in the IGCNN-FC. Specifically, we vary the values of 𝛿 and 𝛾 during the range of [0.01, 0.05,
0.1, 0.5, 1] and [0.1, 1, 10, 50, 100], respectively, to visualize the classification results of the two datasets in Fig. 3. As we can see,
the proposed IGCNN-FC method can obtain the best or sub-best performance when 𝛿 ∈ [0.1, 1] and 𝛾 ∈ [10, 100].

5.1. Interpretability

In terms of medical tasks, the interpretability of the deep learning model helps doctors understand the reasons for the decision-
making given by the model and then make an accurate, efficient, and convincing diagnosis. We compare ResNet18+Grad-CAM with
8
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Fig. 4. Several heat maps of images from the NIH dataset by using ResNet18+Grad-CAM and IGCNN-FC. The first, second and third rows present the original
image, heat maps generated by Grad-CAM and multi-scale loss-based attention, respectively.

IGCNN-FC, and present their heat maps in Fig. 4. It suggests that both Grad-CAM and multi-scale loss-based attention can interpret
class-discriminative features. However, multi-scale loss-based attention can locate more accurate features. This might be because
multi-scale loss-based attention can select significant features and meanwhile remove trivial features for image classification during
model training.

6. Conclusion

In this paper, we propose a novel interpretable deep framework, IGCNN-FC, to mine the significant features for few Chest X-rays
analysis. To fulfill this goal, we design multi-scale loss-based attention to explore and interpret the significance of mid- and high-
level features, employ mixup to enlarge training data, and leverage self-distillation to further boost model’s generalization capability.
Experimental results on two Chest X-rays datasets demonstrate that our method can not only achieve superior performance over
recent SOTA methods, but also boost model interpretability. Because we only consider the unimodal data in our experiments, and
multi-modal data might provide better model performance and more comprehensive diagnosis opinions, in future work, we will
combine Chest X-rays, clinical medical records (text) and biological (genome and proteome) data to build a cross-modal medical
analysis framework to further improve the effectiveness of diagnosis and treatment.
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