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Deep learning has recently achieved remarkable results in the field of medical imaging. How-
ever, as a deep learning network becomes deeper to improve its performance, it becomes
more difficult to interpret the processes within. This can especially be a critical problem in
medical fields where diagnostic decisions are directly related to a patient's survival. In order to
solve this, explainable artificial intelligence techniques are being widely studied, and an atten-
tion mechanism was developed as part of this approach. In this paper, attention techniques are
divided into two types: post hoc attention, which aims to analyze a network that has already
been trained, and trainable attention, which further improves network performance. Detailed
comparisons of each method, examples of applications in medical imaging, and future per-
spectives will be covered.

Index terms Deep Learning; Artificial Intelligence; Medical Imaging; Attention
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Fig. 1. Heatmap analysis for two example images.

The first image shows an X-ray image of a patient with pneumothorax, which is marked with a yellow box. The highest activation in the heat-
map next to it is highlighting the correct area. On the other hand, the second example and its heatmap shows a negative example where the
heatmap is highlighting the drain (marked with arrows) to be responsible for the final prediction of “pneumothorax.” Adapted from Baltruschat
et al. Sci Rep 2019;9:6381 (21) (https://doi.org/10.1038/s41598-019-42294-8), licensed under CC BY 4.0. Images have been rearranged.

0|2 gj8] 1 el A VL WS AR} AT 4 S AN AT SUES A

g 753k 1-3-A%5(explainable artificial intelligence, XAT) 7|&0]2} 514, 1% sht7} HEZ of
HA 7]9 (attention mechamsm)olﬁ} Fig. 2= G214 VIEQIAE &l AFde] oFF & &5 1
=, 1A npAT ¢ BES BRIIESE S5AIX] & HIAE oo theto] 1 5|ERS A7
3} 5k Zlolc}. geid vlE 437} s QRtell Jlof Zh SefiAct HAlE= A J(QHg,
hgl Sot -2 AF HRE T2jal Bt npA S 0] A ol FFShaL Qs AS FRIE 4= Qlok
ofgld 7 Folf oje}t o] Held o] wek ZAE HRlgt 4= Q1S ¥ ofe}, Jeid =Y
& StojF G4 AA7E obd, FolXl 54 DAIsh=tl E e 3Hrelevant) HE7F 2EE| 0] Q=&
7 F2oll o FYFoLeE sto] s IS T 4= 7] wiZol 22 ofgld 7ol ¥t s
o] ¥Hilo] - mzich. 2 FdoAlE ofdld 7S] 71eH Se WA Al o5 o A

jn:
il
HE
Sl
i
2
2~
ofo
rol
e
2
offl
ool
o
tm
fu)
fu
tl o)
i
lo
)
oQ
)
e
[
ol
010_||1
ot
=2
:oé
o
il
&
)
et
o

ol 7] e Q1A 5L HEF P4t HAle] A5 3 29l o Boj2d 4 Qe 7Holt,
o 2ol afiatt], Pl oz
ofgto i HES)Z Ane 7]

https://doi.org/10.3348/jksr.2020.0150 1307



ofgi Eiafil 0|2 FY AN 5 cHoto Qlﬁl'ilxl

—_

Fig. 2. The resulting heatmaps after training a deep learning model to distinguish between a bare face, a masked face, and a face of a person
wearing glasses. The regions that match the characteristics of each class are activated correctly. The photographs have been used after consent.
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Fig. 3. Overall tree of attention mechanisms, which fall into two main categories: post-hoc attention and
trainable attention.

Post-hoc attention includes gradient-based CAM, Grad-CAM, saliency map, and propagation-based LRP,
whereas trainable attention includes hard attention and soft attention.

CAM = Class Activation Mapping, Grad-CAM = Gradient-weighted CAM, LRP = Layer-wise Relevance Propaga-
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Fig. 5. Examples of CAM-assisted medical image interpretation.

A-D. (A-C) shows representative images in which CAM correctly localizes the pathological regions (arrows and ring), whereas in (D) CAM is
highlighting the wrong region (ring) instead of the pathologically correct region (arrow) for this decision. Adapted from Bien et al. PLoS Med
2018;15:21002699 (32) (https://doi.org/10.1371/journal.pmed.1002699), licensed under CC BY 4.0. Images have been rearranged.

CAM = Class Activation Mapping
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Fig. 6. Overall framework of Grad-CAM, which is more flexible than CAM in its application in neural net-
works.

CAM = Class Activation Mapping, Conv = convolutional layer, GAP = Global Average Pooling, Grad-CAM = Gra-
dient-weighted CAM, ReLU = rectified linear unit
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Fig. 7. Examples of Grad-CAM-assisted image interpretation of hip fractures (A, C, E). Pelvic radiograph images with fractures indicated by
white arrows (B, D, F). Respective Grad-CAM images of (A-C), which are correctly localizing the fracture sites (G, I, K). Normal pelvic radiograph
images with no fractures (H, J, L). Respective Grad-CAM images of G, |, K, showing no activated regions for normal pelvic radiographs. Adapt-
ed from Cheng et al. Eur Radiol 2019; 29:5469-5477 (33) (https://doi.org/10.1007/s00330-019-06167-y), licensed under CC BY 4.0. Two figures
have been concatenated.
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Fig. 8. Overall framework of saliency mapping.
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Fig. 9. Examples of saliency map-assisted X-ray interpretation.
The two images on the left show a positive example of saliency map-assisted interpretation where a chest X-ray image of a patient with tuber-
culosis is presented with the saliency map that is correctly highlighting the pathological regions. On the other hand, the two images on the
right show a negative example of saliency map-assisted interpretation where a chest X-ray image of a person with no disease is presented
with a saliency map that is incorrectly highlighting normal regions as abnormal. Adapted from Pasa et al. Sci Rep 2019;9:6268 (35) (https://doi.
org/10.1038/s41598-019-42557-4), licensed under CC BY 4.0. Two figures have been slightly modified and concatenated.
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Fig. 10. Overall framework of layer-wise relevance propagation. The relevance is distributed to each input
pixel by reversely propagating the relevance layer-wise.
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Fig. 11. Relevance heatmaps for two patients, A and B, who were classified as having AD. In the case of pa-
tient A, the frontal area and STG were informative, whereas the temporal lobe was important in the model
decision for patient B. Adapted from Bohle et al. Front Aging Neurosci 2019;11:194 (36) (https://doi.
org/10.3389/fnagi.2019.00194), licensed under CC BY 4.0.
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Fig. 12. Comparison between CAM, Grad-CAM, and saliency map.

A-D. (A) chest X-ray image of a patient with pneumonia, (B) CAM, (C) Grad-CAM, (D) saliency map overlaid on the original image. Adapted from
Rad_doc, rID 47997, “Childhood Pneumonia”. Available at. https://radiopaedia.org/cases/childhood-pneumonia-1?lang=us, with permission
of Radiopaedia (37).

CAM = Class Activation Mapping, Grad-CAM = Gradient-weighted CAM
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Table 1. Comparison between the Characteristics of CAM, Grad-CAM, Saliency Map, and LRP. CAM-Based
Methods Have Strength in Localization, Whereas Saliency Map and LRP Produce High Resolution Heatmaps
with Flexible Application

CAM Grad-CAM Saliency Map LRP
Localization ++ +H+ - ¥
Flexibility + ps Tt s,
Resolution - - + +

CAM = Class Activation Mapping, Grad-CAM = Gradient-weighted CAM, LRP = Layer-wise Relevance Propaga-
tion
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Fig. 13. Comparison between hard attention map (left) and soft attention map (right).
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Fig. 14. Recurrent attention model. At time step, t, the next position (l1) to be attended is sampled and this
process is recursively repeated until step n, where the output of LSTM is used for classification. Figure in-
spired by (38).

CNN = Convolutional Neural Network, FC = fully connected network, LSTM = Long Short Term Memory
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Fig. 15. Overall architecture of hard attention-guided chest X-ray classification network. Figure inspired by (39).
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Fig. 16. The architecture of Attention U-Net. Attention gate selects features by using the contextual informa-
tion which is extracted from coarser scales.

Conv = convolutional layer, Nclass = number of output class, Nt = number of filters, ReLU = rectified linear
unit

256 x 256
256 x 256

2
Multi-modal
Input Images

Segmentation
Output

128 x 128

Encoder Decoder

|:> 3x3x3 Conv, ReLU, BatchNorm - 1x1x1 Conv, Softmax @ Soft Attention Gate (AG) @ Concatenation

- Max-pooling (stride = 2) |:> Up-scaling (x2)

o} Fig. 178 A 1 x9}F g5 Fofl of&lld A4 (attention coefficient) aF Al4tet & o] & ThA]
x2t 9 A9 FAll(elementwise multiplication) -0 24 7k E4W 71527t §idH E4 2= %

FERIT F, ofdAd Ao E9] 2 QIFE | £ A= x5 HEH o] 23] 71@%1 31571
dof, A Fo2 of BASlF= AP 7154 (a)% TolE oz UEQAR sloj5 T Fi
ol o FFotes she ZolH, aF Alitsh=tl TR JHE A7) sl F/de] 4% 4= (con-
text)7} B @ol UgEo] e & & oflle] 54 A= gQP 27 AlTLE O] E(sigmoid), 87 A1

7 (rectified linear unit)z} 22 B4 41 X 2| & X85S opetd 4= Qi

e

= mlm

[e]

ofglAd Al4~9] 'k Fig. 185 59l &<l 755ttt Fig. 189] =2 ¥ CT 94l =
oA A ofdd Alpse SHEAA 2 OdeR 7teSo s IAYL4R S o
(epoch)] 7t whE ofsllAd Al4=o] Hisks *Jr’("_h— Art. shEo] Ryl whet 21} A
o] @& goo] = 2ol 5L, A, A (kidney), Bl (spleen) & 52 G| =7t =
OFA|= Zl& &Rl 4= Sl

offlA 7IHe] =9l HESA g5el Q75 = it SHoM e a82o|t). B2} A
o] & E4oll o 2 7IEA|E Fofst Y F 9152 S =5 HEL A AA= SH551Y]
wjizoll, flolA A7HFH she ol 71RIxE &8 Aol sial %“3% A FE517] fIg
A8 WELIA(Fig. 152 M 2E) 5o| 2HQ0A|7] wiFolch F, AXE ofdldS Fof of=
ofel o] g UrebLH=T,

K
Schlemper 5-(40)2] &+
FHECHE tho] A Al4(Dice coefﬁcient) 3! A& -E(recall) 5] Xé%kx—*. F2|oIM H =2 2]

https://doi.org/10.3348/jksr.2020.0150 1325



- Fodato|uty|x|

Fig. 17. Aschematic of the attention gate.

The input features (x|) in the encoder are scaled with attention coefficients (a), and in this process the gating
signal (g) from the coarser scale is used. Adapted from Schlemper et al. Med Image Anal 2019;53:197-207
(40) (https://doi.org/10.1016/j.media.2019.01.012), licensed under CC BY 4.0.
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Fig. 18. Attention coefficients are gradually learned to focus on the discriminative regions as the number of training epochs increase (3, 6, 10,
60, 150). Adapted from Schlemper et al. Med Image Anal 2019;53:197-207 (40) (https://doi.org/10.1016/j.media.2019.01.012), licensed under
CCBY4.0.

Fig. 19. An example depicting the effectiveness of using an attention mechanism in U-Net to increase the accuracy of the segmentation re-
sult. It can be seen that U-Net with attention mechanism quite successfully performed segmentation close to the label, whereas the normal
U-Net missed some areas (white arrows in the magnified image). This is attributed to the attention map, which can guide focus to more sa-
lient regions.

A. Learned attention coefficients, red areas depicting highly attended regions.

B. Original contrast-enhanced T1-weighted brain image.

C-E. U-Net, attention U-Net, and label segmentation results (orange areas) overlayed on original brain image.

F-1. Enlarged view of the white box area of B-E, respectively. The white arrows indicate regions that were missed on U-Net (G) but successfully
segmented on Attention U-Net (H) close to the label segmentation (I).

CE = contrast-enhanced, T1IWI = T1-weighted image

Attention map CET1W1 - Attention U-Net

7} A=), = TAA = GAPE E3f 7F xjde] 22 o] A H (global information)S ah}
FO & QFESItt. o] % 21 oA ebd AAZT e vl ARl AAYS B3l A

™ 1o
;\1

9] (interdependencies between channels)S #AlAtsto] Afdof ZsHe 7o) FQ woj

dloh= 7R E A o] BAH ZHEAI7E AEE 7] Ao B4 Aol FalAH A

2|2 HojalA Het o]ef -2 b= 9 A= (squeeze-and-excitation) & EJF ATE
Z1Q.

ofelld 7I®ell siigst7] uheell 7122 of2] 7] Hald HEH Tl fdsi

x

1%
=N
o

https://doi.org/10.3348/jksr.2020.0150 1327



Schlemper 5(40)2] ¢17e} ZHo| mlejn]e] Z712fo] HlsiA] Zelo] H5 g4 PE7} oo Ik
%P%‘JOI ek, &, ©do] BER=g A 771X oA Hof S

4> It} Rundo 5(45)2 4loll 45 9 A= 725 2ot e ds L &
eralization ability)2 2115} 2™ Guha Roy 5(46)2 = MRI 2 %41 CT /ol 5%t ofellAd

-
L oXx

Fig. 20. Comparison between spatial attention (A) and channel-wise attention (B).
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Table 2. List of Studies that Applied Attention Mechanisms to Medical Image Analysis

Attention Mechanism

Post-hoc attention

CAM Bien et al. (32), Yune et al. (52), Rajpurkar et al. (53), Lee et al. (54)
Grad-CAM Chengetal. (33), Oh et al. (55), Li et al. (56)

Saliency Map Pasa et al. (35), Cohen et al. (57)

LRP Bohle et al. (36)

Trainable attention

Hard attention  Ypsilantis & Montana (38), Guan et al. (39), Pesce et al. (49), Shaikh et al. (58)

Schlemper et al. (40), Rundo et al. (45), Guha Roy et al. (46), Zhou et al. (47),
Lietal. (48), Zhang et al. (50)

CAM = Class Activation Mapping, Grad-CAM = Gradient-weighted CAM, LRP = Layer-wise Relevance Propaga-
tion

Soft attention
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