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Supplementary File S1. (Pages 2 to 17: navigate to page 2 to check each figure
separately)

Supplementary Figure S1. Inputs and outputs for CNN model architecture

Supplementary Figure S2. comparing the results of the designed algorithm on the
collected slides for this side and images from an open-source repository: the
Department of Pathology and Laboratory Medicine at Dartmouth-Hitchcock
Medical Center (DHMC) [1].

Table S1. Comparing the results of the model by images from Department of
Pathology and Laboratory Medicine at Dartmouth-Hitchcock Medical Center
(DHMC) [1].




1 Healthy <0.001 100% Healthy Healthy Healthy Healthy Healthy Healthy Healthy Healthy Healthy Healthy '1"1A1 100%
2 Healthy <0.001 100% Healthy Healthy Healthy Healthy Healthy Healthy Healthy Healthy Healthy Healthy '2'1A1 100%
3 Healthy <0.001 100% Healthy Healthy Healthy Healthy Healthy Healthy Healthy Healthy Healthy Healthy '3'1A1 100%
4 Healthy 0.05 100% Healthy Healthy Healthy Healthy Healthy Healthy Healthy Healthy Healthy Healthy '4'1A1 100%
5] Healthy 0.004 100% Healthy Healthy Healthy Healthy Healthy Healthy Healthy Healthy Healthy Healthy '5"1A1 100%
6 Healthy <0.001 100% Healthy Healthy Healthy Healthy Healthy Healthy Healthy Healthy Healthy Cancer '6'1A1 90%
7 Cancer 1 100% Not Certain Not Certain Not Certain Not Certain Not Certain Not Certain Not Certain Not Certain Not Certain Not Certain WAV.N 0%
8 Cancer 1 100% Not Certain Not Certain Cancer Not Certain Not Certain Cancer Not Certain Not Certain Not Certain Not Certain '8"1A1 20%
9 Cancer 1 100% Cancer Cancer Cancer Cancer Cancer Cancer Cancer Cancer Cancer Cancer '9"1A1 100%
10 Cancer 1 100% Cancer Cancer Cancer Cancer Cancer Cancer Cancer Cancer Cancer Cancer '10"!A1 100%
11 Cancer 1 100% Cancer Cancer Cancer Cancer Cancer Cancer Cancer Cancer Cancer Not Certain '11''A1 90%
12 Cancer 1 100% Not Certain Cancer Cancer Cancer Cancer Cancer Cancer Not Certain Cancer Not Certain '12"1A1 70%
13 Cancer 1 100% Cancer Not Certain Cancer Not Certain Not Certain Cancer Not Certain Not Certain Cancer Not Certain "13"1A1 40%
14 Cancer 1 100% Cancer Cancer Cancer Cancer Cancer Cancer Cancer Cancer Cancer Cancer '14'"1A1 100%
15 Cancer 1 100% Not Certain Not Certain Cancer Cancer Cancer Cancer Cancer Cancer Cancer Cancer '15"A1 80%
Years of experience 3 2 20 10 6 33 18 18 7 2 Average 79%

Intrpretation: 1 = Cancer 100%; and < 0.5 = Healthy




out[13]: <matplotlib.image.AxesImage at ex2zesdfrzroe:
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In [14]: |# predict the class of the image
# predict method gives a probability whether the slide contgins
# malignancy or not
# anything Less than 8.5 means no malignancy found,
# greather than or equal to 8.5 means malignancy found
model.predict_(image)
# 1 means 188% cancerous
# @ means 186% Healthy cell

1/1 [===== 1 - 85 137ms/step

Outl[14]1: array([2.6482826e-87], dtype=floati2)

In [15]: |# what did the model see to determine thot the slide had malignancy
# looking at the top 6 spots where the model found malignancy
malignant_spots{model.model, sample_image_path, confidence = 2.8)

creating sliding windows over the picture ...

Getting predicticns ...

5/5 [s==== 1 - 75 1s/step

No malignant spoct was feund with the used conmfidence rate 8.6. Try toc lower it a bit!




out[12]: «<matplotlib.image.AxesImage at ex22edddafeder

In [19]: | # predict the closs of the imoge
# predict method gives a probobility whether the slide contains
# malignancy or not
# gnything Less than 8.5 meons no malignancy found,
# greather than or equal to 8.5 means molignancy fFound
model.predict_(image)
# 1 megns 188% cancerous
# 8 means 188% Healthy cell

1/1 [===== 1 - @s 214ams/step

out[12]: array([1.4887766e-08], dtype=floataz)

In [15]: | # what did the model see to determine that the slide had maolignancy
# looking at the top & spots where the model found malignoncy
malignanmt_spots{model.model, sample_image_path, confidence = @.8)

Creating sliding windows over the picture ...
getting predictions ...
5/5 [===== 1 - 75 1s/step

No malignant spot was found with the used confidence rate @.6. Try to lower it a bit!




out[22]: <matplotlib.image.AxesImage at ex22easeflloes
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In [23]: |# predict the class of the image
# predict method gives a probability whether the slide contains
# malignancy or not
# agnything Less then 8.5 means no malignancy jfound,
# greather than or equal to 8.5 means malignancy found
model.predict_(image)
# 1 megns 188% cancerous
# 8 megns 188X Healthy cell

1/1 [==============================] - 085 86ms/step

out[23]: array([e.eee13ze3], dtype=floatiz)

In [24]: | # what did the model see to determine that the slide had malignancy
# looking at the top & spots where the model found molignancy
malignant_spots{model.model, sample_image_path, confidence = 8.8)

Creating sliding windows over the picture ...
Getting predictions ...

5/5 [=
No malignant spct was found

with the used confidence rate 8.5. Try to lower it a bit!



0ut[27]: «<matplotlib.image.AxesImage at @x22e373bessex
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In [28]: |# predict the closs of the image
# predict method gives a probobility whether the slide contains
# malignancy or not
# gnything Less than 8.5 meons no malignancy found,
# greather than or equal to @.5 means malignancy found
model.predict_(image)
# 1 meqns 186% cancerous
# 8 means 188% Healthy cell

1/1 [===== 1 - &s g2ms/step

out[28]: array([@.85565821], dtype=float3z)

In [22]: | # what did the model see to determine that the slide had malignancy
# Llooking at the top & spots where the model found malignancy
malignant_spots{model.model, sample_image_path, confidence = @.8)

Creating sliding windows over the picture ...

Getting predictions ...

5/5 [===== ] - 7s 1s/step

No malignant spot was found with the used confidence rate e.5. Try te lower it a bit!




out[32]: «<matplotlib.image.AxesImage &t Gx22e8775eC50x

200

In [33]: |# predict the class of the image
# predict method gives a probability whether the slide contgins
# malignancy or not
# anything Less than 8.5 means no malignancy found,
# greather than or equal to 8.5 means melignancy found
model.predict (image)
# 1 means 188% cancerous
# 8 means 1@eX Healthy cell

171 [ 1 - &8s 78ms/step

out[33]: array([e.ee4174246], dtype=floatiz)

In [34]: |# what did the model see to determine thot the slide hod malignancy
# looking ot the top & spois where the model found malignancy
malignant_spots(mecdel.model, sample_image_path, confidence = &.8)

Creating sliding windows over the picture ...

Getting predictiens ...

S/5 [ 1 - 75 1s/step

No malignant spot was found with the used confidence rate 8.8. Try toc lower it & bift!




Out[37]: <matplotlib.image.axesImage at ex22ea7rcizoes
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In [38]: # predict the closs of the image
# predict method gives a probability whether the slide contains
# malignoncy or not
# anything less than 8.5 megns no malignoncy fFound,
# gregther than or equol to 8.5 means malignancy found
model.predict_(image)
# 1 meagns 188% caoncerous
# @ meagns 188% Healthy cell

1/1 [=

1 - @s 78ms/step

out[38]: array([7.149@@39e-87], dtype=float3z2)

In [39]: |# what did the model see to determine thot the slide had malignancy
# looking at the top & spots where the model fFound malignancy
malignamt_spots(model.model, sample_image_path, confidence = 2.8)

Creating sliding windows over the picture ...

Getting predictions ...

5/5 [===== ] - 75 1s/step

No malignant spot was found with the used cenfidence rate @.58. Try to lower it a bit!
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input_ 1 | input: | [[None, 256, 256, 3]
lnputlayor | output: | [(Mora, 236, 256, 3|

roacaling inpmk: Mone, 256, 256, 31
Reacaling | output: | (Nons, 256, 256, 3)

fust_conw | inpwt: | (Mone, 256, T56, 3)
ConvdD | output: | (Nome, 252, 252, 52

Batch_normalization | input: | (Nons, 252, 252, 32)
BatchMormalization | cutpul: | {None, 252, 252, 3d)

mctivation | imput: | (None, 252, 252, 32} kast_comv2 | input: | (Mome, 252, 252, 32)

Activation | owtputi | {Noawe, 252, 252, 33} ConvZD oukpaits | (Mope, 126, 136, 32)

\

_corwiZ2 input: | (Mene, 252, 252, 32)

SeparahleConvall | culput; | (Nome, 252, 252, 32)

fhbch_mll.l.“tl.url_l imput: | (Nome, 232, 354, 32}
| BatchNormaligation | cutput: | (Nome, 252, 252, 32)

1

activation_ ] | input: | (MNome, 252, 252, 3Z)
Activatbon | eutput: | (Nene, 252, 252, 33

sap_convi3d mput: | (Mone, 252, T52, 321
SeparableConviD | cutput: | (Mone, 252, 252, 32)

oy pooling2d | input: | (Neme, 252, 252, 32)
MaxPoolingZD | outpal: | (Mone, 126, 126, 32}

add | deputs | [(Nene, 126, 126, 33}, (Mome, 126, 126, 22
Add | output: (Mome, 126, 126, 32)

satch mermalizatbon 2 | input: | (Moae, 126, 136, 32)
BatchMNormalization | owtput: | iens, 126, 126, 32

i

activation 2 | mpuat: | {(None, 126, 126, 32Z) Inst convid | imput: | (Nome, 126, 126, 32)
Activatlan | sutpust: | (Moae, 136, 1346, 32 Conv3D | eurput: | (Mane, 63, 63, G4)

A

 oonvie input: | {Nooe, 126, 126, 3Z)
SoparableCenviD | outpur: | (Mene. 126, 126, 64)

\

batch_normalization 3 | inpat: | (None, 126, 126, 64)
BatchMormalization | cutput: | (Kone, 126, 126, 64)

sctivation 3 | input: | (None, 126, 126, 4]
Activatbon | outpot: | (Mone, 126, 126, 64)

anp_conv i inpuat- - | [MNomwe, 126, 126, 54
SeparableConvZD} | output: | (None, 126, 126, G4)

max_poaling2d 1 | input: | (None, 126, 126, 64
MaxPoolingdd | oatpat: | (None, 63, 63, 64)

add_1 | input: | [{Noos, 63, 63, 64), (None, 63, 63, 64)]
Add | oukguat: [Mome, 63, B3, 64)

batch_normakization_ 4 | nput: | (None, 63, 63, Gd)
BatchMormalization | eutpaf: | (Nooe, 63, 63, 64)

activation 4 | imput: | [None, 63, 63, 64} fast convlZB | knput: (Mone, 65, 63, G4
Activation | output: | (Mane, 63, 63, B4) Conw2D | culput: | (Neme, 32, 32, 128) |

N

sap_canyl 28 fnputs | (Mone, 63, 63, 64)
SeparableConvZD | outpat: | (None, 63, 63, 128)

\

batch_normalization 5 | input: | (Name, 63, 63, 128)
BatchMormalization | euipui: | (Moo, 63, 63, 128)

\

activation 5 | input: | (None, 63, B3, 128)
Activation | owtpat: | (Mo, 63, B3, 128)

|

sap convZi2B | input: | {Nons, 63, 63, 128)
SeparableConvID | cutput: iMonm, 63, 63, 128)

!

max_poclingZd 2 | inpuet: - | (Nose, 63, 63, 128)
MaxPooling 2Dt | output: | (Nooe, 32, 32, 128)

add 2 | input: | [[None, 32, 32, 128), (None, 32, 32, 128)]
Aidd | cutput: {None, 32, 32, 128]

il

batch normadization & | input: | (Moae, 32, 32, 138)
BatchMormaligation | cutpat: | (Neas, 32, 32, 128)

/.

activation 6 | Input: [ (Mone, 32, 32, 1281 | [ last_conv356 | inpat: | (None, 32, 32, 128)
Activation | output: | (Mope, 32 32, 128) ConviD optput: | (Noae, 16, 16, 256)

sep_convi5h input; | (Mone, 32, 32, 128)
SeparableConviDF | output: | (Mone, 32, 32, 256}

\

batch_sormalization_7 | Input: | (MNone, 32, 32, 236)
BatchMormalization | output: | (Nons, 32, 32, 256)

\

activation T | impat: | (Mons, 32, 12, 256)
Activation | output: | (Mo, 32, 32, 256)

|

sop_conv22S6 | input: | (Nome, 32, 32, 256
SeparvableConvZD | sutput: | (Mens, 32, 32, 2560

max_poolinglid 3 | mput: | (Mone, 32, 32, 256§
MaxPoolingdD | cutputs | (Nona, 18 16, 256)

add_F | mput: | [iNone, 16, 16, 256), (Mone, 16, 16, Z56))
Add | cutpar: (Mema, 16, 16, Z3G)

2L

]:ll.-:h‘_nnrmlll-:uliu-n_.ﬂ input: | {Nooe, 16, 16, 256)
BatchMormalization | owtput: | {Mone. 16, 16, Z56)

activation 8 | input: | (Nane, 15, 16, 256) | [ Jast_convB12 | input: | (Nons, 16, 16, 256}

Activation | output:

(Mone, 16, 16, Z256) ConvZIr ocutput: | {Mome, 8 8, 312)

anp_corvilE fnput: | (Mene, 16 16, 256)
SeparableConvID { cutput: | (None, 16, 16, 512

\

batch normalization 9 | gt | (Nene, 16, 16, 512)
BatchMormalization | output: | (Mene, 16, 16, 512)

|

activation 9 | imput: | (None, 16, 16, 512)
Activation | culput; | (Nene, 16, 16, 513)

sirp_ conv251 2 npak: | (MNome, 16, 16, 512)
SoeparableConviD | sutpat- | (Nene, 16, 16, 513}

l

max_poolingdd 4 | imput: | iMone, 16, 16, 512)
MaxPocling2D) | output- | (Mone, 8, 8, 512

wibd 4 | impuat: | [(Nene, &, 8, 512N (Noae, 8, 8, 5121]
fuld | output: (Mone, 8, 8, 512}

glalal_avg_pond inpit: | (Moo, B, B 512)
Glohal Averags Poaling 20 | cutpaut: iMone, 512}

i
dropaiat | tnpat: | (Moo, 513)
Daopout | cutpat: | Nene, 513)

]
domss_out | Inpuat: | (None, 512)

Dunas | outpul: | (Moos, 1]




Creating sliding windows over the picture ...

Creating sliding windows over the picture ...
Getting predictions ... Getting predictions ...
5/5 [ ] - 65 1s/step 5/5 [ 1 - 7s 1s/step
Drawing findings ... e

Drawing findings ...

Image from our collected slides after running through the model Image from external source after running through the model



Table S1. Comparing the results of the model by images from Department of Pathology and
Laboratory Medicine at Dartmouth-Hitchcock Medical Center (DHMC) [1].

Image nr Dartmouth-Hitchcock MC Our model
1 solid 1
2 solid 1
3 solid 1
4 solid 1
5 lepidic 1
6 acinar 1
7 acinar 1
8 solid 1
9 acinar 1
10 acinar 1
11 acinar 1
12 solid 1
13 solid 1
14 acinar 1
15 acinar 1
16 acinar 1
17 solid 1
18 lepidic 1
19 lepidic 1

20 micropapillary 1
21 solid 1
22 solid 1
23 acinar 1
24 papillary 1
25 solid 1
26 acinar 1
27 acinar 1
28 solid 1
29 solid 1
30 solid 1
31 micropapillary 1
32 micropapillary 1
33 lepidic 1
34 acinar 1
35 lepidic 1
36 acinar 1
37 solid 1
38 lepidic 1




39 solid 1
40 solid 1
41 solid 1
42 acinar 1
43 solid 1
44 solid 1
45 solid 1
46 solid 1
47 solid 1
48 acinar 1
49 micropapillary 1
50 acinar 1
51 papillary 1
52 lepidic 1
53 micropapillary 1
54 acinar 1
55 solid 1
56 acinar 1
57 acinar 1
58 acinar 1
59 acinar 1
60 micropapillary 1
61 acinar 1
62 solid 1
63 lepidic 1
64 acinar 1
65 solid 1
66 acinar 1
67 acinar 1
68 acinar 1
69 solid 1
70 solid 1
71 solid 1
72 solid 1
73 solid 1
74 acinar 1
75 solid 1
76 solid 1
77 solid 1
78 acinar 1
79 acinar 1
80 acinar 1
81 lepidic 1




82 acinar 1
83 acinar 1
84 acinar 1
85 acinar 1
86 lepidic 1
87 lepidic 1
88 acinar 1
89 acinar 1
90 acinar 1
91 solid 1
92 acinar 1
93 lepidic 1
94 acinar 1
95 solid 1
96 papillary 1
97 acinar 1
98 acinar 1
99 acinar 1
100 acinar 1
101 lepidic 1
102 lepidic 1
103 acinar 1
104 acinar 1
105 acinar 1
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