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Choice of neural network architecture and training hyperparameters are key components of developing Al solutions
AutoML approaches reduce efforts for typically exploratory search and manual optimization
Question: How well does general-purpose AutoML for image classification perform for tasks in computational pathology? [6]

runs on-premises lung tissue: normal, adenocarcinoma (LUAD), and squamous cell carcinoma (LUSC)
open source distinguish normal vs. tumor (binary); normal vs. LUAD vs. LUSC (ternary classification)
used via python assessed via area under receiver operating curve (AUROC)

presets for some parameters
imited hyperparameter optimization (HPO)

colorectal cancer and gastric adenocarcinoma tissue
predict microsatellite (in)stability (MSI vs. MSS): binary classification
runs in the cloud assessed via AUROC for three datasets
Nno access to internals
used via web interface
three presets + training time budget prostate biopsies, tissue microarray Images
predict grade O, 3, 4, 5: quarternary classification
assessed via Cohen’s quadratically weighted kappa for annotations by two pathologists

Tissue classification, normal vs. tumor Mutation Prediction, CRC_DX dataset S Tissue classification, LUAD vs. LUSC Gleason Grading vs. Pathologist 1
1.000 0.900 1074 5 T~ > 1.000 0.600
4 X\ -
- K- - =% x X — - %~ x
U 0.995 v = — x X— — —3¢ Y 0.950 o
2 & 2 B % / % S 0.550 -
< = & 0.800 v = g 0.
= = © < 0.900 S
0.990 > 10 X < : ]
c = X \ /
O 985 0700 § \ / 0850 T T T T T T T T T T T T 0500 T
= 1 v : _ : :
Tissue classification, LUAD vs. LUSC Mutation Prediction, CRC_KR dataset - Y, ARG Mutation Prediction, STAD dataset - Gleason Grading vs. Pathologist 2
1.000 0.850 . d
1074
X
Y 0.95010 Y _ g 2800 =
% % 0.775 1.@ — é @ 0.450 A
< 0,900 < g 100 A /xf - =X - - ><\ />< - = X---X /x\ /x 0.750 S
o
()
= 0700 T T T T T T T T T T T T 0400 T T T
0.850 0.700 9 - -
e / \ ) N / \\ 2 g =z & 2 F 2 % S B ¥ 2 2 EDI_ o rn\ll_ g?_ Erl_ Iﬁnl_ % EEI_ 8? E‘If QQI_
Tissue classification, normal vs. other Mutation Prediction, STAD dataset £ 501 X : : X , : : x--X , X oo - - X- - X 2 2 2 8 2 % 5 = z Z 2 2 % & £ ¢ 5 = z = =z
1.000 0.850 = < I
K
S g % = 128 X X - —%X - - X X---X
£ 0.990 = = AN : / \
< < 0.750 N
- 2 / \\ / \ // \\
v} / / \ | | ] | ] | | L ]
: Y, \ ’ \ limited) h met timizat
ettt U700 S 641 X --X X | X oo X-- X - =X | P e S ( | Ite y erpdrd eter o I 1ZalloN
Tissue classification, LUAD vs. other Gleason Grading vs. Pathologist 1 . . .
1.000 0.600 h | -t d -t
as limited impac
3 T kT - 600
(@) "C = _ 1 e rjﬂvvw
g 0.950 % 0.550 1-8 v Y W wa i
(O]
0.900 0.500 *
k3
Tissue classification, LUSC vs. other Gleason Grading vs. Pathologist 2 -
1.000 0.500 Z
K
X
| = %)
) c
€ 0.950 @ 0.450
-] <
< o
v 1.0
per batch
0900 T T T T T T T T T T T 0400 T T T
mmmmmmm © U o % © = o m S © U o —— per epoch
O O O O O ) => > > > ) O O O O O > > > >
I < <« < < < T < T < < < « <« < < T T T < 0.9 QO  best trial so far

cy [1]

Ref: literatur reference; AG: AutoGluon, presets 0 to 5; AV: AutoML Vision, presets A to D
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