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Introduction

 Aphasia: a language processing disorder which results from brain damage
+ Affecting around 30% of the 15 million annual stroke patients
+ Lesions of specific brain regions cause specific aphasic symptoms [1]

 Machine learning can be used for predicting aphasic symptoms from brain
Imaging or its derivatives

[1] Broca, 1861. Remarks on the seat of the faculty of articulated language, following an observation of aphemia (loss of speech)



Motivation

» Most researches use small or insufficient datasets
* Prediction quality for complex aphasia classifications is low

 Data gathering is limited by high expenses and varying disease
classifications



Challenges

 Small dataset size (406 patients)
* Missing target values for some patients

 High class imbalance for aphasia types

Aphasia type Number of patients
Efferent motor + Afferent motor 128
Sensory 76
Efferent motor 49
Dynamic 46
Acoustic-mnestic 43
Dysarthria 26
Afferent motor 21

Severity class Number of patients
Mild 49
Mild-moderate 78
Moderate 111
Moderate-severe 50
Severe 44
Very severe 69

Class counts for aphasia type

Class counts for aphasia severity



Problem statement

« (Q1): Is it possible to predict aphasia type from MRI data?
* (Q2): Is it possible to predict aphasia severity from MRI data?
e (Q3): How can extremely small dataset size be combatted?

* (Q4): What is the optimal combination of brain MRI features for aphasia type
and severity prediction?

* (Q5): What is the optimal representation of target values for the classification
of aphasia severity?



Problem statement: data

* |nput data:

+ derivatives of brain MRIs in the form of grey and white brain matter tabular
features

+ demographic features

* Aphasia type (class labels) or severity (empirical diagnoses and test scores)
as the target values

* Use classical ML methods to model the given datasets

 Combat small dataset size and class imbalance using generative data
augmentation methods



Methodology: applied methods

K-Nearest Neighbors (KNN): a machine learning method that assigns classes or
regression values based on the distances between objects.

Multi-Layer Perceptron (MLP): is a neural network consisting of multiple layers of
neurons, and weights and biases between them which are used to finding a mapping
between the input data target values.

Random Forest (RF): an ensemble learning method that builds multiple decision trees
and makes predictions based on the aggregation the most popular outputs.

Gradient Boosting (GB): an ensemble learning method that builds a series of weak
learners, each correcting the errors made by the previous ones.

Support Vector Machines (SVM): a supervised learning algorithm that works by
finding the optimal hyperplane that best separates different classes in the input data.



Methodology: computational setting

We applied the following computational setting:
A. Tuning hyper-parameters, using Bayesian Optimization [2]

B. Assessing the fine-tuned models

Hyper-parameter optimization (a)

Hyper-parameters

Fine-tune/babysitting
> the model’s hyper- > Best hyper-parameters
parame ters

, three-fold cross
validation

Dataset Final evaluation (b)

. R Final evaluation:
Retrain model > Mean + SD

Five-fold cross
validation

[2] Mockus J, Tiesis V, Zilinskas A. The application of Bayesian methods for seeking the extremum. Towards global optimization.
1978;2(117-129):2.



Methodology: vanilla classification

» (Classification views target values as independent classes
 Aphasia type and severity are originally given as classes

 We applied classification algorithms to those target values
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Methodology: vanilla classification

Methods Metrics
Precision Recall F'1-score ROC-AUC
Random prediction | 0.12058 £ 0.06204 0.08149 + 0.05481 0.08579 £ 0.05383 0.25854 + 0.24020
grey-knn 0.38203 £ 0.00678 0.43953 £ 0.01529 0.39224 + 0.00910 0.64048 + 0.00677
grey-d-knn 0.39158 +£ 0.06417 0.42414 £ 0.03104 0.38433 £+ 0.03923 0.63341 + 0.02203
white-knn 0.36496 + 0.08156 0.44496 + 0.05072 0.38485 £+ 0.05764 0.63823 + 0.03556
white-d-knn 0.37205 £ 0.03457 0.42940 + 0.03234 0.38137 £ 0.03315 0.62991 + 0.02689
both-knn 0.37442 £ 0.03846  0.44226 + 0.03798 0.39697 £ 0.03973 0.64101 £ 0.02695
both-d-knn 0.35421 £ 0.02821 0.42674 £ 0.02967 0.37799 £ 0.02715 0.62881 + 0.02001
 greymlp | 0.40971 £ 005770 041662 +0.05311 0.40044 & 0.05070 0.63458  0.03620
grey-d-mlp 0.39952 + 0.04271 0.43447 £ 0.03766 0.40471 £ 0.03886 0.63600 + 0.02230
white-mlp 0.40553 £ 0.03571 0.43949 £ 0.03731 0.41420 £ 0.03062 0.64564 + 0.02401
white-d-mlp 0.41807 £ 0.04720 0.41905 £ 0.07015 0.40546 + 0.05049 0.63992 + 0.04005
both-mlp 0.44132 + 0.04929 0.46533 + 0.04857 0.43620 £ 0.04263 0.65689 + 0.02451
both-d-mlp 0.38600 £ 0.04584 0.40882 + 0.03667 0.37920 £ 0.03740 0.62028 £ 0.02165
_____ greyf | 038072+ 0.07551 044715 +0.0411 0.39325 & 0.04539 063331 + 0.02605
grey-d-rf 0.41724 + 0.04609 0.48338 £+ 0.04862 0.42294 + 0.04068 0.65595 + 0.02971
white-rf 0.41349 £ 0.05611 0.47056 + 0.03485 0.42287 £ 0.03557 0.65227 + 0.02118
white-d-rf 0.43054 £ 0.07073 0.47040 + 0.04131 0.41840 £ 0.04442 0.64838 4+ 0.02876
both-rf 0.40333 £ 0.06451 0.45751 £0.02874 0.39802 + 0.02043 0.63860 + 0.01904
both-d-rf 0.40616 + 0.03694 0.46021 + 0.02156 0.41615 £ 0.03474 0.64538 + 0.02239
_____ grey-gb | 039591 +0.05227 0.43183 +0.04135 039922 & 0.03855 0.63064 + 0.02317
grey-d-gb 0.42352 £+ 0.08054 0.43157 £0.07762 0.41449 £ 0.07881 0.63372 £+ 0.05107
white-gb 0.38247 £ 0.01891 0.41395 £ 0.01676 0.38874 £+ 0.01702 0.62484 + 0.01380
white-d-gb 0.39983 £ 0.04528 0.44732 + 0.02875 0.40201 £ 0.02474 0.63784 + 0.01658
both-gb 0.41276 £ 0.04135 0.43720 £ 0.04772 0.40625 + 0.04463 0.63530 + 0.03149
both-d-gb 0.38316 £+ 0.04982 0.42930 £ 0.01720 0.39445 + 0.02964 0.63135 + 0.01290
 greysvm | 0432344002517 045764 +0.02481 0.41005 % 0.01106 0.64823 + 0.01070
grey-d-svm 0.40139 £ 0.05557 0.43713 £ 0.05033 0.40480 £ 0.04892 0.63886 + 0.03552
white-svm 0.43996 + 0.11386 0.45238 £ 0.06614 0.41099 + 0.07703 0.64749 + 0.04482
white-d-svm 0.41931 £ 0.03292 0.44732 £+ 0.03766 0.41634 £ 0.03537 0.64541 £ 0.02699

both-svm

both-d-svm

0.40914 + 0.03426
0.38051 £ 0.03254

0.44732 £+ 0.03301
0.40606 £ 0.03657

0.40701 £ 0.02868
0.38689 £ 0.03222

0.64565 + 0.02140
0.62386 £ 0.02297

Efferent+Afferent Motor

True label

Sensory -

Efferent motor -

Dynamic -

Acoustic-mnestic

Dysarthria -

Afferent motor -

The best results obtained for type
classification by MLP using grey and
white matter features (AUC 0.66).

Classification confusion matrix
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Methodology: vanilla classification

Methods Metrics
Precision Recall F'1-score ROC-AUC " "
Random prediction | 0.12252 + 0.07177 0.10564 + 0.07133 0.10967 + 0.06923 0.26435 - 0.24190 Th e b eSt resu ItS O btal N ed fO F Seve rlty
grey-knn 0.37729 + 0.03855 0.38164 + 0.02172 0.35714 + 0.02351 0.61246 + 0.01929 . g . .
grey-dknn | 0.32710 + 0.03581 0.34414 + 0.04367 0.32070 + 0.03655 0.58464 + 0.02767 C I dSS| fl Cat ION by R F USIN g fe at ures fo I
whiteknn | 0.35689 + 0.04535 0.39157 + 0.01798 0.34471 + 0.01641 0.61664 + 0.01128 h .t .t.t I AU C O 6 2
white-d-knn | 0.29231 + 0.03490 0.38407 + 0.03138  0.32431 4+ 0.02883 0.60742 -+ 0.01933 wnite matter on y ( . ) .
both-knn 0.30977 + 0.07287 0.37904 + 0.05886 0.32363 + 0.05749 0.60327 + 0.03488
both-d-knn | 0.37320 + 0.05257 0.37148 + 0.04884 0.33546 + 0.04865 0.59889 + 0.03453 Classification confusion matrix
 greymlp | 0.28750 4+ 0.03553 0.40151 + 0.02800 0.32711 + 0.02994 0.61031 + 0.02155
grey-d-mlp | 0.33940 + 0.04474 0.35404 + 0.04306 0.34071 + 0.04082 0.60027 + 0.02665 Mild - 22 3 2 0
white-mlp | 0.33164 & 0.03851 0.36648 - 0.02872 0.33594 + 0.02985 0.59983 - 0.01714
white-d-mlp | 0.32240 + 0.03507 0.36907 -+ 0.02017 0.33864 + 0.02424 0.60432 + 0.01267 60
both-mlp 0.35185 £ 0.07242 0.38417 4 0.04236  0.33202 + 0.03522 0.60224 -+ 0.02398 Mild-moderate - = L :
___ both-d-mlp ] 030977 4+ 0.04973 031654 +0.05032 0.30415 + 0.04626 0.58061 + 0.03133 50
grey-tf 0.29291 + 0.03808 0.39904 + 0.01467 0.31203 + 0.01057 0.60751 + 0.01166
grey-d-rf 0.36262 + 0.04818 0.40151 + 0.03916 034781 + 0.04216 0.61534 + 0.02614 - Moderate - 2 e
white-rf 0.32770 + 0.04231 0.40898 + 0.01221 0.34315 + 0.01641 0.62161 + 0.00889 B - 40
white-d-rf | 0.31555 + 0.03488 0.39654 -+ 0.01050 0.32550 - 0.01890 0.61082 + 0.00559 g
both-rf 0.26606 + 0.02537 0.40139 + 0.04315 0.30945 + 0.03608 0.61035 + 0.02946 ™ Moderate-severe - 22 3 19 -
both-d-rf 0.30234 + 0.02956 0.41139 + 0.04011 0.32707 + 0.02775 0.61688 -+ 0.02586
_____ orey-gb | 034438 £ 0.05510 037401 + 0.06035 034457 + 0.05765 0.60363 4 0.03999
grey-d-gb 0.37199 + 0.07608 0.40907 + 0.04220 0.36132 + 0.04584 0.62092 + 0.02648 Severe - 18 4 18 e
white-gb 0.31443 + 0.04765 0.33404 + 0.04097 031388 + 0.03774 0.58397 + 0.02272
white-d-gb | 0.31104 + 0.02803 0.34664 + 0.02147 0.31616 + 0.01930 0.58915 = 0.01305 L 10
both-gb 0.32130 + 0.06473 0.35151 + 0.06372 0.32840 + 0.06200 0.59621 + 0.03831 Very severe { 0 0 9 5
both-d-gb 0.33447 + 0.01856 0.35898 + 0.02593 0.33566 + 0.02413 0.59583 + 0.01937
 grey-svm | 0.29692 +0.02635 037417 +0.03264 031929 + 0.02973 0.59771 % 0.02199 \x'\\\b ' @ ' ?}e' e&' 0
grey-d-svm | 0.36693 + 0.04986 0.39160 + 0.02682 0.36007 -+ 0.02455 0.61477 + 0.01701 o & &
white-svm | 0.30282 + 0.02484 0.38407 + 0.02201 032215 + 0.02110 0.60250 + 0.01517 | 6,6‘0 <° &
white-d-svm | 0.35529 + 0.11287 0.37676 + 0.07837 0.34160 + 0.07863 0.60275 + 0.04823 S \x\obe
both-svm 0.27613 + 0.03553 0.38651 + 0.03323 0.31180 + 0.03140 0.60210 + 0.02128 AUC = 0.6215 19
both-d-svm | 0.36668 + 0.02604 0.40148 + 0.02866 0.37110 + 0.03019 0.61978 =+ 0.02203




Methodology: severity estimation

Severity estimations are given in one or two
forms — classes (mild, moderate etc.) or
behavioral scores (ASA)

Severity is easier for doctors to understand,
but has lower precision

ASA Is more accurate but is out of use due
to a time-consuming testing process

We can see that in approximately 15% of
cases doctors made mistakes (compared
to the case where ASA was applied)

Classification confusion matrix

Mild-moderate -

Moderate -

True label

Moderate-severe -

severe -

Very severe -

60

50

40

- 30

- 20

- 10
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Methodology: severity estimation

e Severity classes are ordered — use ordinal regression:

* Naive: map severity classes to numerical values ("Mild" to 0, "Mild-
moderate to 1 etc.), estimate with regression, round and evaluate like

classification

* Distance-based: use more precise ASA scores as regression targets

* Ordinal regression method by Frank and Hall: use #classes - 1 estimators,
the I-th estimator predicting whether an object falls above the i-th class,

compute probabillities with:
P(V1) =1— P(Target > V1)

P(V;) = P(Target > V;_1) — P(Target > V;),1 <i<n
P(V,) = P(Target > V,,_1)

14



Methodology: severity estimation

Methods Metrics
MAE R? Precision Recall F'1-score ROC-AUC
Random prediction | 1.02990 + 1.01454 -0.70598 4+ 0.73997 0.03216 £ 0.01909 0.09209 £ 0.05742 0.04683 + 0.02841 0.25860 + 0.23709 |
grey-knn 1.02851 4+ 0.06218 0.36475 + 0.07862  0.32565 £ 0.10390 0.30694 + 0.06128 0.26821 £ 0.05543 0.57289 + 0.03789
grey-d-knn 1.02310 4+ 0.08271 0.35573 £ 0.09958 0.28531 £ 0.13078 0.31401 4+ 0.06363 0.26110 £ 0.06874 0.57494 + 0.04089
white-knn 1.04864 4+ 0.06852 0.36294 + 0.07110 0.24701 £ 0.07733  0.28435 4+ 0.03699 0.24646 £ 0.03369 0.56039 + 0.02258
white-d-knn 1.00975 4+ 0.09225 0.38597 + 0.08974 0.27619 £ 0.08712 0.30420 4+ 0.03719 0.26280 £ 0.03390 0.57304 + 0.02331
both-knn 1.02794 £+ 0.12624 0.37610 £ 0.12617 0.27561 £ 0.10212 0.28941 + 0.06773 0.25117 £ 0.06067 0.56202 + 0.04474
both-d-knn 1.02743 £ 0.10335 0.36712 £ 0.13195 0.29832 + 0.07974 0.29664 + 0.04183 0.25494 + 0.03974 0.56508 + 0.02871
 greymlp | 1.02068 007252 037508 +0.07713 032692 £ 0.06539 031938 £ 0.04744 029971 £ 0.04124 057734 £ 0.03452
grey-d-mlp 0.91044 £+ 0.05861 0.50657 £ 0.05896 0.39121 £ 0.05195 0.31670 £+ 0.05211 0.31132 £ 0.05067 0.58504 + 0.03215
white-mlp 0.99305 4 0.02477 0.40578 £ 0.03386 0.30371 £ 0.03782 0.31682 + 0.04150 0.28657 £ 0.04296 0.57596 + 0.02614
white-d-mlp 0.92786 4+ 0.04147 0.47237 £ 0.06981 0.36654 £+ 0.04136 0.34910 £ 0.02045 0.33360 £ 0.02340 0.59957 £ 0.01508
both-mlp 0.98520 4+ 0.07614 0.41487 £ 0.10547 0.32220 £ 0.05444 0.30660 + 0.03959 0.28187 £ 0.03556 0.57096 + 0.02385
both-d-mlp 0.90448 + 0.04456 0.50048 + 0.03463 0.42254 + 0.03240 0.36407 + 0.04120 0.35851 + 0.03060 0.61159 =+ 0.02812
_____ greyrf | 1.005134007841 0405304007770 0256124007450 029417+ 002796 025247+ 0.02814 056351 % 001783
grey-d-rf 0.94567 + 0.02757 0.47183 £ 0.04120 0.29065 £ 0.08994 0.31182 4+ 0.02942 0.26927 £ 0.03349 0.57508 + 0.02064
white-rf 0.99859 + 0.02555 0.41402 £ 0.02780 0.22029 £ 0.03151 0.30176 4 0.03665 0.25180 + 0.03466 0.56907 + 0.02315
white-d-rf 0.94534 + 0.09588 0.47518 £+ 0.09861 0.33450 £+ 0.08953 0.31651 4+ 0.05537 0.28301 £ 0.05076 0.58020 + 0.03416
both-rf 0.99011 + 0.07216  0.42030 £ 0.04795 0.23108 £ 0.04353 0.30654 + 0.05602 0.25972 + 0.04703 0.57467 + 0.03518
both-d-rf 0.96216 + 0.04276  0.45338 £+ 0.06143  0.25955 £ 0.05444 0.29676 + 0.05384 0.25560 + 0.03948 0.56798 + 0.03126
_____ grey-gb | 1.02043 £ 004933 0392704 0.03963 0.22194 £ 0.02663 029688 & 0.02890 0.24990  0.02562 0.56518 = 0.01950
grey-d-gb 0.87543 + 0.05283  0.53429 + 0.03452 0.44453 £+ 0.06937 0.35920 + 0.04700 0.35142 £ 0.04989 0.60607 + 0.02457
white-gb 1.00860 4+ 0.02109 0.39668 + 0.03147 0.30017 £ 0.08510 0.30429 4+ 0.02376 0.26881 £ 0.02011 0.57075 & 0.01422
white-d-gb 0.86614 + 0.08332  0.54479 £ 0.06606 0.42724 £+ 0.09361 0.34157 4+ 0.06504 0.32918 £+ 0.06165 0.59812 + 0.03762
both-gb 0.99935 4+ 0.06887 0.41819 £+ 0.05283 0.29807 £+ 0.08183 0.28410 + 0.04625 0.25158 + 0.03504 0.55948 + 0.02397
both-d-gb 0.91162 4+ 0.07176  0.49820 £ 0.06816 0.44003 + 0.04855 0.33898 + 0.06078 0.32828 + 0.05932 0.59366 + 0.03295
 greysvm | 0.96675 £ 005893 0423114005770 0.32946 + 0.03947 033664 + 0.05166 031280  0.04807 0.59006 % 0.03278
grey-d-svm 0.92222 4+ 0.09235 0.48852 £ 0.09357 0.42558 £ 0.07078 0.36157 £+ 0.04234 0.36118 £ 0.04268 0.61080 + 0.02714
white-svm 0.99000 £ 0.05800 0.40897 £ 0.04288 0.31940 £+ 0.03184 0.32173 £ 0.04160 0.29918 + 0.03677 0.57834 + 0.02606
white-d-svm 0.91077 £ 0.05668 0.50326 £ 0.05019 0.38515 £ 0.06010 0.33407 £+ 0.03814 0.32831 £ 0.03778 0.59132 + 0.02289
both-svm 0.99969 + 0.03220 0.39952 £ 0.03896  0.29287 £ 0.08051 0.30951 £ 0.07252 0.28689 + 0.07089 0.57250 £ 0.04391
both-d-svm 0.93237 +0.03752 0.48112 £ 0.04567 0.36812 £ 0.02925 0.33176 £ 0.02670 0.32577 £ 0.02432 0.58909 + 0.01478

MLP on grey/white matter +
demographic features is the best for
naive ordinal regression (AUC 0.61).

True label

Classification confusion matrix

Mild{ ©
Mild-moderate - 6
Moderate - 2
Moderate-severe - 1 9 23
Severe 0 5 15
Very severe - 0 6 14
2 & >
o o 2
<° < ¥
& ¢
» &
@0
AUC =0.6118
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Methodology: severity estimation

Methods Metrics
MAE R? Precision Recall F'1-score ROC-AUC
Random predictions | 87.62083 + 84.60780 -2.29912 + 2.72637 0.02093 £ 0.01828 0.10231 £ 0.09558 0.03475 £ 0.03069 0.25000 + 0.25000
grey-knn 50.74104 £5.00295 0.33915 = 0.11430 0.32415 £ 0.08769 0.29684 + 0.03449 0.27234 £ 0.03457 0.56908 £ 0.02032
grey-d-knn 50.86403 + 4.88619 0.35867 = 0.08395 0.29605 = 0.07021 0.28334 = 0.02631 0.25800 £ 0.03562 0.55571 £ 0.01756
white-knn 50.42725 £ 2.85286  0.36327 = 0.04269 0.30012 £ 0.05236 0.27329 = 0.05501 0.25071 £ 0.04771 0.55597 £ 0.03660
white-d-knn 52.71450 £ 6.04260  0.30530 = 0.12795 0.28309 £ 0.09327 0.24880 = 0.04481 0.24250 £ 0.04841 0.53928 £+ 0.03118
both-knn 51.38165 £+ 1.84967 0.34138 £0.04943 0.32653 = 0.05217 0.28001 £ 0.02474 0.25463 £ 0.02169 0.55649 + 0.01367
both-d-knn 51.77606 + 2.72122  0.33696 = 0.10686 0.29128 = 0.05033 0.26283 = 0.03541 0.25034 £ 0.03477 0.54664 £ 0.02472
 greymlp | 48.02655£231533 042566+ 004838 032692 £0.01923 030707 +0.02936 029598 % 0.02996 0.57334 + 0.01658
grey-d-mlp 43.00122 £ 3.71335  0.53258 £0.05933 0.41247 = 0.06005 0.35155 £0.06122 0.35777 = 0.06158 0.60968 + 0.03632
white-mlp 49.89421 +2.08738  0.39962 £+ 0.05614 0.28326 = 0.07232 0.28346 £ 0.04091 0.26296 £ 0.05534 0.56311 + 0.02577
white-d-mlp 43.84262 = 2.01511 0.51124 £0.05031 0.37817 = 0.05011 0.33425 £ 0.04216 0.33675 £ 0.03649 0.59574 £ 0.02256
both-mlp 49.49715 £ 3.82272  0.37605 £ 0.10271 0.32098 = 0.06422 0.29328 £ 0.05175 0.28858 & 0.05223 0.56879 + 0.03304
both-d-mlp 46.37948 +4.30500 0.45162 £0.11082 0.34773 =0.05042 0.31373 £0.08412 0.31428 £ 0.06957 0.58169 + 0.04804
_____ greyrf | 48.84381 £3.64611 040170 +0.05397 027438 £0.07509 027598 £ 0.06038 0.25619 + 0.06178 0.56055 = 0.03679
grey-d-rf 47.02193 £+ 2.80248  0.44922 £ 0.03854 0.36290 = 0.07492 0.32075 £ 0.05952 0.30830 £ 0.06008 0.58639 + 0.03454
white-rf 49.51421 £ 2.74688  0.39274 £ 0.06530 0.25831 = 0.03151 0.26978 £ 0.02659 0.24242 £ 0.02049 0.55820 £ 0.01556
white-d-rf 45.62030 = 4.14178  0.48076 £ 0.08108 0.41516 =0.10602 0.34471 £ 0.05348 0.33214 £ 0.04484 0.60077 £ 0.03157
both-rf 49.23136 £+ 2.12639  0.39726 £ 0.03728 0.29320 = 0.09141 0.27960 £ 0.06027 0.26447 £ 0.05808 0.56325 + 0.03482
both-d-rf 45.89406 £+ 1.16482  0.46642 £ 0.02647 0.37113 =0.05122 0.34798 £ 0.04020 0.32842 £ 0.03078 0.60309 + 0.02378
_____ grey-gb | 48.54087 £251181 040118004462 033978 +0.02343 029673 £0.02761 028755+ 003173 0.57002 +0.01771
grey-d-gb 42.42614 £+ 2.59993  0.52094 £ 0.05153 0.46780 = 0.07545 0.36540 £ 0.05725 0.37866 & 0.06751 0.61554 + 0.03834
white-gb 49.12067 £ 3.25705 0.39442 £ 0.07598 0.30097 = 0.03792 0.29036 £ 0.04356 0.26670 £ 0.03930 0.56755 £ 0.02738
white-d-gb 42.66543 £ 3.59227 0.51818 = 0.07584 0.47705 = 0.04647 0.38556 + 0.04585 0.39089 & 0.05329 0.62605 + 0.02831
both-gb 47.87280 £ 2.98297  0.39349 = 0.08678 0.34033 = 0.06934 0.30695 = 0.02824 0.29293 £ 0.03894 0.57926 £ 0.01667
both-d-gb 42.42853 £3.67623  0.52519 = 0.08492 0.44616 = 0.06730 0.37563 = 0.03273 0.37629 £+ 0.03241 0.62027 £+ 0.02117
| greysvm | 4832567 £4.66214 041549 +0.06682 031777 +0.03432 031432 £0.04095 0.30107 & 0.03549 0.57609 & 0.02627
grey-d-svm 44.44686 + 4.29660 0.48210 = 0.09812 0.40966 = 0.04443 0.35874 = 0.04748 0.36123 £+ 0.03384 0.60721 £ 0.02830
white-svm 49.08008 £ 3.07969  0.37289 = 0.08265 0.30547 = 0.03620 0.31058 = 0.04607 0.29287 £ 0.04170 0.57453 £ 0.02807
white-d-svm 4497302 £ 2.56402 0.47735 = 0.04290 0.38512 = 0.05353 0.33092 = 0.03544 0.32807 = 0.03411 0.58954 &+ 0.02179
both-svm 49.33867 £ 1.92634  0.37927 = 0.05965 0.33569 = 0.03750 0.33466 = 0.03840 0.32304 £ 0.03418 0.58844 £ 0.02571
both-d-svm 45.42318 £ 6.49437 0.47336 = 0.15019 0.37827 = 0.10671 0.33098 = 0.06961 0.33202 £ 0.07608 0.58989 £ 0.04747

Gradient boosting on white matter +
demographic features is the best for

distance-based ordinal regression (AUC 0.63).

True label

Mild

Mild-moderate

Moderate

Moderate-severe

Severe

Very severe

Classification confusion matrix

15

- 15

- 10

AUC = 0.6264
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Methodology: severity estimation

Methods Metrics
Precision Recall F1-score ROC-AUC
Random predictions | 0.02093 £ 0.01828 0.10231 £ 0.09558 0.03475 + 0.03069 0.25000 + 0.25000
grey-knn 0.32353 + 0.05007 0.35407 4+ 0.03541 0.32841 4 0.04549 0.59338 + 0.02706
grey-d-knn 0.31500 4+ 0.04292 0.33676 + 0.03252 0.31192 4+ 0.03260 0.58050 £ 0.02154
white-knn 0.30005 £ 0.03527 0.35417 +0.04265 0.31734 +0.03823 0.58925 + 0.02775
white-d-knn 0.34756 + 0.04431 0.35660 + 0.03212 0.32905 4 0.02930 0.58890 + 0.01569
both-knn 0.31077 £ 0.04946 0.35929 + 0.07162 0.31865 4 0.05820 0.59246 + 0.04514
both-d-knn 0.32244 4+ 0.03354 0.35157 = 0.02936 0.32661 + 0.02940 0.59036 + 0.01545
_____ grey-mlp | 033695 & 0.04058 0.39404 & 0.04670 0.35474 + 0.04166 0.61621 + 0.02665
grey-d-mlp 0.34327 + 0.02012 0.39898 + 0.02188 0.36195 4+ 0.02021 0.61910 £ 0.01635
white-mlp 0.30725 + 0.05096 0.36654 + 0.04035 0.32817 4 0.04619 0.59889 + 0.02558
white-d-mlp 0.35518 + 0.06720 0.35679 4 0.06336 0.34844 + 0.06724 0.60174 £ 0.03981
both-mlp 0.34526 + 0.04121 0.37901 + 0.02240 0.34805 4+ 0.02812 0.60741 £+ 0.01715
both-d-mlp 0.36013 4+ 0.05461 0.36660 + 0.06413 0.35743 4+ 0.05717 0.61064 £ 0.03918
_____ greyrf | 0333984 0.04646 038667 0.04961 0.34110 & 0.04040 0.60574 + 002917
grey-d-rf 0.32675 + 0.05915 0.40160 £ 0.05454 0.34426 4+ 0.05603 0.61229 + 0.03670
white-rf 0.35694 + 0.07250 0.38670 &+ 0.05626 0.35657 4+ 0.06160 0.61022 + 0.03366
white-d-rf 0.30375 £ 0.01600 0.36917 + 0.02682 0.32421 £+ 0.01854 0.59719 + 0.01614
both-rf 0.31600 + 0.05406 0.38664 + 0.03880 0.33236 4+ 0.04114 0.60557 £ 0.02500
both-d-rf 0.31990 £+ 0.02743 0.38160 + 0.03281 0.33750 £+ 0.03133 0.60301 + 0.02282
grey-gb 0.34924 + 0.07496 0.34185 4+ 0.06036 0.33124 4+ 0.06300 0.58974 + 0.04006
grey-d-gb 0.37345 + 0.05631 0.37154 4+ 0.04330 0.35683 4 0.04813 0.60718 £ 0.02478
white-gb 0.32934 £+ 0.05005 0.32926 + 0.05083 0.31746 £+ 0.05109 0.58129 + 0.03337
white-d-gb 0.39245 + 0.03826 0.39920 + 0.06071 0.38018 + 0.05161 0.62596 + 0.03903
both-gb 0.34503 + 0.06464 0.36173 4 0.05549 0.34277 4+ 0.05598 0.59806 + 0.03738
both-d-gb 0.36075 £ 0.03946 0.37151 + 0.05338 0.35153 £+ 0.04625 0.60568 + 0.03444
 greysvm | 033047 £0.04040 036176 +0.04970 032832 +0.04414 0.59477 & 0.02889
grey-d-svm 0.31737 £ 0.05233 0.36188 + 0.06085 0.33067 £ 0.05392 0.59655 + 0.03530
white-svm 0.35947 + 0.05962 0.37167 4 0.04211 0.34390 £ 0.04385 0.60299 + 0.02578
white-d-svm 0.35075 £ 0.02175 0.41139 4+ 0.02592 0.36780 £ 0.01867 0.62443 + 0.01490
both-svm 0.33360 + 0.03365 0.35176 +0.03417 0.32242 4+ 0.03014 0.58775 £ 0.02012
both-d-svm 0.34099 + 0.01878 0.39157 +0.01964 0.35549 4+ 0.01767 0.61627 £+ 0.01464

Gradient Boosting on white

matter+demographic features is the best for
Frank-Hall ordinal regression (AUC 0.63).

Classification confusion matrix

True label

- 30

- 20

- 10

Mild - 25 19 2 1
Mild-moderate A 26 8 4
Moderate - 25 12 9
Moderate-severe - 8 19 11 7
Severe - 1 9 15 14

Very severe - 0 5 9

< 2
& & &
¥ ?;o,e’
>
b?/
é\o
AUC = 0.6259
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True label

Methodology: severity estim

Comparison with real-life physician performance:

Classification confusion matrix

60
Mild 20 6 3 0 0

50

Mild-moderate - 7 0 1 0
40

Moderate - 0 4 0 0 V S
| |

- 30

Moderate-severe - 1 0 2 27 4 0
- 20

Severe 0 1 0 1 27 5
- 10

Very severe { O 0 0 0 3
T T T T T 0
A 2 2 2 2
N X ¢ '\
@Ob \“ob '&,o,
.\bl &@ AQ/
W &
\\

Empirical prediction vs
accurate testing

True label

Classification confusion matrix

Mild{ 2 20 22 2 70
60
Mild-moderate 4 30 32 0 3 9
50
Moderate - 1 13 2 4 16
L 40
Moderate-severe 1 5 22 3 0 19 -
Severe A 0 3 18 4 1 18 - 20
- 10
Very severe { 0 0 9 5 2
1 1 1 1 1 0
2 2 2 e 2
K & & 2 & &
;% N 2 £ 2
0 0 ,(9 6
& - g A
. b, &'b AQ,
N &
@0
AUC = 0.6215

Vanilla classification

VS.

Classification confusion matrix

Mild - 15 7 1 0 30
Mild-moderate 1 11 1 0 25
20
_ Moderate 2 1 4 4
3
o
@
g - 15
Moderate-severe - 0 5 9 10 7 3
- 10
Severe - 0 0 10 9 13 2
-5
Very severe - 0 0 5 11
1 1 1 1 0
N <& 2 2
o o &
,@0 < ,‘;}@
A& <
» &
@0
AUC = 0.6264

Distance-based
ordinal regression
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Methodology: data augmentation

» Dataset is obviously too small for classification

* We conducted experiments on augmenting our dataset conditioned on
aphasia type

. | _ :
Training 0SS Validation

.. . Tune and
Training Train Generate train tabular
dataset ACGAN/CVAE synthetic data

ML model

(" )

Dataset
\_ Y,

Validation Evaluate
dataset performance
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Methodology: data augmentation

 Conditional Variational Autoencoder (CVAE) — (c=1)
a type of generative models that learns a latent E;ezl% @

representation of input data while taking into
account additional conditioning information.

* Auxiliary Classifier Generational Adversarial
Network (ACGAN) — an extension of the
traditional GAN architecture, a combination of (Krem @) ( Xyawe )

two models — a generator and a discriminator, 4
with the first one learns to generate an object on w(;\ /

a condition and the other one trying to
discriminate both the condition and whether the (C o) (Z oosa)
object was real or generated.

Schematic representation
of ACGAN training.
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Methodology: data augmentation

Model Metrics

Precision Recall Fj-score ROC-AUC
CVAE on grey (el175) 04759 04786 04723 0.6762
CVAE on grey+demo (€2100) 04544 04615 0.4530 0.6674
CVAE on white (e1625) 0.5034 04957 0.4898 0.6887
CVAE on white+demo (e600) 04718 04701 0.4668 0.6716
CVAE on both (e1325) 0.5056 0.4786 0.4702 0.6776
CVAE on both+demo (€3350) 04684 04701 0.4593 0.6709
ACGAN on grey (e4275) 04732 0.4872 0.4613 0.6908
ACGAN on grey+demo (€1525) | 0.4921 0.5043 0.4842 0.6784
ACGAN on white (e4200) 04231 04786 0.4387 0.6720
ACGAN on white+demo (€3175) | 0.4524 0.5043 0.4664 0.6862
ACGAN on both (¢800) 0.4881 0.4957 0.4655 0.6688
ACGAN on both+demo (€500) 04743 05128 0.4702 0.6792

Best performance by MLP validation
model on ACGAN trained to generate
grey matter features (AUC 0.69).

Classification confusion matrix

25
Efferent+Afferent Motor 7 3 2 0 0 1
Sensory { 2 n 0 1 0 1 0 20
Efferent motor{ © 1 2 1 0 3 0
15
T,
e
© Dynamic { 5 0 3 4 1 1 0
L
=
- 10
Acoustic-mnestic { 2 2 3 1 1 1 0
Dysarthria 1 1 2 0 1 3 0 |
Afferent motor {1 © 0 0 0 0 0 0
v 0
» § ¢ < 2 &
N ¥ > N & R &
& & & &&
¥ & s &
x
& ¢
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Methodology: data augmentation

Model Metrics

Precision Recall Fj-score ROC-AUC
CVAE on grey (€2525) 0.5199 0.5385 0.5008 0.6901
CVAE on grey+demo (e1675) 0.4517 0.5299 0.4752 0.6869
CVAE on white (e1625) 0.5266 0.5385 0.5083 0.6956
CVAE on white+demo (e50) 0.5049 0.5299 0.4959 0.6958
CVAE on both (e3300) 0.5216 0.5385 0.5033 0.6974
CVAE on both+demo (€3875) 0.5304 0.5385 0.4982 0.6912
ACGAN on grey (e400) 0.5059 0.5214 0.4620 0.6753
ACGAN on grey+demo (e2225) | 0.5144 0.5385 0.5030 0.6921
ACGAN on white (€1050) 0.5196 0.5299 0.4989 0.6880
ACGAN on white+demo (e4225) | 0.4992 0.5385 0.4924 0.6901
ACGAN on both (e4550) 0.5501 0.5556 0.5070 0.7017
ACGAN on both+demo (¢1900) | 0.5699 0.5556 0.4986 0.7066

Best performance by RF validation model
on ACGAN trained on grey-, white-matter
and demographic features (AUC 0.71).

Classification confusion matrix

30
Efferent+Afferent Motor 3 3 0 0 1 0
Sensory { 2 n 0 0 0 0 0 25
Efferent motor{ © 2 7 0 0 0 0 20
Y]
®
o Dynamic - () 1 4 1 0 2 0 |15
I~
Acoustic-mnestic { 2 3 4 1 2 0 1
- 10
Dysarthria{ © 1 1 0 0 6 0
-5
Afferent motor 4  © 0 0 0 0 0 0
T T o
» $ ¢ & > $
\2\0\0 QC,QC\ 6\0\0 ’bé\\ z°}> <$‘0 6\0&0
& ¥ & v & & &
‘{\%& (\q}e ‘,\',\(’ QO .&?}
s & & o
& W
&
&
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Ion

mentat

Methodology: data aug

Comparison with vanilla classification.

Classification confusion matrix . . .
Classification confusion matrix

. 14 13 6 5 3 1 80 30
fferent+Afferent Motor Efferent+Afferent Motor ik is 3 3 0 0 1 0
70
Sensory - 1 2 6 1 0 Sensory - 5 0 0 0 0 0 25
60
Efferent motor { 16 3 9 6 9 6 0
Efferent motor - 6 2 7 0 0 0 0 20
T 50
% 19 1 8 10 5 3 0 2
- Dynamic - - |
§ " Vs E Dynamic { © 1 4 1 0 2 0 ;.
Acoustic-mnestic {1 2 12 5 2 10 5 0 i -
— 30 Acoustic-mnestic 2 3 4 1 . 0 1
- 10
Dysarthria - 5 0 1 0 7 13 0 - 20
Dysarthna - 0 1 1 0 0 3 0
20 0 0 1 0 0 0 10 R
Afferent motor - Afferent motor 1 © 0 0 0 0 0 0
1 1 1 | 1 1 1 0
* ( ) (J (, . fb « | 1 1 | | | ] 0
\2\0&0 3 @o@ 7>"°\ 6"}\ &0\ 3 6‘6@ <& &£ & & o & )
& ¢ & & F g D P P
& & & N & ¥ & SR S A
& & > S & & R o
3 & v ¥ & > $
é’ x *0 ?‘
& &
Q/'{\ é\e}
AUC = 0.6566

Vanilla classification Augmented with ACGAN
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Problem statement

« (Q1): Is it possible to predict aphasia type from MRI data?
* (Q2): Is it possible to predict aphasia severity from MRI data?
e (Q3): How can extremely small dataset size be combatted?

* (Q4): What is the optimal combination of brain MRI features for aphasia type
and severity prediction?

* (Q5): What is the optimal representation of target values for the classification
of aphasia severity?

24



Conclusion

* Q1 remains largely unanswered, while results for Q2 show a lot of promise.

* Q3 is partially answered, with generatively augmented datasets leading to
slightly better performance.

e Q4 remains unanswered, since no combination of brain MRI features seems
to be superior to the others.

* Q5 is clearly answered by the fact that ordinal regression models outperform
classification models (at least, in an empirical sense).
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Future work: 3D scan classification

 Predictions from full 3-dimensional brain MRI scans.
* Problems: high dimensionality

e Solution: Convolutional Neural Networks (CNNs)

PR\ PR\ RPN IRV RN SR RSN RSN RN SRR

\

/\/\_/\J Y Y WY Y WY WY
B @R @R @B B @B B B B R

Y Y B BY WY &Y & & 5 5

PESPEPSPIPPPS@®
CICIOIOICIOIOICOIORC)
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Future work: 3D scan classification

» Convolutional Neural Networks (CNNs) are atype ————— R
of Deep Learning algorithms that use a series of R
filters and pooling layers to extract information — e :
abOUt an image. batch _normalization 6(54) 90, 108, 90 256

(BatchNormalization) 64) ' ’ ' '
° We Constructed 3 datasets: conv3d_1 (Conv3D) é4) , 88, 106, 88, 110,656
max_pooling3d_1 (MaxPooling3D) ( , 44, 53, 44, 64) 0
. batch_normalization_l ( , 44, 53, 44, 64) 256

® RaW MRI Inputs (Bat::N:rTillzat)lon) (

_ onv3D ) , 42, 51, 42, 221,312
» Skull-stripped scans (with use of FSL BET) e £ “
batch_normalization_ 2 ( , 21, 25, 21, 512

(BatchNormalization) 128)

* "Channel” scans: another channel with lesion | enss @ (one, 19, 23, 15,
masks was added to skull stripped scans. nax_poolingdd_3 (MaxPooling3d) | (Nore, 9, 11, 9, 250 :

batch_normalization_3 ( , 9, 11, 9, 256) 1,024
(BatchNormalization)

* We use a 4-conv layer "shallow” CNN and a 6- Gomtersperotingany | ;
COnV Iayer "deep" CNN. dense (Dense) ( , 512) 131,584

dropout (Dropout) ( , 512) 0

dense_1 (Dense) ( , 1) 513
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Future work: intermediate results

Methods Metrics
Precision Recall F'1-score ROC-AUC

Random prediction 0.12252 £+ 0.07177 0.10564 £ 0.07133 0.10967 &= 0.06923 0.26435 £ 0.24190
raw-cnndd-shallow 0.28448 0.31034 0.28514 0.55672
raw-cnn3d-deep 0.335 0.33621 0.26918 0.55275
strip-cnn3d-shallow 0.30072 0.31034 0.29528 0.56894
strip-cnn3d-deep 0.29755 0.30172 0.29411 0.56668
channel-cnn3d-shallow 0.36817 0.36207 0.3529 0.60502
channel-cnn3d-deep 0.29772 0.31897 0.30471 0.58144

Classification confusion matrix

Efferent+Afferent Motor 7 5 0 1 6 0 17.5
Sensory 3 5 0 0 L 0 15.0
crerenimoor | 624012 0| Qs Validation ROC-AUC
T) ]
-Q —
: oemic ] 8 2 2 o o 2 o score of 0.61 achieved.
-
=
- 7.5
Acoustic-mnestic { © 3 4 0 0 0 0
- 5.0
Dysarthria { 3 0 2 0 0 2 0
- 2.5
Afferent motor { 3 0 0 0 0 3 0
T T 0.0
\S \S C, ol D A8
& E &S
o N\ Q & K I\
R P S N
& & W O &
2 2 o 2
?{\ ‘o‘{\ o> ‘j}
X
& L
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Appendix: best model hyperparameters I

Run name Hyperpameters Run name Hyperpameters
Nyeighbors Weights  algorithm leaf size p Nyeurons Nepochs learning rate  activation optimizer
_____ Type classificaion | Type classification
grey-knn 16  distance kd_tree 2 1.00000  greymlp | 610 410 000040  identity  adam
grey-d-knn 16 distance ball_tree 32 1.00000 grey-d-mlp 1011 175 0.00018 tanh adam
white-knn 16 distance ball_tree 32 3.87216 white-mlp 16 1577 0.00100 tanh adam
white-d-knn 13 distance ball_tree 5 1.00000 white-d-mlp 1024 3494 0.00072 identity adam
both-knn 13 distance ball_tree 7 2.86851 both-mlp 1024 5000 0.00100 identity sgd
both-d-knn 16 distance  kd_tree 2 1.00000 both-d-mlp 931 881 0.00003 relu adam
Severity classificaion Severity classificaion
 greykm | 8  distance balltree 31 483665  geymp | 470 3462 000069  identity  sgd
grey-d-knn 7 distance ball_tree 2 1.00000 grey-d-mlp 1024 5000 0.00017 identity adam
white-knn 16 distance ball_tree 32 1.00000 white-mlp 16 5000 0.00100 identity adam
white-d-knn 14 uniform ball_tree 8 1.23732 white-d-mlp 1024 5000 0.00100 logistic adam
both-knn 16 distance  kd_tree 32 5.00000 both-mlp 864 2959 0.00067 tanh sgd
K N N m O d e I S both-d-knn 16 distance ball_tree 3 1.00000 M L P m O d e I S both-d-mlp 1024 3591 0.00100 logistic adam
- Severity ordinal regression - Severity ordinal regression
 greykm | 13 distance kd_tree 32 439064  geymp | 932 4112 000100 logisic  adam
grey-d-knn 15 distance ball_tree 32 1.00000 grey-d-mlp 16 755 0.00100 tanh adam
white-knn 16 distance ball_tree 2 1.00000 white-mlp 418 4878 0.00015 identity adam
white-d-knn 13 distance ball_tree 2 1.00000 white-d-mlp 938 3308 0.00060 logistic adam
both-knn 12 distance ball_tree 29 1.02754 both-mlp 732 3693 0.00100 tanh sgd
both-d-knn 16 distance ball_tree 32 1.00000 both-d-mlp 477 1161 0.00100 logistic adam
ASA ordinal regression ASA ordinal regression
 greykm | 14 disance balltee 23 175118 C geymp | 1024 2168 000001  relu  sgd
grey-d-knn 16 distance ball_tree 3 1.40529 grey-d-mlp 349 664 0.00055 logistic sgd
white-knn 16 distance  kd_tree 26 1.01317 white-mlp 634 3216 0.00002 logistic sgd
white-d-knn 10 distance  kd_tree 2 1.00000 white-d-mlp 897 719 0.00009 tanh sgd
both-knn 16 distance ball tree 13 2.04484 both-mlp 994 3649 0.00004 tanh sgd
both-d-knn 16 uniform  ball_tree 32 1.00000 both-d-mlp 364 4483 0.00001 relu sgd
Frank-Hall ordinal regression Frank-Hall ordinal regression |
 greykm | 10  distance balltree 2 389023 grey-mip 612 4787 000023  logisc  adam
grey-d-knn 10 distance ball_tree 14 4.24529 grey-d-mlp 457 3941 0.00005 identity adam
white-knn 14 distance ball_tree 32 4.78469 white-mlp 1001 4815 0.00035 identity adam
white-d-knn 12 distance  kd_tree 32 1.36219 white-d-mlp 873 1343 0.00012 relu adam
both-knn 15 uniform  kd_tree 12 1.43292 both-mlp 699 977 0.00005 identity adam
both-d-knn 7 uniform  kd_tree 24 1.27656 both-d-mlp 938 1196 0.00057 identity adam
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RF models.

Run name Hyperpameters
Nirees MiNgpris MiNeas MAT feqtures MATdepth

Type classification |
- geyrt | 1685 10 3 st 64

grey-d-rf 7911 13 5 sqrt 12

white-rf 1525 10 3 sqrt 43

white-d-rf 7140 16 1 sqrt 6

both-rf 4506 3 12 sqrt 61

both-d-rf 7397 5 1 log2 10

Severity classificaion

- greyrt | 819 4 10 st 60

grey-d-rf 2934 7 2 sqrt 32

white-rf 5979 13 7 log2 7

white-d-rf 7640 2 10 log2 59

both-rf 2784 16 16 sqrt 58

both-d-rf 7803 6 16 sqrt 15

Severity ordinal regression

- greyrf | 7008 3 7 st s

grey-d-rf 1809 5 1 sqrt 30

white-rf 7037 4 1 sqrt 3

white-d-rf 1751 2 1 sqrt 36

both-rf 5048 15 14 sqrt 57

both-d-rf 4723 10 7 sqrt 60

ASA ordinal regression

. geyrf | 7542 8 6 st 6

grey-d-rf 68 4 1 sqrt 53

white-rf 4077 3 11 log2 32

white-d-rf 8192 4 1 sqrt 20

both-rf 3327 5 6 sqrt 54

both-d-rf 5816 2 2 sqrt 10

Frank-Hall ordinal regression

- greyrf | w2 16 9 st 6

grey-d-rf 4259 15 11 sqrt 25

white-rf 6632 4 3 log2 44

white-d-rf 3574 3 12 log2 31

both-rf 5956 8 15 log2 45

both-d-rf 4713 5 15 sqrt 18

GB models.

IX: best model hyperparameters

AICS

Laboratory of Artificial Intelligence
for Cognitive Sciences

Run name Hyperpameters
learning rate  Nyees MiNgp MiNear MAT fegryres  MALdepth
Type classification

- greygb | 018957 2408 6 3 st 7

grey-d-gb 0.65899 2252 12 10 log2 2

white-gb 0.45862 1490 12 1 log2 56

white-d-gb 0.00100 3728 3 1 log2 2

both-gb 0.40659 8192 16 1 log2 64

both-d-gb 0.27485 1329 6 11 sqrt 12

Severity classificaion

L greygb | 000100 4809 16 14 st 64

grey-d-gb 0.00100 2338 10 16 sqrt 62

white-gb 0.22214 7819 11 13 sqrt 38

white-d-gb 0.21468 1071 14 3 sqrt 17

both-gb 0.77654 2599 11 7 log2 14

both-d-gb 0.26006 4472 5 15 sqrt 25

Severity ordinal regression

- greygb | 000100 2928 12 16 o2 2

grey-d-gb 0.00100 7302 16 16 sqrt 26

white-gb 0.00100 3425 5 1 sqrt 48

white-d-gb 0.00100 8192 2 3 sqrt 2

both-gb 0.00100 6320 2 16 sqrt 2

both-d-gb 0.00100 8192 7 16 log2 64

ASA ordinal regression

grey-gb ' 0.00100 5063 16 1 sqrt 2

grey-d-gb 0.00100 8192 16 16 log2 45

white-gb 0.00100 4639 2 16 log2 2

white-d-gb 0.00100 7182 16 16 sqrt 64

both-gb 0.00100 8192 16 6 log2 2

both-d-gb 0.00100 7168 16 16 sqrt 64

Frank-Hall ordinal regression

R greygb | | 069264 1183 6 3 o2 7

grey-d-gb 0.00133 5723 15 13 sqrt 8

white-gb 0.02155 398 11 5 log2 45

white-d-gb 0.04465 7566 7 6 log2 9

both-gb 0.01634 292 2 14 log2 38

both-d-gb 0.00197 4614 10 14 log2 51
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Appendix: best model

SVM models.

hyperparameters

Run name Hyperpameters
C ~
Type classification
C greysm | 327680 0.00003
grey-d-svm 13572.20860 0.00016
white-svm 25258.26463 0.00005
white-d-svm 32768.0 0.00003
both-svm 576.84575  0.00133
both-d-svm 32768.0 0.00026
Severity classificaion
 geysm | 656.60479  0.00134
grey-d-svm 111.68176  0.01253
white-svm 33.26394  0.02161
white-d-svm 5497.37007 0.00033
both-svm 4.59077 0.03841
both-d-svm 22044.74881 0.00004
Severity ordinal regression
 meysm | 1401685  0.03127
grey-d-svm 6.13521 0.12058
white-svm 344.02779  0.00032
white-d-svm 27.73901  0.02298
both-svm 43.00607  0.01155
both-d-svm 26675.51170 0.00003
ASA ordinal regression
C geysm | 400643253  0.00135
grey-d-svm 1212.30772  0.00946
white-svm 104.67072  0.07563
white-d-svm 6859.77902 0.00171
both-svm 4857.71000  0.00090
both-d-svm 32768.00000 0.00052
Frank-Hall ordinal regression
 meysm | 205.09284 000534
grey-d-svm 290.97968  0.00097
white-svm 4871.67216  0.00562
white-d-svm 200.24807  0.00783
both-svm 296.91327  0.01304
both-d-svm 110.86846  0.00636
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Appendix: generative model architectures

Layer (type) Output Shape Param #

ac_generator (ACGenerator) ? 2,317

L concatenate (Concatenate) ? 0

L sequential (Sequential) ? 2,317

L dense (Dense) (4, 16) 288

L dense_1 (Dense) (4, 32) 544

L dense_2 (Dense) (4, 45) 1,485

ac_discriminator ? 2,136
(ACDiscriminator)

L sequential 1 (Sequential) ? 2,000

L dense_3 (Dense) (4, 32) 1,472

L dense_4 (Dense) (4, 16) 528

L dense_5 (Dense) ? 17

L dense_6 (Dense) ? 119

ACGAN summary.

Layer (type) Output Shape Param #

encoder (Encoder) ? 2,564

L concatenate (Concatenate) ? 0

L sequential (Sequential) ? 2,224

L dense (Dense) (4, 32) 1,696

L dense_1 (Dense) (4, 16) 528

L dense_2 (Dense) ? 170

L dense_3 (Dense) ? 170

decoder (Decoder) ? 2,317

L concatenate_1 ? 0
(Concatenate)

L sequential 1 (Sequential) ? 2,317

L dense_4 (Dense) (4, 16) 288

L dense_5 (Dense) (4, 32) 544

L dense_6 (Dense) (4, 45) 1,485

CVAE summary.
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RF loss for ACGAN validation.
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