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Historia de una ida y una vuelta

A laida, un problema
Caracterizar asimetria normativa
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Algoritmos estadisticos para novelty detection

Nuestra solucion, bien clasica
NORHA: Caracterizacion de asimetrias y OC-SVM
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A la ida, un problema
Caracterizar asimetria normativa
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El cerebro humano se divide en
dos hemisferios contralaterales con distintas funciones

Estructuras corticales y subcorticales

Corticales = corteza
Funciones de alto nivel (lenguaje, toma de decisiones, ...)

Subcorticales = debajo de la corteza
Funciones primitivas (emociones, memoria, ...)
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¢Como podemos determinar cuando estas diferencias son patoldgicas?

El cerebro humano se divide en
dos hemisferios contralaterales con distintas funciones

Estructuras corticales y subcorticales

Corticales = corteza
Funciones de alto nivel (lenguaje, toma de decisiones, ...)

Subcorticales = debajo de la corteza
Funciones primitivas (emociones, memoria, ...)

Asimetrias del hipocampo

En condiciones normales |os hipocampos tienen
asimetria propias.

Fendmenos naturales (envejecimiento)
y condiciones neurodegenerativas (Alzheimer) introducen
cambios en esta asimetria

Estudios vinculando asimetria estructural y comportamiento
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¢Como podemos determinar cuando estas diferencias son patoldgicas?

0 Extraccion de la morfologia hipocampal

— — — @ Imagenes de Resonancia Magnética (MRI)
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¢Como podemos determinar cuando estas diferencias son patoldgicas?

Extraccion de la morfologia hipocampal
Imagenes de Resonancia Magnética (MRI)

Segmentacion 3D de la regidn de interés

FreeSurfer (Reuter et al. 2012), FastSurfer (Henschel et al. 2020), hippmapp3r (Goubran et al. 2020), ...
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¢Como podemos determinar cuando estas diferencias son patoldgicas?
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0 Extraccion de la morfologia hipocampal

Imagenes de Resonancia Magnética (MRI)

Segmentacion 3D de la regidn de interés

FreeSurfer (Reuter et al. 2012), FastSurfer (Henschel et al. 2020), hippmapp3r (Goubran et al. 2020), ...
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Un repaso de los clasicos:

Algoritmos estadisticos para novelty detection

Supervised learning Unsupervised learning One-class classification
(clasificacién, regresion, ...) (representation learning, clustering, ...) (anomaly or novelty detection)
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Un repaso de los clasicos:

Algoritmos estadisticos para novelty detection

One-class classification
(anomaly or novelty detection)

Anomaly detection
Detectar muestras espurias en los datos
disponibles

Solamente tenemos

muestras de una unica clase

Modelo
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Novelty detection
Detectar muestras que no se ajustan ala
distribucién original
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Algoritmos que describen la distribucion de los datos - Unsupervised




Un repaso de los clasicos:
Algoritmos estadisticos para novelty detection

— — — @ One-class Support Vector Machine (OC-SVM)

Un hiperplano que aisla a (casi) todas las muestras
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Support Vector Data Description (SVDD)

Una hiperesfera que rodea a (casi) todas las muestras de
entrenamiento
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Abstract.

Background: Neuroimaging techniques combined with computational neuroanatomy have been playing a role in the investi-
gation of healthy aging and Alzheimer’s disease (AD). The definition of normative rules for brain features is a crucial step to
establish typical and atypical aging trajectories.

Objective: To introduce an unsupervised pattern recognition method; to define multivariate normative rules of neuroanatomical
measures; and to propose a brain abnormality index.

Methods: This study was based on a machine learning approach (one class classification or novelty detection) to neuroanatom-
ical measures (brain regions, volume, and cortical thickness) extracted from the Alzheimer’s Disease Neuroimaging Initiative
(ADNI)’s database. We applied a v-One-Class Support Vector Machine (v-OC-SVM) trained with data from healthy subjects to
build an abnormality index, which was compared with subjects diagnosed with mild cognitive impairment and AD.

Results: The method was able to classify AD subjects as outliers with an accuracy of 84.3% at a false alarm rate of 32.5%. The
proposed brain abnormality index was found to be significantly associated with group diagnosis, clinical data, biomarkers, and

Conclusion: These results suggest that one-class classification may be a promising approach to help in the detection of disease

conditions. Our findings support a framework considering the continuum of brain abnormalities from healthy aging to AD, . One-ClaSS SVM

which is correlated with cognitive impairment and biomarkers measurements.

Keywords: Dementia, neurodegeneration, neuroimaging, normative, outliers, pattern recognition, support vector machines

Andrade de Oliveira et al. 2015
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Modeling normal brain asymmetry in MR images
applied to anomaly detection without
segmentation and data annotation
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Abstract

While the human brain presents natural structural asymmetries between left and right hemispheres in MR
images, most neurological diseases are associated with abnormal brain asymmetries. Due to the great
variety of such anomalies, we present a framework to model normal structural brain asymmetry from control
subjects only, independent of the neurological disease. The model dismisses data annotation by exploiting
generative deep neural networks and one-class classifiers. We also propose a patch-based model to localize
volumes of interest with reduced background sizes around selected brain structures and a one-class
classifier based on an optimum-path forest. This model makes the framework independent of segmentation,
which may fail, especially in abnormal images, or may not be available for a given structure. We validate the
first method to the detection of abnormal hippocampal asymmetry using distinct groups of Epilepsy patients
and testing controls. The results of validation using the original feature space and a two-dimensional space
based on non-linear projection show the potential to extend the framework for abnormal asymmetry detection
in other parts of the brain and develop intelligent and interactive virtual environments. For instance, the
approach can be used for screening, inspection, and annotation of the detected anomaly type, allowing the
development of CADx systems.

Botter Martins et al. 2019
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Abstract

Radiologists routinely analyze hippocampal asymmetries in magnetic resonance (MR) images as a biomarker for neuro-
degenerative conditions like epilepsy and Alzheimer’s Disease. However, current clinical tools rely on either subjective
evaluations, basic volume measurements, or disease-specific models that fail to capture more complex differences in normal
shape. In this paper, we overcome these limitations by introducing NORHA, a novel NORmal Hippocampal Asymmetry
deviation index that uses machine learning novelty detection to objectively quantify it from MR scans. NORHA is based
on a One-Class Support Vector Machine model learned from a set of morphological features extracted from automatically
segmented hippocampi of healthy subjects. Hence, in test time, the model automatically measures how far a new unseen
sample falls with respect to the feature space of normal individuals. This avoids biases produced by standard classification
models, which require being trained using diseased cases and therefore learning to characterize changes produced only
by the ones. We evaluated our new index in multiple clinical use cases using public and private MRI datasets comprising
control individuals and subjects with different levels of dementia or epilepsy. The index reported high values for subjects
with unilateral atrophies and remained low for controls or individuals with mild or severe symmetric bilateral changes. It
also showed high AUC values for discriminating individuals with hippocampal sclerosis, further emphasizing its ability
to characterize unilateral abnormalities. Finally, a positive correlation between NORHA and the functional cognitive test
CDR-SB was observed, highlighting its promising application as a biomarker for dementia.

Keywords Hippocampus - Normal asymmetries - Machine learning - Novelty detection

Segmentacion + Caracterizacion + Asimetria + OC-SVM
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OC-SVM entrenada con datos sanos (NC)

Gender Mean age /~

. N\

Partitions (M/F)  [min-max] NC AD MCI HSL HSR Total
1500 (OASIS)
Train 1284/838 60 [19-95]f + 539 (IXI) - - - - 2122
FF

\i 83 (RO O‘)J
OASIS 434/429 65 [45-88] 717 146 - - - 863
Test ADNI 74/83 75 [56-89] 33 71 - - 157
HEC 43/58 32 [18-63] - - 32 16 101
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OC-SVM entrenada con datos sanos (NC)

Gender Mean age
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OC-SVM entrenada con datos sanos (NC)

Distancia respecto al
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OC-SVM entrenada con datos sanos (NC)
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Distancia como indicador diagndstico para condiciones que provocan cambios significativos en la asimetria
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Deterioro cognitivo leve (MSI)
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Morph features
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Distancia que correlaciona levemente con los resultados de estudios cognitivos estandar para diagnostico

NORHA Index distribution
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Luego, un repaso de los nuevos métodos:
Algoritmos deep para novelty detection

— — — @ (Convolutional) Autoencoder (CAE) + Reconstruction error gn I
Un CAE entrenado Unicamente con datos de una clase deberia fallar si wd TRAINING
tratamos de reconstruir clases nunca vista.
Explicabilidad a través l’ Ignora representaciones, Baur et al. 2027, An & Cho ;
de la reconstruccion no esta calibrado 2015, Chen et al. 2017, ... ey Reconatriction R

INFERENCE

— — — @ CAE latent representations + One-class classifiers

Un CAE entrenado unicamente con datos de una clase deberia producir -w TRAINING
representaciones latentes espurias en muestras de clases nunca vistas. .
Usa representaciones, l’ No hay explicabilidad, Xu et al. 2015, Andrews et
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Luego, un repaso de los nuevos métodos:
Algoritmos deep para novelty detection

— — — @ Una Unica red, con una loss para deteccion de anomalias

Una red convolucional entrenada con una funcion de pérdida que produce
representaciones compactas:

1 RN
min — 3" [l60 W) — el + 3 IWIE  SEE
nz‘:1 =1
S S

J J
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Features lo mas cercanas Weight
posibles al centro ¢ Decay
Utiliza representaciones, ] No tiene explicabilidad
l‘ aprende todo a la vez! ’ (por ahora;-))

¢Y si disenamos algo con esto?

Deep One-Class Classification
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Entrenamiento
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2. Deep SVDD objective en training set
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Para mejorar nuestra solucion:

NORAH: Deep characterization y Deep SVDD

Regularized siamese neural network for unsupervised outlier detection g
on brain multiparametric magnetic resonance imaging: Application to | &&

epilepsy lesion screening
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In this study, we propose a novel anomaly detection model targeting subtle brain lesions in multipara-
metric MRL. To compensate for the lack of annotated data adequately sampling the heterogeneity of
such pathologies, we cast this problem as an outlier detection problem and introduce a novel config-
uration of unsupervised deep siamese networks to learn normal brain representations using a series of
non-pathological brain scans. The proposed siamese network, composed of stacked convolutional autoen-
coders as subnetworks is designed to map patches extracted from healthy control scans only and centered
at the same spatial localization to ‘close’ representations with respect to the chosen metric in a latent
space. It is based on a novel loss function combining a similarity term and a regularization term com-
pensating for the lack of dissimilar pairs. These latent representations are then fed into oc-SVM models
at voxel-level to produce anomaly score maps. We evaluate the performance of our brain anomaly de-
tection model to detect subtle epilepsy lesions in multiparametric (T1-weighted, FLAIR) MRI exams con-
sidered as normal (MRI-negative). Our detection model trained on 75 healthy subjects and validated on
21 epilepsy patients (with 18 MRI-negatives) achieves a maximum sensitivity of 61% on the MRI-negative
lesions, identified among the 5 most suspicious detections on average. It is shown to outperform detec-
tion models based on the same architecture but with stacked convolutional or Wasserstein autoencoders
as unsupervised feature extraction mechanisms.

© 2019 Elsevier B.V. All rights reserved.
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In recent studies, neuroanatomical volume and shape asymmetries have been seen during the course of
Alzheimer's Disease (AD) and could potentially be used as preclinical imaging biomarkers for the prediction of
Mild Cognitive Impairment (MCI) and AD dementia. In this study, a deep learning framework utilizing Siamese
neural networks trained on paired lateral inter-hemispheric regions is used to harness the discriminative power
of whole-brain volumetric y. The method uses the MRICloud pipeline to yield low-dimensional vo-
lumetric features of pre-defined atlas brain structures, and a novel non-linear kernel trick to normalize these
features to reduce batch effects across datasets and populations. By working with the low-dimensional features,
Siamese networks were shown to yield comparable performance to studies that utilize whole-brain MR images,
with the advantage of reduced complexity and computational time, while preserving the biological information
density. Experimental results also show that Siamese networks perform better in certain metrics by explicitly

ding the 'y in brain vol d to traditional prediction methods that do not use the
asymmetry, on the ADNI and BIOCARD datasets.
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Abstract. Although normal homologous brain structures are approxi-
mately symmetrical by definition, they also have shape differences due
to e.g. natural ageing. On the other hand, neurodegenerative conditions
induce their own changes in this asymmetry, making them more pro-
nounced or altering their location. Identifying when these alterations
are due to a pathological deterioration is still challenging. Current clin-
ical tools rely either on subjective evaluations, basic volume measure-
ments or disease-specific deep learning models. This paper introduces a
novel method to learn normal asymmetry patterns in homologous brain
structures based on anomaly detection and representation learning. Our S - itt - I
framework uses a Siamese architecture to map 3D segmentations of left g

and right hemispherical sides of a brain structure to a normal asym- ﬂi

metry embedding space, learned using a support vector data descrip- p
tion objective. Being trained using healthy samples only, it can quantify

deviations-from-normal-asymmetry patterns in unseen samples by mea-

suring the distance of their embeddings to the center of the learned nor-

mal space. We demonstrate in public and in-house sets that our method

can accurately characterize normal asymmetries and detect pathological

alterations due to Alzheimer’s disease and hippocampal sclerosis, even

though no diseased cases were accessed for training. Our source code is

available at https://github.com/duiliod/DeepNORHA.
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Abstract. Although normal homologous brain structures are approxi-
mately symmetrical by definition, they also have shape differences due
to e.g. natural ageing. On the other hand, neurodegenerative conditions
induce their own changes in this asymmetry, making them more pro-
nounced or altering their location. Identifying when these alterations
are due to a pathological deterioration is still challenging. Current clin-
ical tools rely either on subjective evaluations, basic volume measure-
ments or disease-specific deep learning models. This paper introduces a
novel method to learn normal asymmetry patterns in homologous brain
structures based on anomaly detection and representation learning. Our
framework uses a Siamese architecture to map 3D segmentations of left
and right hemispherical sides of a brain structure to a normal asym- ﬂl
metry embedding space, learned using a support vector data descrip- p
tion objective. Being trained using healthy samples only, it can quantify
deviations-from-normal-asymmetry patterns in unseen samples by mea-
suring the distance of their embeddings to the center of the learned nor-
mal space. We demonstrate in public and in-house sets that our method
can accurately characterize normal asymmetries and detect pathological 1 ()

alterations due to Alzheimer’s disease and hippocampal sclerosis, even x(l) feEN 90k i(z) ﬁ(x( ) ;L‘( ))
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Abstract. Although normal homologous brain structures are approxi-
mately symmetrical by definition, they also have shape differences due
to e.g. natural ageing. On the other hand, neurodegenerative conditions
induce their own changes in this asymmetry, making them more pro-
nounced or altering their location. Identifying when these alterations
are due to a pathological deterioration is still challenging. Current clin-
ical tools rely either on subjective evaluations, basic volume measure-
ments or disease-specific deep learning models. This paper introduces a
novel method to learn normal asymmetry patterns in homologous brain
structures based on anomaly detection and representation learning. Our S - itt - I
framework uses a Siamese architecture to map 3D segmentations of left g

and right hemispherical sides of a brain structure to a normal asym- ﬂi

metry embedding space, learned using a support vector data descrip- p
tion objective. Being trained using healthy samples only, it can quantify

deviations-from-normal-asymmetry patterns in unseen samples by mea-

suring the distance of their embeddings to the center of the learned nor-

mal space. We demonstrate in public and in-house sets that our method . . . L. h*
can accurately characterize normal asymmetries and detect pathological Deep SVDD f|ne tun'ng como red S|amesa’ m|n|m|zando
alterations due to Alzheimer’s disease and hippocampal sclerosis, even . . .

though no diseased cases were accessed for training. Our source code is d|StanC|a reSpeCto al Centro C (DFOmE‘dIO de enCOder)
available at https://github.com/duiliod/DeepNORHA.
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Distancia al centro como indicador diagnéstico para todas las enfermedades neurodegenerativas consideradas

Method

Synthetic

MCI

AD (ADNI)

AD (OASIS)

HSL

HSR

AVD

‘ VD

0.72 (0.62-0.81)
0.82 (0.74-0.89)

0.56 (0.46-0.66)
0.58 (0.48-0.68)

0.55 (0.42-0.67)
0.62 (0.49-0.74)

0.62 (0.51-0.74)
0.64 (0.53-0.74)

0.95 (0.89-0.99)
0.95 (0.88-1.00)

0.94 (0.82-1.00)
0.94 (0.83-1.00)

ShapeDNA + OC-SVM
LFV 4+ OC-SVM

0.66 (0.56-0.74)
0.93 (0.89-0.97)

0.52 (0.42-0.60)
0.58 (0.49-0.66)

0.66 (0.55-0.76)
0.67 (0.57-0.76)

0.47 (0.35-0.60)
0.65 (0.53-0.77)

0.80 (0.69-0.90)
0.92 (0.88-0.96)

0.90 (0.81-0.98)
0.98 (0.95-1.00)

LeNet-CAE + OC-SVM
Oktay et al. + OC-SVM

0.95 (0.91-0.98)
0.94 (0.90-0.98)

0.48 (0.38-0.58)
0.45 (0.35-0.56)

0.50 (0.37-0.61)
0.48 (0.35-0.59)

0.46 (0.40-0.51)
0.47 (0.42-0.53)

0.77 (0.67-0.86)
0.80 (0.69-0.88)

0.69 (0.56-0.81)
0.76 (0.65-0.86)

AD classification

0.49 (0.47-0.50)

0.64 (0.56-0.70)

0.73 (0.63-0.83)

(Used for training)

0.52 (0.48-0.56)

0.54 (0.48-0.61)

Deep NORAH (w/o CAE pretr.)
Deep NORAH (w/o FC dim. red.)
Deep NORAH (with CAE pretr.)

0.79 (0.71-0.87)
0.98 (0.94-1.00)
0.99 (0.99-1.00)

0.59 (0.48-0.69)
0.70 (0.60-0.79)
0.93 (0.87-0.97)

0.99 (0.99-1.00)
0.76 (0.65-0.87)
1.00 (0.99-1.00)

0.76 (0.67-0.84)
0.65 (0.54-0.76)
0.92 (0.86-0.96)

1.00 (0.99-1.00)
1.00 (1.00-1.00)
1.00 (1.00-1.00)

1.00 (0.99-1.00)
1.00 (1.00-1.00)
1.00 (1.00-1.00)

Volumen (diferencia absoluta -~AVD - o0 normalizada -NVD -)

solamente util para reconocer atrofias evidentes

Caso
sano:

Segmentacion + Red siamesa + CAE + Deep SVDD
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Distancia al centro como indicador diagnéstico para todas las enfermedades neurodegenerativas consideradas

Method Synthetic MCI AD (ADNI) | AD (OASIS) HSL HSR
AVD 0.72 (0.62-0.81) | 0.56 (0.46-0.66) | 0.55 (0.42-0.67) | 0.62 (0.51-0.74) | 0.95 (0.89-0.99) | 0.94 (0.82-1.00)
NVD 0.82 (0.74-0.89) | 0.58 (0.48-0.68) | 0.62 (0.49-0.74) | 0.64 (0.53-0.74) | 0.95 (0.88-1.00) | 0.94 (0.83-1.00)

ShapeDNA + OC-SVM
LFV 4+ OC-SVM

>

0.66 (0.56-0.74)
0.93 (0.89-0.97)

0.52 (0.42-0.60)
0.58 (0.49-0.66)

0.66 (0.55-0.76)
0.67 (0.57-0.76)

0.47 (0.35-0.60)
0.65 (0.53-0.77)

0.80 (0.69-0.90)
0.92 (0.88-0.96)

0.90 (0.81-0.98)
0.98 (0.95-1.00)

LeNet-CAE + OC-SVM
Oktay et al. + OC-SVM

0.95 (0.91-0.98)
0.94 (0.90-0.98)

0.48 (0.38-0.58)
0.45 (0.35-0.56)

0.50 (0.37-0.61)
0.48 (0.35-0.59)

0.46 (0.40-0.51)
0.47 (0.42-0.53)

0.77 (0.67-0.86)
0.80 (0.69-0.88)

0.69 (0.56-0.81)
0.76 (0.65-0.86)

AD classification

0.49 (0.47-0.50)

0.64 (0.56-0.70)

0.73 (0.63-0.83)

(Used for training)

0.52 (0.48-0.56)

0.54 (0.48-0.61)

Deep NORAH (w/o CAE pretr.)
Deep NORAH (w/o FC dim. red.)
Deep NORAH (with CAE pretr.)

0.79 (0.71-0.87)
0.98 (0.94-1.00)
0.99 (0.99-1.00)

0.59 (0.48-0.69)
0.70 (0.60-0.79)
0.93 (0.87-0.97)

0.99 (0.99-1.00)
0.76 (0.65-0.87)
1.00 (0.99-1.00)

0.76 (0.67-0.84)
0.65 (0.54-0.76)
0.92 (0.86-0.96)

1.00 (0.99-1.00)
1.00 (1.00-1.00)
1.00 (1.00-1.00)

1.00 (0.99-1.00)
1.00 (1.00-1.00)
1.00 (1.00-1.00)

NORHA (Deangeli et al. 2023) tiene limitaciones para reconocer

MCl y AD en todos los datasets

Caso
sano:

Segmentacion + Red siamesa + CAE + Deep SVDD
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Distancia al centro como indicador diagnéstico para todas las enfermedades neurodegenerativas consideradas

Method Synthetic MCI AD (ADNI) | AD (OASIS) HSL HSR
AVD 0.72 (0.62-0.81) | 0.56 (0.46-0.66) | 0.55 (0.42-0.67) | 0.62 (0.51-0.74) | 0.95 (0.89-0.99) | 0.94 (0.82-1.00)
NVD 0.82 (0.74-0.89) | 0.58 (0.48-0.68) | 0.62 (0.49-0.74) | 0.64 (0.53-0.74) | 0.95 (0.88-1.00) | 0.94 (0.83-1.00)

ShapeDNA + OC-SVM
LFV 4+ OC-SVM

0.66 (0.56-0.74)
0.93 (0.89-0.97)

0.52 (0.42-0.60)
0.58 (0.49-0.66)

0.66 (0.55-0.76)
0.67 (0.57-0.76)

0.47 (0.35-0.60)
0.65 (0.53-0.77)

0.80 (0.69-0.90)
0.92 (0.88-0.96)

0.90 (0.81-0.98)
0.98 (0.95-1.00)

)

LeNet-CAE + OC-SVM
Oktay et al. + OC-SVM

0.95 (0.91-0.98)
0.94 (0.90-0.98)

0.48 (0.38-0.58)
0.45 (0.35-0.56)

0.50 (0.37-0.61)
0.48 (0.35-0.59)

0.46 (0.40-0.51)
0.47 (0.42-0.53)

0.77 (0.67-0.86)
0.80 (0.69-0.88)

0.69 (0.56-0.81)
0.76 (0.65-0.86)

AD classification

0.49 (0.47-0.50)

0.64 (0.56-0.70)

0.73 (0.63-0.83)

(Used for training)

0.52 (0.48-0.56)

0.54 (0.48-0.61)

Deep NORAH (w/o CAE pretr.)
Deep NORAH (w/o FC dim. red.)
Deep NORAH (with CAE pretr.)

0.79 (0.71-0.87)
0.98 (0.94-1.00)
0.99 (0.99-1.00)

0.59 (0.48-0.69)
0.70 (0.60-0.79)
0.93 (0.87-0.97)

0.99 (0.99-1.00)
0.76 (0.65-0.87)
1.00 (0.99-1.00)

0.76 (0.67-0.84)
0.65 (0.54-0.76)
0.92 (0.86-0.96)

1.00 (0.99-1.00)
1.00 (1.00-1.00)
1.00 (1.00-1.00)

1.00 (0.99-1.00)
1.00 (1.00-1.00)
1.00 (1.00-1.00)

Separar el aprendizaje de las caracteristicas (CAE) del
detector de anomalias no mejora resultados

Segmentacion + Red siamesa + CAE + Deep SVDD
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NORAH: Deep characterization y Deep SVDD

Distancia al centro como indicador diagnéstico para todas las enfermedades neurodegenerativas consideradas

Method Synthetic MCI AD (ADNI) | AD (OASIS) HSL HSR
AVD 0.72 (0.62-0.81) | 0.56 (0.46-0.66) | 0.55 (0.42-0.67) | 0.62 (0.51-0.74) | 0.95 (0.89-0.99) | 0.94 (0.82-1.00)
NVD 0.82 (0.74-0.89) | 0.58 (0.48-0.68) | 0.62 (0.49-0.74) | 0.64 (0.53-0.74) | 0.95 (0.88-1.00) | 0.94 (0.83-1.00)

ShapeDNA + OC-SVM
LFV 4+ OC-SVM

0.66 (0.56-0.74)
0.93 (0.89-0.97)

0.52 (0.42-0.60)
0.58 (0.49-0.66)

0.66 (0.55-0.76)
0.67 (0.57-0.76)

0.47 (0.35-0.60)
0.65 (0.53-0.77)

0.80 (0.69-0.90)
0.92 (0.88-0.96)

0.90 (0.81-0.98)
0.98 (0.95-1.00)

LeNet-CAE + OC-SVM
Oktay et al. + OC-SVM

0.95 (0.91-0.98)
0.94 (0.90-0.98)

0.48 (0.38-0.58)
0.45 (0.35-0.56)

0.50 (0.37-0.61)
0.48 (0.35-0.59)

0.46 (0.40-0.51)
0.47 (0.42-0.53)

0.77 (0.67-0.86)
0.80 (0.69-0.88)

0.69 (0.56-0.81)
0.76 (0.65-0.86)

0.49 (0.47-0.50)

0.64 (0.56-0.70)

0.73 (0.63-0.83)

(Used for training)

0.52 (0.48-0.56)

0.54 (0.48-0.61)

q AD classification
Deep NORAH (w/o CAE pretr.)

Deep NORAH (w/o FC dim. red.)
Deep NORAH (with CAE pretr.)

0.79 (0.71-0.87)
0.98 (0.94-1.00)
0.99 (0.99-1.00)

0.59 (0.48-0.69)
0.70 (0.60-0.79)
0.93 (0.87-0.97)

0.99 (0.99-1.00)
0.76 (0.65-0.87)
1.00 (0.99-1.00)

0.76 (0.67-0.84)
0.65 (0.54-0.76)
0.92 (0.86-0.96)

1.00 (0.99-1.00)
1.00 (1.00-1.00)
1.00 (1.00-1.00)

1.00 (0.99-1.00)
1.00 (1.00-1.00)
1.00 (1.00-1.00)

Un modelo supervisado entrenado Unicamente para detectar AD
no puede detectar otras condiciones

Segmentacion + Red siamesa + CAE + Deep SVDD



Para mejorar nuestra solucion:

NORAH: Deep characterization y Deep SVDD

Distancia al centro como indicador diagnéstico para todas las enfermedades neurodegenerativas consideradas

Method Synthetic MCI AD (ADNI) | AD (OASIS) HSL HSR
AVD 0.72 (0.62-0.81) | 0.56 (0.46-0.66) | 0.55 (0.42-0.67) | 0.62 (0.51-0.74) | 0.95 (0.89-0.99) | 0.94 (0.82-1.00)
NVD 0.82 (0.74-0.89) | 0.58 (0.48-0.68) | 0.62 (0.49-0.74) | 0.64 (0.53-0.74) | 0.95 (0.88-1.00) | 0.94 (0.83-1.00)

ShapeDNA + OC-SVM
LFV 4+ OC-SVM

0.66 (0.56-0.74)
0.93 (0.89-0.97)

0.52 (0.42-0.60)
0.58 (0.49-0.66)

0.66 (0.55-0.76)
0.67 (0.57-0.76)

0.47 (0.35-0.60)
0.65 (0.53-0.77)

0.80 (0.69-0.90)
0.92 (0.88-0.96)

0.90 (0.81-0.98)
0.98 (0.95-1.00)

LeNet-CAE + OC-SVM
Oktay et al. + OC-SVM

0.95 (0.91-0.98)
0.94 (0.90-0.98)

0.48 (0.38-0.58)
0.45 (0.35-0.56)

0.50 (0.37-0.61)
0.48 (0.35-0.59)

0.46 (0.40-0.51)
0.47 (0.42-0.53)

0.77 (0.67-0.86)
0.80 (0.69-0.88)

0.69 (0.56-0.81)
0.76 (0.65-0.86)

AD classification

0.49 (0.47-0.50)

0.64 (0.56-0.70)

0.73 (0.63-0.83)

(Used for training)

0.52 (0.48-0.56)

0.54 (0.48-0.61)

Deep NORAH (w/o CAE pretr.)
Deep NORAH (w/o FC dim. red.)
Deep NORAH (with CAE pretr.)

0.79 (0.71-0.87)
0.98 (0.94-1.00)
0.99 (0.99-1.00)

0.59 (0.48-0.69)
0.70 (0.60-0.79)
0.93 (0.87-0.97)

0.99 (0.99-1.00)
0.76 (0.65-0.87)
1.00 (0.99-1.00)

0.76 (0.67-0.84)
0.65 (0.54-0.76)
0.92 (0.86-0.96)

1.00 (0.99-1.00)
1.00 (1.00-1.00)
1.00 (1.00-1.00)

1.00 (0.99-1.00)
1.00 (1.00-1.00)
1.00 (1.00-1.00)

Nuestro modelo es capaz de reconocer todas las enfermedades
neurodegenerativas que analizamos!
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Para mejorar nuestra solucion:

NORAH: Deep characterization y Deep SVDD

Distancia pmo indicador diagndstico para todas las enfermedades neurodegenerativas consideradas
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Para mejorar nuestra solucion:
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Distancia al centro como indicador diagndstico para todas las enfermedades neurodegenerativas consideradas
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Para mejorar nuestra solucion:

NORAH: Deep characterization y Deep SVDD

Distancia al centro como indicador diagnéstico para todas las enfermedades neurodegenerativas consideradas
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Para mejorar nuestra solucion:

NORAH: Deep characterization y Deep SVDD

Distancia al centro como indicador diagndstico para todas las enfermedades neurodegenerativas consideradas
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Para mejorar nuestra solucion:

NORAH: Deep characterization y Deep SVDD

Nuestro indice correlaciona fuertemente con los estudios funcionales mas utilizados para diagndstico de enfermedades
neurodegenerativas

CDR correlation MMSE correlation 4 '
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Pensar escenarios nuevos

Los si y los no de Deep SVDD

Te lo resumo asi nomas!

Rethinking Assumptions in Deep Anomaly Detection

— — — @ Che, ¢esto funciona para cualquier imagen?

L, . . Lukas Ruff!* Robert A. Vandermeulen?* Billy Joe Franks® Klaus-Robert Miiller 24> Marius Kloft >
NO! En imagenes naturales, su propio contenido / estructura

mu |tie5ca | d ha ce q ue el m Od elO no p u ed a d Ife ren Cia Fanoma | Ila S. Table 4. Mean AUC detection performance in % (over 10 seeds) for all individual classes and methods on the CIFAR-10 one vs. rest
benchmark with 80MTI OE from Section 3.1.

Unsupervised Unsupervised OE Supervised OE

—— . 4 ° V4 2 Class SVDD* DSVDD* GT* IT* GT+* | GT+* DSAD HSC | Focal* Focal BCE
® ¢_Como hago entonces con Imagenes naturales? Airplane 65.6 617 747 785 715 904 942 963 876 959 96.4
Automobile 40.9 65.9 95.7 89.8 969 99.3 98.1 98.7 93.9 98.7 98.8
Outlier Exposure (OE). Juntar (poquitos nomas) datos que nada Bird 63 08 781 861 &3 937 898 927 786 923 930
que ver (outliers) y entrenar algun bicho de es0s. Hendrycks et al, 2019 Deer 752 609 878 905 927 974 950 966 8.7 966 7.
Dog 512 65.7 87.8 845 90.2 94.3 93.0 94.2 85.6 94.1 942
Frog 71.8 67.7 834 892 909 97.1 96.9 97.9 933 97.8  98.0
Horse 512 67.3 955 929 965 98.8 96.8 97.6 87.9 97.6 97.6
° 4 H Shij 67.9 75.9 933 920 952 : o g gaes - = )
- — — @ ;Y cuando puede servir esto, entonces? Truck 85 731 913 855 933

Mean AUC 58.8 64.8 86.0 86.6 90.1

Datos simples. Con segmentaciones, MNIST, etc. la cosa funca
hermosa. ;Sera un tema de capacidad?

I PATENT

9.
- — — @ ;Qué onda el espacio de caracteristicas?
N Estamos en eso! & '&

Muy compacto. ;Podra servir como discriminador en GANs?
¢Podra usarse para medir calidad de segmentacién?




H Slides aca!

tGracias por su atencion!
¢ Tienen alguna duda? Charlemos!

X @ignaciorlando m José Ignacio Orlando @ jiorlando@pladema.exa.unicen.edu.ar
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