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Introduction
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Dementia Crisis

 Dementia is a severe cognitive impairment that may seriously affect the
health and daily lives of older adults.

* The most common form of dementia is Alzheimer’s Disease (AD).

of seniors die with of Americans over the of Americans with Alzheimer’s diagnoses
Alzheimer's disease or age of 65 are Alzheimer's disease are estimated to
another dementia. It is diagnosed with are women. increase by 40% by
the 6th leading cause of J Alzheimer's disease. 2025.

death.
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Diagnosis of Dementia
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 Dementia can be diagnosed
through intrusive and costly
means

* Neuropsychological assessments | . =« -

* Brain scans T R IAT Y- IR TR Y-
agels BarnE g

* Blood tests Wy 'y WY
Healthy Brain Mild Alzheimer’s Severe Alzheimer’s

 Dementia also manifests itself as spoken language deficits:

 Dementia-induced language impairment could be found in patients several
years before the disease was diagnosed (Mickes, 2007).

* Individuals with progressive cognitive decline exhibit subtle linguistic
impairment even in the pre-stages of the disease (Beltrami, 2016).

* Therefore, dementia can be detected by spoken language processing
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Framework for Dementia Detection

Transcription-

Obtain Feature ] based features
—> o : >\ -— =
transcriptions extraction J e N

Feature
selection

Spoken language
\ biomarkers o Dementia patients,
I Classification :
Non Dementia
Speech-based

Speech Feature ] features >/ a7
recordings extraction J Our focus
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Features for Dementia Detection

The number of sentences per minute, the average number of words per
Lexical features (113) sentence, the ratio of unique words to all words, the number of part-of-
speech (POS) per minute, pronoun-to-noun ratio, noun-to-verb ratio

Transcription- Word embeddings extracted from the “electra-hongkongese-base-

ELECTRA features (768)

based discriminator” model
Number of pauses per minute, pause-to-word ratios, total duration of pauses
Pause features (30) per minutes, mean duration of pauses, ratio of pause-duration to word-
duration
Acoustic features (30) Formants, loudness, pitch, zero-crossing rate, etc

COVAREP features (518) Prosodic features, voice quality features, MFCC, etc

IS10 paralinguistics PCM loudness, eight log Mel-frequency bands, eight line spectral frequency

e (1582) pairs, FO envelope, voicing probability, jitter, and shimmer

Mel-frequency cepstral coefficients (MFCC), fundamental frequency

Emobase (988) (FO), FO envelope, line spectral pairs (LSP)

88 features are selected based on their potential for characterizing

Sl 2] physiological changes in voice production
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Deep Neural Networks for Feature
Selection
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Motivation

* Linear Regression Model: Given d predictor variables x = (x4, ..., Xj, ...

the response f(x) is predicted by:

f(X) ~ f(X) = ﬁAO +,BA1X1 + .- +,3A]x] + .- +ﬁAdxd
where

oy o

P>, ﬁj, ooy ﬂAd are model parameters

* The effect of a given predictor x; on the model can be evaluated

through the value of Bj:
e When Bj > 0: x; may have a significant positive effect on the model

* When Bj ~ 0: x; contributes little to the prediction and can be
removed from the model

) xd);



Analogy to 1-layer Linear Network

4 )

_ T.. )
= (Z1,...,%;,...,L4) :input variable vector

\'w = (fwl, vy Wiy ey Wy )T: network’s weight vectorj

A one-layer linear network is equivalent to the
linear regression model.

The network’s output is
y=w x=wz + - +tw;z;+ - +wz,

We formulate a one-to-one correspondence
between the input variables  and the network’s
weight vector w:

dla:g{w}w — (wlxly°°'7wjxj7'“7wdxd)T7

By setting ® =1, we obtain the feature importance
vector:

c =diag{l}w = (wy,...,w;,...,wy)".



Extension to Multi-layer Network

~

GZ—Iayer network with [; nodes in the hidden layer:

27 @ ®
4 1

w,

7xd)T

= (1,...,%,... - input variable vector

W isa d X1, weight matrix connecting the input vector
to the hidden layer.

2) 2 2 2 . .
w® = (wf®,..,w?,...,w*)"is the weight vector of the

\output layer. /

Given a d-dimensional input vector x, the
output of the hidden layer is

o =g((WW) z)eR",

The output of the network is:

y=(w®) o = (w) g(W") ).

By setting & =1 , we obtain a d-dimensional
feature importance vector:

c=g (diag{1}w<1>) w?® =g (W(l)) w®
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Dual-Net Feature Ranking
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Dual-Net Architecture

Updated Updated o’
0perat0r Parameters ¢' Fakdinetce> T
T Update parameters
Update [ ° p“ ]
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7 ) Feedback Obtain
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Target ya[ Obtain loss ] fs(z59)

Selector
network with
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Operator
network with
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c using Eq. (9)
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Learning Objectives

Operator's objective: Lo (M, Z;¢) = -0 |Z||/\/l| Z Z (x O 2z,y;%)

ze Z (z,y)e M

szgO) |M| Z l(m®zay7¢)‘}
(z,

y)eM

Selector’s objective: Lg(Z;¢p)= Z {

zeZ

M ={X,V}: amini-batch comprising | M| pairs of (x,y)

T € X Input feature vector of dimension d

y< V: target

w: the operator’s parameters

: the selector’s parameters

Z: Feature mask generated by the vector ¢ obtained from the selector
 The operator is trained on the features obtained from the selector to

reduce classification loss.

 The selector learns to predict the operator’s learning performance
using the selected features
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Visualizing Ranked Features

Rank the pixels for differentiating Digits ‘3" and ‘8’
Display the feature importance vector ¢ on top of Digits '3" and ‘8’

Intensity o< feature importance
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Evaluation on Dementia Data
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Dementia Data

 The JCCOCC Montreal Cognitive Assessment (MoCA) Cantonese Speech
corpus was collected by the CUHK Jockey Club Centre for Osteoporosis
Care and Control.

- JCCOCC-MocA

Language Cantonese
Task Fluency tests (animals, fruits, and vegetables),
Number of subjects 43 (healthy subjects) vs. 43 (Possible NCD)
Number of samples 129 samples for the healthy subjects, and 129 samples for the possible NCD
Classification 2 classes

Manual transcripts Yes

17
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Performance (w/o Feature Selection)

Veatope ot S repetitions of leave-n-subject-out CV

ACC PRE REC F1
Lexical (113) 0541 0.555 0.556 0.532
ELECTRA (768) 0572 0576 0577 0557
Pause (30) 0.550 0.557 0.560 0.539
Acoustic (30) 0.481 0486 0.488 0.463
COVAREP (518) 0.380 0409 0419 0.376
IS10 (1582) 0.519 0.535 0.539 0.508
Emobase (988) 0.531 0.544 0.551 0.518
eGeMAPS (88) 0.533 0.545 0.548 0522
All features (41 17)\ 0.584 0.590 0.591 0.566

The transcription-based features generally outperform the speech-based features,
while combing all the feature sets achieves the highest detection accuracy.

N\

No. of features
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Performance (w/ Feature Selection)
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0 500 1000 1500 2000

Number of features in feature subset

Method Highest accuracy Average accuracy
DFS [21] 0.593 (110) 0.581
DropoutFR [22] 0.583 (1970) 0.569
DDR [23] 0.591 (270) 0.581
DeepFIR [24] 0.590 (1830) 0.577
RF [25] 0.583 (1970) 0.566
DFR 0.601 (290) 0.583

The proposed DFR identifies some small feature subsets that achieve the highest
accuracy among the methods investigated.
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Ranks of Selected Features

Semantic, syntactic, and lexical

e\
o /\ ) Transcription-based Speech-based
Acoustic ELECTRA  mza (S10 W4 Emobase
/ Lexical m»Z COVAREP Acoustic

4 cGeMAPS

Selection frequency
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Features

 ELECTRA, which captures the semantic, syntactic, and lexical information in the
transcriptions, ranks highest.
 But some acoustic features also rank fairly high
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