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Introduction

Attention : A cognitive process of selectively focusing on a discrete aspect of
information, while ignoring other perceivable information

- Cognitive attention is a complex process of the brain

- Cognitive psychologist & Neuroscientist have been studying it for decades,
motivated by WW-II, fighter pilots.

- Cognitive Attention : Auditory, Visual, and Task oriented

- Theories of attention (auditory) : Filter theory, Early selection and
Late selection, Cognitive load theory.

- Experiment for Auditory attention : Widely used experiment
setting - dichotic listening task.

Problem : Does auditory attention* modulates the physiology? Can it be
estimated from such signals?



Experiment design

- Experiment based on dichotic listening task

- Stimuli
- Generated non-semnatic (1700) stimuli from semantic (5000) Physiological responses (R)
S1:1am going to study. S2 : 1 would like to read some books. RN AV A AV AV A S
) . :F;ww%w AN
S3 : Let’s touch enjoyable go.  S4 : | have a hey big are we dog. 7wt Nwww R Al LS
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- Auditory conditions S ey
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- S: Semanticity: {0,1} e

- L: Length of Stimulus {L1, L2, L3} oo

’ ’ Noise Level (N)- | Qe
Semanticity (S)- | = | —
- Attention score (A): [0,100] . Length of stimulus (L)-| ——O= | —

- # correct words/ #total words in stimuli A Audltory Listener Auditory attention

conditions score (A)




Physiological signals

Three physiological signals were recorded

1. Electroencephalogram (EEG): 14 Channel with Emotiv Epoc, wireless device. EEG signals were
filtered while recording to remove high dc

Ye(n) =2 (2o () — xe(n — 1) + ye(n = 1)), o =256

2. Galvanic Skin Response (GSR): With 2 copper plates, interfaced with Arduino. Two GSR signal
streams were recorded: Instantaneous and moving averaged

1 —
Yg(n) = ;legﬂ} xg(n - k)
3. Photoplethysmogram (PPG): was recorded from Pulse sensor, interfaced with Arduino. Three

streams of PPG signal were recorded, PPG signal, Beat Count (BPM), Inter Beat interval (IBl),
using source code provided by manufacturer of pulse sensor

All signals were sampled at 128 Hz




Experiment procedure

* Subjects: A group of 25 non-native speakers,
different nationality, and first language

e Age:16-35, Gender: 21 Male, 4 Female

e 144 trials for a subject, including all the auditory
conditions play

button one trial

* Average time for a subject 40+10mins

-One trial:
Listening -> Writing -> Resting

submit play
button button
press press

Listening...

R .




Subtask——[RestingHUstening} : Writing — Resting [ Listening . Writing
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From 25 Subjects:

EEG 14 Channels
o
N

57

Signals: 19 signal streams at 128 Hz

- 14 Channel EEG signal o
- 3 signal streams from PPG 2 'm h"W
- 2 signal streams from GSR 7 M
Labels
- State of task (T): Listening, writing, resting 8 1:;:)-%
- Auditory conditions (N,S,L) 1]
- Attention score (A) -
* PhyAAt: Physiology of Auditory Attention to Speech Dataset gl
* https://PhyAAt.github.io g;g

302.5 305.0 307.5 310.0 312.5 315.0 317.5 320.0
time (sec)



Collected data

Signal Files:

*TimeStamp : Time stamp - normalize to start with 00 Hour
‘AF3’ ..”AF4’ . 14 Channels of EEG Signals

*PPG : Raw PPG signal

*BPM : Pulse Rate in Beats per minute

*IBI : Inter-Beat-Interval

0 : Zero (Just a divider for alignment)

egsrRaw : instantaneous GSR signal

*gsrLPF : Lowpass GSR Signals (Moving averaged of past 100
samples)

.Label N: Noise Levels [-6,-3,0,3,6,1000] dB

-Label S: Semanticity Label: 0-Semantic, 1-Non-semantic
eLabel T: Task: O-Listenting, 1-Writing, 2-Resting

*CaselD : CaselD An identifier code for experimental condition, encoded
value of noise level and semanticity

Dataset

Readme.txt

Demographics.csv

Signals

S1

| S1 Signals.csv
L S1 Textscores.csv

S2

——— S2 Signals.csv

L S2 Textscores.csv

S25

—— S25_Signals.csv

L S25 Textscores.csv



Analysis of attention scores
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*Article: Analysis of Factors Affecting the Auditory Attention of Non-native Speakers, Electronic Journal of e-Learning



Analysis of attention scores

Individual analysis and comparing different experimental groups
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Formulation of predictive tasks

T1: Attention score prediction

A fa(R)
by solwng = JalR)
mianE(fA)

where £(f,) is expected risk

E(fa) = E[L(A fa(R))]
andis £(.,.) loss function and E[.] is
expectation operator.

T3: Semanticity prediction
= fs(R)

T4: Subtask prediction - LWR
= fHR)

T2: Noise level prediction

= fN(R)

Feature extraction: R =2 F

Physmloglcal responses (R)

N - . - . ~
[N N, \ A FAN ™ e
o '\\,// o ) N N S N/ e ppG

Noise Level (N)- | sQ)m=
Semanticity (S)- | = | : — —
. Length of stimulus (L)- | =—=Q= | :

Auditory Listener
conditions

Auditory attention
score (A)

r



Feature extraction framework (procedure)

Segment-wise feature extraction Window-wise feature extraction o
e U
eature f2
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P71 AR TS A el A B A .
s m Depending on the task and
oy MV biective diff ‘
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Analysis of EEG signals

LG [1==1He N MW
H v an:%m AN NN
Frequency Bands of EEG Signal: i S e A e

-Delta :0.1—-4Hz
-Theta :4-8Hz

- Alpha :8-14Hz
- Beta 14 — 30 Hz eI

- Gamma (Low) : 30-47 Hz
- Gamma (High): 47-64 Hz

Before We use EEG, we have an issue:
Artifacts in EEG




Predictive modelling: Baseline

Before any further processing

Features: _ _
o 84 features from EEG (14 x 6), power in each Task Accuracy/MAE
frequency band Train Test
> 10 features from GSP and PPG, mean and standard 1. Attention Score® : Regr. 8.920 37.234
deviation 2. Noise level? : 3 classes 0.625 0.493
3. Semanticityb : 2 classes 0.753 0.396
Models: b
. _ , 4. LWR" : 3classes 0.797 0.704
o Classification: Support Vector Machine with RBF
kernel 4Huber Regression(epsilon = 1.35)
o Regression : Huber Regression bgym (RBF )

Performance Measure

o Accuracy for classification

° Mean Absolute Error (MAE) for regression
o 10-fold cross validation
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Artifact removal algorithms

Blind Source Separation — ICA based approach

ICAY4 -
ICAL3 -\ fv/ \:’\,\,,—.J‘\/'MWW\W\/"M WA AN A

A4 - = IcALZ -
g w S X
Eg _P\[\\ /\ ICATL '/\,/ \.-/W\J'\/\-/\N\/\AA/\/'\/\'
FC6 - N ICAID -
g G ICAS -
- -
01 =
Ti- ICAS -
F -
gg ALY — 1CA4 -
F7 - ICAT -
A ICAZ -
ICAY -
1 1 1 1 1 1 1 1
000 025 050 075 100 0 125 150 175 000 025 050 075 100 125 150 175

Wavelet based approach: hard thresholding

X5 (k)
median(|w
> Global threshold: 0 =a0./2logN o = (Jw]) u—[:’_'—[::;( ®)
x(n) E I

0.6745 I
»X2, (k)

o Statistical threshold: 0 =155D(w) - X%, (k)




Wavelet Packet Decomposition (WPD
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WPD based artifact removal algorithm

Approach
rnr—-——--=-=--=-=--"—-"—---- - - -—"-"-"=-"=-—-=—-=—-=- A
— [ L _ 7] EEG signal . . X (n) Wavelet packet
x(n) = z _ kX] (k)l.'J] (Tl 2 k) x(n) — nghg?s,_sl filter Y > decomposition
i, (>1 Hz) WPD (L-level)
X1.(k)

in(k) = (x(n),tp]‘: (n — ij))

|
:
|
I
I
|
. . ) | -
X(n) = Ei,k A (X § (k)) Ph(n—27k) i 0 : Waveift( T-I)termg
I
i
|
I
I
I

XL (k)

Corrected Signal .
~ Reconstruction of
X(n) «——

. Inverse WPD
signal
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X/ (k) = S} (k) + V} (k)

___________________________



Modes of wavelet filtering

Elimination .
1 (w) = w if lw| <6,
0 else
Linear Attenuation
‘w if lw| <8,
A (W) = ¢ o ([1- W =%\ oy <0
aW) =1 sgn(w)by | 1 ="~ if 0o < |w| < 6p
5 a
0 otherwise
Soft-thresholding
w if lw|l <8,
A(w) =<1 —e W
Wga else ‘e 1 ]Ogea 0
0, °0+6

200 -
150
100 -

50 7

—50
—100 A
—150 A

—200 A

—— Elimination

—— Linear attenuation
— Soft-thresholding

T
—400

T
—200

T
200

T
400

0,

0,



Threshold selection

Based on interquartile range (r)

Pr (max|Sj| > fﬁ(r)) - 0,

r — 0O

Oy = = kzexp<—,3ﬂt> Jorz- - log(ky/k3)
o = fp(r) = k, 2 1008

k4 otherwise
e e . | | —
/ / 2B —
0.8 I / e = 80 \\ S 3=0:3 i
[

/ N \\\ — s-0s |
// ;/ B 3"“\\\\ \\ \\

i
1.0 i

B=0.9

Threshold: 6,
8 2
—

Energy ratio: g’—

—— SD=85,r=104 | 20 \ \ N ~_
/ SD=13.7, r=10.0 N ~—~
10 k1
—— SD=16.9, r=10.9
0.0 T T T 0
ki 25 50 75 100 125 150 175 200 0 20 40 60 80 100 120 140 160
Threshold: 8, IQR:r



Summarized algorithm

B=0.01, PR =50

w1 T A | T Algorithm 1 Tunable algorithm for artifact removal from EEG
E s0 4 | | : signal using wavelet decomposition
2 Input: Single channel EEG signal x(n)
E 04 Output: Corrected EEG signal x(n)
ﬁ Parameters choice :

; ; : | ; : Wavelet family:(say db3), window size: N samples
1.00 1.25 150 175 2.00 2.25 2.50 2.75 3.00 Bounds on threshold 6,: [k}, k7] (say [10, 100] or [0.1, 1.0])
-1 T 1 & . T T T Wavelet filtering mode: A,(-), A4(+), or A4(-) and correspond-
ing O (O = 26,) or 0, (6, = 0.80,)
Threshold selection parameter: 8 (say 0.1), IPR (say 50%)
Procedure:

1: Filter the input signal x(n) with high pass filter of cut-off
: ; : frequency 1 Hz: x,(n) « x(n)
1.00 125 150 175 2.00 2.25 2.50 275 3.00 2: while all windows of x;(n) are extracted do

Extract a window of signal with 50% overlapping:
X, (n) « xp(n)

Compute L-level WPD: X; «— WPD(x,,(n))

Compute 6,

Apply wavelet filtering: X; « A(X)

Reconstruct signal with IWPD: X,,(n) « I wWPD(X;)
oo - e - o e Tt e . Synthesize the entire signal with overlapping add method:

time{sec) X(n) « x,(n)...

Linear Attenuation

bt

Elimination

e AN




InfoMax FastICA Filtered (1-40Hz)

Ext-InfoMax
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Results: Performance of predictive tasks

After applying artifact removal algorithm

* Extracting power spectral features:
Total power in 6 frequency band, for
each channel, 84 features, using
segment-wise

* Models: Support Vector Machine with
RBF, C=1 and Huber regression

* Data of one subject with 10-Fold cross

validation

Automatic and tunable algorithm for EEG artifact removal using )
wavelet decomposition with applications in predictive modeling =
during auditory tasks

Contents lists available at ScienceDirect

Biomedical Signal Processing and Control

journal homepage: www.elsevier.com/locate/bspc

Nikesh Bajaj*"*, Jestis Requena Carrién?, Francesco Bellotti”, Riccardo Berta?,
Alesandro De Gloria®

2 School of Flectronics Engineering and Computer Science. Queen Mary University of London, UK
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LWR Sementicity Noise Level | Attention score
Method Accuracy Accuracy Accuracy MAE
Tr Ts Tr Ts Tr Ts Tr Ts
Filtered signal (baseline) Wik A e e et R i el e
FastICA 0.793 0.701 | 0.785 0424 | 0.592 0493 | 8.153 37.176
ICA InfoMax 0.828 0.722 | 0.833 0.458 | 0.644 0.472 | 8.509 38.490
Ext. InfoMax | 0.859 0.752 | 0.898 0.542 | 0.682 0.444 | 7.206 36.790
WPD: Soft-Thr. 0.899 0.766 | 0.939 0.597 | 0.802 0.493 | 7.798 36.893
IPR =50, | Lin. Atten. 0.884 0.780 | 0.892 0.556 | 0.731 0.486 | 8.482 38.435
p =06 Elimination 0.887 0.778 | 0.892 0549 | 0.748 0507 | 7475 33322
WPD: Soft-Thr. 0.892 0.782 | 0934 0.576 | 0.804 0.493 | 8.479 38.899
IPR =50, | Lin. Atten. 0.891 0.769 | 0.910 0.500 | 0.773 0.493 | 7.304 32.746
p£=09 Elimination 0.883 0.782 | 0.944 0.583 | 0.792 0.514 | 8.002 34.891
WPD: Soft-Thr. 0.894 0.782 | 0.936 0.583 | 0.793 0.507 | 8.235 41.825
IPR =70, | Lin. Atten. 0.888 0.773 | 0924 0.493 | 0.781 0.500 | 7.481  33.908
£ =06 Elimination 0.895 0.796 | 0.957 0.611 | 0.818 0.514 | 8.174 35.811
WPD: Soft-Thr. 0.895 0.792 | 0.934 0.597 | 0.792 0.500 | 8.557 39.828
IPR =70, | Lin. Atten. 0.892 0.780 | 0.927 0.514 | 0.781 0.507 | 7.701 34474
£=09 Elimination 0.894 0.787 | 0.958 0.611 | 0.809 0.507 | 7.768 35.542




Results: Others

I I W Artifact-free -
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Predictive Tasks: All the subjects

Performance of all the subjects in different tasks, using a model (SVM) and spectral
features

T4 T2

104 —— Random chance
0.8 4 E Training
B Testing
0.8 1
0.6
a 0.6 a
o I
g S os
& 041 2
0.2 021
0.0 0.0-
S6 S7 S8 SO S10 S11 S12 S13 Sld S15 S16 S17 S18 S19 S20 S21 S22 S23 S24 S25 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15 S16 S17 S18 S19 S20 S21 S22 S23 S24 S25
107 —— Random chance
50 T T I Training
0.8 B Testing
40 4
>
g 0.6
= w3
=] <
V] =
£ o4
204
0.2 10

0.0~

=)
o

S1 S2 S3 sS4 S5 S6 S7 S8 S9 S510 S11 S12 S13 S14 S15 S16 S17 S18 S19 S20 S21 S22 S23  S24 S25 S1 S2 S3 sS4 S5 S6 S7 S8 59 S10 S11 S12 S13 S14 S15 S16 S17 S18 S19 S20 S21 S22 S23 S24  S25




For attention score and noise
level, Spearman’s rank
correlation

Analysis of EEG: Correlation analysis

Correlation of each channel with given activity average across all the participants

14-30Hz 30-47Hz 47-64Hz

MNoise level Attention score

Semanticity




Applying Deeplearning: CNN
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Inter-Subject Dependency analysis

. . . Tested on
- For Task 1: LWR classification using CNN
1.0
- Individual Subjects
- Inter-subject Dependency Analysis 0.8
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*Article is under review




Conclusions

https://PhtAAt.github.io
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Physiology of Auditory Attention

..............

The experiment and collected data is unique of its kind

Brain activity from collected data shows consistency
with literature

Proposed artifact removal algorithm gives control to
tune the parameters and perform better than state-of-
the-art algorithms

Collected data can be used to analyse and understand
the auditory mechanism of brain

All the resources ﬁdata, helper code, library and
reproducible results) are* shared on project homepage:
https:PhyAAt.github.io

All the source code and algorithms are* distributed with
python library: phyaat, which can be installed using pip

- pip install phyaat

(PhyAALt):

Predictive analysis with physiological signals

Home | Experiment paradigm | Dataset | Algorthms | Analysis | Predictive modeling | Aushors |
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A guick start with SVM (LWR
task)Starting with LWR classification
using Rhythmic features (spectral)
without artifact removal

T M et i e Lo

All four predictive tasks using SVM
Applying ICA based artifact removal,
Segment-wise feature extraction

Getting Started: Introduction
Installation, download data and
extract segments and features for
predictive analysis

11

Feature Extraction Framework
Segment-wise & Window-wise feature
extraction, for details check the article

Using External Libraries Extract
EEG, G3R, and PPG signals, process
with other libraries or your own
custom function and apply predictive
modeling

Tuning the preprocessing
parameters Tuning the parameters of
filtering and Artifact removal method




#PhyAAt

For paying Attention*

*At least Auditory one

Any
Questions ?

https://PhyAAt.github.io
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ANOVA — Attention score

Variable(s) F-ratio p — value ﬂgarﬁal,
Noise level (SNR) F(5, 120) = 238.500 ~ 10— 16 0.909
Length of stimulus F(2, 48) = 95.9220 ~ 10— 16 | 0.800
Semanticity of stimulus F(1,24) = 115.611 ~ 10— 10 0.828

Noise*Length*Semanticity | F(35, 840) = 72.771 10—16 | 0.752




Hierarchical clustering
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CNN — Feature maps
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1.0

ISD Analysis
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Artifact removal algorithm
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Artifact Removal Algorithm: Tunable, based on WPD
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Artifacts in EEG

-EEG signal is contaminated by artifacts .
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Conclusions

https://PhtAAt.github.io

- Brain activity from collected data shows
consistency with literature

- Collected data can be used to analyse and
understand the auditory mechanism of brain

- All the collected data and results are* shared
on project homepage: https:PhyAAt.github.io

-All the source codes and algorithms are*
distributed with python library: phyaat,
can be installed using pip

: pip install phyaat

*in progress
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Physiology of Auditory Attention
- (PhyAAt):

Predictive analysis with physiological signals

Home | Experiment paradigm | Dataset | Algorithms | Analysis | Predictive modeling | Authors |

The dataset contains a collection of physiological signals (EEG, GSR, PPG)
obtained from an experiment of the auditory attention on natural speech.
From dataset, four predictive problems have been formulated. Python scripts
are provided for preprocessing, visualizing, removing artifacts, predictive
modelling and feature engineering.

Physiological responses (R)

= Article on Artifact Removal is
[y
online

= Article on Dataset and
sy
Experiment Design is here

Dataset & Modeling

Noise Level (N)-| ==O= | :
H Semanticity (5 )-| O : )
* Lengthof stimulus (L)- | s | - Excecute all notebooks with
: . . ) launch [binder
Auditory Listener Auditory attention
conditions score (A)

Development

+ All material Free Software: The 3-
Clause BSD License.




Formulation of predictive tasks

T1: Attention score prediction Physiological responses (R)
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Feature extraction: R 2 F,



