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Exis t ing Cha lle nge s
● EEG signa ls a re highly non-linea r and non-sta tiona ry, 

making them noisy and cha llenging to ana lyze.
● Limited ava ilability of public da ta sets restricts the ability 

to develop and va lida te models
● lack of standa rdized interna tiona l protocols, 

complica ting consistent da ta  collection and ana lysis
● Extracting significant fea tures from EEG da ta  is difficult



slidesmania.com

Ob je c t ive s
1. Develop new a lgorithms to break down da ta  for a na lysis
2. Use existing a lgorithms to cla ssify pa tients using da ta  
3. Va lida te existing methods for cla ssifying pa tients
4. Visua liza tion of decomposed da ta  signa ls a nd fea tures

Introduce new da ta  processing/ana lyzing techniques while 
using existing machine lea rning methods for sorting and 
cla ssifica tion
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In t rod uc t ion  t o  Alzhe im e r’s
- Characterized by permanent degrada tion in bra in neurons

- 100% Fa ta lity Ra te - 7th leading morta lity ra te in US

- Symptoms : Memory loss, disorienta tion, behavior change, 
persona lity change

- Active Methods rely on ea rly detection to curb symptoms
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Da t a  Pre p roc e s s ing 1
Electroencepha lography (EEG) :

● Measures electrica l activity 
genera ted by neurons in the 
bra in using electrodes placed 
on the sca lp

● Postsynaptic potentia ls of                       
pyramida l neurons

● High tempora l resolution and 
non-invasive
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Da t a  Pre p roc e s s ing 2

Step 2

Step 1

Step 3

Step 4

Step 5

Butterworth Band-Pas s  Filter (0.5-45 Hz)

Standardizes  s ignal by us ing A1 and A2 as  references

Automatic artifact rejection technique (ASR)

ICA Method - RunICA Method

Signa l Processing
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Signa l Proc e s s ing
Empirica l Mode Decomposition

~ Decompose non-linea r and 
non-sta tiona ry signa ls into finite 
number of components
~ Sub-ca tegories (EMD, EEMD, 
MEMD, NA-MEMD, etc)
~ Significant fea tures capture 
without distorting time domain

Power Spectra l Density

~ Measures the signa l’s power 
over the frequency domain.
~ Used with RBP for bandpower 
extraction
~ Used for understanding energy 
and power distribution
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Vis ua ls

AD HC FTD
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~ 19 sca lp electrodes and 2 reference electrodes

Da t a  Ove rvie w

AD FTD HC

Recorded 
Time

Tota l (min) 485.5 276.5 402

Ra nge (min) [5.1, 21.3] [7.9, 16.9] [12.5,16.5]

Age
Average (yrs) 66.4 63.6 67.9

SD (yrs) 7.9 8.2 5.4

MMSE
Average (yrs) 17.75 22.17 30

SD (yrs) 4.5 8.22 0



slidesmania.com

Da t a  a nd  Fe a t u re  Ab s t ra c t ion

Step 2

Step 1

Step 3

Step 4

Step 5

PSD - bandpower - extraction (a lpha, beta)

Multivaria te Empirical Mode Decompos ition 

Feature Extraction (s ee next s lide)

Machine Lea rning Models (SVM, XGBoost, R-forest)

Cross Va lida tion (LOSO, K-fold)
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Fe a t u re s  
Ext ra c t e d

1. LBP - normalize bandpower
2. Norm - overa ll power
3. Energy - intensity 
4. HFD - complexity 
5. KFD - irregula rity and self-simila rity
6. LZC - randomness via  distinct pa tterns
7. MF - dominant frequency
8. HP (AMC) - tempora l properties
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K- fold  Va lid a t ion
● K = 10  (ap p lie d  ML)
● K = n (LOSO)

Machine Learning

Cross Validation

Sup p ort  ve c tor mac hine  (SVM)
XGBoost  (XGB)
Rand om Fore s t  (RF)
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Find ings / Conc lus ion

HC v. AD HC v. FTD AD v. FTD

Acc. F1 Acc. F1 Acc. F1

SVM 56% 71% 57% 71% 62% 75%

RF 65% 65% 68% 72% 63% 77%

XGBoost 65% 66% 66% 72% 62% 77%
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Find ings / Conc lus ion

Channel-Sample Original (s) New (s) SpeedUp

5-500 2.50 2.82 11%

10-1000 5.27 3.43 54%

15-5000 22.64 12.56 80%

20-10000 86.83 31.69 174%
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Sum m a ry of Conc lus ion
Ma chine Lea rning

● Testing accuracy of 68% on 
sma ll da ta

● XGBoost provides good 
accuracy with fa ster 
execution.

● RF delivers the best 
accuracy but with higher 
time overhead

NA-MEMD

● New MEMD method is 
exponentia lly fa ster than 
a lterna tive

● Prototype for NA_MEMD with 
expansive noise options
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Fut ure  Im p rove m e nt s

Preprocessing

Alterna tive a lgorithms 
and a rtifact remova l

Bandpower

Further bandpower 
decomposition [0-
4Hz], [13-45Hz]

Fea tures

More fea tures focusing 
on multiva ria te 
rela tionships

Implement neura l 
networks (CNN, RNN, 
etc)

ML + Cla ssifier
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Tha nk you!

Que s t ions ?
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