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Time delay autocorrelation analysis of EEG time series for the patients of early mild Alzheimer's disease 
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Abstract: In this report, we applied non-linear time series modeling techniques to analyze the EEG time series for 
early Alzheimer's disease collected from the Kaohsiung Armed Forces General Hospital. Our study has revealed that 
electroencephalogram (EEG) signals in Alzheimer’s disease (AD) patients is more chaotic than those of healthy 
subjects. The EEG measurements were approved by local IRB in June of the year of 2016. 25 subjects were 
collected and the changes in EEG signals start at early stage were found for five subjects specifically. To detect this 
changes, cross correlation of the EEG series modified with different delay time were applied to the 5 patients of 
mild AD and 60 healthy subjects. We have compared the right and left temporal lobes of the brain with the rest of 
the brain areas including frontal, central, and occipital as temporal regions are relatively the ones being affected by 
the neuron-pathogen of AD. At the end, all the data are assessed by statistical analysis. 
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Introduction 
EEG signals are functional time series to 

evaluate cognitive disturbances. It can be used as a 
clinical diagnostic tool. A great deal of research has 
already been conducted to detect the chaotic 
characteristics in EEG signals [1]. Alteration of the 
rhythm abnormality in EEG signals of AD [2] have 
shown a decrease of alpha power and an increase of 
theta (4–8Hz) power in corticocortical and subcortical 
parts of the brain [3]. Babiloni et al. [4] claimed that 
the reduction of the chaotic occurs both at 
interhemispherical (delta-beta2) and frontoparietal 
(delta-gamma) electrode for AD patients. 
Topographically analyzing the EEG signals, Hogan et 
al. [5] reported more chaotic evidence of upper alpha 
band between central and temporal cortices for the 
healthy subjects than early mild AD patients. The 
rhythm abnormality of autocorrelation between higher 
low-frequency amplitude and alpha-beta activity at 
frontal region may reflect an early sign of cortical 
atrophy during the course of AD [6]. The concept of 
power spectral density analysis method is used to 
analyze the rhythm abnormality between pairs of 
signals and entire EEG channels at the same time 
respectively [97. Further study is still necessary to 
analyze the rhythm abnormality of brain [9]. Any 
disturbance in the brain, caused by a disease or any 
other infection, can highly affect the chaotic 

characteristics of brain. The previous reports indicated 
that chaotic characteristics exist in the EEG time 
series system. It is an interesting issue to find a 
technique based on phase space dynamics used to 
analyze and predict the source of the EEG signal 
perturbation of mild early AD. As EEG data is highly 
nonlinear and also varies with delay time [8-14]. It 
may change abruptly when entering the perturbation 
of pathogen signal. Therefore, EEG time series system 
is a complex entity. Here we explored the ability of a 
multitude of linear and non-linear autocorrelations at 
different delay times to discriminate between the 
EEGs of patients with mild early degree of AD and 
healthy control subjects. The EEG channels and their 
proper function are critical for acquiring high quality 
data for interpretation. As it is known from 
tomography, different brain areas should be related to 
different functions of the brain. Each channel is 
located near certain brain control areas, such as F7 is 
located the area for rational activities as well as 
intentional and motivational areas, F8 is located to 
sources of emotional impulses. Cortex around C3 and 
C4 are to deal with sensory and motor functions. P3 
and P4 are located to contribute the activity of 
perception and differentiation. Near T3 and T4 
emotional processors are located. At T5 and T6 are 
located for certain memory functions. Primary visual 
areas can be found bellow points O1 and O2 [15]. In 
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this study, we choice the observations in T5 channel 
to check the difference of correlation distribution 
between healthy subjects and AD patients. 
Methods 

Subjects 
Twenty-five subjects including 5 patients 

diagnosed with early probable AD agreed to 
participate this study. Patients had been referred to the 
outpatient memory clinics of the Kaohsiung Armed 
Forces General Hospital, Kaohsiung, Taiwan, ROC. 
Control subjects were recruited through web news. All 
subjects underwent general medical and questionnaire 
investigations as part of the standard diagnostic of 
dementia. The study was approved by the Institution 
Review Board in Kaohsiung Armed Forces General 
Hospital. Written informed consent was obtained from 
all subjects. 
EEG Clinics 

EEGs were recorded using a Nihon Kohden 
apparatus with 16 Ag electrodes placed according to 
the 10/20 system shown in Figure 1. The EEG was 
band-pass filtered from 0.16 to 70 Hz for display and 
analysis. EEG recorded at channel of T5 for an early 
AD patient and a healthy subject are shown in Figure 
2. 
EEG Analysis Algorithm 

In Table I, it is listed the function of the brain 
versus EEG channels. In this study, we calculated the 

delay time ԏ determined under the criteria of 

1
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 for EEG signals in channel T5 near the 
memory functions of brain, in which we can realize 
the variance of the auto correlation in a specific EEG 
channel between the AD patients and healthy subjects. 

 
Figure 1: The 16 channels used for EEG recording 
[15] 

 

  
(a)           (b) 

Figure 2: EEG recorded at channel of T5 for (a) an early AD patient and (b) a healthy subject 
 

Table I The function of the brain correlated with the 
EEG channels 
EEG Channel Functions of the Brain 
C3 and C4 Sensory and motor functions 
P3 and P4 Perception and differentiation 
T3 and T4 Emotional processors 
T5 and T6 Memory functions 
F7 Rational activities 
F8 Emotional impulses 
O1and O2 Primary visual areas 

 
 

Results and Discussions 
As the EEG observations are affected by the 

phase delay time ԏ of pathogen signal of AD, we 

could use it to determine ni
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 to 
identify the early AD patients and normal subjects if 

the
,d
n,iA

 is clinically confined. The calculated d 
values are listed on Table II. Basically, d is used to 
determin how chaotic signal is [17], therefore, the 
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relationship between d and 
,d
n,iA

 for AD patients as 
welll as normal subjects thus can show the chaotic 
characteristic of the EEG observations. Some previous 
researches reported that EEG signal of early AD 
patients was found leass chaotic than normal [16]. 
Inthis report, we specifically reveal d in EEG at T5 as 

a marker to identify early AD patients. Further studies 
are necessary to investigate the clinical meaning of 

,d
n,iA

 and the phase delay when a neuron is pulled the 
trigger shown in EEG received at T5 channel or other 
channels. 

 
 

Table II Calculated values of 
,d
n,iA

 for AD patients and normal subjects (p<0.001) 
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= 21

1954619545

XX

XX
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Early AD patients 1.53 1.66 
Health subjects 0.99 0.98 

 
 

Conclusion 
This study is based upon EEG Chaos study 

through the calculation of 
,d
n,iA

 to check the rhythm 
evoked potentials in EEG T5 for AD patients and 
health subjects. Software algorithm, mathematical 
model and causal analysis applied to the diagnosis of 
early mild AD are expected for further study. 
 
References 
1. Yasser Shekofteh and Shahriar Gharibzadeh 

(2013): Are Chaotic Models of EEG Signals 
Useful in Diagnosing 
Attention-Deficit/Hyperactivity Disorder? 
Clinical EEG and Neuroscience 2014, Vol. 45(1) 
57–58. 

2. Kenneth Rockwood, Matthew Richard, Arnold 
Mitnitski (2014): Modeling how the intensity of 
the initial treatment response forecasts dementia 
progression in Alzheimer’s disease. Alzheimer's 
&Dementia: The Journal Of The Alzheimer's 
Association, Vol. 10, ISSUE 4, P136–P137. 

3. Claudio Babiloni, Raffaele Ferri, Giuliano 
Binetti, Andrea Cassarino, Gloria Dal Forno, 
Matilde Ercolani, Florinda Ferreri, Giovanni B. 
Frisoni, Bartolo Lanuzza d, Carlo Miniussi, 
Flavio Nobili, Guido Rodriguez, Francesco 
Rundo, Cornelis J. Stamg, Toshimitsu Musha, 
Fabrizio Vecchio, Paolo M. Rossini(2006): 
Fronto-parietal coupling of brain rhythms in mild 
cognitive impairment: A multicentric EEG study. 
Brain Research Bulletin 69 (2006) 63–73. 

4. Claudio Babiloni, Antonio I. Triggiani, Roberta 
Lizio, Susanna Cordone, Giacomo Tattoli, 
Vitoantonio Bevilacqua, Andrea Soricelli, 
Raffaele Ferri, Flavio Nobili, Loreto Gesualdo, 
José C. Millán-Calenti, Ana Buján, Rosanna 
Tortelli, Valentina Cardinali, Maria Rosaria 

Barulli, Antonio Giannini, Pantaleo Spagnolo, 
Silvia Armenise, Grazia Buenza, Gaetano 
Scianatico, Giancarlo Logroscino, Giovanni B. 
Frisoni and Claudio del Percio(2016): 
Classification of Single Normal and Alzheimer’s 
Disease Individuals from Cortical Sources of 
Resting State EEG Rhythms. Frontiers in 
Neuroscience, February 2016, Volume 10, 
Article 47. 

5. Michael J. Hogan, Gregory R.J. Swanwick, 
Jochen Kaiser, Michael Rowan, Brian 
Lawlora(2003): Memory-related EEG power and 
coherence reductions in mild Alzheimer’s 
disease. International Journal of 
Psychophysiology 49 (2003) 147–163. 

6. Noor Kamal Al-Qazzaz, Sawal Hamid Bin MD. 
Ali, Siti Anom Ahmad, Kalaivani Chellappan, 
Md. Shabiul Islam and Javier Escudero (2014): 
Role of EEG as Biomarker in the Early 
Detection and Classification of Dementia. The 
Scientific World Journal Volume 2014, Article 
ID 906038. 

7.  Ruofan Wang, Jiang Wang, Haitao Yu, Xile 
Wei, Chen Yang, Bin Deng(2015): Power 
spectral density and coherence analysis of 
Alzheimer’s EEG. Cogn Neurodyn (2015) 
9:291–304. 

8. G. Pfurtscheller, F.H. Lopes da Silva (2002): 
Event-related EEG/MEG synchronization and 
desynchronization: basic principles. Clinical 
Neurophysiology 110 (1999) 1842-1857. 

9. Riitta Hari and Riitta Salmelin (1997): Human 
cortical oscillations: a neuromagnetic view 
through theskull. Human cortical rhythms, TINS 
Vol. 20, No. 1, 1997. 

10. Patrice Clochon, Jean-Marc Fontbonne, Nathalie 
Lebrun, Pierre Etévenon (1996): A new method 
for quantifying EEG event-related 



 Life Science Journal 2017;14(1)       http://www.lifesciencesite.com 

 

81 

desynchronization: amplitude envelope analysis. 
Electroencephalography and Clinical 
Neurophysiology, vol. 98, no. 2, pp. 126-129, 
1996. 

11. Hideaki Shiraishi, Seppo P. Ahlfors et al. (2011): 
Comparison of Three Methods for Localizing 
Interictal Epileptiform Discharges with 
Magnetoencephalography. J Clin Neurophysiol. 
2011 October; 28(5):431–440. 

12. Paul R. ROSENBAUM, Richard N. ROSS, and 

Jeffrey H. SILBER (2007)：Minimum Distance 
Matched Sampling With Fine Balance in an 
Observational Study of Treatment for Ovarian 
Cancer. Journal of the American Statistical 
Association March 2007, Vol. 102, No. 477, 
Applications and Case Studies. 

13. Peter C. Austin (2010)：An Introduction to 
Propensity Score Methods for Reducing the 
Effects of Confounding in Observational Studies. 
Biometrics. 2000; 56:118–124. 

14. Tomas Ossando´n, Karim Jerbi et al.(2011): 
Transient Suppression of Broadband Gamma 

Power in the Default-Mode Network Is 
Correlated with Task Complexity and Subject 
Performance. The Journal of Neuroscience, 
October 12, 2011, 31(41):14521–14530. 

15. Klimesch W, Doppelmayr M, Wimmer H, 
Gruber W, Röhm D, Schwaiger J, Hutzler F 
(2001): Alpha and beta band power changes in 
normal and dyslexic children. Clin Neurophysiol. 
2001 Jul; 112 (7):1186-95. 

16. J. Dauwels, F. Vialatte, and A. Cichocki (2008): 
A comparative study of synchrony measures for 
the early diagnosis of Alzheimer's disease based 
on EEG, in Neural Information Processing, 
vol.4984, pp. 112–125, Springer, Berlin, 
Germany, 2008. 

17. Dhiya Al-Jumeily, Shamaila Iram, 
Francois-Benois Vialatte, Paul Fergus and Abir 
Hussain (2015): A Novel Method of Early 
Diagnosis of Alzheimer's Disease Based on EEG 
Signals, Scientific World Journal. 2015: 931387. 
Published online 2015 Jan 19. doi: 
10.1155/2015/931387. 

 
  
 
1/25/2017 




