
 1 

EEG MARKER OF ALZHEIMER’S DISEASE USING TSALLIS 

ENTROPY 

P. Zhao*, P. Van-Eetvelt*, C. Goh*, N. Hudson
†
, S. Wimalaratna*

†
, E.C. Ifeachor* 

*University of Plymouth, UK, †Derriford Hospital Plymouth, UK, *†Radcliffe Infirmary, Oxford UK.  

 

 

Keywords: EEG, dementia, Alzheimer‟s diseases, Tsallis 

entropy. 

Abstract 

The number of people suffering from Alzheimer‟s disease 

(AD) and other types of dementia is rising rapidly. To get 

maximum benefits from new treatments, the disease needs to 

be diagnosed as early as possible, but this is difficult with 

current clinical criteria. The EEG may be used as an effective 

first line of decision support tool because of its non-

invasiveness, wide availability, low-cost and it can be carried 

out rapidly in the high-risk age group that will develop AD. 

EEG changes could be quantified as a marker as they could 

be detected fairly early in the dementing process. In this 

paper, we investigate an information theory-based method, 

Tsallis entropy, as a potentially useful method to derive 

robust marker from the EEG, based on the hypothesis that the 

information theoretic measures for AD are significantly 

different to those of normal subjects. Unlike most existing 

methods, there may be a natural link between the underlying 

ideas of information theoretic methods, the physiology of AD 

and its impact on brain functions because the information 

processing activities in the brain may be reflected in the 

information content of the EEG. We used the Tsallis model to 

quantify the EEG and compute the marker (normalized 

entropy) from two EEG datasets. The results show that the 

information theoretic methods may be used to compute EEG 

markers for AD.  

1 Introduction 

As more and more people live longer, the number of those 

that suffer from Alzheimer‟s disease (AD) and other types of 

dementia is rapidly rising. New treatments could slow the 

progress of the disease, but maximum benefits from these can 

only be obtained by early diagnosis. However, there may be a 

delay of up to 5 years between diagnosis and actual onset, 

using the current clinical criteria, during which a significant 

amount of irreversible cell damage might already have 

occurred. To improve diagnosis of AD, the 

electroencephalogram (EEG) may be used as an effective first 

line of decision support tool because of its non-invasiveness, 

widely availability, low-cost and it can be carried out rapidly 

in the high-risk age group that will develop AD. 

  

 

EEG changes could be quantified as a marker as they could 

be detected fairly early in the dementing process, using for 

example, nonlinear methods [1,2].  

 

In this paper, we investigate an important class of nonlinear 

methods, based on information theory, which offers a 

potentially powerful method for deriving robust markers. 

Unlike most existing methods, it is thought that there may be 

a natural link between the underlying ideas of information 

theoretic methods, the physiology of AD and its impact on 

brain functions [3]. The hypothesis is that the information 

processing activities in the brain may be reflected in the 

information content of the EEG. Hence, the effects of damage 

or disruptions to nerve cells/pathways in the brain due to AD 

may be reflected in information theory-based markers.  

 

Recent attempts to develop nonlinear AD measures based on 

information theory (e.g. sample entropy) tend to approach the 

problem using nonlinear dynamical concepts [2], but their 

performance is sensitive to values of the parameters of the 

algorithm used, such as embedding parameters.  In this paper, 

we use the Tsallis entropy as a measure of the information 

content. The hypothesis is that Tsallis entropy for AD are 

significantly different to those of normal subjects.  

 

The rest of the paper is organized in four main parts: (1) a 

brief description of Tsallis entropy, (2) details of the two 

datasets used in the study, (3) results from the use of Tsallis 

entropy, and (4) conclusion of the paper. 

2 Tsallis Entropy 

An entropy measure (Shannon‟s entropy) can be calculated 

directly from the EEG data samples by examining the 

probability distribution of the amplitudes of the data values:   
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Where M  is the number of states that the amplitudes of the 

EEG are partitioned into and ip is the probability associated 

with the thi state. An alternative formulation as in (2), due to 

Tsallis, generalizes the Shannon entropy and assumes that the 

EEG is a non-extensive source [4]: 
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where q  is an index. 

 

Normalization is applied in order to ensure that the entropy 

lies between 0 and 100%, making it easier to compare 

markers for AD and for normal subjects.  The normalized 

Tsallis entropy (obtained by finding the maximum value of 

),( qNTSE with respect to q ) is given by: 
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3 Subjects and EEG Recordings 

Two datasets were used in the study - Dataset A and Dataset 

B. Both were obtained from the Derriford Hospital and had 

been collected using normal hospital practices in conjunction 

with a strict protocol. The classification between normal and 

Alzheimer‟s disease was taken from hospital diagnosis notes. 

 

Dataset A includes 3 Alzheimer‟s patients and 8 age-matched 

controls (over 65 years old) all of which have normal EEGs 

confirmed by a consultant clinical neurophysiologist. Within 

the age-matched controls, one of the subjects subsequently 

developed AD and therefore, potentially, was in transition 

from normal to AD. 

 

Dataset B includes 24 normal subjects and 17 probable AD, 

which are not perfectly age matched. In the normal group, the 

mean age is 69.4±11.5 years, the minimum is 40, and the 

maximum is 84; 42% are male; in the AD group, the mean 

age is 77.6±10.0 years, the minimum is 50, and the maximum 

is 93; 53% are male. These probable AD subjects were not 

previously diagnosed, and were still in the early stages of 

exhibiting symptoms; some of them were not referred for 

dementia diagnosis but came in for investigation of other 

disease, such as seizures.  

 

In both datasets, the EEG recordings include various states: 

awake, hyperventilation, drowsy and alert with periods of 

eyes closed and open. More details about the recordings can 

be found in [1].  A predetermined protocol was applied to 

avoid the possibility of inadvertently or unconsciously 

selecting only data segments that suitable for analysis. Thus, 

whole recordings including artefacts were used without à 

priori selection of elements „suitable for analysis‟. This was to 

get an idea about the robustness and usefulness of the 

methods in practice. Data from a fixed interval, 60s to 300s, 

was used to avoid electrical artefacts which commonly occur 

at the beginning of a record, therefore gives 4 minutes of data 

to analyse.   

4 Results and Discussions 

We carried out the study using normalized Tsallis entropy and 

the two datasets (with Dataset A for development and Dataset 

B for evaluation of performance). From experiment, we fixed 

N  to be 5120, and q to be 0.5.  

 

Fig. 1 shows plots of the normalized Tsallis entropy for each 

of the 21 channels and each case in Dataset A. Fig. 2, Fig. 3 

and Fig. 4, respectively, show the average normalized Tsallis 

entropy across channels for each case, the average normalized 

Tsallis entropy across cases for each channel, and the average 

normalized Tsallis entropy in key regions of the scalp across 

cases in AD and normal group. They clearly show that the 

AD group has a lower normalized Tsallis entropy than the 

normal group, and well separated (according to the p-values 

listed in Tables 1 and 2).  

 

The sensitivity and specificity give an indication of 

performance, but acceptable values depend on the application. 

As a screening tool, a very high specificity is needed as this 

would reduce the possibility of many patients being sent for 

unnecessary and resource consuming follow-up tests. If a 

specificity of 100% is chosen, then a threshold of 0.22 is 

used. The normalized Tsallis entropy in the range 0~0.22 

would be indicative of AD and that of > 0.22 of normal. For 

Dataset A, this gives a sensitivity of 80.95% (see Fig. 1). The 

sensitivity across channels is 85.71 % and 77.78% across 

regions.  
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Fig. 1 Normalized Tsallis entropy for all cases in all channels 

(Dataset A). 
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Fig. 2 The average and standard deviation of all channels in 

each case (Dataset A). 
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Fig. 3 The average and standard deviation of all cases in each 

channel (Dataset A). 
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Fig. 4: The average and standard deviation of all cases in each 

region (Dataset A). 

 Control subjects  AD patients

(Mean±SD)  (Mean±SD) 

10 C3 0.3655 ± 0.0906 0.1821 ± 0.0425 9.3967E-03

2 FP2 0.5385 ± 0.1131 0.2677 ± 0.0773 4.4503E-03

3 F7 0.5367 ± 0.1043 0.2503 ± 0.0972 2.6024E-03

6 F4 0.4409 ± 0.1017 0.1855 ± 0.0199 2.3666E-03

8 A1 0.4668 ± 0.0937 0.2261 ± 0.0277 2.1452E-03

13 T4 0.3121 ± 0.0558 0.1676 ± 0.0168 2.0484E-03

14 A2 0.3375 ± 0.0552 0.1866 ± 0.0338 1.8418E-03

5 FZ 0.4154 ± 0.0836 0.1843 ± 0.0459 1.6214E-03

17 PZ 0.3282 ± 0.0436 0.1798 ± 0.0573 1.1747E-03

4 F3 0.4835 ± 0.0928 0.1859 ± 0.0910 1.0318E-03

11 CZ 0.3088 ± 0.0531 0.1513 ± 0.0176 8.6160E-04

20 O1 0.3673 ± 0.0556 0.1894 ± 0.0233 5.4360E-04

12 C4 0.3093 ± 0.0444 0.1478 ± 0.0434 4.3410E-04

15 T5 0.3681 ± 0.0451 0.1889 ± 0.0598 4.1871E-04

19 T6 0.3306 ± 0.0453 0.1701 ± 0.0175 2.5736E-04

9 T3 0.3829 ± 0.0464 0.1768 ± 0.0607 1.7967E-04

1 FP1 0.3591 ± 0.0562 0.1341 ± 0.0446 1.6478E-04

18 P4 0.3336 ± 0.0449 0.1497 ± 0.0376 1.4828E-04

7 F8 0.4042 ± 0.0472 0.2069 ± 0.0243 8.3578E-05

21 O2 0.3509 ± 0.0444 0.1361 ± 0.0333 3.5910E-05

16 P3 0.3704 ± 0.0312 0.1385 ± 0.0572 9.4526E-06

Channel Electrode p -value

 
Table 1: p-Values for channels using normalized Tsallis 

entropy (Dataset A). 

Control subjects AD patients

Region (Mean ± SD) (Mean  ± SD) p -value

Central 0.3279  ± 0.0592 0.1604  ± 0.0080 1.0760E-03

Frontal Pole 0.4488  ± 0.0637 0.2009  ± 0.0606 2.5544E-04

Temporal 0.3484  ± 0.0428 0.1759  ± 0.0291 1.3272E-04

Occipital 0.3591  ± 0.0489 0.1627  ± 0.0258 1.1562E-04

Frontal 0.4561  ± 0.0398 0.2026  ± 0.0541 1.2013E-05

Parietal 0.3440  ± 0.0351 0.1560  ± 0.0184 1.2007E-05

 
Table 2: p-Values for regions using normalized Tsallis 

entropy (Dataset A). 

4.2 Dataset B 

 
 

Fig. 5 Normalized Tsallis entropy for all cases in all channels 

(Dataset B). 

 

Fig. 5 shows plots of the normalized Tsallis entropy for each 

of the 21 channels and each of cases in Dataset B. Using the 

threshold of 0.22 determined from Dataset A, this gives a 

specificity of 62.10% and a sensitivity of 43.98 %. 

 

Fig. 6, Fig. 7 and Fig. 8 show respectively, for Dataset B, the 

average normalized Tsallis entropy across channels for each 

case, the average normalized Tsallis entropy across cases for 

each channel, and the average normalized Tsallis entropy in 

key regions of the scalp across cases in AD and normal group. 

The last two also clearly show that the AD group has lower 

Tsallis entropy than normal group, but according to the p-

values listed in Tables 3 and 4, only channels 2 and 3 give the 

best separation.  

 

By using a threshold of 0.22, for all channels this gives a 

specificity of 80.95% and a sensitivity of 42.86%; for all 

regions, the specificity is 71.53% and the sensitivity is 

38.24%.  
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Fig. 6 The average and standard deviation of all channels in 

each case (Dataset B). 

 
Fig. 7: The average and standard deviation of all cases in each 

channel (Dataset B). 

 
Fig. 8: The average and standard deviation of all cases in each 

region (Dataset B). 

Region p -value

Occipital 0.2573 ± 0.0489 0.2522 ± 0.0396 7.2959E-01

Temporal 0.2304 ± 0.0436 0.2260 ± 0.0315 7.2496E-01

Parietal 0.2409 ± 0.0384 0.2271 ± 0.0342 2.4509E-01

Central 0.2145 ± 0.0398 0.1925 ± 0.0356 7.7185E-02

Frontal Pole 0.3238 ± 0.0544 0.2871 ± 0.0582 4.5069E-02

Frontal 0.2749 ± 0.0618 0.2311 ± 0.0460 1.7993E-02

Mean ± SD Mean ± SD

Control subjects AD patients

 
Table 3: p-Values for regions using normalized Tsallis 

entropy (Dataset B). 

 

Channel Electrode p -value

1 FP1 0.2510 ± 0.0451 0.2500 ± 0.0572 9.4781E-01

21 O2 0.2587 ± 0.0520 0.2571 ± 0.0532 9.2848E-01

9 T3 0.2524 ± 0.0533 0.2543 ± 0.0507 9.0937E-01

17 PZ 0.2287 ± 0.0404 0.2263 ± 0.0424 8.5462E-01

15 T5 0.2433 ± 0.0495 0.2479 ± 0.0292 7.3556E-01

14 A2 0.2263 ± 0.0488 0.2184 ± 0.0365 5.7812E-01

20 O1 0.2558 ± 0.0467 0.2473 ± 0.0360 5.3300E-01

19 T6 0.2278 ± 0.0407 0.2178 ± 0.0275 3.8883E-01

10 C3 0.2438 ± 0.0473 0.2293 ± 0.0392 3.0553E-01

13 T4 0.1980 ± 0.0441 0.1839 ± 0.0339 2.7529E-01

7 F8 0.2229 ± 0.0687 0.2020 ± 0.0401 2.6970E-01

16 P3 0.2634 ± 0.0457 0.2478 ± 0.0367 2.5181E-01

11 CZ 0.2062 ± 0.0408 0.1892 ± 0.0446 2.1283E-01

5 FZ 0.2365 ± 0.0800 0.2002 ± 0.0439 9.8108E-02

18 P4 0.2305 ± 0.0504 0.2073 ± 0.0298 9.6951E-02

8 A1 0.3115 ± 0.0633 0.2750 ± 0.0611 7.2789E-02

4 F3 0.3209 ± 0.0724 0.2764 ± 0.0629 4.7435E-02

6 F4 0.2132 ± 0.0659 0.1712 ± 0.0393 2.4078E-02

12 C4 0.1934 ± 0.0490 0.1591 ± 0.0385 2.0985E-02

3 F7 0.3809 ± 0.0937 0.3060 ± 0.0738 9.0713E-03

2 FP2 0.3965 ± 0.0811 0.3241 ± 0.0852 8.7814E-03

(Mean ± SD) (Mean ± SD)

Control subjects AD patients

 
Table 4: p-Values for channels using normalized Tsallis 

entropy (Dataset B). 

5 Conclusions 

The investigation reported in this paper suggests that Tsallis 

entropy provides a potentially useful way for generating EEG 

markers for AD. The results show that normalized Tsallis 

entropy is lower in AD than in the normal group.  However, 

pre-processing before applying the method may be needed 

due to the noise in the data. In future, we will investigate the 

impacts of the Tsallis entropy on the pre-processed data.  
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