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Abstract

:

Diabetes is a significant public health issue as it increases the risk for dementia and Alzheimer’s disease (AD). In this study, we aim to investigate whether weighted-permutation entropy (WPE) and permutation entropy (PE) of resting-state EEG (rsEEG) could be applied as potential objective biomarkers to distinguish type 2 diabetes patients with amnestic mild cognitive impairment (aMCI) from those with normal cognitive function. rsEEG series were acquired from 28 patients with type 2 diabetes (16 aMCI patients and 12 controls), and neuropsychological assessments were performed. The rsEEG signals were analysed using WPE and PE methods. The correlations between the PE or WPE of the rsEEG and the neuropsychological assessments were analysed as well. The WPE in the right temporal (RT) region of the aMCI diabetics was lower than the controls, and the WPE was significantly positively correlated to the scores of the Auditory Verbal Learning Test (AVLT) (AVLT-Immediate recall, AVLT-Delayed recall, AVLT-Delayed recognition) and the Wechsler Adult Intelligence Scale Digit Span Test (WAIS-DST). These findings were not obtained with PE. We concluded that the WPE of rsEEG recordings could distinguish aMCI diabetics from normal cognitive function diabetic controls among the current sample of diabetic patients. Thus, the WPE could be a potential index for assisting diagnosis of aMCI in type 2 diabetes.
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1. Introduction


The incidence of diabetes is increasing worldwide, especially type 2 diabetes, which has been reported to result in impairment of cognitive function [1,2]. The impairment of brain function in diabetes patients has the same pathogenesis as Alzheimer’s disease (AD) [3,4,5]. Mild cognitive impairment (MCI) lies in between or overlaps with normal health and AD, with cognitive function (such as learning and memory [6]) impairment but normal performance of the activities of daily living. MCI was reported to be a risk factor for AD [7], particularly amnestic MCI (aMCI). The conversion rate from aMCI to AD is 54% and the duration from initial diagnosis of aMCI to dementia is 28 ± 12 months [8]. Moreover, epidemiological data showed that the diabetic patients had 1.5 to 2.5 fold increased risk of dementia [9]. Therefore, diagnosis of aMCI among diabetic patients is very important for performing intervention to slow down the pace of aMCI conversion to AD or dementia.



Previously, the criteria of diagnosis for MCI was based on clinical analysis [10]. Neuropsychological tests and patients’ histories were commonly used for diagnosing the earliest stage of MCI and AD [11]; biomarkers obtained from cerebrospinal fluid (CSF), magnetic resonance imaging (MRI), fluorodeoxyglucose positron emission tomography (FDG-PET), and ligand-based PET were all reported to be useful for the diagnosis of prodromal stages of AD [12]. However, the sensitivity and specificity of these biomarkers were different for different international databases [13,14]. Moreover, their clinical application is limited by the invasiveness, the high cost or the need to expose patients to radiation. Therefore, a non-invasive, easily repeatable, and cost-effective tool is needed. In comparison, EEG can play a role. It was reported that analysis of rsEEG rhythms of MCI and AD patients may be a promising approach to assess MCI [15], and scalp EEG has the potential to play a significant role as one of the earliest biomarkers for MCI and early stage AD, before clinical diagnosis [16].



Entropy as a kind of method described the probability distributions of possible states of a system [17] and revealed the complexity of the system. Different kinds of entropic algorithms have been applied to the analysis of EEG signals [18], and showed that the complexity of EEG was an important feature for distinguishing MCI or mild AD from age-matched controls [18]. PE is one method based on permutation patterns calculated entropy, and has been suggested as a complexity measure [19]. It can be used to analyse arbitrary real-world data, and suits to capture complex dynamics and abundant temporal structure embedded in biological systems [20]. For its model-free and robust to noise and artifacts, it can be applied to analyse biological data. And it has been successfully applied to EEG analysis [17], and reported to be a good biomarker for discriminating among normal elderly, MCI and AD [21].



However, a large amount of the amplitude information is included in EEG signals, and can be contaminated by various noises. For this reason, PE may has its limitation. An extension of PE, WPE assigns different weights to adjacent vectors that have the same permutation pattern but different amplitude variations. It retains most of the properties of PE and overcomes its shortcomings. Moreover, WPE not only captures amplitude information, but is also more robust to noise [22]. Therefore, it may be useful for detecting multi-component signals with noise or mutation.



In the previous study [23], the role of relative power and coherence was investigated in distinguishing aMCI and controls in diabetes, and the methods were linear. In this study, we try to investigate whether PE or WPE can be a potential objective complexity index of EEG to distinguish diabetics with aMCI from non-aMCI diabetic controls. There is no previous literature investigating the usefulness of WPE in general MCI. We chose to study aMCI in diabetes because it has been reported that type 2 diabetes may increase the risk of aMCI through AD related mechanisms and vascular pathology [24] and because diabetes is associated with an increased risk of MCI in elderly persons. Discovering and preventing aMCI in diabetics may reduce the risk of later AD onset. The effectiveness of WPE in differentiating MCI will be investigated in future work.




2. Materials and Methods


2.1. Participants and Diagnostic Criteria


The study was performed with 28 right-handed type 2 diabetes patients. The control (6 males and 6 females) and aMCI (5 males and 11 females) groups consisted of 12 patients and 16 patients, respectively. Their ages (aMCI: 69.69 ± 2.11, control: 73.33 ± 1.32,    p = 0.16   ), diabetes duration (aMCI: 9.25 ± 1.47, control: 14.00 ± 2.79,    p = 0.23   ), and educational levels (aMCI: 12.50 ± 0.90, control: 13.00 ± 0.66,    p = 0.96   ) were matched, but gender was not. They all satisfied the diagnosis criteria for diabetes [25]. The patients participated voluntarily and provided written informed consent for participation in this study. The experiment was approved by the Beijing Normal University ethics committee and conducted in accordance with the Declaration of Helsinki (1964) amended by the 64th World Medical Association General Assembly [26].



The diabetic patients all underwent neuropsychological tests, including minimum mental state examination (MMSE) [27], montreal cognitive assessment (MoCA), AVLT (AVLT-Immediate recall, AVLT-Delayed recall, AVLT-Delayed recognition) [28], WAIS-DST [29], Boston Naming Test (BNT), Trail Making Test [30], Verbal Fluency Test [31], and Daily Living Test [32]. Note that the MMSE was only used to preliminarily rule out AD. According to Chinese government criteria, the cut-off score for absence of dementia was 24 points for people with high-school education and above, 20 points for people with primary school education, and 17 for the illiterate. The MoCA was a better screening tool for MCI in the diabetic population, because it possesses higher sensitivity (67%) [33]. For MoCA, the cut-off score for MCI was 26 points [34].



The participants had no histories of mental illness, systemic disease, and nervous system disease which may result in cognitive impairment [23], and organic brain disease and depression were all ruled out by using MRI and the DSM IV criteria for depression [35], as reported in [23].



The inclusion criteria of diabetic aMCI patients was the diagnosis of aMCI [10] by the following symptoms: (1) subjective memory complaints reported by the patients or their family; (2) objective memory impairment evidenced by the Auditory Verbal Learning Test [28], defined by performance scores ≥ 1.5 standard deviations below the mean value of age- and education-matched controls; (3) essentially preserved general cognitive function (assessed by MMSE and MoCA); (4) normal activities of daily living evidenced by the Activities of Daily Living Scale [32]; (5) no dementia (dementia was ruled out by DSM IV criteria for dementia [35]).




2.2. EEG Recording and Preprocessing


The participants were asked to close their eyes and sit relaxed in a comfortable armchair, keeping awake for 5 min in the Department of Neurology, The General Hospital of the PLA Rocket Force, Beijing, China. The room temperature was kept at 23 ± 2 °C and the environment was quiet and dim. The EEG signals were recorded with a high-density 128-channel EGI system equipped with Net Amps 300 amplifiers (Electrical Geodesics Inc., Eugene, OR, USA). The recording was performed with 128-channel Geodesic Sensor Net (GSN) (Electrical Geodesics Inc., Eugene, OR, USA) using the vertex sensor (Cz) as the reference electrode. The rsEEG signals were acquired with direct current and sampled at 1000 Hz. All electrode impedances were kept below 50 kΩ according to the recommendation of EGI guidelines.



The pre-processing of the rsEEG data was performed using NetStation 4.5 software (Electrical Geodesics Inc., Eugene, OR, USA) off-line. The raw data were filtered by a 1–45 Hz band-pass filter, re-referenced to the average of sensor channel 57 (left mastoid process) and 100 (right mastoid process), and re-sampled to 500 Hz (srate = 500). Artifacts (such as ocular and muscular noise) in all channels were eliminated by visual inspection of the raw EEG data, but there almost no for the patients were closed eyes and relaxed, so the segment length of data was at least    N = 4500    (500 Hz × 60 s × 1.5 min). In this study, 3-min of data from each channel were selected for further analysis, and the electrodes and areas of interest (five regions: frontal (F), left temporal (LT), central (C), right temporal (RT) and posterior (P)) were the same as described in [23].




2.3. Entropy Analysis of EEG Data


2.3.1. PE


The concept of PE was proposed by Bandt and Pompe in 2002 [19] to map a continuous time series onto a symbolic sequence. PE used existing ideas based on information theory (Shannon entropy) and could explore the local order structure of a dynamical time series as a quantitative complexity measure [19,36]. It transforms a given time series into a series of ordinal patterns which describe the order relations between the present and a fixed number of equidistant past values at a given time [37]. PE has been successfully applied to estimating the complexity of time series [37,38], e.g., EEG signals.



We consider a scalar time series     {   x 1  ,  x 2  , ... ,  x M   }    , where   M   is the length of the data. First, the series is embedded into   m   dimensional space:     X j  =  {   x j  ,  x  j + τ   , ... ,  x  j + ( m − 1 ) τ    }     for    j = 1 , 2 , ... , M − ( m − 1 ) τ   , where   m   and   τ   denote the embedding dimension and time delay, respectively. Then the elements of     X j     are arranged in ascending order     {   x  j + (  i 1  − 1 ) τ   ≤  x  j + (  i 2  − 1 ) τ   ≤ ⋯ ≤  x  j + (  i m  − 1 ) τ    }    . In the   m   dimensional space, each vector     X j     is mapped to a single motif out of    m !    possible order patterns     π i    . Take    m = 3    for example: 6 motifs are obtained (as seen in Figure 1a). For a permutation with number     π i    , let    f (  π i  )    denote the frequency of the i-th permutation in the time series. Then the probability of each order pattern can be defined as:


   p (  π i  ) =   f (  π i  )     ∑  i = 1   m !    f (  π i  )       



(1)







Based on the probabilities of all permutations, the PE is defined as follows:


   H = −   ∑  i = 1   m !    p (  π i  )   ln p (  π i  )   



(2)







In order to make the PE value fall between 0 and 1, we normalize H:


   0 ≤ PE =  H /  ln ( m ! ) ≤ 1     



(3)







The maximum value of the PE is 1, which means that each ordinal pattern has the same probability; the minimum value is 0, indicating that the time series is quite regular. In other words, the smaller the value of PE is, the more regular the time series is.




2.3.2. WPE


Although PE is considered a useful complexity measure of nonlinear time series, it cannot distinguish the different modes of one symbol, and the sensitivity of distinguishing background noise modes is poor.



This is because PE only retains the order structure when extracting the ordinal patterns. This may be inconvenient for the following reasons: (1) the information in the amplitude may be lost if only the ordinal structure is extracted; (2) ordinal patterns cannot result in similar PE values when the amplitude of the time series is greatly different; and (3) noise can contribute to fluctuations of ordinal patterns in time series and the final PE value may not be weighted uniformly [39]. Figure 1b shows how ordinal patterns can originate from different m-dimensional vectors.



To include important information when retrieving ordinal patterns of a time series, Fadlallah [22] modified the acquisition process and put forward the WPE. The main motivation was to save useful amplitude information carried by the signal. When calculating the relative frequencies for the i-th motif, WPE weights differently neighbouring vectors with the same ordinal pattern but different amplitude variations. Therefore, the frequency of the i-th permutation in the time series can be described as     f ω  (  π i  ) =   ∑  s = 1  S   f (  π i  ( s ) )   ⋅  ω i  ( s )   ,    s = 1 , 2 , ... , S   ,   S   is the number of the possible patterns in the same motif, and then the weighted probability for each motif is calculated as follows:


    p ω  (  π i  ) =    f ω  (  π i  )     ∑  i = 1   m !     f ω  (  π i  )       



(4)







WPE is computed as:


    H ω  = −   ∑  i = 1   m !     p ω  (  π i  )   ln  p ω  (  π i  )   



(5)







When     ω i  ( s ) = β    ∀   i ≤ M − ( m − 1 ) τ    and    β > 0   , WPE is equal to PE. The WPE extends the concept of PE while keeping the same expression as Shannon’s entropy, hence weights are added prior to calculating the    p (  π i  )   . The choice of weight values     ω i  ( j )    is equivalent to selecting a specific (or combination of) feature(s) from each vector     X j    . Such a feature might be different according to the context used, noting that the relation      ∑ i    p ω  (  π i  )   = 1    still holds. In this study, the weights were computed using variance or the energy of each neighbour’s vector     X j    .      X ¯  j     denotes the arithmetic mean of     X j    , i.e.,


     X ¯  j  =  1 m    ∑  k = 1  m    x  j + ( k + 1 ) τ       



(6)







The weight values are obtained by:


    ω i  ( s ) =  1 m    ∑  k = 1  m   (  x  ( j + ( k − 1 ) τ )   −   X ¯  j     ) 2    



(7)







To make the WPE value fall between 0 and 1, we also normalize     H ω    :


   0 ≤ WPE =    H ω   /  ln ( m ! ) ≤ 1     



(8)







According to the information theory [19], when the weighted probability for each motif of random time series tends the same, the value of     H ω     was maximum tending to the logarithm of the weighted motif number (   ln ( m ! )   ); however, when the weighted probability for some motif is 0 in quite regular time series, the value of     H ω     is taken to be 0. Therefore, the    ln ( m ! )    can be used to normalize the WPE, which is between 0 and 1.




2.3.3. Parameters for PE and WPE


PE analyzes the local order structure of time series [19] and the WPE preserves useful amplitude information carried by the signal as well as retrieving the ordinal patterns. The calculation of PE and WPE depends on the selection of   m  . When   m   is too small (less than 3), the scheme will work for EEG series with only very few distinct states; on the other hand, for large EEG series, a large   m   is better. However, very large   m   can result in a large number of patterns (   m !   ), which is memory intensive. Bandt and Pompe [19] recommended    m = 3 , 4 , … , 7   .



The rsEEG data was recorded in the form of a multivariate time series (number of electrodes × time), and the total length of the selected data was 3-min (srate = 500), including 2 segments at most (the segments length were    N = 4500    at least). In order to track the dynamic changes of EEG smoothly, each time series was divided into overlapping segments using 10s windows (the length of the window was     N w     = 500 Hz × 10 s) with 90% overlap (    N  o v e r l a p      = 500 Hz × 10 s × 90%). Here we chose    m = 4    for the calculation of the PE and WPE. This also satisfied the condition    m ! <  N w    , where     N w     is the window length of data. We set the time delay    τ = 1    empirically [40]. Outliers were rejected by means of a generalized extreme studentized deviate (GESD) test [41] for all epochs in each channel. After outlier rejection, the remaining epochs in each channel were averaged and normalized. For analysis on regions of interest, the PE and WPE were obtained by averaging among channels in each region.




2.3.4. Statistical Analysis


In this study, the statistical analysis was conducted in GraphPad Prism5.01. The Wilcoxon rank sum test was conducted at the 5% significance level for the WPE or PE values of each brain region between the aMCI and controls.



In order to determine whether the complexity of rsEEG can be a biomarker for detecting aMCI in diabetes, the correlations between neuropsychological test scores which significantly differ between control and aMCI and WPE (or PE) values from brain regions which significantly differ between control and aMCI were analysed. Pearson’s linear correlation was employed for this analysis.



Bonferroni correction was used among the five regions for the p-value.






3. Results


The results showed that the values of WPE for rsEEG were lower in the aMCI diabetes group than those in the control group (see Figure 2).



Figure 3 shows the comparative results for WPE values for the two groups in each brain region. The values of WPE in the RT region were significantly lower in the aMCI group than those in the control group (aMCI: 0.61 ± 0.02, control: 0.66 ± 0.01,    p = 0.024   ) before multiple testing among the five regions. No significant difference was found for the values of PE in all regions and WPE in other regions between the two groups whether they were corrected before or after.



In order to further support the utility of WPE in detecting aMCI in diabetes, the correlations between the WPE values and neuropsychological assessment scores were analysed. The scores of MoCA, AVLT-Immediate recall, AVLT-Delayed recall, AVLT-Delayed recognition, BNT, and WAIS-DST were significantly different between the two groups, which was reported in [23]. The correlations between the normalized values of WPE in RT with these neuropsychological test scores are shown in Figure 4. The normalized values of the WPE in RT were positively correlated to the scores of AVLT-Immediate recall (   r = 0.573   ,    p = 0.003   ), AVLT-Delayed recall (   r = 0.569   ,    p = 0.004   ), AVLT-Delayed recognition (   r = 0.532   ,    p = 0.007   ), and WAIS-DST (   r = 0.554   ,    p = 0.006   ). The p-value still smaller than 0.05, thus the correlations were really significant.




4. Discussion


Since insulin-related effects may affect cognitive function [42], diabetes may accelerate the onset of MCI [24]. Other factors are impaired central glucose homeostasis and neurodegeneration due to the dysregulation of brain insulin signalling. Cerebrovascular damage (CVD) of the brain caused by diabetes [43] may result in increased risk of aMCI [44,45]. And type 2 diabetes may increase the risk of aMCI to AD. Therefore, discovering and preventing aMCI in diabetics may reduce the risk of later AD onset.



In this study, we analysed the rsEEG of diabetics with aMCI and diabetic controls and compared signals from five brain regions by means of PE and WPE, which assess signal complexity. Several reports have demonstrated that biomarkers derived from EEG rhythms such as power spectral density, entropic complexity (especially PE and WPE), and other EEG features, were different among MCI, AD, and controls [21,38,46], at least at the group level. Fernandez et al. showed that the Lempel–Ziv complexity of EEG signals is significantly reduced in MCI patients [47]. The features of regional complexity of EEG signals calculated using a support vector machine model could be non-invasive biomarkers to distinguish MCI and early AD [16]. Studies have shown that the entropy values of EEG were lower in MCI patients [48]. It has been demonstrated that the approximate entropy (ApEn) and sample entropy (SampEn) of EEG reduced significantly in MCI patients [49,50,51,52,53]; the value of multiscale entropy (MSE) decreased at short time scales and increased at long time scales in the frontal, temporal, and parieto-occipital regions [49,54]. It has been found that the PE values of rsEEG from MCI patients were significantly lower than those of controls in frontal, temporal, and anterior parietal regions [55]. However, PE does not take the effect of noise into account. WPE incorporates amplitude information and solves this problem [22]. WPE has been successfully used in distinguishing AD patients from normal healthy elders [38]. Their results showed that the WPE values of the AD group were lower than that of the control group at frontal and occipital regions in the delta band, for most regions in the theta band, and at frontal and central regions in the beta band. However, there has been no published work studying the usefulness of WPE in the MCI population.



This study explored the use of PE and WPE in detecting amnestic mild cognitive impairment in diabetes patients. We show that the values of WPE in the RT region are significantly lower in the aMCI group before Bonferoni correction, but there was no significant difference when using PE even before the correction. WPE has been demonstrated to be better than PE when measuring the complexity of signals in AD and the advantage of WPE over PE for investigating complexity abnormality in AD is proven [38]. WPE is an improvement of PE that incorporates the amplitude information of signals, which may be the reason for the different results between PE and WPE. Since there has been no previous studies using WPE on “general” MCI, our result regarding diabetic MCI can be considered a preliminary result, though the results are a little weak after Bonferroni correction. Further work will need to be performed to investigate the effectiveness of WPE on “general” MCI. The differences, in terms of brain regions, of our results from previous work may be due to the fact that patients were all diabetics (with or without aMCI), not healthy elders and AD patients without diabetes. With the richest connections to the hippocampus and a complex structure [56,57], signals collected from the temporal region are more sensitive to cognitive function, especially memory function, than other regions. Moreover, diabetes patients are commonly affected by CVD. These factors may have caused the differences in region-related results compared to previous studies.



Correlation analysis showed that WPE values in the RT region were positively and significantly correlated to the AVLT (immediate recall, delayed recall, delayed recognition) and the WAIS-DST. Since the sample was small, Figure 4 only shows the trends of the correlations of these patients, though most aMCI patients had the same or even higher WPE values than the control group. A larger sample is needed to confirm this result. Other significantly different neuropsychological assessment items were not correlated to the PE or WPE. Figure 4 suggests that the AVLT-delayed recall score seems to be extremely effective in separating the two groups, but for follow-up studies objective biomarkers are necessary. These correlations are just to confirm the feasibility and value of WPE as an rsEEG index for identifying aMCI among diabetics. The significant correlations of the AVLT and WAIS-DST with the WPE of rsEEG signals indicates that the WPE can distinguish aMCI from normal cognitive function in diabetics, at least at the group level. These results suggest that the rsEEG WPE in the RT region has clinical value in the early diagnosis and follow-up study of cognitive function impairment in diabetics, though it is only an EEG index, not a biomarker at present.



Using rsEEG WPE, early measures could be taken to mitigate the conversion process from aMCI to AD. Although this method cannot yet be used as a diagnostic tool in a clinical setting, the results at least show that this approach could detect aMCI effectively in the current sample of diabetic patients. The primary limitation of this study is the small sample size, so larger studies are needed to validate this method and support the conclusion.
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Abbreviations


The following abbreviations are used in this manuscript:





	EEG
	Electroencephalo-graph



	EGI
	Electrical Geodesics Inc.



	rsEEG
	resting-state EEG



	MMSE
	minimum mental state examination



	MoCA
	montreal cognitive assessment



	BNT
	Boston Naming Test



	AVLT
	Auditory Verbal Learning Test



	WAIS-DST
	Wechsler Adult Intelligence Scale Digit Span Test



	AD
	Alzheimer’s disease



	MCI
	mild cognitive impairment



	aMCI
	amnestic mild cognitive impairment



	WPE
	Weighted-permutation entropy



	PE
	Permutation entropy



	ApEn
	approximate entropy



	SampEn
	sample entropy



	MSE
	multiscale entropy



	GESD
	generalized extreme studentized deviate



	CSF
	cerebrospinal fluid



	FDG-PET
	fluorodeoxyglucose positron emission tomography



	CVD
	cerebrovascular damage



	F
	frontal



	C
	central



	P
	posterior



	RT
	right temporal



	LT
	left temporal
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Figure 1. (a) Six permutations when    m = 3    and (b) two examples of possible m-dimensional vectors corresponding to the same motif (Motif #3 and Motif #4). 
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Figure 2. Normalized values of WPE in diabetics with controls (a) and aMCI (b) over the whole brain from group averages. 
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Figure 3. Comparison results for normalized WPE values for the two groups in each brain region. The values of WPE in the RT region were significantly lower in the aMCI group than those in the control group. (*    p < 0.05   ). 
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Figure 4. Analysis of correlations between the normalized WPE values in RT and the scores of AVLT-Immediate recall, AVLT-Delayed recall, AVLT-Delayed recognition, and WAIS-DST. They were all positively correlated. 
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