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Abstract

:

To investigate the differences in functional brain network structures between patients with a high level of generalized anxiety disorder (HGAD) and those with a low level of generalized anxiety disorder (LGAD), a resting-state electroencephalogram (EEG) was recorded in 30 LGAD patients and 21 HGAD patients. Functional connectivity between all pairs of brain regions was determined by the Phase Lag Index (PLI) to construct a functional brain network. Then, the characteristic path length, clustering coefficient, and small world were calculated to estimate functional brain network structures. The results showed that the PLI values of HGAD were significantly increased in alpha2, and significantly decreased in the theta and alpha1 rhythms, and the small-world attributes for both HGAD patients and LGAD patients were less than one for all the rhythms. Moreover, the small-world values of HGAD were significantly lower than those of LGAD in the theta and alpha2 rhythms, which indicated that the brain functional network structure would deteriorate with the increase in generalized anxiety disorder (GAD) severity. Our findings may play a role in the development and understanding of LGAD and HGAD to determine whether interventions that target these brain changes may be effective in treating GAD.
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1. Introduction


Generalized anxiety disorder (GAD) is characterized by excessive anxiety and uncontrollable worry about a variety of topics and persists for a long time [1,2,3,4]. Other typical characteristics include autonomic nervous dysfunction, muscle tension, and concentration difficulties. These lead to distress or impairments in daily life and functioning [5]. In recent years, many neuropsychological studies have pointed out that individuals with anxiety have an increased risk of cognitive impairment, and the decline of these cognitive functions will lead to increased anxiety symptoms, forming a vicious cycle [4,6,7]. With the development of society, its incidence rate is increasing year by year. The prevalence of GAD for each year is 3.1% in the United States of America. For China and the United Kingdom, the rates are 5.3% and 6%, respectively [3,4].



A high level of GAD (HGAD) and low level of GAD (LGAD) refer to the severity of symptoms in people with generalized anxiety disorder. Specifically, HGAD refers to severe anxiety symptoms that may significantly negatively affect a person’s daily life. On the other hand, LGAD refers to mild anxiety symptoms that may not greatly impact a person’s daily life. Generally, treatment for HGAD requires greater intervention and may involve medication and psychotherapy. On the other hand, treatment for LGAD may only require psychotherapy, such as cognitive behavioral therapy or general psychotherapy. LGAD patients may also be able to alleviate their symptoms through self-management techniques such as meditation, breathing techniques, or exercise to reduce anxiety. Treatments for different levels of GAD are different. If the patients are not treated promptly, its prognosis will be poor. To select the proper treatment and evaluate the effect of treatment, it is very important to understand the difference in severity. The severity of GAD symptoms has been categorized according to the Hamilton Anxiety Rating Scale (HAMA) [8] and the doctor’s diagnosis. However, there is no corresponding evidence of the neurodynamics between different levels of GAD. What remains unclear, as well, is whether there is a relationship between the severity of GAD and cerebral region functional activity.



Various electrophysiological techniques, such as positron emission tomography, magnetic resonance imaging, and electroencephalography (EEG), have been widely used to measure neuronal activity [9,10,11,12]. Among them, EEG technology has the advantages of low cost, good portability, and strong portability [13,14,15,16]. The electrical signals sent by the human brain through the EEG instrument are captured by placing electrodes on the scalp through EEG technology to record brain activity [17,18,19,20]. The potential of the brain cell group is used as the vertical axis, and the time is used as the horizontal axis. It is displayed in the form of a curve, also known as an EEG. Brain waves can be decomposed into waves ranging from small to large in frequency, which are collectively referred to as biological rhythm waves [21]. They could be classified with the frequency range as delta, theta, alpha, beta, and gamma rhythms [18,20,22,23,24,25]. For GAD, it has been proven that the beta rhythm has significant changes in power spectrum density (PSD), complexity, and FC based on EEG signals [4].



GAD with different levels may have differences involving different brain regions. However, the structure and function of the brain’s neural networks have not been studied due to great limitations. Different brain regions have their own specific functions. These regions need to cooperate; otherwise, they cannot complete a task alone [26]. Therefore, cooperation between different areas is required to form functional brain networks. A functional brain network is composed of coordination among various elements in the system [27,28,29,30,31,32]. To some extent, FC can reflect the functional interaction between different brain regions. It has been widely employed [27,29,33].



Measures such as the clustering coefficient, path length, and efficiency are usually used to characterize the system of functional brain networks at local and global levels [34,35]. When the average path length is shorter and the average clustering coefficient is larger, the information processing and transmission is faster [29]. It can be effectively used to evaluate the level of GAD and analyze the neurodynamic mechanism of GAD. The small-world network model is well used to quantify the topological structure and dynamic characteristics of a brain functional network [36,37]. In addition, the optimal connection mode of the brain for various task activities could be ensured by the brain functional network with small-world characteristics by balancing and optimizing the process of functional separation and integration.



Thus, it is important to establish a functional brain network model based on EEG signals to analyze different levels of GAD. Network characteristics, namely the feature path length, clustering coefficient, and small-world network model, are selected to deeply analyze the functional structures of GAD patients at different levels.




2. Materials and Methods


2.1. Participants


The data were obtained from 51 GAD patients enrolled at the Huzhou Third People’s Hospital and Shaoxing People’s Hospital. Each patient met the diagnostic criteria in the fourth revision of the Diagnostic and Statistical Manual of Mental Disorders (DSM-V); the age ranged from 27 to 58 years old and their scores of HAMA were greater than 17. Meanwhile, all the patients were required to be right-handed, with no alcohol and substance abuse, no history of brain damage, no other organic mental disorders (such as Alzheimer’s), no schizophrenia or other psychiatric disorders, no mood disorders (such as depression, bipolar disorder), and no mental disorders caused by psychoactive substances or non-addictive substances that may impair brain function. In addition, they were required to be non-illiterate so as to complete the HAMA scale assessment independently. One day before the experiment, each patient was required to take normal rest, with no alcohol or drugs and no strong tea or coffee.



According to the HAMA scores, GAD patients were divided into two groups, HGAD and LGAD. The HAMA score for HA was no less than 29, and the HAMA score for LA was less than 29. The demographic and clinical characteristics of LGAD and HA are shown in Table 1. The experiment was approved by the Ethics Committee of Zhejiang Normal University. Written informed consent was obtained from all participants before the test.




2.2. EEG Data Acquisition and Preprocessing


EEG signals were collected using the Nicolet EEG TS215605, an EEG apparatus, according to the international 10–20 system. Moreover, 16 electrodes were selected, including FP1, FP2, F3, F4, C3, C4, P3, P4, O1, O2, F7, F8, T3, T4, T5, and T6, where mastoids (A1 and A2) were used as reference electrodes. The sampling frequency of the data acquisition process was set as 250 Hz, and the electrode impedance was less than 5000 Ω. During data collection, patients were asked to rest with their eyes closed and focus on their breathing. EEG data were collected for ten consecutive minutes. The whole experiment was implemented in a professional EEG lab in Huzhou Third People’s Hospital and Shaoxing People’s Hospital.



As shown in Figure 1, data preprocessing was done after the data collection was completed. Firstly, de-artifacting of EEG data was executed by fast-ICA, removing artifacts such as eyes blinking, ECG, electromyography, and so on. Secondly, the EEG data were down-sampled from 250 Hz to 125 Hz. Thirdly, high- and low-pass signals below 4 HZ and above 30 HZ were filtered out by using the fourth-order Butterworth bandpass filter. Then, 4 s of continuous EEG data with 50% overlap were applied for EEG segmentation to obtain 6587 LGAD data samples and 5012 HGAD data samples. Finally, the same bandpass filter was used to separate the EEG rhythms of theta (4–8 Hz), alpha1 (8–10 Hz), alpha2 (10–13 Hz), and beta (13–30 Hz) of each EEG sample.




2.3. Functional Brain Network Construction


Functional brain networks are a nonlinear dynamic analysis tool. They can be used to describe a variety of complex systems, especially suitable for describing the neurophysiological activities between different brain regions. EEG has been proven to be effective in measuring the FC between brain regions and building complex brain functional networks [38]. PLI, a widely used method of FC, was used to build functional brain networks in this study.



PLI is defined as a measure of asymmetry of the phase difference distribution between two signals [39]. It relieves the volume conduction effect on the EEG signal acquisition [40]. This is ideal for processing EEG signals. For any given two-channel EEG signals    x 1   t    and    x 2   t   , PLI is calculated as follows. Firstly, we calculate the instantaneous phase    φ i   t    of the    x i   t    by the Hilbert transform [41], as in Equation (1). Here, P.V. represents the Cauchy principle value to avoid singularities where the integral falls at τ = t and τ = ±∞;      z i   t      is the modulus of the complex number    z i   t   , and      z i   t     e  j  φ i   t      is the exponential representation of    z i   t    with Euler’s formula. Then,    φ 1   t    and    φ 2   t    can be obtained by Equation (1). Secondly, instantaneous phase    z 1   t    and    z 2   t    are used to calculate the phase difference between two groups of timing signals, as in Equation (2), where arg (denoting the argument of a complex number) denotes the principal value of the angle of the complex function, and    z 2 *   t  =    z 2   t     e  − j  φ 2   t      is the complex conjugate of    z 2   t   .


    z i   t   =   x i   t   + j  1 π  P . V .  ∫  − ∞  ∞     x i   t    t − τ   d τ =    z i   t     e  j  φ i   t     



(1)






  Δ φ  t  =  φ 1   t  −  φ 2   t  = arg    e  j    φ 1   t  −  φ 2   t        = arg      z 1   t  ×  z 2 *   t       z 1   t       z 2   t         



(2)







Then, PLI can be defined as in Equation (3).


  P L I =   〈  sign Δ  φ  t  〉    



(3)




where   Δ φ  t    is the phase difference between EEG signals    x 1   t    and    x 2   t   , sign is the signum function,    •    is the symbol for calculating the absolute value, and    •    is the symbol for calculating the average value. PLI ranges between 0 and 1. The larger the PLI value, the stronger the phase synchronization of the two EEG channels.



Based on the calculation process, the PLI value was taken as the phase relation between two EEG channels. Moreover, 16 electrodes were used, with 16 × (16 − 1)/2 = 120 PLI values. At the same time, four rhythms were obtained through band-pass filtering, so there were 4 × 120 = 480 PLI values.



The PLI values were used to construct functional brain networks. Firstly, 120 PLI values of each rhythm were selected and each edge was assigned its own PLI value according to the positions of the electrode and the edges connected to the other electrodes. The fully connected weighted network (the value of the existing connection was the corresponding PLI value) was constructed in this way. However, it was of no practical significance in the analysis to construct functional brain networks as a fully connected weighted network. Therefore, threshold ranges were set. The specific approach was to set the threshold value from 25% to 35% in 1% steps. This entailed sorting the 120 PLI values in descending order from largest to smallest, taking the top PLI values to retain based on the threshold value, deleting the rest of the PLI values, and thus building a sparse network with the retained edges, which resulted in 11 networks obtained. The principle of threshold setting was to avoid isolated nodes in sparse networks and to separate PLI values with small weights as much as possible. This was used to ensure that the differential energy of different groups of brain networks was expanded.




2.4. Feature Calculation of Functional Brain Networks


The weighted characteristics of functional brain networks (including clustering coefficient, characteristic path length, and small-world attributes) were calculated from the series of 11 weighted networks. Then, the results from these 11 networks were averaged for further analysis (see Figure 1f).



2.4.1. Clustering Coefficient


The weighted clustering coefficient is the probability of the connections between a node and its adjacent nodes in the network, which is generally represented by    C i w    in the weighted network. The calculation of the weighted clustering coefficient was proposed by Alon et al. [42]. A higher value means more efficient information transfer. The clustering coefficient of the weighted network calculated in this study was realized by the following Formulas (1) and (2).


   C i w  =  1   S i     k i  − 1       ∑   i ≠ j ≠ h        w  i j   +  w  i h      2   a  i j    a  i h    a  j h    



(4)






   C w  =  1 N    ∑   i = 1  N   C i w   



(5)




where    k i    indicates the degree of node i in the binary network (the values of the existing connections are set to 1),    S i    represents the weighted degree of node i in the weighted network,    S i     k i  − 1     is the normalization coefficient to ensure    C i w    in the range of 0 to 1, and    w  i j     represents the weight value between nodes i and j.    a  i j     indicates the connection between node i and j. If there is a connection,    a  i j   = 1  . If there is no connection,    a  i j   = 1  .




2.4.2. Characteristic Path Length


The weighted characteristic path length is defined as the average shortest path length of all node pairs in the network, where the weighted shortest path length    l  i j  w    describes the minimum value that node i to node j must pass through. The weighted characteristic path length was represented by    L w    in the weighted network, and it is the key parameter of information transmission and information processing in the functional brain network. The specific calculation process is shown in Equations (6) and (7).


   l  i j  w  = min    1   w  i k     +  1   w  k h     + ⋯ +  1   w  m n     +  1   w  n j        



(6)






   L w  =  1  N   N − 1       ∑   i ≠ j    l  i j  w   



(7)




where, in Equation (6), k, h, …, m, n refer to the nodes that the shortest path length between node i to node j may pass through, and    w  i k     represents the weight value of the edge between node i and node k in the weighted network. In Equation (7), N represents the number of nodes in the weighted network. Here, N = 16.




2.4.3. Small World


Small world can be used to simulate changes in the brain’s structure and function [43], and describe the process of the brain in balancing and optimizing functional separation and integration. It is positioned between general random network and regular network theory. Small world is a comprehensive index calculated using the clustering coefficient and characteristic path length. When the brain functional network satisfies Equation (8), i.e.,   σ > 1  , it indicates that the network has a small-world attribute and is an optimized network structure. Small world can be calculated by Equation (9), where    C  rand  w    and    L  rand  w    represent the weighted clustering coefficient and weighted characteristic path length in the weighted random network. The random network was generated from the experimentally obtained network by a constrained shuffle of the edges among nodes, keeping both the number of nodes and the degree distribution constant. The random networks were generated with a procedure described by Maslov and Sneppen [44].


         C w  ≫  C  rand  w         L w  ≥  L  rand  w         



(8)






  σ =      C w     C  rand  w         C w     L  rand  w       



(9)









2.5. Notation Interpretation in the Equations


In this section, all the symbols in Equations (1) to (9) are given for summary.    x i   t    denotes the time series of an EEG channel. N represents the number of nodes, which is equal to the number of the EEG channels.    z i   t    is the instantaneous phase of the    x i   t   .   Δ φ  t    is the phase difference between EEG signals    x 1   t    and    x 2   t   . sign is the signum function.    •    denotes the absolute value.    •    denotes the average value.    k i    is the degree of node i in the binary network.    S i    is the weighted degree of node i in the weighted network.     w  i j     is the weight value between nodes i and j in the weighted network.    a  i j     indicates the connection between node i and j in the binary network.    C  rand  w    and    L  rand  w    represent the weighted clustering coefficient and weighted characteristic path length in the weighted random network.




2.6. Statistical Analysis


In order to distinguish the differences in the functional brain networks between LGAD and HGAD, one-way ANOVA was employed for the PLI values, clustering coefficient, characteristic path length, and small-world attributes of different rhythms. In addition, p < 0.05 was set as the obvious statistical difference.





3. Results


Figure 2 shows the analysis results of brain FC. The edge (the connection between two channels) represents the connection between two electrodes. Statistical differences in PLI values were verified between the HGAD and LGAD groups. In Figure 2, the blue line represents that LGAD has a higher PLI value on the edge, and the red line represents that HGAD has a higher PLI value on the edge. The topological distribution of brain networks suggests that FC is mainly associated with the frontal brain regions and are distributed between the frontal brain regions and other regions. Specifically, 73% of FC is related to the frontal area, and this ratio is 10/16, 8/9, 21/29, and 2/2 for the theta, alpha1, alpha2, and beta rhythms, respectively. PLI values of HGAD were significantly enhanced in the alpha2 rhythm (accounting for 75.86% (22/29) of the total connectivity), and mainly decreased in the theta and alpha1 rhythms.



Figure 3A,B show the average characteristic path length and average clustering coefficient of HGAD and LGAD in different rhythms (theta, alpha1, alpha2, beta). For the characteristic path length, there are no significant differences. For the average clustering coefficient, the average clustering coefficient of HGAD is larger than that of LGAD in the alpha2 rhythm. There is a significant difference between HGAD and LGAD in the theta rhythm.



The analysis results of the small-world attributes calculated from the characteristic path length and the clustering coefficient show that the small-world value of LGAD is significantly higher than that of HGAD in the theta and alpha2 rhythms (Figure 4). Moreover, the small-world value of both groups of objects is less than 1, which does not indicate perfect small-world attributes. It should be noted that the analysis results of the characteristic path length and the clustering coefficient do not demonstrate statistical differences in the alpha2 rhythm.




4. Discussion


In this resting-state EEG study, a comprehensive analysis of the brain functional networks of HGAD and LGAD was conducted. The neurodynamic mechanisms of HGAD and LGAD from the perspective of brain functional networks were analyzed. The findings are as follows. Firstly, HGAD has obviously increased values of FC in the alpha2 rhythm and completely decreased values of FC in alpha1 and decreased values of FC in the theta rhythm compared with LGAD. Moreover, the significant structural reorganization of brain functional networks is mainly related to the prefrontal brain regions. Secondly, HGAD has a lower small-world value than LGAD, which indicates that the brain functional network structure would deteriorate with the increase in GAD severity. Furthermore, both HGAD and LGAD have an unoptimized network structure. These findings will be discussed in more detail below.



4.1. Functional Connectivity Reorganization


Functional connectivity refers to the ability of different brain regions to interact with each other during unconscious states [45]. By studying FC, we can understand the neural mechanisms of GAD and design better treatment plans. Our analysis showed that connections have a significant correlation with the prefrontal brain regions, distributed mostly between the frontal and other regions of the brain. A similar result has been reported by Shen et al. [4] and Song et al. [46]. Research has shown that people with generalized anxiety disorder (GAD) may have abnormal FC [47,48]. Findings from resting-state functional magnetic resonance imaging (fMRI) studies of GAD have shed light on the altered brain function and connectivity that characterize this condition [49]. Evidence of the reorganization of functional connectivity and altered functional network structure was provided in individuals with GAD. Connectivity between the amygdala and prefrontal cortex in individuals with GAD was decreased [50,51]. The amygdala is a key region involved in the processing of emotional stimuli, and the prefrontal cortex is involved in the regulation of emotional responses. Decreased connectivity between these regions may contribute to excessive anxiety and worry in individuals with GAD. Interestingly, a meta-analysis of fMRI studies in individuals with anxiety disorders, including GAD, also found decreased connectivity between the default mode network and the dorsal anterior cingulate cortex, a region involved in attentional control [52]. Individuals with GAD showed decreased connectivity within the default mode network and increased connectivity within the salience network, which is involved in the detection and integration of salient stimuli. Overall, these findings suggest that alterations in brain function and connectivity contribute to the pathophysiology of GAD [53]. The decreased connectivity between the amygdala and prefrontal cortex, as well as the alterations in functional network organization, may contribute to excessive anxiety and worry in individuals with GAD. Furthermore, the findings of decreased connectivity between the default mode network and the dorsal anterior cingulate cortex, and alterations in network structure, suggest a broader disruption of attentional control and information processing in individuals with anxiety disorders. It should be noted that the interpretation of these results is limited by the cross-sectional nature of the studies, which precludes causal inferences. Future longitudinal studies are needed to examine the development and progression of altered brain function and connectivity in individuals with GAD. Nonetheless, the current results provide a valuable insight into the neural mechanisms underlying this debilitating condition.



The reorganization of brain networks could be obtained by the changes in FC [54]. The changes in brain regional coordination and cognitive function could also be indicated by the changes in FC. Thus, in the theta rhythms and alpha1 and alpha2 rhythms, the key FC of HGAD patients showed significant reorganization throughout the brain compared to LGAD patients. There was also a similar distribution in the frontal region, which is consistent with our study. The theta rhythms have been found to be associated with increased FC between certain brain regions, such as the right frontal and central regions, and also between the right temporal and left occipital regions in individuals with GAD [55]. In patients with HGAD, reduced FC in the alpha1 rhythm may suggest disruption of inhibitory function. This disruption may impact attention and the ability to access stored information in a controlled manner. A similar result was reported in Alzheimer’s disease [56]. Compared to the theta, alpha1, and beta rhythms, the alpha2 rhythms have significantly more key FC. It accounts for 52% of all connections in all rhythms, which indicates that HGAD patients have significant whole-brain functional reorganization in the alpha2 rhythms. This may suggest that the alpha2 rhythms play a significant role in brain function and have more FC than other brain rhythms. It suggests that GAD patients show a decline in cognitive function with the severity, conforming to the general pattern of functional network changes in HGAD. However, more research is needed to fully understand the relationship between the alpha2 rhythms and FC, as well as the potential implications for brain function and various conditions.




4.2. Altered Brain Functional Network Structure between HGAD and LGAD


The characteristic path length and average clustering coefficient are two indicators representing the functional integration and separation in the functional brain network, respectively [57]. In healthy individuals, the functional brain network has the best structure, with a short characteristic path length and large average clustering coefficient to maintain the balance of functional integration and separation in the brain [58]. A shorter characteristic path length indicates efficient integrity and the rapid communication of information between distant regions of the brain, which is the foundation of cognitive processing [59]. In contrast, a longer characteristic path length may reflect disruptions in the neuronal integration between regions. In the theta rhythms, the characteristic path length of HGAD is higher than that of LGAD. There is limited research on the characteristic path length in individuals with generalized anxiety disorder (GAD). A decrease in the clustering coefficient may be attributed to disruptions in functional connections between regions [60]. This suggests disarray in brain functional connections. In the theta rhythms, the significant reduction in the average clustering coefficient in the HGAD functional brain network indicates that the information processing ability in the HGAD local brain region is weakened.



Studies have also found that individuals with various neurological and psychiatric conditions exhibit changes in their functional brain networks, including variations in small-world properties and modularity. All the values of small world in this research are less than 1. This implies that the results of GAD in reducing the small world are consistent. For all the rhythms, the small-world properties of LGAD are higher than those of HGAD. This means that the small-world features of the brain function networks of HGAD patients are weakened more. The weakness is significant in the theta and alpha2 rhythms. The decrease in small world revealed that the optimal brain functional network structure was slowly destroyed by the increasing level of GAD. The small-world attributes are decreased in GAD, indicating that the brain’s small-world network organization has been lost. Similar results have been reported in individuals with Alzheimer’s disease, schizophrenia, and depression [61]. In addition, the brain function network’s alpha2 rhythm and theta rhythm show a change to the network structure, which also reflects the reduction of the small world.



It is important to note that more research is needed to fully understand the role of changes in small world. This may aid in the development and maintenance of LGAD and HGAD to determine whether interventions that target these brain changes may be effective in treating GAD.




4.3. Limitations


Although the current results are meaningful, there are still some limitations in this work. Firstly, 30 HGAD patients and 21 LGAD volunteers participated in this study. This sample size is not sufficient to draw a clear conclusion. Secondly, participants were between 27 and 58 years old. A wider age range needs to be considered to obtain more comprehensive results in future studies. Thirdly, the EEG system with 16 electrodes was used in this study. Further research will focus on high-density EEG systems (e.g., 64 electrodes) and compare the results with these findings.





5. Conclusions


In this study, we constructed the functional brain networks of GAD and studied the characteristics of HGAD and LGAD. We found that the PLI values of HGAD were significantly increased in the alpha2 rhythm and decreased in the theta and alpha2 rhythms. The small-world value of LGAD was significantly higher than that of HGAD. In addition, the small-world values of both groups were less than 1, and the HGAD group had worse small-world attributes than LGAD. In general, this research has potential application value for the development of EEG mechanisms and diagnosis of LGAD and HGAD.
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Figure 1. Procedures of data processing. (a) EEG data collection with 16 channels. (b) EEG data preprocessing without artifacts. (c) EEG rhythm extraction. (d) Adjacent matrix calculation with PLI values. (e) Functional brain network construction with the threshold value from 25% to 35% in 1% steps. (f) Network characteristic computations. Each adjacency matrix will obtain 11 values for each network characteristic based on 11 thresholds, which are averaged to form the final network characteristics corresponding to the adjacency matrix. 
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Figure 2. Brain function network topology of HGAD and LGAD in theta, alpha1, alpha2, beta rhythms. The red edge indicates that HGAD has a higher weight on the edge. The blue edge indicates that LGAD has a higher PLI value. 
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Figure 3. The results of network features for all EEG rhythms between LGAD and HGAD. (A) Characteristic path length. (B) Clustering coefficient. The column represents the size of the value, and * represents the statistical difference between the two groups of characteristic values at this position (p < 0.05). 
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Figure 4. Small-world attribute analysis results of LGAD and HGAD in theta, alpha1, alpha2, and beta rhythms. Among them, the column represents the size of the value, and * represents the statistical difference between the two groups of characteristic values at this location (p < 0.05). 
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Table 1. Demographic and clinical characteristics of the patients.
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	Characteristics
	LGAD
	HGAD
	p-Value





	Number
	30
	21
	-



	Age (year)
	27–58

(44.90 ± 10.28)
	28–58

(46.77 ± 8.99)
	0.0504



	HAMA
	18–25

20.93 ± 2.73
	29–49

35.76 ± 7.20
	1.62 × 10−13
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