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Abstract: As is well known, the Apolipoprotein E (APOE) ε4 allele is the most pertinent genetic 
hazardous element for Alzheimer’s disease (AD). Mild cognitive impairment (MCI) is considered a 
prodromal stage of AD. How the APOE ε4 allele modulates functional connectivity of brain network 
in MCI group is a question worth exploring. At present, some studies have evaluated the relationship 
between APOE ε4 allele and static functional network connectivity (sFNC) for MCI individuals, while 
the relationship of dynamic FNC (dFNC) with APOE ε4 allele still remained puzzled. Thus, we aim to 
detect aberrant dFNC for APOE ε4 carriers in the MCI group. On the basis of the resting-state 
functional magnetic resonance imaging (rs-fMRI) data, seven intrinsic brain functional networks were 
first recognized by the group independent component analysis. Then, the technique of sliding window 
was employed to determine the dFNC, and two dFNC states were detected by the k-means clustering 
algorithm. Finally, three temporal properties of fraction time, mean dwell time as well as transition 
numbers in the dFNC states were investigated. The results found that the dFNC and temporal properties 
in APOE ε4 carriers were abnormal compared with those in APOE ε4 noncarriers. In detail, in the MCI 
group, compared with APOE ε4 noncarriers, carriers had 9 pairs of abnormal dFNC and had significant 
differences in all the three temporal properties of the two dFNC states. In addition, two pairs of dFNC 
were found significantly correlated with clinical measure. This detected abnormal dynamics of 
temporal properties and dFNC in APOE ε4 carriers were similar with that reported for AD patients in 
previous studies. These results may suggest that in the MCI group, APOE carriers are more at risk for 
AD compared to noncarriers. Our findings may offer novel insights into the mechanisms of abnormal 
brain reconfiguration for individuals at genetic risk for AD, which could also be regarded as 
biomarkers for the early identification of AD. 
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1. Introduction  

Alzheimer’s disease (AD) is an irreversible neurological disease, whose primary clinical 
characteristic is an obvious decline in cognitive function [1]. Mild cognitive impairment (MCI), as the 
prodromic stage of AD, is a transitional stage between normal aging and early AD [2]. MCI is 
characterized by performance declines in cognitive domains and is highly likely to develop into AD [3]. 
Prediction and detection in the stage of MCI can make early prevention, which may postpone the 
progression to AD. There are a variety of factors that affects the occurrence of AD, involving genetic 
type, environment and so on [4]. Plaque and tangle production are typical pathological characteristics 
of AD, which have been the focus on the pathogenesis of AD in recent years [5]. Apolipoprotein E 
(APOE) genotype is a famous pathogenic factor for AD [6]. More importantly, previous work found 
that APOE ε4 allele may promote plaque and tangle formation [7]. Note that ɛ2, ɛ3 and ɛ4 are three 
major APOE alleles, which are with increased risk of AD sequentially giving rise to 6 genotypes (ɛ2/ɛ2, 
ɛ2/ɛ3, ɛ2/ɛ4, ɛ3/ɛ3, ɛ3/ɛ4 and ɛ4/ɛ4) [8]. Individuals with at least one APOE ε4 allele are called APOE 
ε4 carriers (including ɛ2/ɛ4, ɛ3/ɛ4 and ɛ4/ɛ4), who have a higher danger and an earlier onset of AD 
compared with noncarriers [9]. Because of the lack of valid treatments for AD patients, it is important 
to detect the abnormal brain network in MCI stage so as to diagnose and intervene early. 

AD is a multi-network disorder that is not only a localized abnormality in certain areas of the brain 
but also a large-scale functional brain network abnormality [10]. Large-scale functional network 
connectivity (FNC) patterns, including inter-network and intra-network connections, were found to be 
impaired [11]. Previous works have found that AD is related to some abnormal resting-state networks 
(RSNs) such as the default mode network (DM), cognitive control network (CC), sensorimotor network 
(SM), visual network (VI) and cerebellum network (CB) [12–16]. Abnormal FNC of RSNs has also been 
related to cognitive impairment and indicated in neural mechanisms of AD pathophysiology, which could 
be taken as a possible biomarker of cognitive impairment in AD [17]. Previous studies have found that in 
the MCI group, APOE ɛ4 carriers have an enhanced chance of AD compared with noncarriers, i.e., the 
average age of onset is younger, and cognitive function declines faster [18]. However, the relevant effects 
of APOE ɛ4 allele on functional networks for MCI patients have not been fully studied. Identifying gentle 
changes at network level could be beneficial to reveal the risk of progression to AD for MCI with APOE 
ɛ4 carriers at an early stage. 

Recent imaging studies on AD spectrum have taken into account the influence of APOE ɛ4 allele 
on brain network connectivity [19–23]. Some abnormal static FNC (sFNC), including increased and 
decreased FNC within the DM in APOE ɛ4 carriers were revealed. For example, [22,23] have found 
that APOE ɛ4 allele can affect FNC in the posterior part of the DM in healthy individuals. However, 
most previous works about the effect of APOE ɛ4 allele on brain networks just performed sFNC 
analysis and focused on normal aging individuals, rather than considering the intrinsic dynamics of 
neural activity on the whole brain during the MCI phase. Indeed, the human brain connectivity is 
highly dynamic, and its temporal dynamics can be well captured by dynamic FNC (dFNC) analysis. 
DFNC analysis can provide elaborate brain connectivity information about functional formation that 
cannot be detected by sFNC analysis. Inspiringly, based on healthy brains, Sendi et al. have explored 
the influence of genetic factor on both sFNC and dFNC, finding that genetic risk for AD affected sFNC 
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wholly and dFNC in women than in men [24]. To our knowledge, there has not been much attention 
devoted to this topic. Until now, the association between the APOE ɛ4 allele and dFNC for MCI 
patients remains largely unclear. 

Motivated by the above findings, we focused on the influence of the APOE ε4 allele on the 
dynamics of functional brain network, examining whether dFNC and the three typical temporal 
properties are altered in APOE ε4 carriers in MCI group. In this work, we attempted to explore how 
the dFNC and temporal properties were altered by APOE ε4 allele in the MCI group. For this purpose, 
the following work was carried out step by step. First, based on the resting-state functional magnetic 
resonance imaging (rs-fMRI) data of 70 MCI individuals, the techniques of independent component 
analysis (ICA) and sliding window were implemented to extract the time- dependent functional 
connectivity networks in the whole brain. Then, the method of k-means algorithm was used to identify 
the reoccurring dFNC states. Furthermore, the significant differences of temporal properties and dFNC 
in APOE ε4 carriers were deeply explored compared with noncarriers. 

2. Materials and methods 

All data in this study were sourced the Alzheimer’s Disease Neuroimaging Initiative (ADNI: 
https://adni.loni.usc.edu/) database. ADNI was initiated in 2003 to explore whether 
neuropsychological assessments, imaging data, and other biomarkers could be combined so as to 
prevent and diagnose AD early [25]. Ethical approval has been gotten by the ADNI researchers 
(http://www.adni-info.org/pdfs/adni_protocol_9_19_08.pdf). 

2.1. Participants 

A total of 70 MCI subjects (32 APOE ε4 carriers, 38 APOE ε4 noncarriers) were chosen for this 
study. The diagnosis of subject type (MCI individuals) in ADNI was based on a series of cognitive 
tests, including Mini-Mental State Examination (MMSE) scores and Clinical Dementia Rating (CDR) 
scores. Similar with previous studies [1,18], the criteria for choosing the MCI group were that MMSE 
score was of 24–30 and CDR score was of 0.5, which had mild dementia, but did not meet the 
diagnostic criteria for AD. The detailed inclusion and exclusion criteria for MCI in the ADNI protocol 
can be retrieved from http://adni.loni.usc.edu/wp-conte nt/theme s/fresh newa-dev-v2/clini cal/ADNI-
1_Proto col.pdf. 

2.2. Image acquisition 

The image data for the MCI group were obtained by 3-Tesla (3-T) scanners, which were from 
Philips scanners to ensure the consistency of collection parameters. Structural images were derived by 
a three-dimensional (3D) MPRAGE T1-weighted sequence. The rs-fMRI data were obtained by an 
echo-planar sequence with these parameters: Repetition time (TR)/echo time (TE) = 3000/30 ms, slice 
thickness = 3.3 mm, slice numbers = 48, 140 time points, flip angle = 80. In the course of data 
collection, all subjects were asked to close eyes rather than fall asleep, relax as much as possible and 
reduce head movement. 
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2.3. Data preprocessing 

Image data from all participants were pretreated by the Data Processing Assistant for Resting-
State fMRI (DPARSF) [26]. First, the first ten time points were abandoned to allow for magnetic field 
equilibration and subjects adaptation to environments. Then, the rest images were conducted for slice 
timing and realignment. Subject with excessive head motion (maximum displacement or rotation > 2.0 
mm or 2.0° of in any direction) was removed [27]. Next, according to the template of Montreal 
Neurological Institute, these images were normalized spatially and resampled to cubic voxels with side 
length of 3 mm, regressing out the nuisance variables (Friston’s 24 head motion parameters, global 
signal, white matter and cerebrospinal fluid signals) [28,29]. Finally, smoothing was performed with 
a 6-mm full-width at half maximum (FWHM) Gaussian kernel. 

2.4. Group Independent Component Analysis (GICA) 

Using the Group ICA of fMRI Toolbox (GIFT), group spatial ICA was preformed, and the data 
were disintegrated into spatial independent components (ICs). A relatively high model order (100 ICs) 
was used to achieve refined functional segmentation of the brain [30]. Specifically, a two-step principal 
component analysis (subject-level and group-level) was employed to condense these data [31]. First, 
the subject-level data were diminished to 120 ICs. Next, the reduced data for all subjects were 
concatenated into group-level data, which were then further broken down into 100 ICs by the 
expectation maximization algorithm [32]. We used the infomax ICA algorithm 20 times in ICASSO to 
ensure the reliability and stability of ICs estimation during the decomposition process [33,34]. At last, we 
applied the GICA back-reconstruction algorithm to produce subject-level spatial maps and time courses. 

According to the criteria of ICs selection in previous works [30,31,35], we further identified 
meaningful components. Moreover, postprocessing steps of detrending, despiking and filtering with a 
cutoff frequency of 0.15 Hz were performed for selected ICs [36,37]. 

2.5. DFNC analysis 

The dFNC analysis was conducted based on the technique of sliding window for each subject. 
We let the window size be 20 TRs (60 s), as it was reported that a window size of 30 to 60 seconds 
could successfully capture dFNC fluctuations [13]. Next, we convolved these segmented windows 
were with a Gaussian of σ = 3 TRs and then slid them in a step length of 1 TR, resulting in 110 
successive windows for every participant. Subsequently, the regularized inverse covariance matrix was 
introduced to eliminate unwanted noise caused by the shorter time series covariance estimation [31]. 
Specifically, the L1 penalty on the precision matrix was applied to enhance sparsity in the graphic 
LASSO framework with 100 repetitions [38]. Finally, we z-transformed all the dFNC matrices to 
ensure stabilizing the variance. 

K-means clustering algorithm was conducted on the dFNC matrices for all windows to evaluate 
the reoccurring dFNC states for all subjects. Owing to the L1 (Manhattan) distance was proved to be 
an effective method for high dimensional data, it was used to evaluate the intra-cluster similarity between 
each windowed dFNC matrice and the cluster centroid [31,35]. We repeated the algorithm 100 times in 
order to decrease the deviation in the initial cluster centroids [35]. The optimal cluster number k was 
evaluated by the elbow criterion and a state covering at least 10 windows was considered to be reliable. 
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Here, every cluster denoted a dFNC state [31,35]. 
For dFNC states, we measured their temporal properties by the following three metrics [27,31,37]: 

1) Fraction time, namely, the proportion of total time belonging to each state; 2) mean dwell time, that 
is, the mean time that each subject was in a given state; 3) transition numbers, i.e., the times that the a 
state shifted from one to another. 

2.6. Statistical analysis 

We performed normality test on the age, clinical measure (MMSE scores), temporal properties 
and dFNC matrices. Then, the differences between APOE ε4 carriers and noncarriers were further 
checked by two-sample t-test (for normally distributed data) or Mann-Whitney U-test (for non-
normally distributed data). We employed 2  test to compare the difference of gender between APOE 
ε4 carriers and noncarriers. For convenience, the Statistical Package for Social Sciences (SPSS 25.0) was 
performed to the above statistical analyses, with significance thresholds setting at P < 0.05, FDR corrected. 

2.7. Data availability 

In this work, all data were sourced from the ADNI database and are public and freely accessible. 
Researchers may request and access the data through the ADNI website. 

3. Results 

3.1. Clinical and demographic measures 

One APOE ε4 carrier in the MCI group was excluded due to excessive head motion. Therefore, 69 
MCI subjects were kept for further analysis. Table 1 detailed the influence of APOE ε4 allele on 
demographic and clinical characteristics. These were not significantly different for age and gender 
between the two subgroups (all P > 0.05). Not surprisingly, compared with noncarriers, there was a 
significant difference in cognitive measure (MMSE scores) for APOE ε4 carriers (P < 0.05), which 
was consistent with the high genetic danger of MCI in APOE ε4 carriers in previous study [9]. 

Table 1. Demographic and clinical feature of the data. 

MCI (n = 69) ε4+ (n = 31) ε4- (n = 38) P value 
Age 70.97 ± 7.21 74.26 ± 7.59 0.08�  
Sex (M/F) 18/13 17/21 0.9� 
MMSE scores 27.3 ± 1.8 28.32 ± 1.3 0.02�  

Note: ε4+, APOE ε4 carriers; ε4-, APOE ε4 noncarriers. a: two-sample t-test; b: 2  test; c: Mann-Whitney U-test. 

3.2. GICA components 

Based on ICA analysis and empirical selection, 37 ICs were extracted for the MCI group. On the 
basis of the anatomical and functional characteristics, the ICs were divided into seven networks: 
Subcortical network (SC), auditory network (AU), SM, VI, DM, CC and CB. As shown in Figure 1(a), 
the 37 ICs for the MCI group were grouped into the following seven networks: The SC (ICs 22, 30, 40 
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and 66), the AU (ICs 27, 31 and 41), the SM (ICs 6, 33, 64, 70 and 83), the VI (ICs 7, 28, 35, 36, 37, 
52, 74, 76 and 96), the DM (ICs 24, 42, 50, 58, 59 and 72), the CC (ICs 38, 46, 47, 54, 61, 62, 84 
and 100) and the CB (ICs 13 and 26). 

 
(a) 

 
(b) 

 

(c) 

Figure 1. (a) There were 37 identified meaningful ICs in spatial maps for the MCI group, 
in which they are divided into 7 functional networks. (b) The two cluster centroids for the 
two states together with their occurrence rates in the MCI group. The correlation of dFNC 
between ICs was depicted and demonstrated by a color bar. (c) The dFNC between ICs 
was described by the connectgrams for the two states. Here, the color bar is ranged from 
blue (negative) to yellow (positive) gradually. 
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3.3. DFNC analysis 

Using the sliding window method, a number of 37 × 37 connectivity matrices in the 110 windows 
were obtained for each subject in the MCI group. Every set of symmetric matrices represented the 
entire dynamic network connectivity for every subject. All dFNC matrices in the MCI group were 
employed for further k-means clustering analysis. The two dNFC states of the MCI group were 
determined by k-means clustering analysis. The cluster centroids for the two states and the 
corresponding occurrence rate were displayed in Figure 1(b). Specifically, for the MCI group, state 1 
occurred more frequently (80%) but with relatively weaker connectivity of the whole brain. In 
comparison, state 2 occurred less frequently (20%) but with partially stronger positive connectivity, 
mainly within and among the three networks of SM, VI and DM. For better visualization, connectgrams 
depicting the connections of two dFNC states were displayed in Figure 1(c) for the MCI group. 

3.4. Temporal properties of dFNC states 

As illustrated in Figure 2, compared to noncarriers, significant differences in temporal properties 
were observed for APOE ε4 carriers in the MCI group. Compared to noncarriers, both the fraction time 
and the mean dwell time of APOE ε4 carriers were significantly decreased in state 1 (P = 0.01, P = 0.01, 
FDR corrected) and enhanced in state 2 (P = 0.009, P = 0.014, FDR corrected). Moreover, APOE ε4 
noncarriers had fewer transitions than carriers (P = 0.023, FDR corrected). 

 

Note: ε4+, APOE ε4 carriers; ε4-, APOE ε4 noncarriers. 

Figure 2. Compared to noncarriers, there were differences of the temporal properties for 
APOE ε4  carriers in the MCI group. ** indicates significant difference under the 
threshold of P < 0.05. 

3.5. DFNC differences 

The statistical analysis of two sample t-tests was performed to check if there were significant 
differences in dFNC between APOE ε4 carriers and noncarriers. Similar with the work [36], we showed 
only the dFNC with significant differences (P < 0.01) in each state (Table 2). Compared to noncarriers, 
Figure 3 showed the altered FNC in each state in APOE ε4 carriers in the MCI group. 
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Table 2. Compared to noncarriers, significant differences of dFNC for APOE ε4 carriers 
in the MCI group (P < 0.01, FDR corrected). 

IC Network P value T value 
State 1 
30–35 SC-VI 0.005 -2.89 
30–40 SC-SC 0.005 -2.93 
26–30 CB-SC 0.003 3.06 
36–58 VI-DM 0.007 2.81 
58–74 DM-VI 0.009 2.71 
State 2 
6–27 SM-AU 0.002 3.51 
30–58 SC-DM 0.009 2.82 
24–96 DM-VI 0.003 -3.22 
24–84 DM-CC 0.006 -2.99 

Note: T > 0 indicated increased dFNC in APOE ε4 carriers, while T < 0 indicated decreased dNFC. 

Compared to noncarriers, APOE ε4 carriers showed significant dFNC differences in both states. 
In state 1, APOE ε4 carriers showed abnormal dFNC within SC and SC-CB/VI and VI-DM compared 
to noncarriers (Figure 3(a)). In state 2, altered dFNC were found in DM-VI/SC/CC and SM-AU in 
APOE ε4 carriers compared to noncarriers (Figure 3(b)). 

 
(a) (b) 

Figure 3. Compared to noncarriers, abnormal dFNC of APOE ε4 carriers in the MCI 
group (a) Significantly altered dFNC in state 1 in APOE ε4 carriers compared to 
noncarriers. (b) Significantly altered dFNC in state 2 in APOE ε4 carriers compared to 
noncarriers (P < 0.01, FDR corrected). Red/blue squares denoted the brain region where 
the dFNC was increased/decreased. 

Furthermore, correlation analysis was carried out to examine the correlation between abnormal 
dFNC and MMSE scores. The results revealed that the dFNC between IC 58 (in DM) and IC 74 (in 
VI) was negatively correlated with MMSE scores significantly (P = 0.044), whereas the dFNC between 
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IC 24 (in DM) and IC 84 (in CC) was positively correlated with MMSE scores significantly (P = 0.041). 
These results may imply the dFNC that link precuneus with fusiform gyrus and hippocampus and could 
help predict the symptom severity in MCI patients (see Figure 4). 

  
(a)                         (b) 

Figure 4. Significant correlation between abnormal dFNC and MMSE scores. 

4. Discussion 

Recently, a growing body of research suggests that dFNC may offer novel insights into the 
pathophysiological mechanisms of some neurodegenerative diseases, such as subjective cognitive 
decline (SCD), amyotrophic lateral sclerosis, AD and Parkinson’s disease [28,29,39]. In this work, we 
attempted to explore the whole-brain dFNC patterns in APOE ε4 carriers and noncarriers for MCI 
group by the techniques of ICA, sliding windows, and k-means clustering. The dFNC analysis can 
better reflect the time-varying features of the brain, which has considered to be a promising approach 
for studying temporal alteration in the internal brain formation during resting state [34]. The results of 
this work detected some impaired dFNC and altered temporal properties in APOE ε4 carriers compared 
to noncarriers in the MCI group, which may serve as early biomarkers of AD. 

4.1. DFNC states 

As mentioned above, there were two recurrent dFNC states in the MCI group. State 1 occurred 
more frequently but with relatively weaker connectivity, while the characteristics of state 2 was 
lower frequency and stronger partial connectivity. The above findings were consistent with previous 
studies [28–30,39]. In the present study, state 1 can be considered as a baseline state. The higher 
frequency of this state may imply that the cerebrum has preferences that having more energy reserve 
rather than more information transmitting [28,39]. The other state occurred less frequently and had strong 
connectivity in SM, VI and DM networks, which may reflect neuropsychological processes [39,40]. 

4.2. Temporal properties of dFNC states 

Obviously, we found that the temporal properties of APOE ε4 carriers were significantly different 
from those of noncarriers. Specifically, APOE ε4 noncarriers had more fraction time and mean dwell 
time in the weak connectivity state (state 1) than APOE ε4 carriers in the MCI group. To some extent, 
this result agreed with previous studies that aging is the main reason for the longer mean dwell time in 
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the weak dFNC state [39,41]. On the other hand, we detected that APOE ε4 carriers had more fraction 
time, mean dwell time and transition numbers in the strong connectivity state than APOE ε4 
noncarriers, which may be the result of a compensatory response to degraded dFNC. Notably, the 
pattern of brain network reorganization in the MCI group of APOE ε4 carriers in this study was similar 
to that of another study on AD [28]. Thus, these remarkable differences of the three temporal properties 
in the MCI group indicated that APOE ε4 carriers in the MCI stage could have more severe disease 
progression and may be at risk for AD. 

4.3. DFNC differences 

In the MCI group, we detected some abnormal dFNC in APOE ε4 carriers compared to 
noncarriers in both states, and the abnormal dFNC was primarily in DM, SC and VI. Specifically, there 
were 9 pairs of abnormal dFNC, 5 of which were between DM and other RSNs. Abnormal connections 
of the DM with other RSNs have been widely reported in AD spectrum, suggesting that DM is a 
research hotspot for AD and its high-risk populations [10,42,43]. In this study, the reduced dFNC 
between the DM and other RSNs may indicate cognitive deficits in APOE ε4 carriers, while the 
increased dFNC suggested that APOE ε4 carriers may use additional brain subregions to compensate 
for cognitive impairment. Notably, the decreased dFNC between precuneus and hippocampus was 
detected in APOE ε4 carriers compared to noncarriers, which accorded with previous finding on APOE 
ε4 carriers [44]. Furthermore, we observed increased dFNC between the AU and SM in APOE ε4 
carriers, which validated the work suggesting that APOE ε4 allele may affect connectivity between the 
AU and other networks [45]. Moreover, the abnormal dFNC in APOE ε4 carriers was also observed in 
SC. Interestingly, the reduced dFNC between hypothalamus and caudate was found within SC network 
of APOE ε4 carriers in this study, which accorded with previous study that decreased connectivity was 
observed within the SC including the caudate in AD patients [14]. As the CB may modulate cognitive 
function in early AD, thus the revealed increased connectivity between the CB and SC may be a 
compensatory mechanism [46]. In addition, the connectivity between the DM and VI was revealed to 
be increased in APOE ε4 carriers in this work. A previous study has shown that AD group have higher 
connectivity between these two networks than that in healthy group [47]. As reported in early AD [14], 
the altered connectivity involving the fusiform gyrus of the VI in our work was related to face 
recognition and face recognition disorder. The above findings may suggest that APOE ε4 carriers in 
the MCI group may have a tendency to develop into AD patients. 

Overall, our findings suggested that abnormal dFNC in APOE ε4 carriers involved many brain 
networks, including the cognitive and perceptual networks, as well as the CB and SC, supporting the 
fact that AD is a multi-network disease to some extent. Notably, in this study the alterations of dFNC 
in the DM network all involved the precuneus. The precuneus is mostly concerned with behavioral and 
cognitive functions, whose impaired function maybe an important feature of AD. The precuneus is an 
area that is more prone to beta-amyloid (Aβ) deposition, which could serve as evidence of excessive 
Aβ accumulation in AD pathology [48]. Therefore, abnormal connectivity related with the precuneus 
in APOE ε4 carriers in this study may be used as a neuroimaging biomarker for early AD. Though 
subcortical region plays a crucial role in triggering AD, most researches on the AD spectrum have 
focused on abnormal connectivity at the cortical level and only few studies involved the subcortical 
region [49]. Previous study has revealed that altered connections in AD patients were predominantly 
between subcortical and cortical regions [50]. Our result found that the abnormal dFNC in APOE ε4 
carriers involved the SC network. Note that the subthalamic nucleus is the main structure of the 
subthalamus, and a previous study has detected neurofibrillary tangles in the subthalamic nucleus with 
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advanced AD patients [51]. We also found that dFNC abnormalities in the SC network of APOE ε4 
carriers occurred primarily in the subthalamus, which may indicate more severe symptoms in the 
APOE ε4 carriers. Future research should focus more on the subcortical network. 

4.4. Limitations and further research 

There are some limitations that need to be noted in this current work. First, based on the rs-fMRI 
data of 70 MCI individuals, our findings suggested the presence of altered dynamic functional 
connectivity in APOE ε4 carriers at the MCI stage compared with noncarriers; however, further 
validation studies on larger datasets are urged. Furthermore, we mainly focused on the impact of the 
APOE ε4 allele on dynamic brain networks at the MCI stage. Since the degree of brain impairment 
varies at different diagnosing phase of AD, FNC dynamics could also have various features as the disease 
progresses [28]. Future studies will consider changes of dFNC at other stages of AD development. 

5. Conclusions 

As stated above, the APOE ε4 allele is a very important pathogenic element for AD. How the 
APOE ε4 allele regulates the dynamics of functional brain network is largely unexplored. Thus, this 
work attempted to study the influence of the APOE ε4 allele on the dynamics of whole functional 
network in the MCI group using dFNC analysis. Based on the rs-fMRI data of 69 MCI subjects, 37 
ICs were first extracted for the MCI group by the technique of ICA. Then, these extracted ICs were 
grouped into 7 networks of SC, AU, SM, VI, DM, CC and CB. Subsequently, two dFNC states were 
identified for the MCI group by combining the techniques of sliding window and k-means clustering 
algorithm. For all the temporal properties of the two dFNC states including fraction time, mean dwell 
time and transition numbers, APOE ε4 carriers in the MCI group showed significant differences 
compared with APOE ε4 noncarriers. In terms of dFNC, compared with APOE ε4 noncarriers, carriers 
in the MCI group had 9 pairs of abnormal dFNC involving all the seven networks of SC, AU, SM, VI, 
DM, CC and CB. In the MCI group, compared to noncarriers the detected abnormal dynamics of 
temporal properties and dFNC in APOE ε4 carriers were similar with that reported for AD patients in 
previous studies. The above findings indicated that APOE ε4 carriers in the MCI stage would be at 
danger of progressing to AD. Our results indicated that dFNC analysis can provide new insights into 
brain network reorganization in APOE ε4 carriers in the MCI stage, which can facilitate preclinical 
detection of patients with early AD. 
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Appendix 

Table A1. Details of selected ICs in the MCI group. 

ICs x y z 
Subcortical Network (SC)    
IC 22 Putamen 0 -19 -7 
IC 30 Subthalamus/hypothalamus 0 -16 2 
IC 40 Caudate -3 2 2 
IC 66 Thalamus -9 -10 14 
Auditory Network (AU)    
IC 27 Superior temporal gyrus 45 -16 5 
IC 31 Superior temporal gyrus -54 -25 8 
IC 41 Middle temporal gyrus -42 11 -4 
Sensorimotor Network (SM)    
IC 6 Postcentral gyrus 57 -7 26 
IC 33 Paracentral lobule 3 -25 71 
IC 64 Superior parietal lobule 21 -52 62 
IC 70 Superior parietal lobule 30 -67 50 
IC 83 Precentral gyrus -48 -10 41 

Continued on next page 
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ICs x y z 
Visual Network (VI) 
IC 7 Cuneus 3 -88 -1 
IC 28 Middle occipital gyrus -21 -88 19 
IC 35 Lingual gyrus 9 -73 -7 
IC 36 Calcarine gyrus 9 -70 5 
IC 37 Right middle occipital gyrus 27 -79 -22 
IC 52 Calcarine gyrus 12 -61 17 
IC 74 Fusiform gyrus -15 -55 -4 
IC 76 Inferior occipital gyrus 54 -52 8 
IC 96 Middle temporal gyrus 51 -67 -7 
Default Mode Network (DM) 
IC 24 Precuneus 0 -61 53 
IC 42 Posterior cingulate cortex 0 -61 29 
IC 50 Anterior cingulate cortex 0 -49 5 
IC 58 Precuneus 0 -55 41 
IC 59 Precuneus 0 -76 35 
IC 72 Posterior cingulate cortex 0 -28 26 
Cognitive Control Network (CC) 
IC 38 Middle frontal gyrus 48 17 26 
IC 46 Middle cingulate cortex -48 20 20 
IC 47 Inferior frontal gyrus 42 50 -1 
IC 54 Supplementary motor area 48 -34 47 
IC 61 Insula -60 -34 32 
IC 62 Inferior parietal lobule 48 -58 35 
IC 84 Hippocampus 18 -28 -10 
IC 100 Superior frontal gyrus -24 -43 5 
Cerebellum Network (CB) 
IC 13 Cerebellum -27 -73 -31 
IC 26 Cerebellum 0 -55 -46 

Note: IC, independent component; x, y, z, coordinates (mm) of primary peak locations in the Montreal Neurological 
Institute space. 
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