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Abstract

INTRODUCTION: Cross-sectional resting-state functional magnetic resonance imag-

ing (rsfMRI) studies have revealed altered complexity with advanced Alzheimer’s

disease (AD) stages. The current study conducted longitudinal rsfMRI complexity

analyses in AD.

METHODS: Linearmixed-effects (LME)models were implemented to evaluate altered

rates of disease progression in complexity across disease groups.

RESULTS: The LME models revealed complexity of the higher frequency in the

CNtoMCI group (those converted from cognitively normal [CN] to mild cognitive

impairment [MCI]) decayed faster over time versus CN in the prefrontal and lateral

occipital cortex; complexity of the lower frequency decayed faster in AD versus CN in

various frontal and temporal regions (p < 0.05 & Benjamini–Hochberg corrected with

q< 0.05).

DISCUSSION:Local functional brain activities decayed in theearly stageof thedisease,

and long-range communications were impacted in the later stage. Our study demon-

strated longitudinal changes in AD-related rsfMRI complexity, indicating its potential

as an imaging biomarker of AD.
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Highlights

∙ We conducted longitudinal resting state functional magnetic resonance imaging

(rsfMRI) complexity analyses using the Alzheimer’s Disease Neuroimaging Initiative

dataset.

∙ Higher-frequency complexity in the CNtoMCI group (those transitioning from cog-

nitively normal [CN] to mild cognitive impairment [MCI]) was found to decay faster

over time compared to CN, specifically in the prefrontal and lateral occipital cortex.

∙ Lower-frequency complexity was found to decay faster in AD versus CN in various

frontal and temporal regions.

∙ This study demonstrated that longitudinal changes in rsfMRI complexity could serve

as a potential imaging biomarker for Alzheimer’s disease.

1 BACKGROUND

Alzheimer’s disease (AD) is a progressive, irreversible neurodegenera-

tive disorder characterized by cognitive decline, memory impairment,

and functional deterioration. Millions of Americans currently suffer

fromAD and this number could increase to 13.8million by 2050.1 Mild

cognitive impairment (MCI) is considered a transitional stage between

normal aging and dementia. Individuals with MCI tend to progress to

probable AD at a rate of ≈ 10% to 15% per year.2 The pathophysiolog-

ical changes in AD include the accumulation of toxic species of amyloid

beta (Aβ) and the development of neurofibrillary tangles of hyperphos-

phorylated tau protein.3 Possession of the ε4 allele of apolipoprotein E
(APOE) is the primary genetic risk factor for late-onset AD.4

Functional connectivity (FC), which refers to the statistical associa-

tion between the neural signals of different brain regions, has emerged

as a valuable tool in understanding the altered brain networks and

functions associated with AD.5–8 Non-linear statistical approaches,

which complement the measure of FC, have been used to inspect the

functional brain complexity alteration in AD pathology.9–20 Complex-

ity in this context refers to the variability and unpredictability of brain

signal patterns. High complexity is associated with a functional brain

system capable of adapting to various cognitive demands. Conversely,

a reduction in complexity suggests a decline in the system’s adap-

tive capabilities, which is characteristic of neurodegenerative diseases

like AD.

Sample entropy (SampEn) and multiscale entropy (MSE) have been

used to measure complexity in time series.21 SampEn is the negative

logarithm of the conditional probability that subseries of length m

within a time series of length N that match pointwise within a

tolerance r will also match at the next point, where self-matches

are excluded. “Coarse-grained” time series of lengths N/1, N/2, . . . ,

and N/a can be formed through averaging consecutive data points.

SampEn is calculated based on each of the temporal scales (i.e., scales

1 to a). MSE stands for SampEn across multiple temporal scales. Stud-

ies have shown that MSE at high frequencies (low scale numbers) may

represent the complexity of local neuronal processes, while MSE at

low frequencies (high scale numbers) reflect the complexity of input

from distributed, long-range communications, offering insights into

both localized and global brain functions.22

Previous resting-state functional magnetic resonance imaging

(rsfMRI) complexity studies in AD have predominantly revealedmono-

tonically declining complexity from cognitively normal (CN) to MCI to

AD.10,11,13,20 However, one study showed SampEn slightly increased

from CN to early MCI, but quickly dropped to be below SampEn of

controls in late MCI, and fell further in AD.12 Notably, these studies

relied on cross-sectional cohorts. We performed a longitudinal anal-

ysis of rsfMRI complexity to investigate AD-related functional brain

changes over time. SampEn and MSE in different groups of patients is

the most commonly reported complexity metric in AD literature and

has repeatedly been demonstrated to distinguish between different

stages of AD.While other complexity metrics are available, using Sam-

pEn andMSE in our study, for the first time in investigating longitudinal

changes, remains directly comparable to current literature.We formed

three pathology stable groups (i.e., groups ofCN,MCI, andAD) and two

conversion groups (GroupCNtoMCI: those converted fromCN toMCI;

Group MCItoAD: those converted fromMCI to AD). We hypothesized

that (1) the complexity of the five diagnostic groupswasorderedmono-

tonically asCN≥CNtoMCI≥MCI≥MCItoAD≥ADand (2) complexity

in the CNtoMCI, MCI, MCItoAD, and AD groups decayed faster over

time than in the CN group.

2 METHODS

2.1 Demographic, clinical, and imaging data

Data used in the preparation of this article were obtained from the

Alzheimer’s Disease Neuroimaging Initiative (ADNI) database. For the

current study, we used demographic, clinical, T1 structural, and rsfMRI

data from ADNI. The rsfMRI imaging data were obtained by using

an echo-planar imaging (EPI) sequence with an acquisition time of 7

to 10 minutes (repetition time = 3000 ms, echo time = 30 ms, flip

angle=80◦, matrix=64×64, number of slices=48).More information

about the scanners can be found in Table S1 in supporting information.
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The selected sample included five diagnostic groups, comprising a

total of 349subjects anda total of 911 rsfMRI scans. TheCNgroupcon-

sisted of those who remained CN at every visit. The CNtoMCI group

included subjects who converted fromCN toMCI. TheMCI group con-

sisted of those who remained MCI once they were diagnosed as MCI.

TheMCItoADgroup included subjectswho converted fromMCI toAD.

The AD group consisted of those who remained AD once they were

diagnosedwith AD.

Each subject had at least two rsfMRI scans from different visits, and

the scans with excessive motion (framewise displacement > 0.20 mm)

were excluded. For the CNtoMCI group, we required each subject

to have at least one scan while they were CN and at least one scan

while they were diagnosed as MCI. For the MCItoAD group, we

required each subject to have at least one scan while they were diag-

nosed as MCI and at least one scan while they were diagnosed as

AD. Table 1 displays the demographic information for each subject

group. The five groups matched in terms of education years but dif-

fered in sex, age of the first rsfMRI scan, and framewise displacement

(p< 0.05).

2.2 Data preprocessing and fMRI complexity
analysis

Preprocessing was performed using the CONN toolbox23 and

included motion realignment, correction for motion artifacts, and

co-registration to the corresponding anatomical image. The anatom-

ical images underwent tissue segmentation and were normalized

to the Montreal Neurological Institute (MNI) stereotaxic space.

Functional images were then normalized based on structural data,

resampled to 2 × 2 × 2 mm3 voxel size, and spatially smoothed with

a 6 mm full width at half-maximum (FWHM) 3D isotropic Gaussian

kernel.

Complexity analysiswas conductedwith the LOFTComplexity Tool-

box. Voxel-wise SampEn with pattern length m = 2 and sensitivity

threshold r = 0.3 was computed for temporal scales a = 1 to 4 (0.33–

0.08 Hz, see the mathematical definition of SampEn in the supporting

information). The choice of m and r was based on the recommenda-

tion byRoediger et al.,24 who identified this as the optimal combination

for computing SampEn for rsfMRI time series in the cortical regions.

While different values for m and r may also be effective,25 the cur-

rent choice struck a balance between capturing short-term signal

dynamics and ensuring robust estimation across subjects. The area

under the curve for SampEn across scales 1 to 4, termed aucMSE, was

also computed. Fourteen meta regions of interest (meta-ROIs) were

formed from theHarvard–Oxford atlas,26 that is, the prefrontal, insula,

superior frontal, middle frontal, inferior frontal, cingulate, precentral,

precuneus, temporal pole, lateral temporal, medial temporal, lateral

parietal, lateral occipital, and medial occipital. Finally, mean aucMSE

and mean SampEn at each temporal scale within each meta-ROI were

calculated.

RESEARCH INCONTEXT

1. Systematic review: Previous cross-sectional studies

using resting-state functional magnetic resonance

imaging (rsfMRI) have shown altered brain complexity

in Alzheimer’s disease (AD), but longitudinal changes

remain unclear.

2. Interpretation: This study applied longitudinal lin-

ear mixed-effects models to rsfMRI data from the

Alzheimer’s Disease Neuroimaging Initiative (ADNI).

Individuals transitioning from cognitively normal (CN)

to mild cognitive impairment (MCI) showed a faster

decline in higher-frequency complexity in the prefrontal

and lateral occipital regions compared to stable CN

individuals. In the AD group, lower-frequency complexity

decayedmore rapidly in the frontal and temporal regions,

consistent with previous cross-sectional findings. These

results suggest that early AD disrupts local brain activity,

while long-range communication breakdowns occur in

later stages.

3. Future directions: Future studies should validate these

rsfMRI complexity changes as biomarkers in diverse pop-

ulations, potentially integrating other neuroimaging and

cognitive measures for personalized treatment strate-

gies.

2.3 Statistical analysis

2.3.1 Main analyses

Six linear mixed-effects (LME) models were developed to evaluate the

main effects of group and group-by-time (time is short for time since

the first rsfMRI scan) interactions for mean aucMSE of the whole gray

matter (Model 1), mean aucMSE for each meta-ROI (Model 2), and

mean SampEn for eachmeta-ROI (Models 3–6 for temporal scale a= 1

to 4, respectively). Sex, education (in years), scanner type, number of

fMRI volumes, and framewise displacement were included as covari-

ates. There were two baseline covariates in each model, that is, age of

the first rsfMRI scan and mean entropy of the whole gray matter of

the first rsfMRI scan, to account for the historical or social factors that

have shaped each subject’s functional brain before their first rsfMRI

scan.

For the main effects of group, we were interested in the paired

comparisons for any two groups among the five groups (i.e., CN,

CNtoMCI, MCI, MCItoAD, and AD). For the group-by-time interac-

tions, we were interested in the changing rate in complexity over time

in any group (i.e., CNtoMCI or MCI or MCItoAD or AD) against CN.

Benjamini–Hochberg (BH) correction27 was performed to evaluate the
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TABLE 1 Information of the five diagnostic groups.

CN (N= 156)

CNtoMCI

(N= 16) MCI (N= 80)

MCItoAD

(N= 20) AD (N= 23)

Group comparison

Statistic p value

Number of rsfMRI scans

per subject

2.827 ± 1.125 3.625 ± 1.708 3.363 ± 1.204 4.250 ± 2.245 2.652 ± 0.885 F= 8.159 0.000*

Sex (F/M) 93/63 9/7 33/47 11/9 9/14 𝜒2 = 31.343 0.000*

Age of the first rsfMRI

scan

72.224 ± 6.669 76.027 ± 7.057 74.252 ± 8.027 73.296 ± 7.943 76.315 ± 8.360 F= 2.716 0.030*

Education of years 16.641 ± 2.410 16.875 ± 2.604 16.363 ± 2.874 16.000 ± 2.128 15.522 ± 3.043 F= 21.287 0.275

Framewise displacement

(mm)

0.112 ± 0.042 0.111 ± 0.041 0.119 ± 0.040 0.122 ± 0.043 0.136 ± 0.036 F= 5.845 0.000*

Note: Key to Table 1: *p< 0.05.

Abbreviations:AD,Alzheimer’s disease;CN, cognitively normal;MCI,mild cognitive impairment; rsfMRI, resting state functionalmagnetic resonance imaging.

significance of all the effects.

Mean aucMSE of the whole graymatter

= 𝛽0 + 𝛽1 Group + 𝛽2 Time since the 1st rsfMRI scan + 𝛽3 Group

×Time since the 1st rsfMRI scan

+ 𝛽4 Sex + 𝛽5 Education + 𝛽6 Number of volumes per rsfMRI scan

+ 𝛽7 Scanner + 𝛽8 Mean aucMSE of the whole graymatter of the

1st rsfMRI scan

+ 𝛽9 Age of the 1st rsfMRI scan + 𝛽10Framewise displacement

+ (1 + Time since the 1st rsfMRI scan|Subject) .
(1)

Mean aucMSE for eachmeta − ROI

= 𝛽0 + 𝛽1 Group + 𝛽2 Time since the 1st rsfMRI scan + 𝛽3 Group

×Time since the 1st rsfMRI scan

+ 𝛽4 Sex + 𝛽5 Education + 𝛽6 Number of volumes per rsfMRI scan

+ 𝛽7 Scanner + 𝛽8 Mean aucMSE of the whole graymatter of the

1st rsfMRI scan

+ 𝛽9 Age of the 1st rsfMRI scan + 𝛽10Framewise displacement

+ (1 + Time since the 1st rsfMRI scan|Subject) .
(2)

Mean SampEn for eachmeta − ROI

= 𝛽0 + 𝛽1 Group + 𝛽2 Time since the 1st rsfMRI scan + 𝛽3 Group

×Time since the 1st rsfMRI scan

+ 𝛽4 Sex + 𝛽5 Education + 𝛽6 Number of volumes per rsfMRI scan

+ 𝛽7 Scanner + 𝛽8 Mean SampEn of the whole graymatter of the

1st rsfMRI scan

+ 𝛽9 Age of the 1st rsfMRI scan + 𝛽10Framewise displacement

+ (1 + Time since the 1st rsfMRI scan|Subject) .
(3–6)

2.3.2 Secondary analyses

In the CN group, we investigated the association between complex-

ity and time since the first rsfMRI scan and the association between

complexity and age of the first rsfMRI scan (see Model I1–I6 in the

supporting information).

We assessed the amyloid status for each subject where amyloid

positron emission tomography (PET) standardized uptake value ratio

(SUVR) > 1.11 indicates amyloid positive (A+) whereas SUVR < 1.11

indicates amyloid negative (A−). Individuals with A+ labeling are con-

sideredon theADprogression spectrum.28 First, thewhole samplewas

divided into two groups A+ and A− (see Table S2 in supporting infor-

mation), and evaluated for the main effects of amyloid status and the

amyloid status-by-time interactions (see Model II1–II6 in the support-

ing information). Second, four subgroups of adequate sample sizes (n

in each group ≥ 14) were extracted from the stable CN subjects and

the stable MCI subjects, denoted as A−&CN, A+&CN, A−&MCI, and

A+&MCI (seeTable S3) andevaluated for the interactionbetweenamy-

loid status (A+ vs. A−) and clinical diagnosis (CNvs.MCI) on complexity

and on the change of complexity over time (see Model III1–III6 in the

supporting information).

APOE status is associated with increased Aβ deposition across the

AD spectrum and with increased tau protein and cognitive decline in

the prodromal AD stage, thereby increasing the risk of AD.29 First,

the whole sample was divided into three groups (APOE ε4−, APOE
ε4+, and APOE ε4++) regardless of the clinical diagnosis (Table S4 in

supporting information) and assessed for main effects of APOE sta-

tus and the APOE status-by-time interactions (see Model IV1–IV6 in

the supporting information). Second, four subgroups of adequate sam-

ple sizes (n in each group ≥ 14) were formed from the original CN

and MCI groups, denoted as APOE ε4−&CN, APOE ε4+&CN, APOE
ε4−&MCI, andAPOE ε4+&MCI (seeTable S5 in supporting information)

and assessed for the interaction between APOE status (APOE ε4− vs.

APOE ε4+) and clinical diagnosis (CN vs.MCI) on complexity and on the

change of complexity over time (see Model V1–V6 in the supporting

information).

3 RESULTS

3.1 Main analyses

Model 1 revealed no significant main effect of group; however,

aucMSE of the whole gray matter in AD decayed faster than CN
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F IGURE 1 Significant main effects of group and group-by-time interactions obtained fromModel 2 for (p< 0.05 & BH corrected with
q< 0.05): (A) t values of themain effects of group in the precentral and lateral parietal, (B) observed (black dots) and predicted aucMSE (red dots
and line segments) in each group in the precentral, (C) observed (black dots) and predicted aucMSE (red dots and line segments) in each group in
the lateral parietal, (D) t value of the group-by-time interaction in the lateral temporal, and (E) observed (spaghetti plots) and predicted (solid lines
and shadows) aucMSE over time in each group in the lateral temporal. AD, Alzheimer’s disease; aucMSE, area under the curve for sample entropy;
BH, Benjamini–Hochberg; CN, cognitively normal; MCI, mild cognitive impairment; rsfMRI, resting state functional magnetic resonance imaging.

over time (p < 0.05). Model 2 revealed aucMSE of MCI was sig-

nificantly greater than CNtoMCI in the precentral and lateral pari-

etal cortices; AucMSE of AD decayed faster than CN over time in

the lateral temporal cortex (Figure 1; p < 0.05 & BH corrected

with q < 0.05). Models 3–6 revealed SampEn of MCI at scales

1, 2, and 3 was significantly greater than CNtoMCI in the pre-

central and lateral parietal cortices, and SampEn of MCItoAD at

scale 2 was significantly lower than MCI in the lateral occipital

cortex. At scale 1, CNtoMCI decayed faster over time than CN in

the prefrontal and lateral occipital cortices. At scale 2 to 4, AD

decayed faster than CN in various frontal and temporal regions

(Table 2, Figure 2 and Figure 3; p < 0.05 & BH corrected with

q< 0.05).

3.2 Secondary analyses

3.2.1 Healthy aging

We found no significant longitudinal change in complexity as therewas

no significant association between complexity and time since the first

rsfMRI scan in Model I1 to I6. However, we found a general effect of

age in the medial occipital cortex as significant negative associations

were found between complexity and age of the first rsfMRI scan

(ranged from 56 to 91 years old) for aucMSE and SampEn at scales

3 and 4 in this region (coefficient = −0.009, −0.004, and −0.005,
t = −2.954, −3.329, and −3.960, respectively, p < 0.05 & BH corrected

with q< 0.05).
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TABLE 2 The significant results obtained fromModels 3–6.

SampEn Main effect of group Group-by-time interaction

Scale 1 (0.33 HZ) CNtoMCI<MCI in the precentral and lateral parietal CNtoMCI decayed faster than CN in the prefrontal and lateral

occipital

Scale 2 (0.17 HZ) CNtoMCI<MCI in the precentral and lateral parietal;

MCItoAD<MCI in the lateral occipital

AD decayed faster than CN in the lateral temporal

Scale 3 (0.11 HZ) CNtoMCI<MCI in the precentral and lateral parietal AD decayed faster than CN in the prefrontal, middle frontal, inferior

frontal, lateral temporal, andmedial temporal

Scale 4 (0.08 HZ) None AD decayed faster than CN in the prefrontal, lateral temporal, and

medial temporal

Note: Key to Table 2: All the results displayedwere based on p< 0.05 & BH correctionwith q< 0.05.

Abbreviations: AD, Alzheimer’s disease; BH, Benjamini–Hochberg; CN, cognitively normal; MCI, mild cognitive impairment.

3.2.2 Effects related to amyloid status and
association with clinical diagnosis

No significant main effect of amyloid status was found, nor were there

any significant interactionsbetweenamyloid status and time.However,

we found a significant amyloid status-by-group-by-time interaction in

the temporal pole for SampEn at scale 3 (p< 0.05 & BH corrected with

q<0.05).WithinCN, the changeof complexity over timewasnot signif-

icantly different between different amyloid statuses. However, within

MCI the complexity of A− decayed significantlymore quickly over time

than A+ (Figure 4). For those who had amyloid PET data in at least

two visits, the changes of SUVR in the A−&CN, A+&CN, A−&MCI, and

A+&MCI groups were not significantly different (F = 3.658, p > 0.05;

for the spaghetti plot of SUVR over time, please see Figure S1 in

supporting information). It indicated that the observed significant amy-

loid status-by-group-by-time interaction did not seem to result from

different amounts of longitudinal change in amyloid load in the four

groups.

3.2.3 Effects related to APOE status and
association with clinical diagnosis

No significant main effect of APOE status was found, nor were there

any significant interactions between APOE status and time. No sig-

nificant interaction between APOE status (APOE ε4− vs. APOE ε4+)
and group (CN vs. MCI) was found, nor were any significant APOE

status-by-group-by-time interactions.

4 DISCUSSION

Themain findings of the current study were theMCI group had signifi-

cantly higher aucMSE and SampEn at scales 1, 2, and 3 in the precentral

and lateral parietal cortices compared to the CNtoMCI group, and

also significantly higher SampEn at scale 2 in the lateral occipital cor-

tex compared to the MCItoAD group. The second main finding was

that gray matter aucMSE showed a faster decay over time in the AD

group than in the CN group, specifically in the lateral temporal cortex.

While aucMSE reflects general changes in complexity, SampEn appears

to reflect more detailed longitudinal regional changes of complexity.

Low scales (i.e., high temporal frequencies) represent local functional

brain changes, in this study observed predominantly as the decay of

complexity in the prefrontal and lateral occipital in the early stage of

the disease, whereas high scales (i.e., low temporal frequencies) are

thought to reflect integration of long-range communications within

brain areas, which we found to decay in the frontal and temporal

regions in the later stage of the disease.

We hypothesized that rsfMRI complexity would continuously

decrease with the severity of the disease. However, our data revealed

that the MCI group exhibited higher complexity than the CNtoMCI

and MCItoAD groups. The affected regions included the precentral,

lateral parietal, and lateral occipital cortices. This inverted U shape

pattern has been observed previously12 and could suggest some com-

pensatory mechanism in the early disease stage. Brain reserve refers

to the brain’s ability to tolerate pathological damage while maintain-

ing cognitive function.30 In this study, the MCI group exhibited higher

complexity than those with milder symptoms (CNtoMCI), which sug-

gested an attempt to preserve cognitive ability throughelevated effort.

The MCItoAD group showed lower complexity than the MCI group,

indicating the exhaustion of brain reserve, impaired function, and thus

leading to theonset of dementia. The invertedUshapepatternwas also

reported in the same regions using other modalities. Vannini et al.30

observed increased activation in the superior parietal lobe inMCI com-

pared to thehealthyelder controls in ananglediscrimination fMRI task.

Prvulovic et al.31 used the same task and found reduced activation in

the same region in the AD subjects. Terry et al.’s32 meta-analysis of 14

task -fMRI studies revealed greater activation in the precentral gyrus

and inferior occipital gyrus in the MCI compared to the healthy elder

adults. By contrast, no clusters showed increased activity for the AD

group than the control group.

Additionally, we found that within the MCI group, the complex-

ity of the A− subjects decayed more quickly over time than that of

the A+ subjects in the temporal pole. It might indicate that A+&MCI

subjects must increasingly compensate over time to achieve a cog-

nitive level comparable to A−&MCI subjects. This further suggested

that brain reserve in the A+&MCI subjects might be the primary fac-

tor contributing to the inverted U–shape pattern observed in the main
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F IGURE 2 Significant main effects of group obtained fromModels 3–6 (p< 0.05 & BH corrected with q< 0.05). Observed (black dots) and
predicted SampEn (red dots and line segments) are displayed for each scale in each group in the precentral, lateral parietal, and lateral occipital.
AD, Alzheimer’s disease; BH, Benjamini–Hochberg; CN, cognitively normal; MCI, mild cognitive impairment; SampEn, sample entropy.
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F IGURE 3 Significant group-by-time interactions obtained fromModels 3–6 (p< 0.05 & BH corrected with q< 0.05). (A) t values for all the
regions that showed significant group-by-time interactions on SampEn for each scale. (B) Observed (spaghetti plots) and predicted (solid lines and
shadows) SampEn over time in each group in the prefrontal at scale 1 and in the lateral temporal at scale 2, 3, and 4. AD, Alzheimer’s disease;
aucMSE, area under the curve for sample entropy; BH, Benjamini–Hochberg; CN, cognitively normal; MCI, mild cognitive impairment; rsfMRI,
resting state functional magnetic resonance imaging; SampEn, sample entropy.
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F IGURE 4 A significant amyloid status-by-group-by-time interaction was observed in the temporal pole fromModel II5 (i.e., SampEn at scale
3; p< 0.05 & BH correctedwith q< 0.05). Observed (spaghetti plots) and predicted (solid lines and shadows) complexity over time is displayed. BH,
Benjamini–Hochberg; CN, cognitively normal; MCI, mild cognitive impairment; rsfMRI, resting state functional magnetic resonance imaging;
SampEn, sample entropy.

analysis. This observation also highlighted the importance of includ-

ing biological markers with clinical diagnosis in longitudinal studies on

functional brain alteration of AD pathology. Recent longitudinal stud-

ies in FC supported this notion by showing that the change rate of FC in

MCIwas significantly different in the high-amyloid individuals than the

low-amyloid individuals.33,34

We also found graymatter aucMSE showed a faster decay over time

in the AD group than in the CN group, specifically in the lateral tempo-

ral cortex, which aligned with the primary hypothesis, and the detailed

regional longitudinal changes were reflected by analyses on SampEn

at different scales. Our observation showed that in the early stages

of AD progression, there was a marked longitudinal decay of high-

frequency SampEn, representing local functional brain activities22 in

the prefrontal and lateral occipital regions. This early involvement was

consistent with the role of the prefrontal cortex in executive func-

tions and the lateral occipital cortex in visual processing, both of which

could be affected in the initial phases of AD.35,36 With the advanced

disease stage, there was a notable impact on the processing of long-

range communications within the brain (low-frequency SampEn), with

the frontal and temporal regions being particularly affected in the cur-

rent AD sample. Sun et al.37 reviewed studies on complexity in MCI

andADusing fMRI, electroencephalography, andmagnetoencephalog-

raphy. They found AD patients showed reduced signal complexity in

the frontal and temporal cortices compared to healthy individuals,

supporting the current findings.

In terms of healthy aging, significant negative associations were

found between complexity and age of the first rsfMRI scan for aucMSE

and SampEn at scales 3 and 4 in the medial occipital cortex, while

longitudinal changes over up to 10 years were not significant. The

relationship between rsfMRI complexity and age in healthy elders

has been inconsistent in the literature, with all studies being cross-

sectional.12,38–40 Longitudinal studies over a longer period are needed

to clarify how complexity changes with healthy aging.

Several caveats should be considered for the current results. First,

in the current study, we used SampEn and aucMSE to measure the

irregularity and unpredictability of the rsfMRI time series. These

metrics are particularly effective in capturing short-term changes

in signal complexity. Other complexity measures like the fractal

dimension and Hurst exponent assess the global structure and long-

term memory of time series data. However, similar analyses using
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alternative complexitymeasures can be conducted, andweexpect they

potentially yield significant findings regarding themain effects of group

and group-by-time interactions. Second, a power analysis was con-

ducted to estimate the sample size needed for each group in the LME

model. Please find the details in the supporting information and Figure

S2 in supporting information. A sample size ≥ 14 is needed for 80%

power. Accordingly, to investigate the interactions between APOE sta-

tus and clinical diagnosis, the whole sample should be divided into 3

by 5 groups, representing three levels of APOE status and five levels of

diagnostic groups. Our sample supported only 2 by 2 groups from the

CN and MCI groups, each with two APOE levels (APOE ε4− vs. APOE

ε4+). The same limitation occurred for the interactions between amy-

loid status and clinical diagnosis. Third, in addition to amyloid, the role

of tau in AD is well known, but we found insufficient data on tau PET

and even more limited data on p-tau (phosphorylated tau) levels in

cerebrospinal fluid in the ADNI database. Investigation of longitudinal

change of complexity associated with tau or related to the interac-

tions between tau status and clinical diagnosis was not possible but

holds promise for future studies as ADNI continues to gather more

data. Recently, we13,41 reported significant associations between tau

deposition andMSE in themedial temporal lobe and precuneus but not

between amyloid andMSE, indicating tau is a better predictor for cog-

nitive decay in AD than amyloid. Finally, we did not include regional

amyloid PET SUVR as a covariate in Model II1–II6 and Model III1–III6

as there were too many missing data points for the current longitu-

dinal sample because amyloid PET and rsfMRI scans were not always

acquired at the same visit.

In summary, our study using, for the first time, longitudinal data

to investigate changes in rsfMRI complexity demonstrates it offers a

novel, alternative method for detecting and monitoring the progres-

sion of AD specifically in light of cognitive decline and potentially to

differentiate subgroups with andwithout brain reserve. Consequently,

rsfMRI complexity holds promise as a non-invasive, reliable biomarker

that could enhance our understanding of AD and improve patient

outcomes.
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