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A B S T R A C T

Early and noninvasive detection of Alzheimer’s disease (AD) and its prodromal stage, mild cognitive impairment 
(MCI), is critical for timely intervention. This study introduces a stage-specific framework that integrates 
nonlinear complexity metrics—Higuchi’s fractal dimension, spectral entropy, and wavelet entropy—applied to 
resting-state functional near-infrared spectroscopy (fNIRS) signals. fNIRS data were recorded from the prefrontal 
cortex of 83 individuals (AD: 19, MCI: 37, healthy controls (HC): 27), and complexity features were systemat
ically analyzed across hemoglobin species.

HFD values declined progressively from HC to MCI to AD, whereas SE and WE increased in AD, reflecting 
altered signal irregularity. Intersection analysis identified a robust biomarker in the right frontopolar prefrontal 
cortex (channel 12), consistently discriminative across features and hemoglobin types. Classifiers trained on 
these core features outperformed full-channel models, achieving an AUC of 0.889 with low variability across 
folds. Complexity features also correlated strongly with Mini-Mental State Examination scores, underscoring 
their clinical relevance.

These findings demonstrate, for the first time, that nonlinear complexity analyses of resting-state fNIRS can 
reveal stage-specific neurovascular disruptions across the Alzheimer’s spectrum. By identifying robust, inter
pretable channel-level biomarkers, our framework advances resting-state fNIRS from a supportive technique to a 
clinically actionable tool for early diagnosis and staging of AD.

1. Introduction

Alzheimer’s disease (AD) is a progressive neurodegenerative disor
der and the leading cause of dementia in older adults, accounting for 
60–70 % of cases worldwide [1]. It is defined by an insidious onset and 
gradual decline in cognitive domains, particularly memory and execu
tive function, resulting from widespread neuronal loss and cortical at
rophy [2]. Pathological processes in AD, including amyloid-β plaque 
deposition, tau neurofibrillary tangles, and neurovascular dysfunction, 
begin many years before overt dementia symptoms emerge [3,4]. Dur
ing this preclinical phase, many individuals present with mild cognitive 
impairment (MCI), characterized by measurable cognitive deficits that 
do not meet the criteria for dementia [5]. Early identification of AD and 

MCI is critical, as it enables timely interventions, supports risk factor 
management, and allows for implementation of symptom-delaying 
therapies, all of which can improve patient outcomes and quality of 
life [6,7].

MCI is recognized as an intermediate state between normal aging and 
dementia, with approximately 10–15 % of MCI cases progressing to AD 
each year [8]. Therefore, there is a pressing need for sensitive and 
specific biomarkers that facilitate the detection of early AD or high-risk 
MCI, thereby supporting clinical decision-making and long-term care 
planning [9,10]. Existing diagnostic approaches, including neuropsy
chological testing and neuroimaging, are limited by modest sensitivity 
in the early stages of the disease and practical constraints [11,12]. 
Cognitive screening tools, such as the Mini-Mental State Examination 
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(MMSE) and Montreal Cognitive Assessment (MoCA), are widely used 
but have limited sensitivity for early cognitive decline and can be 
influenced by educational or cultural background [13]. Neuroimaging 
modalities such as magnetic resonance imaging (MRI) and positron 
emission tomography (PET) provide important structural and molecular 
information but are expensive, non-portable, and not feasible for 
frequent monitoring [11,14]. Invasive procedures, including lumbar 
puncture for cerebrospinal fluid analysis, further restrict clinical appli
cability [15]. These challenges underscore the need for alternative, non- 
invasive, and cost-effective methods for early detection of AD and MCI 
[16].

Functional near-infrared spectroscopy (fNIRS) has emerged as a 
promising non-invasive neuroimaging modality for assessing cortical 
function [17]. fNIRS operates by measuring changes in oxygenated 
(HbO) and deoxygenated (HbR) hemoglobin concentrations in the ce
rebral microvasculature, providing real-time insights into regional brain 
activity [17]. In contrast to MRI and PET, fNIRS is cost-effective, 
wearable, and does not require specialized facilities [18,19]. The tech
nique allows comfortable placement on the forehead and acquisition of 
brain signals in outpatient, bedside, or naturalistic settings [14]. fNIRS is 
well-tolerated in older and vulnerable populations, as it is safe for 
repeated use, radiation-free, and robust to motion artifacts [20]. These 
features make fNIRS suitable for large-scale screening of cognitive 
impairment and longitudinal follow-up [14,21].

Initial fNIRS research in AD and MCI predominantly employed task- 
based paradigms, demonstrating reduced prefrontal activation during 
cognitive tasks such as verbal fluency or working memory [22,23]. 
However, task-based paradigms are constrained by patient cooperation 
and are susceptible to confounds related to attention, processing speed, 
and comprehension of instructions [14]. These factors can introduce 
non-neural variability, complicating the interpretation of neural acti
vation differences. Task-based measures are also influenced by indi
vidual motivation and prior experience, limiting standardization and the 
reliability of repeated assessments. Many patients with advanced 
cognitive impairment are unable to complete complex tasks, which 
further limits the clinical utility of task-based fNIRS for large-scale 
screening or monitoring.

To overcome these limitations, there has been increasing focus on 
resting-state fNIRS, which measures spontaneous hemodynamic fluctu
ations with the participant at rest, analogous to resting-state paradigms 
in fMRI and EEG [14,24,25]. Resting-state fNIRS minimizes task per
formance confounds, requires little cooperation, and enables the eval
uation of intrinsic brain activity [26]. This approach is particularly 
suitable for elderly or cognitively impaired patients. Recent studies have 
demonstrated that resting-state fNIRS signals reflect clinically mean
ingful changes, including altered functional connectivity and alternation 
in the amplitude and power of low-frequency oscillations in patients 
with MCI and AD compared to healthy controls [16,27,28,29]. The 
prefrontal cortex (PFC), which is involved in executive function and 
memory and is affected early in AD, is particularly accessible to fNIRS 
and has proven relevant in neurodegeneration research [30].

A central property of resting-state brain activity is its inherent 
complexity, which reflects the integration of neural populations across 
multiple spatial and temporal scales [24,31]. In healthy individuals, this 
complexity is evident as rich, irregular fluctuations in brain signals, 
which underlie adaptive information processing and functional con
nectivity [32]. Recent studies have demonstrated that maintaining high 
complexity and dynamic, time-varying interactions between brain re
gions is essential for resilience, cognitive flexibility, and efficient in
formation transfer [25,33,34,35]. In contrast, neurodegenerative 
diseases such as AD are associated with a progressive loss of signal 
complexity, consistent with the “loss of complexity” hypothesis [35]. As 
synaptic connectivity and network integrity decline, neural signals 
become more regular and less adaptive to internal or external challenges 
[36]. This reduction in complexity has been consistently demonstrated 
across modalities, including EEG, MEG, and fMRI, using both linear and 

nonlinear analytic approaches [37,38,39,40].
Entropy-based measures such as spectral entropy (SE) and wavelet 

entropy (WE), which quantify the unpredictability and multiscale ir
regularity of neural signals, have shown significant reductions in AD and 
MCI patients compared to age-matched controls, often correlating with 
cognitive impairment and disease progression [41,42]. For example, 
discrete wavelet transform (DWT)-based WE computed from resting EEG 
is significantly lower in AD and MCI groups than in healthy elders and is 
strongly correlated with cognitive status [43]. EEG studies also show 
that lower entropy and reduced fractal dimensionality are associated 
with more severe cognitive deficits, with Higuchi’s fractal dimension 
(HFD) exhibiting lower values in AD patients compared to controls 
[44,45]. This loss of EEG signal complexity is most pronounced in brain 
regions vulnerable to AD, such as the parietal cortex, and lower HFD 
values are associated with greater disease severity [45].

Resting-state fMRI and fNIRS studies similarly report reduced 
spontaneous signal variability in AD [36]; fNIRS work has shown 
decreased complexity (e.g., multiscale entropy) in AD versus MCI and 
healthy elders [46], yet higher spectral entropy in the very-low- 
frequency band (0.008–0.1 Hz) has also been observed in AD, likely 
reflecting greater vasomotor instability [47]. These observations sup
port a loss-of-complexity framework while revealing domain-specific 
heterogeneity, underscoring the need to probe complementary do
mains with metrics that remain robust under short, low-frequency, 
multi-channel fNIRS recordings, i.e., with low parameter sensitivity, 
stability with limited data, and clear interpretability. Despite the 
biomarker relevance of complexity measures across modalities, direct 
within-dataset comparisons of multiple nonlinear metrics in fNIRS 
remain rare relative to EEG or fMRI, motivating the present domain- 
complementary evaluation. Given that resting-state fNIRS typically 
yields short, low-frequency, multi-channel recordings, metrics with low 
parameter sensitivity, robustness to limited data length, and clear 
physiological interpretability are preferable [46]. Time-domain 
complexity metrics such as multiscale entropy and sample entropy 
offer scale-wise or short-pattern views but can be length- and parameter- 
sensitive in resting-state fNIRS, and symbolic measures (permutation 
entropy) may discard amplitude/spectral detail, limiting hemodynamic 
interpretability [46,48].

Within this context, we selected HFD, SE, and WE to capture com
plementary domains of complexity: temporal fractal structure, spectral 
unpredictability, and time–frequency irregularity. Each of these metrics 
corresponds to distinct pathophysiological features of AD, including loss 
of scale-free dynamics, reduced oscillatory organization, and impaired 
multiscale coordination [41–44]. HFD quantifies the temporal fractal 
structure and overall nonlinearity, reflecting the richness of dynamic 
neural fluctuations across time [45,49]. SE measures the unpredict
ability and dispersion of spectral power [24,47,50]. WE characterizes 
the distribution of signal energy across time–frequency scales and assess 
the multiscale irregularity of neural oscillations [39,43,51]. The com
bined use of these complementary metrics enables comprehensive 
assessment of both temporal and spectral complexity, which is critical 
for understanding neurophysiological alterations in AD.

Emerging evidence suggests that neurovascular signal complexity is 
disrupted across the AD spectrum. Building on this premise, the present 
study investigates stage-specific alterations in resting-state fNIRS using 
nonlinear complexity analysis with an emphasis on interpretable, 
channel-level biomarkers. To our knowledge, few studies have system
atically examined multiple complementary complexity metrics within 
the resting state fNIRS dataset across HC, MCI, and AD. The main con
tributions of this paper are as follows. (i) To comprehensively evaluate 
three complementary nonlinear metrics—HFD, SE, and WE—for char
acterizing neurovascular complexity in HC, MCI, and AD. (ii) To identify 
stage-sensitive, anatomically localized prefrontal markers through 
channel-wise and intersection analyses, with particular attention to 
dorsolateral and frontopolar regions implicated early in AD. (iii) To test 
mechanistic hypotheses grounded in the loss-of-complexity framework: 
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namely, that overall temporal complexity decreases with clinical 
severity (indexed by lower HFD), while entropy-based indices may show 
metric- and band-dependent deviations reflecting combined neurogenic 
and vascular influences. (iv) To assess clinical relevance, by examining 
whether a compact feature set derived from anatomically consistent 
channels improves group discrimination relative to unconstrained 
feature sets and by evaluating associations between complexity mea
sures and cognitive status (MMSE). Collectively, these objectives are 
intended to advance resting-state fNIRS complexity analysis as a scal
able, noninvasive, and cognitively undemanding approach that may 
support early detection and longitudinal monitoring of AD-related 
neurodegeneration.

Unlike prior fNIRS studies that have primarily focused on binary 
classification (e.g., AD vs. healthy controls), our work investigates 
neurovascular complexity across the entire Alzheimer’s spectrum, 
including MCI. By applying nonlinear metrics such as Higuchi’s fractal 
dimension, spectral entropy, and wavelet entropy to resting-state fNIRS 
signals, we provide a novel framework for capturing subtle stage- 
specific disruptions. Furthermore, we explore channel-specific bio
markers and validate their anatomical relevance, thereby extending the 
methodological and clinical utility of resting-state fNIRS in early Alz
heimer’s detection.

2. Method

2.1. Participants

Participants included 19 patients with Alzheimer’s disease (AD; 9 
males, 10 females), 37 patients with mild cognitive impairment (MCI; 13 
males, 24 females), and 27 healthy controls (HCs; 12 males, 15 females) 
recruited from Pusan National University Hospital (Busan, Korea). 
Healthy controls were recruited from the local community, while AD 
and MCI patients were recruited from the rehabilitation and geriatric 
departments of Pusan National University Hospital. Individuals with 
prior neurological or psychiatric disorders, such as schizophrenia, were 
excluded. The purpose and procedures of the study were fully explained 
to all participants before enrollment. Written informed consent was 
obtained from each participant, along with a statement confirming that 
there was no conflict of interest. After data acquisition, corrupted data 
sets from four HCs were identified and excluded from further analysis: 
the final sample comprised 27 HCs (12 males and 15 females).

The Institutional Review Board (IRB) of Pusan National University 
Hospital approved the study protocol. The diagnosis of MCI was 
confirmed by a team of psychiatrists and neurosurgeons using several 
assessments, including the Korean version of the Mini-Mental State Ex
amination (K-MMSE), the Korean-Montreal Cognitive Assessment (K- 
MoCA), the Seoul Neuropsychological Screening Battery (SNSB), the 
Clinical Dementia Rating (CDR), and supplementary MRI data. All 
participants were right-handed, native Korean speakers with similar 
educational backgrounds. The study adhered to the Declaration of 
Helsinki [52]. Demographic characteristics, including age, gender, years 
of education, and K-MMSE scores, for each group are presented in 
Table 1.

All statistical analyses were conducted using MATLAB R2024a 
(MathWorks, USA). Statistical significance was defined as p < 0.05. A 
significant age difference was observed between groups (p < 0.001). To 
control for the potential impact of age on cognitive assessment scores, 
analysis of covariance (ANCOVA) was performed using the MATLAB 
function aoctool.m, with age included as a covariate. This analysis 
assessed whether group differences in cognitive performance persisted 
after adjusting for age. The results indicated that the effect of group (AD 
vs. MCI vs. HC) on cognitive scores remained significant after control
ling for age.

2.2. fNIRS system and data acquisition/preprocessing

In this study, we utilized a portable, wearable continuous-wave 
fNIRS system (NIRSIT, OBELAB Inc., Korea). The device consisted of 
24 near-infrared light sources and 32 detectors, with source-detector 
distances of approximately 30 mm, yielding up to 204 possible chan
nels. To specifically focus on prefrontal cortex activity and to exclude 
short-separation channels, a total of 48 channels were selected for 
analysis. The device was positioned on the forehead, relative to Fpz, 
according to the international 10–20 system. Channels 1–16 covered the 
right prefrontal cortex, channels 17–32 the medial prefrontal cortex, and 
channels 33–48 the left prefrontal cortex. An a priori cap layout map 
indicating the approximate anatomical locations of each channel (i.e., 
dorsolateral prefrontal cortex [DLPFC], ventrolateral prefrontal cortex 
[VLPFC], frontopolar prefrontal cortex [FPFC], and orbitofrontal cortex 
[OFC]) was constructed and used as a reference for anatomical locali
zation during subsequent visualization of significant channels (see 
Fig. 1). The system utilized near-infrared light at two wavelengths (780 
nm and 850 nm), with a sampling rate of 8.138 Hz. The NIRSIT device 
was connected via WLAN to a tablet PC for real-time monitoring and 
data storage.

Data acquisition was conducted in a quiet, dark laboratory envi
ronment to minimize external disturbances. Participants were seated 
comfortably and instructed to remain as still as possible during the 
resting-state recording session, which lasted approximately 5 min. For 
consistency, all time-series data were trimmed to 250 s (i.e., 250 s ×
8.138 Hz sampling = 2033 data points) per participant for analysis. The 
signal quality of raw light intensity (780 nm and 850 nm) was inspected 
for each channel; channels with low signal-to-noise ratios or suspected 
technical issues were excluded from analysis. Motion artifacts (e.g., 
abrupt head movements) were detected using a sliding-window motion 
index (window 0.5-s with ± 0.5-s masking). In addition, channels were 
discarded if the cumulative excluded duration exceeded 10 % of the 250- 
s record [53].

During preprocessing, raw intensity changes were converted to 
concentration changes in HbO and HbR using the modified Beer-Lambert 
law. Total hemoglobin (HbT) was calculated as the sum of HbO and HbR. 
A fourth-order Butterworth band-pass filter (0.0018–0.15 Hz) was 
applied to HbO, HbR, and HbT signals. The high-pass (0.0018 Hz) 
removed ultra-slow drift (~0.001 Hz), and the low-pass (0.15 Hz) 
attenuated respiration (~0.25 Hz) and cardiac (~1 Hz) noise. This band 
preserved physiologically relevant oscillations, including endothelial 
(~0.01 Hz), neurogenic (~0.02–0.05 Hz), myogenic (~0.05–0.15 Hz), 
and Mayer-wave (~0.1 Hz). Noise reduction effectiveness was verified 
by visual and spectral inspection [54].

2.3. Feature extraction

For each preprocessed channel’s 250-second HbO, HbR, and HbT 

Table 1 
Demographic information of participants.

Characteristics AD (n =
19)

MCI (n =
37)

HC (n =
27)

p-value

Sex (male: female) 9:10 13:24 12:15 0.66
Age (mean ± SD) 77.95 ±

6.56
72.23 ±
6.21

66.46 ±
5.67

<0.01*

Education years (mean ±
SD)

9.63 ±
3.60

10.76 ±
3.67

11.14 ±
2.94

0.32

K-MMSE score (mean ±
SD)

15.11 ±
1.91

23.84 ±
2.58

28.19 ±
1.44

<0.01*

SD: standard deviation, AD: Alzheimer’s disease, MCI: mild cognitive impair
ment, HC: healthy control, K-MMSE: Korean Version of Mini-Mental State 
Examination

* indicates p-values with the covariance analysis to compensate for the age 
difference between groups.
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time series (~2033 data points at 8.138 Hz), three metrics were 
computed per channel per subject: HFD, SE, and WE. All implementa
tions were performed in MATLAB. Fig. 2 illustrates representative ex
amples of the feature extraction process, including the log–log plot and 
regression line for HFD estimation, as well as the temporal profiles of SE 
and WE.

2.3.1. Higuchi’s fractal dimension
HFD quantifies the self-similarity and complexity of a time series, 

following the method proposed by Higuchi [55,56,57]. For each time 
series X = {x(1), x(2), …, x(N)}, a set of new time series is constructed as 
follows. 

Xm
k =

{

x(m), x(m + k), x(m + 2k),…, x
(

m +

[
N − m

k

]

k
)}

(1) 

where m = 1, 2,…, kmax for each value of k, k-different time series are 
generated, each starting at a different initial point m. The length of each 
constructed time series Xm

k is calculated as 

Lm(k) =
1
k

⋅
(N − 1)
[N− m

k ]k
∑
[
N− m

k ]

i=1
|x(m + ik) − x(m + (i − 1)k)| (2) 

For each k, the mean length over all m is computed as 

L(k) =
1
k
∑k

m=1
Lm(k) (3) 

A log–log plot of L(k) against 1/k is then constructed. The slope of the 
linear least squares fit of log(L(k)) versus log(1/k) corresponds to the 
HFD D as follows. 

log(L(k))∝D⋅log(1/k) (4) 

In this study, the maximum interval length was set to kmax = 10, 
following standard practice [58].

2.3.2. Spectral entropy
SE is a quantitative measure of the complexity or randomness of a 

signal’s power spectrum, based on Shannon’s information entropy [50]. 
For each preprocessed time series x(t), where t = 0, 1, …, N − 1, SE is 
computed as follows. First, the frequency content of the signal is 
analyzed by calculating the power spectral density (PSD) via the discrete 
Fourier transform (DFT) as follows. 

Fig. 1. Optodes configuration of the NIRSIT device (OBELAB, NIRSIT Analysis Tool Manual, 2021).

Fig. 2. fNIRS HbO signal complexity comparison among HC, MCI, and AD groups. (Left) Log-log plots with linear regression for estimating Higuchi’s fractal 
dimension (HFD values labeled), (Middle) spectral entropy profiles, (Right) wavelet transform entropy profiles.
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X(k) =
∑N− 1

t=0
x(t)⋅e− 2πikt/N (5) 

where X(k) is the complex Fourier coefficient at frequency index k, and N 
is the total number of time points. The power spectrum P(k) is then 
obtained as follows. 

P(k) = |X(k)|2 (6) 

To allow for comparison across signals of different lengths, the power 
spectrum is normalized: 

Pʹ(k) =
P(k)

∑
kP(k)

(7) 

where Pʹ(k) represents the relative power at each frequency.
The SE is then calculated using the Shannon entropy formula applied 

to the normalized power distribution as follows. 

SE = −
∑n

k=1
Pʹ(k)⋅logPʹ(k) (8) 

where n is the total number of frequency bins. For normalization and 
comparability across different conditions, SE is divided by the theoret
ical maximum entropy, logn, yielding a normalized SE value bounded 
between 0 and 1 [59]: 

SEnorm =
SE

logn
(9) 

A higher value of normalized SE indicates a more uniform (random) 
power distribution across frequencies, reflecting greater signal 
complexity, while a lower value indicates concentration of power in 
fewer frequency bands, reflecting greater regularity or predictability.

2.3.3. Wavelet entropy
WE is a nonparametric measure that quantifies the degree of order or 

disorder in multi-frequency brain signals, capturing the uncertainty in 
the energy distribution across different time–frequency scales derived 
from the DWT [60]. Each signal is decomposed using the DWT with a 
selected mother wavelet (i.e., Daubechies-4) into v0 +1 resolution levels 
[61]. For a given analysis window i, the DWT produces a set of co
efficients Ci,j(k) at each resolution level j(j = 0, 1,…, v0) and time index 
k.

The total energy in window i was computed as follows. 

Ei,tot =
∑v0

j=0

∑

k

⃒
⃒Ci,j(k)

⃒
⃒2 (10) 

The energy at each level j was calculated as follows. 

Ei,j =
∑

k

⃒
⃒Ci,j(k)

⃒
⃒2 (11) 

The normalized (relative) energy at each resolution level is defined as 

pi,j =
Ei,j

Ei,tot
(12) 

The set {pi,j} forms a probability distribution of energy across the 
wavelet scales. WE is then computed as the Shannon entropy of the 
relative energy distribution: 

WEi = −
∑v0

j=0
pi,jlogpi,j (13) 

For comparability across different numbers of wavelet levels, WE is 
normalized by dividing by the maximum possible entropy, log(v0 +1) as 
follows. 

WEi,norm =
WEi

log(v0 + 1)
(14) 

A higher WE indicates a more uniform (i.e., more disordered) distribu
tion of energy across the wavelet scales, whereas a lower WE reflects 
concentration of signal energy in fewer bands, implying greater order or 
regularity.

Each metric (HFD, SE, WE) has been computed separately for HbO, 
HbR, and HbT, yielding a matrix of [numChannels × 1] per metric for 
each subject. These matrices are stored for subsequent statistical ana
lyses. All computations are based on the same filtered, artifact-corrected 
signals and applied consistent parameter settings across all subjects and 
channels. For machine learning analyses, metric values are standardized 
within training folds; for reporting group-level results, raw metric values 
or z-scores (as specified) are used. All parameter settings and code are 
version-controlled and documented to ensure full reproducibility.

2.4. Statistical analysis

All statistical analyses were performed using MATLAB R2024a 
(MathWorks, USA). A two-tailed p-value of less than 0.05 was consid
ered statistically significant. To assess the distribution of each 
complexity metric—HFD, SE, and WE—the Shapiro–Wilk test [62] was 
applied across subjects and channels. As the majority of distributions 
deviated from normality, nonparametric statistical methods were pri
marily employed. 

1) Global (across-channel) group-level comparisons

For each chromophore (HbO, HbR, HbT) and each complexity metric, 
the mean feature value across all 48 channels was computed per subject. 
Group differences among AD, MCI, and HC were assessed using the 
Kruskal–Wallis test [5]. When a significant effect was detected (p <
0.05), Dunn-Sidak corrections were applied to control the familywise 
error rate (FWER) [63]. For each pairwise comparison, corrected p- 
values, effect sizes (e.g., rank-biserial correlation), and 95 % confidence 
intervals were reported. 

2) Channel-wise analysis and multiple comparisons correction

To investigate localized effects, channel-wise Kruskal–Wallis tests 
were conducted for each metric–chromophore combination (i.e., 3 
chromophores × 3 metrics × 48 channels). For channels demonstrating 
significant group differences, pairwise comparisons were performed 
using the Dunn-Sidak correction. For significant channels, group-wise 
descriptive statistics (mean ± SD) and corresponding p-values were 
reported. 

3) Intersection Analysis of Significant Channels

To identify channels showing convergent alterations across 
complexity metrics, an intersection analysis was performed. For each 
chromophore, the list of channels meeting Dunn–Sidak corrected sig
nificance (p < 0.05) for HFD, SE, and WE was compiled. Pairwise in
tersections (HFD ∩ WE, HFD ∩ SE, WE ∩ SE) and the three-way 
intersection (HFD ∩ SE ∩ WE) were extracted and tabulated. For each 
intersecting channel, corrected p-values, effect sizes, and group-wise 
statistics were documented. Channels consistently exhibiting signifi
cant changes across multiple metrics were designated as core candidate 
biomarkers, providing insight into the spatial patterns and potential 
diagnostic relevance of the observed effects.

2.5. Classification and ROC analysis

To assess the diagnostic utility of fNIRS-derived complexity metrics, 
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we implemented supervised multiclass classification and receiver 
operating characteristic (ROC) analysis. For feature representation, we 
considered two sets: (i) a full-channel set, where HFD, SE, and WE were 
extracted from all 48 channels for each chromophore (HbO, HbR, HbT), 
and (ii) a compact, biologically informed core-channel set, in which a 
subset of “core” channels was selected based on the intersection of 
channels showing statistically significant group differences across mul
tiple features and chromophores, as determined by channel-wise group 
comparisons (see Section 2.4). The set of core channels was pre
determined from an independent analysis and kept fixed across all cross- 
validation folds to avoid information leakage. For each subject, the 
values of HFD, SE, and WE from these core channels were concatenated 
across chromophores to construct a multimodal feature vector.

To benchmark the state-of-the-art approaches, we trained ten clas
sifiers: bagged decision tree (BDT), linear discriminant analysis (LDA), 
logistic regression (LR), support vector machine (SVM), k-nearest 
neighbor (KNN), random forest (RF), extreme gradient boosting 
(XGBoost), gradient boosting decision tree (GBDT), random under
sampling boosting (RUSBoost), and artificial neural network (ANN) 
[64,65,66]. For the 10-way model benchmarking, we used the core- 
channel feature set (ii) exclusively. After identifying the single best- 
performing classifier based on cross-validated AUC on the core- 
channel set, we then compared feature sets (i) vs. (ii) only for that 
best classifier, using DeLong’s test for correlated ROC curves to assess 
whether the biologically informed reduction preserved or improved 
discriminative performance [67].

All features were processed within each training fold to prevent data 
leakage. z-score standardization was applied using the mean and stan
dard deviation computed from the training set and then applied to the 
corresponding test fold; for tree-based models, features were used in 
their original scale. We employed repeated stratified 5-fold cross- 
validation (k = 5, repeats = 10) to maintain a balanced representation 
of AD, MCI, and HC and to obtain stable out-of-sample estimates. During 
model training, class weights were set inversely proportional to group 
frequencies. Implementation details and hyperparameter settings for all 
models are summarized in Supplementary Table 1. All analyses were 
conduted in MATLAB.

We used a one-vs-all ROC framework and computed per-class AUCs 
from classifier probabilities. For each model, AUCs were averaged across 
folds and the 10 repeats and reported as mean ± SD and 95 % confi
dence intervals (95 % CI). The 95 % CI was obtained via nonparametric 
bootstrap (1,000 iterations) with subject-level resampling of pooled 
held-out predictions. For formal feature-set comparison, DeLong’s test 
for correlated ROC curves was applied only to the best-performing 
classifier (selected by cross-validated AUC) to compare core-channel 
vs. full-channel models. DeLong’s test is a nonparametric procedure 
that leverages the relative rankings of positives vs. negatives to estimate 
each model’s AUC variance and the covariance between AUCs under 
paired predictions on the same subjects, yielding a z-statistic whose p- 
value quantifies the significance of the AUC difference.

2.6. Correlation with MMSE scores

To assess the association between cognitive function and complexity 
metrics, we calculated correlations between Mini-Mental State Exami
nation (MMSE) scores and channel-specific features. Due to the non- 
normal distribution of the data, Spearman’s rank correlation was pri
marily employed. To additionally evaluate linear associations and for 
comparison, Pearson’s correlation was also computed when the data 
met the assumptions of normality. This dual approach allowed the 
assessment of both monotonic and linear relationships, enhancing the 
robustness and interpretability of the findings.

To adjust for potential confounding effects of age, sex, and educa
tion, partial correlations were computed using residuals: both the 
complexity metric and MMSE score were regressed on the covariates, 
and the correlation between the resulting residuals was calculated. For 

each analysis, we reported the correlation coefficient (Pearson’s r and 
Spearman’s ρ), p-value, and 95 % confidence intervals estimated via 
bootstrap resampling (1,000 iterations). Scatter plots were generated 
with MMSE scores on the x-axis and complexity metric values on the y- 
axis, color-coded by diagnostic group (AD, MCI, HC), with regression 
lines included for visualization.

3. Results

3.1. Group differences in fNIRS-based features across AD progression

To investigate the differences in hemodynamic signal complexity 
among the AD, MCI, and HC groups, we extracted three features—HFD, 
SE, and WE—from HbO, HbR, and HbT signals across all 48 channels. For 
each participant, feature values were computed for every channel and 
then averaged across channels to obtain subject-level means. Group- 
level mean and standard deviation values were subsequently calcu
lated, and statistical comparisons were performed using the Kruskal- 
Wallis test, followed by post hoc Dunn–Sidak corrections for pairwise 
group comparisons. All indices demonstrated statistically significant 
group-level differences (p < 0.05), indicating altered signal character
istics across the AD continuum.

For HbO signals, HFD showed a clear increasing trend from AD 
(1.8411 ± 0.1101) to MCI (1.9013 ± 0.0942) and HC (1.9117 ±
0.0751), with statistically significant differences between AD and MCI 
(p < 0.0001) as well as between AD and HC (p < 0.0001). However, the 
difference between MCI and HC was not significant (p = 0.5849). SE 
showed a non-monotonic pattern with a slight dip in the MCI group and 
was significant only between AD vs. MCI (p = 0.0020) and AD vs. HC (p 
= 0.0018) but not between MCI vs. HC (p = 0.9909). WE values were 
highest in AD and comparably lower in MCI and HC, with significant 
differences only between AD and the other two groups.

In HbR signals, the HFD again showed a consistent ascending trend 
(AD: 1.9090 ± 0.0874 < MCI: 1.9475 ± 0.0652 < HC: 1.9583 ±
0.0536), with all comparisons significant (p < 0.0001); see Fig. 3. SE 
followed a similar trend to HbO, with AD showing significantly higher 
values than MCI and HC, while MCI and HC did not differ (p = 0.7535). 
Notably, SE values were highest in the AD group, decreased slightly in 
the MCI group, and showed a slight rebound in the HC group, reflecting 
a non-monotonic pattern across disease stages. WE values decreased 
from AD to HC, but no significant difference was found between MCI and 
HC (p = 0.9985), further confirming that this index may be more sen
sitive in distinguishing AD from other groups.

For HbT, HFD again exhibited a gradual increase across the disease 
spectrum, with significant group differences between AD vs. MCI and AD 
vs. HC (p < 0.0001), but not between MCI vs. HC (p = 0.7506). SE and 
WE followed similar patterns as observed in HbR and HbO. Specifically, 
both SE and WE were highest in the AD group, showed a slight reduction 
in MCI, and then slightly increased again in the HC group. Among them, 
WE showed the only significant difference between MCI vs. HC (p =
0.0373), while SE did not reach significance for that comparison (p =
0.5040); see Table 2.

3.2. Channel-wise statistical analysis of fNIRS entropy metrics

Building on the group-level trends reported in Section 3.1, we further 
interrogated every feature × chromophore × channel combination 
across the complete 48-channel prefrontal montage. Channels reaching 
p < 0.05 in the Kruskal–Wallis test were retained for post hoc 
Dunn–Sidak contrasts and classified as “robust” when at least two 
pairwise contrasts were significant or as “single-contrast” when only one 
contrast survived. The absolute number of significant channels is sum
marized in Table 3, and detailed statistical results for all key channels 
are provided in Supplementary Table 2.
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3.2.1. Global extent of channel‑wise significance
Across the 432 tested combinations (3 entropy metrics × 3 hemo

dynamic parameters × 48 channels), 108 (25 %) demonstrated signifi
cant effects. As the disease progressed from HC to AD, loss of fractal 
complexity (HFD↓) was the predominant finding, accounting for 82 
significant channels (31 HbO, 31 HbR, 20 HbT). In comparison, SE in
creases (SE↑) were relatively focal (12 channels), and WE increases 
(WE↑) occupied an intermediate position (14 channels). Robust 
effects—those showing significance for both AD vs. MCI and AD vs. 
HC—were observed in 47 channels, whereas 61 channels exhibited 
significance in only a single contrast. The spatial distribution of signif
icant channels is illustrated in the brain maps shown in Fig. 4.

3.2.2. Channel-wise alterations in Higuchi fractal dimension
For HbO, robust reductions in HFD (i.e., significant for both AD vs. 

MCI and AD vs. HC) were observed bilaterally, with a pronounced 

emphasis in the left-hemisphere. In the right-hemisphere, channels 3 
and 17 (right DLPFC) and channels 8, 21, 22, and 26 (right FPFC) 
demonstrated AD < MCI and AD < HC. In the left-hemisphere, robust 
loci were concentrated in the frontopolar and dorsolateral regions: 
channels 24, 28, 36, 37, and 41 (left FPFC) and channels 34, 38, and 43 
(left DLPFC). Additional robust sites included channel 30 (right OFC) 
and channels 47 and 48 (left OFC), demonstrating progressive fractal- 
complexity loss in the bilateral executive-control regions, with greater 
involvement in the left-hemisphere.

With HbR, robust reductions in HFD separated AD from both MCI and 
HC across multiple frontal loci. In the right-hemisphere, channel 3 (right 
DLPFC) and channels 8, 12, 22, 25, and 26 (right FPFC) showed AD <
MCI and AD < HC. On the left, channel 20 (left DLPFC) and channels 24, 
27, 36, and 41 (left FPFC) also exhibited robust significance. Notably, 
channel 31 (left OFC) differentiated both AD and MCI from HC (HC <
MCI ≈ AD), indicating a marker of general pathology rather than a 
specific disease stage. The remaining robust HbR channels consistently 
reflected a progressive loss of fractal complexity with increasing disease 
severity.

Regarding HbT, robust HFD decreases (AD < MCI & AD < HC) were 
detected at channels 3 and 8 (right DLPFC/FPFC), and in the left- 
hemisphere at channels 20, 24, 33, 34, and 38 (left DLPFC), as well as 
channels 36 and 37 (left FPFC). These left-dominant patterns indicate 
the dorsolateral and frontopolar regions as primary locations for he
modynamic complexity reduction in AD.

Beyond these robust multi-contrast sites, for HbR, channel 9 (right 
VLPFC) significantly distinguished MCI from HC, but not MCI from AD, 
indicating fractal-complexity changes occurring prior to clinical AD 
diagnosis. Single-contrast channels—where significance was observed 

Fig. 3. Distribution of HFD values across groups and hemoglobin signals. Statistical significance of pairwise comparisons is indicated (+indicates p < 0.05).

Table 2 
Group-wise comparison of fNIRS-derived features across AD, MCI, and HC. Values are presented as mean ± standard deviation. Kruskal-Wallis and pairwise com
parisons were used to assess statistical differences. (SD: standard deviation).

Hemodynamic 
signal

Complexity 
Metric

AD (Mean ± SD) MCI (Mean ± SD) HC (Mean ± SD) Kruskal-Wallis p Post-hoc: Dunn-Sidak

AD vs MCI AD vs HC MCI vs HC

HbO HFD 1.8411 ± 0.1101 1.9013 ± 0.0942 1.9117 ± 0.0751 p < 0.0001 p < 0.0001 p < 0.0001 0.5849
SE 0.8030 ± 0.0755 0.7911 ± 0.1094 0.8024 ± 0.0575 0.0007 0.0020 0.0018 0.9909
WE 0.0917 ± 0.0721 0.0699 ± 0.0683 0.0705 ± 0.0668 p < 0.0001 p < 0.0001 p < 0.0001 0.5849

HbR HFD 1.9090 ± 0.0874 1.9475 ± 0.0652 1.9583 ± 0.0536 p < 0.0001 p < 0.0001 p < 0.0001 p < 0.0001
SE 0.7972 ± 0.0738 0.7868 ± 0.1091 0.7978 ± 0.0583 p < 0.0001 p < 0.0001 p < 0.0001 0.7535
WE 0.0761 ± 0.0740 0.0603 ± 0.0666 0.0596 ± 0.0656 p < 0.0001 p < 0.0001 p < 0.0001 0.9984

HbT HFD 1.7653 ± 0.1303 1.8337 ± 0.1227 1.8355 ± 0.1033 p < 0.0001 p < 0.0001 p < 0.0001 0.7506
SE 0.8003 ± 0.0744 0.7880 ± 0.1084 0.7986 ± 0.0558 p < 0.0001 p < 0.0001 p < 0.0001 0.5039
WE 0.1022 ± 0.0763 0.0779 ± 0.0715 0.0789 ± 0.0647 p < 0.0001 p < 0.0001 p < 0.0001 0.0372

Table 3 
Summary of significant channels per complexity metric.

Complexity 
metric

HbO HbR HbT Total features (% of 
montage)

HFD 31 (17 R +
14 S)

31 (12 R +
19 S)

20 (9 R +
11 S)

82 / 144 tests

SE 4 (2 R + 2 
S)

6 (1 R + 5 
S)

2 (2 R + 0 
S)

12 / 144 tests

WE 5 (1 R + 4 
S)

4 (3 R + 1 
S)

5 (0 R + 5 
S)

14 / 144 tests

R = robust channel (≥2 contrasts); S = single-contrast channel.

M.-K. Kang et al.                                                                                                                                                                                                                               Biomedical Signal Processing and Control 113 (2026) 109243 

7 



Fig. 4. Brain maps showing the spatial distribution of significant channels for group comparisons (p < 0.05): (a) Higuchi’s Fractal Dimension (HFD), (b) Spectral 
Entropy (SE), and (c) Wavelet Entropy (WE).
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only between AD vs. HC or AD vs. MCI—were distributed across DLPFC, 
VLPFC, FPFC, and OFC regions, representing potential exploratory 
markers.

In summary, fractal-complexity loss was widely observed across the 
prefrontal cortex, with a notable left-hemisphere dominance for HbO 
and HbT, and bilateral frontopolar/dorsolateral involvement for HbR. 
Most robust channels differentiated AD from both MCI and HC, high
lighting their value for stage-specific differentiation. A smaller subset, 
such as HbR channel 31, differentiated both patient groups (MCI and 
AD) from HC without stage specificity, while HbR channel 9 specifically 
differentiated prodromal MCI from HC.

3.2.3. Channel-wise alterations in spectral entropy
For HbO, channels 12 (right FPFC) and 23 (left FPFC) showed higher 

SE in AD than in MCI and HC, indicating progressive spectral flattening 
in bilateral frontopolar regions. For HbR, channel 11 (right DLPFC) 
likewise exhibited higher SE in AD versus MCI and HC. For HbT, channel 
12 also showed elevated SE in AD, demonstrating channel-12 consis
tency across chromophores; channel 46 (left OFC) showed higher SE in 
both patient groups than in HC (HC < MCI ≈ AD), suggesting general 
cognitive impairment.

Exploratory single-contrast SE elevations appeared mainly in the 
right VLPFC (e.g., HbO channel 4 and HbR channel 4) and in the left 
DLPFC (HbT channel 20). Overall, robust SE increases localized to 
frontopolar cortex (HbO channels 12 and 23 and HbT channel 12) and 
right DLPFC (HbR channel 11), whereas left OFC (HbT channel 46) 
indexed broader pathology.

3.2.4. Channel-wise alterations in wavelet entropy
For HbO, channel 12 (right FPFC) exhibited robust WE increases in 

AD compared with MCI and HC, consistent with its SE findings. In the 

case of HbR, channels 8 and 12 (right FPFC) and 32 (left OFC) demon
strated significant WE increases in AD compared to MCI and HC. 
Regarding HbT, no channels showed robust WE increases; significant WE 
elevations in total hemoglobin were limited to single-contrast findings 
(e.g., channels 5, 15, 22, 27, 39), indicating these as exploratory. All 
anatomically defined metric patterns are summarized in Table 4.

3.3. Intersection analysis and biomarker hierarchy

3.3.1. Intersection analysis
To synthesize the channel- and metric-specific findings into a 

coherent panel of candidate biomarkers, we identified channels exhib
iting robust alterations in HFD, SE, or WE (defined as significant dif
ferences for both AD vs. MCI and AD vs. HC) across one or more 
hemodynamic signals; see Table 5. 

– Triple-intersection hotspot: Channel 12 (right FPFC).

Channel 12 showed robustness across HFD, SE, and WE and across 
multiple chromophores: HFD decreased in HbR (AD < MCI and AD <
HC), SE increased in HbO and HbT, and WE increased in HbO (AD > MCI 
and AD > HC across the stated contrasts). Thus, channel 12 integrates 
HbR complexity loss with HbO/HbT entropy elevation and serves as a 
multimodal AD biomarker in the right FPFC. 

– Dual-intersection: HFD and WE at channel 8 (right FPFC).

Channel 8 showed HFD decreases in HbO/HbR/HbT (AD < MCI and 
AD < HC) and a WE increase in HbR (AD >MCI and AD > HC), capturing 
both reduced complexity and heightened irregularity in the right FPFC. 

 

(c) WE 
Fig. 4. (continued).
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– Channels with robust multi-hemodynamic intersection in HFD.

Multi-chromophore HFD reductions were observed at HbO/HbR/HbT 
channel 3 (right DLPFC), 24 (left FPFC), 36 (left FPFC); HbO/HbR 
channel 22, 26 (right FPFC), 41 (left FPFC); HbO/HbT channel 38, 34 
(left DLPFC), 37 (left FPFC); HbR/HbT channel 20 (left DLPFC). 
Collectively, these locations implicate bilateral prefrontal regions, 
particularly the dorsolateral and frontopolar cortices, as consistent sites 
of reduced complexity across AD progression.

3.3.2. Stage-specific biomarkers
Several additional channels, such as HbR channel 9 (for MCI vs. HC), 

HbR channel 31 (for HC vs. patients), and HbT channel 46 (for HC vs. 
patients), exhibited significant differences only for a single feature- 
chromophore combination, without overlap across other metrics or 
modalities. Although these channels were not included in the robust 
multi-metric intersections, they were identified as exploratory bio
markers for MCI detection or broader cognitive pathology. Based on the 
intersection analysis and anatomical localization, we delineated three 
main biomarker panels.

First, a prodromal MCI screening panel was defined, as channel 9 in 
the right VLPFC significantly differentiated MCI from HC, reflecting 
fractal complexity loss that emerges at the MCI stage before AD.

Second, a broad pathology screening panel included channels that 
distinguished both patient groups (MCI and AD) from HC, specifically 
HbR channel 31 (left OFC, HFD) and HbT channel 46 (left OFC, SE), 
which may be useful for detecting general pathology relative to healthy 
controls.

Third, for high-specificity AD confirmation, we highlight right FPFC 
channels 12 and 8: channel 12 showed HFD alterations in HbR with SE 
increases in HbO/HbT and WE increases in HbO, while channel 8 showed 
HFD reductions in HbO/HbR/HbT with WE increases in HbR. Additional 
multi-chromophore HFD alterations were observed across dorsolateral/ 
frontopolar regions (channels 3, 24, 36, 22, 26, 41) and the left DLPFC/ 
FPFC (channels 34, 37, 38, 20). Together, these loci distinguished AD 
from both MCI and HC when combining fractal, spectral, and wavelet 
metrics across HbO, HbR, and HbT signals.

Overall, these biomarker panels are anchored to anatomically 

Table 4 
Robust (two pairwise contrasts were significant) channel locations and cortical 
sub-regions for each complexity metric.

Complexity 
Metric

Hemodynamic 
signal

Channel 
No.

Anatomical 
Location

Comparison

HFD↓ HbO 24, 28, 36, 
37, 41 
34, 38, 43 
47, 48

Left FPFC 
Left DLPFC 
Left OFC

AD < MCI, 
AD < HC

3, 17 
8, 21, 22, 
26 
30

Right DLPFC 
Right FPFC 
Right OFC

AD < MCI, 
AD < HC

HbR 3 
8, 12, 22, 
25, 26 
20 
24, 27, 36, 
41 
31

Right DLPFC 
Right FPFC 
Left DLPFC 
Left FPFC 
Left OFC

AD < MCI, 
AD < HC 
MCI < HC, 
AD < HC

HbT 3 
8 
20, 24, 33, 
34, 38 
36, 37

Right DLPFC, 
Right FPFC 
Left DLPFC 
Left FPFC

AD < MCI, 
AD < HC

SE↑ HbO 12 
23

Right FPFC 
Left FPFC

AD > MCI, 
AD > HC

HbR 11 Right DLPFC AD > MCI, 
AD > HC

HbT 12 
46

Right FPFC, 
Left OFC

AD > MCI, 
AD > HC; 
MCI > HC, 
AD > HC

WE↑ HbO 12 Right FPFC AD > MCI, 
AD > HC

HbR 8, 12 
32

Right FPFC, 
Left OFC

AD > MCI, 
AD > HC

HbT – – –

Table 5 
Intersection-based prefrontal channels with convergent nonlinear complexity 
metric changes for staging Alzheimer’s disease.

Channel Region Hemodynamic 
signal

Complexity 
Metrics

Pattern

12 Right 
FPFC

HbO(SE,WE), HbR 
(HFD), HbT(SE)

HFD, SE, 
WE

AD versus MCI 
& AD versus 
HC8 Right 

FPFC
HbO(HFD), HbR(HFD, 
WE), HbT(HFD)

HFD, WE

3 Right 
DLPFC

HbO, HbR, HbT HFD

24 Left 
FPFC

36 Left 
FPFC

22 Right 
FPFC

HbO, HbR

26 Right 
FPFC

41 Left 
FPFC

34 Left 
DLPFC

HbO, HbT

37 Left 
FPFC

38 Left 
DLPFC

20 Left 
DLPFC

HbR, HbT

Fig. 5. Schematic flow of stage-specific biomarker panels for fNIRS-based de
mentia screening and confirmation.
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distinct cortical regions—right ventrolateral for prodromal MCI 
screening, left orbitofrontal for broad pathology detection, and bilateral 
frontopolar/dorsolateral regions for AD confirmation—thus under
scoring both the sensitivity for early detection and the specificity for AD 
diagnosis; see Fig. 5.

3.4. Classification performance

Building on the group-level findings (Sections 3.1–3.3), we bench
marked ten supervised classifiers on the core-channel feature set—BDT, 
LDA, LR, SVM, KNN, RF, XGBoost, GBDT, RUSBoost, and ANN. Perfor
mance was estimated with repeated stratified 5-fold cross-validation 
(100 repeats), using a one-vs-all ROC framework. For each model, 
AUCs were averaged across folds and repeats and summarized as mean 
± SD with 95 % confidence intervals computed by nonparametric 
subject-level bootstrap (1,000 iterations).

From the model-comparison results on the core-channel feature set, 
the bagged decision tree (BDT) achieved the highest AUC (0.876, 95 % 
CI [0.871, 0.880]), followed by ANN (0.839, [0.812, 0.862]), RF (0.835, 
[0.827, 0.843]), LR (0.832, [0.821, 0.844]), and LDA (0.832, [0.806, 
0.861]). SVM (0.821, [0.814, 0.831]), GBDT (0.794, [0.775, 0.812]), 
KNN (0.780, [0.768, 0.790]), RUSBoost (0.779, [0.766, 0.803]), and 
XGBoost (0.764, [0.751, 0.790]) showed comparatively lower perfor
mance. Fig. 6 summarizes these benchmarks (a) and presents the AD 
one-vs-all ROC curves (b), consistent with the ranking.

Following Methods (Section 2.5), we therefore used the best- 
performing classifier (BDT) to conduct the formal core-channel vs. 
full-channel comparison. The core-channel multimodal BDT yielded 
AUCs of 0.889 (AD vs. non-AD), 0.728 (MCI vs. non-MCI), and 0.686 
(HC vs. non-HC) in Fig. 7, with corresponding operating metrics sum
marized in Table 6 (accuracy: 0.867/0.795/0.781; sensitivity: 0.842/ 
0.730/0.654; specificity: 0.893/0.835/0.852; F1-score: 0.854/0.751/ 
0.742; all values mean ± SD across repeated stratified 5-fold CV). By 
contrast, full-channel models produced consistently lower AUCs. For 
example, using HFD features, full-channel HbO achieved 0.805 (AD), 
0.518 (MCI), and 0.557 (HC); HbR achieved 0.746, 0.498, and 0.658; 
and HbT achieved 0.670, 0.630, and 0.562 for AD/MCI/HC, respec
tively. SE and WE on full-channel inputs were weaker still, with AD 
AUCs barely reaching the 0.6 range. These patterns are summarized 
visually in Fig. 8, in which the core-channel bars (purple) exceed all full- 

channel counterparts across classes and chromophores.
To assess statistical significance on paired predictions from the same 

subjects, we applied DeLong’s test for correlated ROC curves only to the 
BDT (per Methods). Core-channel models showed significant gains over 
full-channel models for HFD–HbO (AD: p = 0.015; MCI: p < 0.0001; HC: 
p < 0.0001) and HFD–HbR (AD: p < 0.0001; MCI: p < 0.0001; HC: p =
0.2473, n.s.), and for HFD–HbT (AD: p < 0.0001; MCI: p < 0.0001; HC: 
p = 0.003). Collectively, these results confirm that intersection-derived 
core channels provide significantly better discriminability, with the 
largest relative improvements observed for MCI.

3.5. Correlation between MMSE scores and fNIRS-derived features

To examine the cognitive relevance of extracted nonlinear 
complexity features, Pearson’s and Spearman’s correlation coefficients 
between each feature and MMSE scores across all subjects were calcu
lated. Only features with statistically significant correlations (p < 0.05) 
and correlation coefficients within a predefined moderate-to-strong 
range (|r| or |ρ| ≥ 0.3) were selected for analysis. All selected features 
met this criterion in both correlation types. Among these, the top- 
ranking features by correlation strength for each metric are presented 
in Table 7.

Notably, a total of 50 HFD-based features (aggregated across HbO, 
HbR, and HbT), 6 SE-based features, and 9 WE-based features showed 
statistically significant and directionally consistent correlations with 
MMSE scores. While these associations do not confirm direct causality, 
they indicate a potential relationship between signal complexity mea
sures and cognitive performance.

Here, r represents Pearson’s correlation coefficient, and ρ represents 
Spearman’s correlation coefficient. Among the most robust correlations, 
HFD in HbO and HbR signals at prefrontal locations were prominent, 
particularly channels 22, 26, and 36 in the right and left FPFC, 
demonstrating strong positive correlations (e.g., HFD HbO channel 22: r 
= 0.5093, ρ = 0.4652; HFD HbR channel 22: r = 0.5046, ρ = 0.4658). 
These results align with earlier findings (Sections 3.2-3.3), where sig
nificant HFD reductions at these channels differentiated AD from MCI 
and HC groups. The correlations indicate these channels’ sensitivity to 
general cognitive decline and suggest that higher hemodynamic 
complexity is associated with higher cognitive function. In addition to 
frontopolar regions, DLPFC locations, such as channel 38 (HFD HbO: r =

Fig. 6. Benchmarking of ten classifiers on the core-channel feature set with class-wise ROC (AD). (a) Mean AUC (±SD) for ten classifiers evaluated with repeated 
stratified 5-fold CV (100 repeats) on the core-channel feature set. 95 % CIs (in brackets above bars) were obtained via nonparametric subject-level bootstrap (1,000 
iterations) from pooled held-out predictions. (b) One-vs-all ROC curves for AD vs. non-AD on the same core-channel setup.
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0.4696, ρ = 0.4109) also showed significant correlations.
SE and WE measures also demonstrated significant negative corre

lations with MMSE scores, especially in the right prefrontal channels. 
For example, SE HbR channel 12 showed a strong negative correlation (r 
= -0.3526, ρ = -0.3948). Similarly, WE HbT channel 5 exhibited a 
negative correlation (r = -0.3399, ρ = -0.4342), indicating increased 
multiscale irregularity associated with lower cognitive scores.

These findings establish a coherent biomarker framework combining 
group-level contrasts, intersection analysis, and MMSE correlations for 
diagnostic and cognitive monitoring purposes. For visual reference, top- 
ranked features with the strongest correlations are illustrated in Fig. 9, 
highlighting the relationship between nonlinear complexity metrics and 
MMSE scores across different hemodynamic signals.

4. Discussion and future work

This study systematically examined how fNIRS-based nonlinear 
complexity metrics (HFD, SE, and WE) of hemodynamic signals change 
across the AD spectrum and identified the prefrontal cortical regions 
that exhibit the most prominent changes. The key findings were that, as 
AD progresses, the fractal complexity of cortical hemodynamic signals 
markedly decreases while signal irregularity (as reflected by entropy 
measures) significantly increases, especially in the AD group. Notably, 
HFD values decreased progressively from HC and MCI to AD, while SE 
and WE values were higher (indicating increased randomness) in AD 
than in earlier stages. There were also differences in sensitivity among 
the metrics and chromophores: HFD most robustly distinguished AD 
from MCI and HC, although its discrimination between MCI and HC was 
relatively lower. SE and WE showed stepwise group differences mainly 
in certain signals (HbO, HbR, or HbT), indicating that each chromophore 

and each metric has a different sensitivity to the disease stage.
These results suggest that as AD pathology advances, neural network 

activity becomes less complex and more random, consistent with the 
known neurodegenerative processes of synaptic loss and network 
disintegration in AD [68,69]. Reduced signal complexity implies a 
decline in the brain’s adaptive capacity, which is characteristic of AD’s 
neuropathology [69]. Conversely, increases in entropy measures reflect 
more irregular and desynchronized neural activity, aligning with the
ories of cortical “randomization” due to synaptic and neuronal loss in 
AD. Notably, synaptic loss is the strongest anatomical correlate of 
cognitive decline in AD [68], and this loss of connectivity directly 
contributes to reduced complexity and organization of brain signals. Our 
findings reinforce the pathophysiological link between AD-related 
structural degeneration (synapse/neuron loss) and functional signal al
terations (lower complexity, higher randomness).

These nonlinear complexity metrics could improve the sensitivity 
and specificity of AD detection. The apparent differences observed, 
especially between AD and non-AD groups, suggest that these metrics 
provide diagnostic information that complements conventional mea
sures. Similar patterns of reduced complexity and increased irregularity 
have been consistently reported in other modalities, such as EEG and 
fMRI in AD [47,70]. For instance, resting-state fMRI analyses have 
shown that the multiscale entropy of BOLD signals is highest in healthy 
controls and progressively declines through MCI to AD [70], and EEG 
studies have demonstrated that AD patients’ brain signals exhibit lower 
fractal dimensions and a shift toward more random frequency content 
compared to healthy controls [36]. In a recent fNIRS study focusing on 
SE, AD patients had significantly higher entropy in resting-state hemo
globin signals than controls [47], indicating a loss of dominant oscilla
tory rhythms. These convergent findings support the idea that 
complexity metrics decrease and irregularity metrics increase in AD, 
strengthening their validity as robust biomarkers of the AD process 
[36,69]. Notably, our study demonstrates these changes using a resting- 
state, noninvasive fNIRS paradigm with high discrimination power, 
underscoring the clinical utility of fNIRS-based nonlinear complexity 
analysis for AD.

Regionally, alterations were most consistent in the dorsolateral and 
frontopolar prefrontal cortices. The DLPFC—central to executive con
trol—shows reduced functional connectivity, metabolism, and synaptic 
integrity in AD/MCI [71,72]; concordantly, our data indicate decreased 
HFD (with entropy increases) in DLPFC, most prominently on the left 
(hotspot channels, e.g., 34/38; right-hemisphere analogs similar). The 

Fig. 7. ROC curves for the classification of AD, MCI, and HC using features extracted from intersection-derived core channels (HbO, HbR, HbT).

Table 6 
Five-fold cross-validation performance metrics for AD, MCI, and HC using fea
tures extracted from intersection-derived core channels (mean ± standard 
deviation).

Performance Metric AD vs non-AD MCI vs non-MCI HC vs non-HC

AUC 0.889 ± 0.021 0.728 ± 0.038 0.686 ± 0.045
Accuracy 0.867 ± 0.033 0.795 ± 0.027 0.781 ± 0.035
Sensitivity (Recall) 0.842 ± 0.041 0.730 ± 0.051 0.654 ± 0.059
Specificity 0.893 ± 0.036 0.835 ± 0.044 0.852 ± 0.041
F1-Score 0.854 ± 0.038 0.751 ± 0.053 0.742 ± 0.055
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frontopolar cortex (BA10) likewise exhibited marked abnormalities (e. 
g., channels 8/12), identifying FPFC/DLPFC as convergent “hotspots” 
where multiple metricfs change together. Secondary but less consistent 
effects appeared in orbitofrontal and ventrolateral regions—OFC (e.g., 
31/32) tied to affective–reward processes and linked to apathy/disin
hibition in AD [73], and VLPFC (e.g., 9) showing early alterations, 
particularly in MCI.

This topography suggests hemisphere- and region-specific vulnera
bility: our left-predominant FPFC/DLPFC complexity loss aligns with 

reports of early left frontal involvement, tau accumulation, and con
nectivity/metabolic decline in dorsal/frontopolar prefrontal areas, as 
well as frontal atrophy preceding clinical dementia [71,72]. Practically, 
these “hotspot” channels motivate a compact, prefrontal-targeted 
montage for screening and monitoring; isolated early-stage changes 
outside the core set may serve as exploratory predictors of conversion. 
Consistent with their roles in higher-order cognition, FPFC/DLPFC al
terations also tracked cognitive status in our cohort.

Our intersection analysis, overlapping results across multiple metrics 

Fig. 8. AUC comparison for AD, MCI, and HC classification across three hemodynamic signals (HbO, HbR, HbT). * denote statistically significant improvements in 
core-channel versus full-channel AUC by paired DeLong’s test (p < 0.05).
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and signals, provided further insight into robust biomarkers. Certain 
channels, such as channel 12 in our montage (right frontopolar cortex, 
AAL3 brain atlas: #6 Right middle frontal gyrus), showed consistent and 
significant changes in HFD, SE, and WE simultaneously, indicating 
multi-metric convergence unlikely to reflect false positives. These 
convergent channels formed stage-specific panels that suggest an or
dered progression of cortical involvement and offer compact, noise- 
resistant inputs for machine-learning models. Anatomically, the AAL3 
designates the right middle frontal gyrus (MFG) as region #6, a core 
node of the executive-control (frontoparietal) network subserving 
working memory, attention, and executive functions [74]. The right 
MFG is thus a plausible early-detection indicator in prodromal AD and 
MCI: task-based fMRI consistently shows hypoactivation [74], while at 
rest, early AD exhibits disrupted intrinsic connectivity that includes the 
right MFG [75,76], and MCI patients tend to co-activate the DMN with 
right frontal regions when the DMN is engaged [77,78]. These domains 

are affected early in AD, and the supporting networks (including DLPFC/ 
MFG) show functional compromise; taken together, convergent atlas- 
based and functional evidence indicate that the right MFG (AAL6) par
ticipates deeply in the networks degraded in early AD, with patients 
across the prodromal stage showing hypoactivation, connectivity loss, 
and compensatory changes [74,78].

Recent fNIRS–machine-learning studies (2023–2025) report a wide 
range of performance depending on paradigm and modality. In resting- 
state, fNIRS-only Alzheimer’s disease studies, reported AUCs are typi
cally around ~ 0.70 (e.g., 0.708) [65], whereas approaches incorpo
rating neuropsychological tests or task-based paradigms have achieved 
substantially higher discrimination (up to ~ 0.97) [65,79]. In stroke, 
resting-state feature models reached AUC = 0.715, while task-evoked 
fNIRS improved to AUC = 0.861 [66].

To ensure methodological consistency and comparability, we fol
lowed recent fNIRS–ML practices and benchmarked ten commonly used 

Table 7 
Correlation of fNIRS features with MMSE.

Metric Signal Channel Region Pearson’s r p-value Spearman’s ρ p-value Direction

HFD HbO 22 right FPFC 0.5093 < 0.0001 0.4652 < 0.0001 ↑ with MMSE
HFD HbR 22 right FPFC 0.5046 < 0.0001 0.4658 < 0.0001 ↑ with MMSE
HFD HbO 36 left FPFC 0.5036 < 0.0001 0.4212 < 0.0001 ↑ with MMSE
HFD HbO 38 left DLPFC 0.4696 < 0.0001 0.4109 < 0.0001 ↑ with MMSE
HFD HbO 21 left FPFC 0.4026 < 0.0001 0.4035 < 0.0001 ↑ with MMSE
SE HbR 12 right FPFC –0.3526 0.0011 –0.3948 < 0.0001 ↓ with MMSE
SE HbT 12 right FPFC − 0.3253 0.0027 − 0.3488 0.0012 ↓ with MMSE
WE HbT 5 right OFC –0.3399 0.002 –0.4342 < 0.0001 ↓ with MMSE
WE HbR 32 Left OFC − 0.3197 0.0032 − 0.3837 0.0003 ↓ with MMSE

FPFC = frontopolar prefrontal cortex, DLPFC = dorsolateral prefrontal cortex, OFC = orbitofrontal cortex. Arrows indicate direction of association.

Fig. 9. Top-ranked correlations between nonlinear complexity metrics and MMSE scores for each hemodynamic signal.
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model families (informed by [65,66]). In our results, the BDT model 
achieved the highest macro AUC on the core-channel features (0.876; 
95 % CI [0.871, 0.880], estimated via subject-level bootstrap with 1,000 
iterations), followed by ANN, RF, LR, and LDA, with SVM, GBDT, KNN, 
RUSBoost, and XGBoost performing lower. Resting-state hemodynamics 
represent inherently complex and nonlinear neurovascular processes 
that cannot be fully captured by linear transformations. Accordingly, 
ensemble models such as BDT can improve prediction accuracy and 
stability by employing bootstrapping to reduce variance, while also 
providing a flexible framework for risk classification and capturing 
nonlinear dependencies in complex data structures without prior inter
action specification [64]. Several models, particularly ANN, RF, LR, and 
LDA, also showed promising performance. This pattern likely reflects 
those nonlinear methods (ANN, RF) can model complex inter-feature 
relationships in hemodynamic signals, whereas linear models (LR, 
LDA) remain effective when discriminative information is concentrated 
in a few dominant core channels. Taken together, these findings indicate 
that both nonlinear and linear approaches are promising for classifying 
complexity-based features in resting-state fNIRS data.

Despite cross-study differences in cohorts and pipelines, our core- 
channel, complexity-based approach within a resting-state fNIRS–only 
framework yielded higher cross-validated discrimination in our cohort 
(AD AUC = 0.889). Using the best-performing model (BDT), we con
ducted the prespecified core- vs. full-channel comparison: the core- 
channel multimodal classifier achieved AUCs of 0.889 (AD), 0.728 
(MCI), and 0.686 (HC) with consistent operating metrics (Table 6), 
whereas full-channel variants were lower across chromophores and 
feature families. Paired DeLong tests indicated significant gains for core 
channels in most settings (Fig. 8), with the most pronounced relative 
improvements for MCI. In our cohort, biologically informed channel 
selection improved discriminability relative to naïve full-channel inputs.

Consistent with the broader literature, task-based and multimodal 
designs often report higher accuracy by adding informative variance 
beyond resting hemodynamics—e.g., schizophrenia vs. MDD under 
verbal fluency (up to 0.998) [80], ADHD multimodal fusion (AUC =
0.892) [81], depression with robust feature engineering (AUC =
0.919–0.935) [82,83], and Huntington’s disease multimodal work (AUC 
= 0.963) [84]. Against this backdrop, our resting-only frame
work—integrating core-channel selection with nonlinear complexity 
metrics—achieved AUC = 0.889 for multiclass AD staging, highlighting 
the diagnostic discrimination achievable from purely resting-state fNIRS 
features when appropriately modeled.

Collectively, these examples and recent model-selection guidelines 
[76,79] suggest that while resting-state paradigms effectively capture 
intrinsic neurovascular dynamics, they often yield lower discriminative 
performance compared with task-evoked or multimodal approaches. In 
contrast, our resting-only framework—integrating core-channel selec
tion with nonlinear complexity metrics—achieved a robust AUC of 
0.889 in multiclass AD staging, highlighting the diagnostic potential of 
purely resting-state fNIRS features when appropriately modeled.

We also explored correlations between fNIRS metrics and standard 
clinical cognition scores (e.g., MMSE). Notably, HFD showed a positive 
correlation with MMSE (i.e., higher complexity was associated with 
better cognitive scores), whereas SE and WE showed negative correla
tions. These correlations were especially robust in the key channels 
identified earlier. This convergence between biomarker channels and 
those showing cognitive correlations reinforces the clinical validity of 
the fNIRS metrics. Thus, fNIRS nonlinear complexity measures could be 
used to track cognitive decline or improvement within a patient over 
time, offering a quantitative tool for disease progression or treatment 
response. This, combined with the portability of fNIRS and its suitability 
for real-time, repeated measurements, makes it well-suited for both 
clinical and community use.

In summary, we observe reduced complexity (HFD↓) and elevated 
entropy (SE/WE↑) in the prefrontal cortex—most prominently in 
DLPFC/FPFC/OFC—consistent with prior multimodal patterns in AD 

[66,70]. Convergent evidence across EEG, fMRI, MEG, and fNIRS re
inforces these metrics as core disease features [80]. Methodologically, 
we add intersection-based biomarker mapping and a task-free, spatially 
resolved approach that moves fNIRS beyond supportive monitoring to
ward clinically interpretable staging.

This study contributes several innovations to the field. First, we 
demonstrate the value of resting-state fNIRS for stage-specific charac
terization across AD, MCI, and HC groups, an area that has been 
underexplored compared to task-evoked paradigms. Second, by priori
tizing nonlinear complexity metrics and validating a robust biomarker 
channel with anatomical mapping, we highlight novel avenues for 
clinically interpretable neurovascular markers. Finally, our machine 
learning framework, which incorporated cross-validation stability and 
classifier comparisons, provides methodological robustness within the 
present cohort and scope.

Taken together, the findings are promising; however, this is a pre
liminary study with a modest sample, and larger longitudinal cohorts 
are needed to confirm robustness and generalizability and to track intra- 
individual change, including MCI → AD conversion. External validation 
across multiple cohorts was not feasible for practical and structural 
reasons specific to resting-state AD fNIRS research: (i) to the best of our 
knowledge, no publicly available resting-state AD fNIRS repositories 
currently exist; (ii) device and protocol heterogeneity (source–detector 
geometry, wavelengths, cap density, resting duration, eyes-open/closed, 
preprocessing pipelines) would require harmonization and site-effect 
correction prior to pooling; (iii) privacy/IRB and data-use limitations 
constrain cross-site sharing of clinical neuroimaging data in memory- 
disordered populations; (iv) class imbalance and phenotypic heteroge
neity (e.g., comorbidities, medications) complicate matched aggrega
tion; and (v) high intra-individual variability in resting signals suggests 
that personalized baselines or longitudinal calibration may be needed 
before robust cross-site generalization. We therefore frame the present 
findings as a single-cohort proof of concept and highlight multi-center 
harmonization and data sharing as explicit goals for future work.

Beyond cohort expansion, multimodal fusion—combining fNIRS 
complexity features with EEG, fMRI, or structural MRI—should cross- 
validate biomarkers and improve early-stage sensitivity and speci
ficity. Given the observed MMSE associations, developing wearable or 
bedside tools for real-time monitoring and adaptive feedback would 
enable personalized tracking. Extending the framework to vascular de
mentia, Parkinson’s disease, and frontotemporal dementia may reveal 
disease-specific signatures and broaden clinical utility. Finally, clinical 
deployment will require optimizing low-density cap designs, real-time 
algorithms, and noise-robust feature extraction across diverse pop
ulations and settings. Given the noninvasiveness and portability of 
fNIRS, nonlinear complexity analysis remains a promising tool for brain 
health monitoring and early intervention in AD.

5. Conclusion

In conclusion, resting-state fNIRS-derived complexity (HFD) and 
entropy (SE, WE) metrics reliably differentiate Alzheimer’s disease (AD), 
mild cognitive impairment (MCI), and healthy controls (HC), revealing 
distinct patterns of neural complexity reduction and signal irregularity 
increase with progression of AD. Notably, HFD demonstrated the highest 
discriminatory power, with the greatest number of statistically signifi
cant channels distinguishing patient groups, suggesting it is the most 
sensitive indicator among the three metrics. Particularly pronounced 
decreases in fractal complexity were observed in the bilateral fronto
polar and dorsolateral prefrontal cortex, highlighting these regions as 
early targets of AD pathology. Intersection analysis identified robust 
biomarker channels, notably channel 12 in the right frontopolar cortex, 
consistently affected across multiple nonlinear complexity measures. 
Machine learning analyses demonstrated that models built upon these 
core channels significantly outperform models using all channels, indi
cating that targeted fNIRS measurements could enhance diagnostic 
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accuracy. Additionally, strong correlations between fNIRS metrics and 
cognitive assessments underscore their clinical relevance. These findings 
support the development of fNIRS-based nonlinear complexity metrics 
as practical, non-invasive tools for early AD diagnosis, staging, and 
longitudinal cognitive monitoring, potentially improving clinical man
agement and outcomes for individuals with neurodegenerative 
conditions.
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[40] V. Rodríguez-González, P. Núñez, C. Gómez, H. Hoshi, Y. Shigihara, R. Hornero, 
J. Poza, Unveiling the alterations in the frequency-dependent connectivity 
structure of MEG signals in mild cognitive impairment and Alzheimer’s disease, 
Biomed. Signal Process. Control 87 (2024) 105512, https://doi.org/10.1016/j. 
bspc.2023.105512.

[41] D.V. Puri, P.H. Kachare, S.L. Nalbalwar, Metaheuristic optimized time–frequency 
features for enhancing Alzheimer’s disease identification, Biomed. Signal Process. 
Control 94 (2024) 106244, https://doi.org/10.1016/j.bspc.2024.106244.

[42] J.E. Santos Toural, A. Montoya Pedrón, E.J. Marañón Reyes, Classification among 
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