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Abstract

Background: This study investigates the reliability of functional near-infrared spectroscopy (fNIRS) in detecting resting-state brain net-
work characteristics in patients with mild cognitive impairment (MCI), focusing on static resting-state functional connectivity (SRSFC)
and dynamic resting-state functional connectivity (ARSFC) patterns in MCI patients and healthy controls (HCs) without cognitive im-
pairment. Methods: A total of 89 MCI patients and 83 HCs were characterized using neuropsychological scales. Subject sSRSFC strength
and dRSFC variability coefficients were evaluated via fNIRS. The study evaluated the feasibility of using fNIRS to measure these con-
nectivity metrics and compared resting-state brain network characteristics between the two groups. Correlations with Montreal Cognitive
Assessment (MoCA) scores were also explored. Results: sSRSFC strength in homologous brain networks was significantly lower than in
heterologous networks (p < 0.05). A significant negative correlation was also observed between sSRSFC strength and dRSFC variability at
both the group and individual levels (p < 0.001). While sSRSFC strength did not differentiate between MCI patients and HCs, the dRSFC
variability between the dorsal attention network (DAN) and default mode network (DMN), and between the ventral attention network
(VAN) and visual network (VIS), emerged as sensitive biomarkers after false discovery rate correction (p < 0.05). No significant correla-
tion was found between MoCA scores and connectivity measures. Conclusions: fNIRS can be used to study resting-state brain networks,
with dRSFC variability being more sensitive than sRSFC strength for discriminating between MCI patients and HCs. The DAN-DMN
and VAN-VIS regions were found to be particularly useful for the identification of dRSFC differences between the two groups. Clinical
Trial Registration: ChiCTR2200057281, registered on 6 March, 2022; https://www.chictr.org.cn/showproj.html?proj=133808.
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1. Introduction tional near-infrared spectroscopy (fNIRS) in MCI patients
are closely related to the degree of cognitive impairment
[8], potentially serving as a sensitive indicator of cogni-
tive state. The biological principle of fNIRS detection is
based on neurovascular coupling [9], which is an important
physiological mechanism in the human brain and anoma-
lous neurovascular coupling has been associated with the
development of cognitive deficits and clinical symptoms
in neurodegenerative diseases such as Alzheimer’s disease
(AD) [10,11]. fNIRS uses near-infrared light (600-900
nm), which penetrates the scalp and skull to measure con-
centration changes in oxyhemoglobin (HbO) and deoxyhe-
moglobin (HbR) in the cortex, reflecting neural activity.
When patients engage in cognitive tasks, neurons in specific
brain regions become active, consuming local HbO, which

Many studies in the field of neuroimaging use func- 5 converted into HbR. To compensate for oxygen consump-
tional magnetic resonance imaging (fMRI) as a brain imag- tion, cerebral blood vessels dilate, increasing blood flow
ing tool to explore the characteristics of resting-state brain {5 the area, resulting in an overcompensation phenomenon,

networks associated with MCI [5-7]. Study has suggested  where HbO levels increase, and HbR levels decrease [12].
that the brain network characteristics of resting-state func-

The human brain is a highly complex network with
dynamic and interdependent coordination among different
groups of neurons. Mild cognitive impairment (MCI) is
a common cognitive disorder among the elderly, with a
prevalence ranging between 9.7% and 23.3% in the Chinese
elderly population. The incidence is higher among women
than men and more prevalent in rural areas than when com-
pared to urban regions [1]. MCI primarily affects key cog-
nitive domains, including memory, attention, language, ex-
ecutive function and spatial cognition, often accompanied
by a decline in motor functions [2—4]. Early identification
of MCI is critical for preventing further cognitive decline
and reducing the risk of progression to dementia.
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Compared to fMRI, fNIRS offers higher temporal resolu-
tion, lower cost, portability and good tolerance to artifacts
[12—15]. These features make it particularly suitable for
clinical assessment scenarios.

Functional connectivity (FC) is a commonly used in-
dicator representing the collaborative activity of different
brain regions in terms of function, that is, their consistency
exhibited over time. The FC characteristics in MCI patients
are significantly influenced by statistical models, and there
is heterogeneity in the study [16]. Most studies support
the notion that MCI patients exhibit abnormal FC patterns
mainly in the default mode network (DMN) related regions
[16,17].

Recent study has found that the characteristics of
resting-state fNIRS are closely related to cognitive function
[8]. Static resting-state functional connectivity (SRSFC)
refers to the correlation of intrinsic, spontaneous neural ac-
tivity in the time series when subjects are not performing
specific tasks, reflecting the information exchange between
different brain networks. Nguyen et al. [ 18] found that MCI
patients exhibited abnormal patterns with higher sRSFC
strength within the right hemisphere and between hemi-
spheres compared to healthy controls (HCs). Zhang et al.
[19] identified that long-range sRSFC abnormalities from
the prefrontal cortex to the occipital lobe are sensitive fea-
tures for distinguishing MCI patients from HCs, with MCI
patients showing reduced sRSFC between the bilateral pre-
frontal cortex, right temporal lobe, parietal lobe and occip-
ital lobe. Yang et al. [20] found that rehabilitation training
alters the SRSFC patterns in MCI patients, thereby improv-
ing their cognitive function. Research related to sRSFC
assume that the interaction strength between brain regions
is constant and static during the measurement period [21].
However, sRSFC is highly non-stationary across different
time windows and dynamic resting-state functional connec-
tivity (dRSFC) can reveal the flexibility of dynamic func-
tional coordination between different brain networks [22].
The results of Niu et al. [23] suggested that the coefficient
of variation (CV) of dRSFC in MCI patients was higher than
that in HCs.

Despite these insights, studies using fNIRS to analyze
both sRSFC and dRSFC in MCI patients remain limited
and yield inconsistent results. This study addresses that
gap by employing a custom-designed 70-channel fNIRS
cap for enhanced spatial resolution, with a custom-designed
probe arrangement optimized for cognitively related cor-
tical regions, including MCI patients and HCs. This en-
abled a detailed analysis of brain networks and examina-
tion of interactions among six specific functional networks,
including the sensorimotor network (SEN), default mode
network (DMN), ventral attention network (VAN), dorsal
attention network (DAN), frontoparietal network (FPN),
and visual network (VIS). This network-oriented analy-
sis enables more detailed insights into network-specific al-
terations compared to traditional connectivity approaches.

Additionally, both sRSFC and dRSFC metrics were inte-
grated to assess their relative sensitivity in distinguishing
MCI patients from HCs. To capture the temporal dynamics
of connectivity, a variability coefficient was introduced for
dRSFC, offering deeper insights into how network interac-
tions fluctuate over time.

This study advances previous research by combining
static and dynamic connectivity analysis, expanding spa-
tial coverage through a 70-channel fNIRS system, and in-
troducing network-specific analyses. These contributions
enhance the understanding of MCl-related brain network
changes and demonstrate the potential of fNIRS for practi-
cal, early-stage cognitive assessments.

2. Materials and Methods
2.1 Subjects

89 MCI patients who met the inclusion criteria were
selected from Shanghai. Additionally, 83 HCs were indi-
vidually matched with MCI patients in gender, age, height,
weight and other basic information were recruited.

The criteria for diagnosing MCI, as established by Pe-
tersen ef al. in 1999 [24], are as follows: (1) Subjective
memory complaints reported by either the individual or an
informant; (2) Measurable deficits in memory or other cog-
nitive functions that are 1-2 standard deviations (SDs) be-
low the average for the person’s age and education level; (3)
Daily living activities not significantly impacted; (4) The
individual does not meet the criteria for dementia. Partici-
pants were aged between 60 and 85 years, had an education
level of more than six years and had no significant visual
or auditory impairments. They completed a neuropsycho-
logical assessment and were diagnosed as MCI patients by
a neurologist according to the diagnostic standards of the
Petersen research team. Their vital signs were stable. Prior
to commencing the experiment, all participants were thor-
oughly informed about the study research objectives and
procedures, agreed to participate in the study and signed
an informed consent form.

2.2 Neuropsychological Scale Assessment

Neuropsychological scale assessments were con-
ducted on MCI patients and HCs, including screening
and diagnostic scales. The screening scale included the
Montreal Cognitive Assessment Scale (MoCA). Diagnostic
scales included the Hopkins Verbal Learning Test-Revised
(HVLT-R), Visual Discrimination Test (VDT), Digital Span
Test (DST) and Verbal Fluency Test (VFT). The results of
the screening scales were included in the statistical analysis
as cognitive scores. All scale assessments were completed
by uniformly trained neuropsychological testers and sub-
jects cooperated well during the assessments. The ethics
committee at Huashan Hospital, Fudan University [ap-
proval number: HIRB-2021-653], granted approval for this
study. This clinical trial was approved by the Clinical Re-
search Information Service of China, a publicly accessible
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Fig. 1. fNIRS head cap diagram. (A) Topology of fNIRS sensors. (B) Spatial distribution of the 70 channels on the cerebral cor-
tex. fNIRS, functional near-infrared spectroscopy; SEN, sensorimotor network; DAN, dorsal attention network; VAN, ventral attention

network; FPN, frontoparietal network; DMN, default mode network; VIS, visual network.

primary registry that is part of the WHO International Clin-
ical Trial Registry Platform. The trial was officially regis-
tered on March 6, 2022, and assigned the registration num-
ber ChiCTR2200057281.

2.3 fNIRS Recording

A multi-channel fNIRS imaging system (NirScan-
8000, Danyang Huichuang Medical Equipment Co., Ltd.,
Danyang, Jiangsu, China) was employed to acquire oxy-
genated blood signals from the cerebral cortex of subjects
in a resting state. The sampling rate for all channels was
set at 11 Hz, utilizing near-infrared light at wavelengths of
760 nm and 850 nm. A customized fNIRS headcap was de-
veloped to meet the experimental requirements, designed
in accordance with the 10/20 electrode placement system
and adjusted for the specific characteristics of each subject.
The cap featured 48 probes (24 emitters and 24 detectors)
strategically placed across the cortex, with 30 mm inter-
probe spacing, creating a 70-channel network as illustrated
in Fig. 1A. This arrangement was specifically designed to
cover key regions of interest including the prefrontal cor-
tex, temporoparietal junction and parietal cortex, which are
significant areas for cognitive function and potentially af-
fected in MCI. Channel locations were determined using
a three dimensional (3D) magnetic digitizer (Patriot Digi-
tizer, Polhemus Inc., Colchester, VT, USA) on a standard
head model and subsequently normalized to the Montreal
Neurological Institute (MNI) space. The MNI coordinates
were then visualized using MATLAB’s BrainNet Viewer
toolbox (version 2022B; The MathWorks Inc., Natick, MA,
USA) with the BrainMesh ICBM 152 template (version
2009a, International Consortium for Brain Mapping, MNI,
McGill University, Montreal, QC, Canada) (Fig. 1B). Fi-
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nally, each channel’s MNI coordinate was mapped to spe-
cific brain regions using the Broadmann Talairach template
[25].

2.4 Brain Network Partition

Channels were divided into six regions of interest
(ROIs) according to the cortical brain network partitioning
method proposed by Yeo ef al. [26], including SEN, DMN,
VAN, DAN, FPN, and VIS networks. The schematic dia-
gram of cortical brain network ROI is shown in Fig. 1B.

2.5 Resting-State Data Acquisition

After entering the assessment room, subjects were
seated quietly for three minutes. This acclimation period
allowed participants to adapt to both the fNIRS cap and the
environment, which helped minimize the impact of envi-
ronmental adaptation on subsequent data collection. After
the adaptation period, the fNIRS device commenced for-
mal data acquisition. Subjects were instructed to close their
eyes, avoid rhythmic thinking and remain still throughout
the eight-minute resting-state fNIRS recording. The total
experimental session lasted 11 minutes.

2.6 Data Preprocessing

Preprocessing was employed to remove various noise
sources from the fNIRS signals. The light intensity signal
data collected by fNIRS were first converted into optical
density (OD) signals as follows:
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)
A indicates a particular wavelength, where \; refers
to the specific wavelength i. The variable / corresponds
to the detected light intensity measured at the detector after
traveling through biological tissue, and ¢ is the wavelength-
dependent extinction coefficient for each hemoglobin type.
By measuring OD at the specific wavelengths (e.g., A1 and
A2) and using the known extinction coefficients of HbO and
HbR at those wavelengths, we can then separately deter-
mine the concentration changes of HbO and HbR [27]. The
differential path length factor is the effective length of the
source and the detector with » being the linear distance from
the probe. The change in light absorption is given by delta
OD (AOD). ACypo and ACypr give the relative concentra-
tion changes of HbO and HbR, respectively; the latter two
being calculated from [28]:

A A -1
(ACHbO) _ 5§b205§b211
ACmr/ 6'§%OE§%R

EHbO EHBR

AOD* / (7 x DPFM
AOD*2 / (r x DPF*2 3)
AOD?3/ (r x DPF*3

The OD signals were then converted into concentra-
tions of HbO and HbR using the modified Beer-Lambert
law [27] and the change in OD (AOdd’\"), calculated as:

AOdd/\l = (g)l}ibOACHbO + E?beACHbR> -r-DPF
“4)
This study used a band-pass filter with a frequency
range of 0.01-0.1 Hz to denoising hemoglobin signals by
removing long-term baseline drift and systematic physio-
logical noises, such as pulse and respiration, while preserv-
ing task-related neural activity signals [19,23,29]. This ap-
proach enabled the extraction of low frequency hemody-
namic fluctuations [30]. Previous study has shown that in
near-infrared light detection at wavelengths of 700-900 nm,
the signal-to-noise ratio of HbO is higher than that of HbR
[27]. Therefore, HbO was selected in this study for the cal-

culation of resting-state brain network-related indicators.

2.7 Data Analysis

The Pearson correlation coefficient between any two
channels over the entire time series for each subject was
calculated and defined as the SRSFC strength.

A sliding window method was used to estimate the
dRSFC between any two measurement channels for each
subject. The time window was defined as 60 seconds, mov-
ing along the entire time course at 1-second intervals. In

each time window, the Pearson correlation was calculated
for each pair of measurement channels. With eight minutes
of resting-state measurement time and a 60-second time
window, there were 480 sliding time windows, resulting in
480 dRSFC maps.

The methods for calculating sSRSFC and dRSFC are
illustrated in Fig. 2. To quantify the degree of dynamic
fluctuations in dRSFC correlation maps over different time
windows, the CV of dRSFC was introduced and calculated
as follows:

SD of dRSFC for the entire time series
mean DRSFC across different-sliding time windows

CVgrsrc = x 100% (5)
A higher CV value indicates greater variability in

dRSFC, while a lower CV value suggests less variability
in dRSFC.

2.8 Statistical Analysis

The baseline demographic and clinical characteristics
of the two groups were balanced and comparable. Statisti-
cal analyses of basic information and behavioral indicators
were conducted using independent sample #-tests, Mann-
Whitney U tests and chi-square tests. The Shapiro-Wilk
test assessed the normality of all continuous variables. In-
dependent sample ¢-tests were performed for normally dis-
tributed data, while Mann-Whitney U tests were applied for
non-normally distributed data. Chi-square tests analyzed
gender, a categorical variable.

Independent sample #-tests assessed the sRSFC
strength and dRSFC CV between the two groups, with sig-
nificance set at p < 0.05 [31] and statistical results cor-
rected for the false discovery rate. Based on six prede-
fined ROIs, sRSFC strength and dRSFC CV were cate-
gorized into 21 groups. Of these, six categories repre-
sented homologous brain networks, defined as the inter-
actions within the same ROI across hemispheres. They
were SEN, DAN, VAN, DMN, FPN, and VIS. The re-
maining 15 pairs were classified as heterologous brain net-
works, representing FC between different ROIs across the
cortex, specifically: SEN-DAN, SEN-VAN, SEN-DMN,
SEN-FPN, SEN-VIS, DAN-VAN, DAN-DMN, DAN-FPN,
DAN-VIS, VAN-DMN, VAN-FPN, VAN-VIS, DMN-FPN,
DMN-VIS and FPN-VIS. The mean and standard deviation
(SD) of sRSFC strength within homologous and heterolo-
gous brain networks were calculated and independent sam-
ple ¢-tests were used for comparisons.

Pearson correlation analysis examined the relationship
between cognitive scores and resting-state brain network
characteristics in both groups. Cognitive scores were based
on MoCA scale scores and resting-state brain network char-
acteristics included sRSFC strength and dRSFC CV within
and between ROIs.
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Fig. 2. Schematic diagram of SRSFC and dRSFC calculation methods. sRSFC, static resting-state functional connectivity; dRSFC,
dynamic resting-state functional connectivity.
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Fig. 3. Comparison of sRSFC characteristics within homologous brain networks and between heterologous brain networks. (A)
MCI group; (B) HC group. sRSFC refers to the Pearson correlation coefficient between any two channels over the entire time series for
each subject. “***” indicates p < 0.001. MCI, mild cognitive impairment; HC, healthy control.
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Table 1. Comparison of MCI Scale Scores.

Scales MCI (n=89) HC (n=283) p-value
MoCA 20.54 +£3.71 2583 £2.64 <0.001
HVLT-R

Learning (1-3) 13.52 +4.13  17.62 £542 <0.001

Delayed Recall (5 min) 2.83 +£2.37 5.65 +2.63 <0.001
The Visual Discrimination Test (VDT)

Functional Association 3.39+£0.76 3.67 £0.63 0.004

Semantic Association 2.99 +1.01 329 +0.75 0.118

Visual Recognition 5.52+1.33 572 £ 1.55 0.481

Visual Reasoning 4.44 +£2.02 6.44 £ 2.09 <0.001
DST

Forward 6.04 +£3.97 7.44 £ 4.44 0.034

Backward 3.63 £2.58 4.96 +£3.22 0.003
VFT

Vegetables 13.55+3.37 14.60 £ 3.73 0.368

Fruits 927 +£2.54 1097 +£3.16 <0.001

Idiom 3.08 £2.96 5.68 £3.62 <0.001

MCI, mild cognitive impairment; HC, healthy controls; MoCA, Montreal Cognitive Assess-
ment; HVLT-R, Hopkins Verbal Learning Test-Revised; DST, Digital Span Test; VFT, Verbal

Fluency Test.

3. Results
3.1 Demographics and Clinical Characteristics

Based on the demographic data, the MCI group con-
sisted of 89 subjects with an average age of 74.43 years (SD:
6.75), while the HC group included 83 subjects with an av-
erage age of 73.48 years (SD: 6.11). Gender distribution
was similar between the groups, with the MCI group com-
prising 32 males and 57 females and the HC group com-
prising 32 males and 51 females. There were no significant
differences between the MCI and HC groups in terms of the
baseline characteristics of height (MCI: 161.78 4 7.78 c¢m;
HC: 162.90 £ 7.55 cm), weight (MCI: 62.60 &+ 9.18 kg;
HC: 62.30 &+ 9.88 kg) and body mass index (BMI) (MCI:
23.97 + 3.11 kg/m?; HC: 23.40 + 2.99 kg/m?).

Neuropsychological assessment revealed that the cog-
nitive function of the MCI group was significantly lower
than that of the HC group. The MCI group scored signifi-
cantly lower on the MoCA total score compared to the HC
group (p < 0.001). Diagnostic scales used in this study in-
cluded HVLT-R, Visual Discrimination Test, DST and VFT
(Table 1). MCI subjects showed impairments in at least one
cognitive domain on these scales compared to HCs. Sig-
nificant differences were observed between the MCI and
HC groups for HVLT-R (p < 0.001), Visual Discrimination
Test sub-items (Functional association: p = 0.004; Visual
reasoning: p < 0.001), DST (Forward: p = 0.034; Back-
ward: p = 0.003) and VFT sub-items (Fruits: p < 0.001;
Idioms: p < 0.001). No significant differences were found
for the remaining sub-items of the Visual Discrimination
Test (Semantic association: p = 0.118; Visual recognition:
p = 0.481) and the remaining sub-items of the Verbal Flu-
ency Test (Vegetables: p = 0.368).

3.2 sRSFC Characteristics of MCI and HC Groups

The sRSFC strength for the MCI group was 0.598 £+
0.282 (mean £ SD), while the sSRSFC strength for the HC
group was 0.599 + 0.272 (mean £ SD) (Supplementary
Fig. 1). Statistical analysis indicated no significant dif-
ference in whole-brain sSRSFC strength between the two
groups.

Further analysis indicated that there were no signif-
icant differences in sRSFC strength within SEN, DAN,
VAN, DMN, FPN and VIS homologous brain networks
or between heterogeneous brain networks in both groups
(Supplementary Fig. 2).

Statistical analysis revealed that the SRSFC strength
within homologous brain networks was significantly
greater than the average strength between heterogeneous
brain networks in both groups (p < 0.001) (Fig. 3). This
suggests that fNIRS is useful for the assessment of resting-
state brain networks, but that SRSFC characteristics do not
distinguish between MCI and HC subjects.

3.3 dRSFC Characteristics of MCI and HC Groups

The dRSFC CV for the MCI group was 0.522 4+ 1.329
(mean £ SD), while the mean dRSFC CV for the HC group
was 0.528 + 1.317 (mean £ SD). Statistical analysis indi-
cated that there was no significant difference between the
two groups. The dRSFC of each time window across the
whole brain for both MCI patients and healthy elderly indi-
viduals was visualized in Supplementary Fig. 3, illustrat-
ing the temporal variability of dRSFC.

At the brain network level, differences in dRSFC vari-
ability were analyzed between the two groups. Statistical
results revealed that the dRSFC CV between DAN-DMN
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Fig. 4. The dRSFC CV in brain networks. (A) dRSFC CV within homologous brain networks; (B) dRSFC CV between heterologous

brain networks. CV, coefficient of variation. “*” indicates p < 0.05.

and VAN-VIS brain networks in the MCI group was sig-
nificantly lower than that of the HC group (p < 0.05), with
no significant differences found within other homologous
brain networks or between other heterologous brain net-
works (Fig. 4).

3.4 Correlation between sRSFC Strength and dRSFC CV

Visualization of the sSRSFC strength, dRSFC CV and
their correlation for the two groups of subjects is shown in
Fig. 5. Visually, the SRSFC strength and dRSFC CV in the
MCI and HC groups showed opposite trends, with higher
sRSFC strength accompanied by lower dRSFC CV. Cor-
relation results indicated a strong and significant negative
correlation between sRSFC strength and dRSFC CV in the
MCI group (r = 0.757, p < 0.001) and the HC group (r =
0.722, p < 0.001).

Individual-level correlation analysis results for 172
subjects also showed a significant positive correlation be-
tween sRSFC strength and dRSFC CV (p < 0.001). These
findings demonstrate high reproducibility of the correlation
between sRSFC strength and dRSFC CV in the MCI group,
HC individuals and at the individual level.

3.5 Correlation between Neuropsychological Scales and
SRSFC Strength, dRSFC CV

Pearson correlation analysis results showed no corre-
lation between sRSFC strength, dRSFC CV within homol-
ogous brain networks or between heterologous brain net-
works and MoCA total scores in the two groups of subjects
(» > 0.05).

4. Discussion

This study demonstrated that fNIRS is can be used
to evaluate RSFC characteristics in MCI. With regard to
sRSFC strength and the dRSFC CV, it explored the differ-
ences in resting-state brain network characteristics between

&% IMR Press

MCI and HC subjects. Analysis showed that the average
sRSFC strength of the two groups exhibited higher values
within homologous brain networks than between heterolo-
gous brain networks. Both group-level and individual-level
analyses showed a significant negative correlation between
the dRSFC CV and sRSFC strength. This confirms the fea-
sibility of using fNIRS to detect resting-state brain network
characteristics. The analysis of resting-state brain network
characteristics between the MCI and HC groups found that,
compared to SRSFC, dRSFC was more sensitive in reveal-
ing differences between the two groups, particularly be-
tween the DAN-DMN and VAN-VIS brain networks.

4.1 fNIRS can be used to Evaluate RSFC Characteristics
in MCI

Currently, MCl-related brain network characteristics
mainly result from fMRI-related studies [32,33]. However,
MCI has a high incidence rate and patients often have MCI
that does not prompt them to seek medical attention. fNIRS,
with its small size, ease of operation and lack of noise inter-
ference during detection, is well suited to the assessment of
MCI in community settings. When compared to fMRI, the
application of fNIRS in the resting state is still at an early
stage. Zhang et al. [34] found that the seed point correlation
method under fNIRS achieved good test-retest reliability
for SRSFC data. Li et al. [35] were the first to validate the
feasibility of dRSFC-related indicators using whole-cortex
fNIRS time series and sliding window correlation methods.
That study verified the feasibility of exploring resting-state
brain network characteristics based on fNIRS. The results
of the current study were consistent with previous reports
[22], finding that the average sRSFC strength within ROIs
was significantly lower than between ROls, a result verified
in both groups of subjects.

This study used the sliding window method to explore
the temporal characteristics of dRSFC based on fNIRS and
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Fig. 5. Characteristics and correlation of SRSFC and dRSFC in two groups of subjects. (A) sSRSFC strength matrix diagram. The
X and Y axes represent the 70 measurement channels covering different brain regions, each element in the matrix reflects the sSRSFC

strength between two channels. The color bar on the right side of the heat map ranges from 0 to 1, where higher values (closer to

yellow) represent stronger FC between channels and lower values (closer to blue) represent weaker connectivity. (B) dRSFC coefficient

of variation matrix diagram. The X and Y axes represent the 70 measurement channels covering different brain regions, the matrix in

this figure reflects the dRSFC CV between channels. The color bar ranges from —1.5 to 1.5, with positive values (closer to yellow)

indicating higher variability in dRSFC across time and negative values (closer to blue) indicating lower variability. This representation

helps capture the dynamic nature of brain connectivity, highlighting fluctuations in the temporal coordination between brain regions. (C)
Scatter plot of the correlation between dRSFC CV and sRSFC strength. FC, functional connectivity.

found that dRSFC exhibited large dynamic fluctuations
over time. Further analysis confirmed a significant negative
correlation between the dRSFC CV and sRSFC strength at
both group and individual levels. This result was consis-
tent with previous findings, where Li ef al. [35] observed a
significant negative correlation between the CV of dRSFC
and sRSFC strength when validating the use of fNIRS for

dRSFC detection, and this conclusion was verified at both
group and individual levels. These results indicate that
the dynamic features observed in the resting-state brain are
caused by actual brain fluctuations rather than physiological
noise or artifacts. Overall, this study confirmed that fNIRS
can be used to evaluate RSFC characteristics in MCI.
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In recent years, the integration of fNIRS with ma-
chine learning and deep learning approaches has witnessed
a growing application in the detection of MCI, with multiple
studies exploring its effectiveness and potential as a novel
biomarker for MCI [36,37]. Notably, compared to tradi-
tional statistical analyses, machine learning and deep learn-
ing approaches can better capture changes in brain func-
tional characteristics of MCI patients. For instance, Yang
and Hong [38] employed fNIRS combined with machine
learning approaches to quantitatively assess brain function
during resting state. Their results demonstrated that a mere
30 s measurement of the resting-state with fNIRS could be
used to detect MCI, achieving a high accuracy of 95.81%
through a representation and classification-based transfer
learning methods using pre-trained convolutional neural
network models. This finding provides strong evidence
for the potential application of fNIRS in rapid community-
based screening.

Building on these advances, multiple research groups
have further explored various machine learning and deep
learning architectures, including t-maps, linear discrimi-
nant analysis, and support vector machines [39—42]. These
studies have not only improved diagnostic accuracy but also
revealed the significant value of temporal dynamic features
and region-specific analysis in MCI detection. Future re-
search should further explore the application of these meth-
ods in clinical practice and expand their potential in treat-
ment monitoring and efficacy evaluation, thereby devel-
oping fNIRS-based machine learning approaches into ef-
fective tools for screening and clinical intervention assess-
ment.

4.2 Differences in Resting-State fNIRS Brain Network
Characteristics between MCI Patients and HCs

This study extracted sSRSFC strength and dRSFC CV
data from resting-state brain networks based on fNIRS as
characteristic values to describe the brain network activities
of the two groups of subjects. Previous studies have found
that cognitive impairment in AD may be related to damage
to anatomical integrity and abnormal FC between brain net-
works, described as disconnection syndrome [43,44]. As
an intermediate state between normal aging and AD, MCI
also has the characteristics of disconnection syndrome [45].
The results of this study found that sSRSFC strength could
not be used as an indicator to distinguish MCI patients from
HC individuals, as there were no significant differences in
average sRSFC strength at the whole brain level, within ho-
mologous brain networks and between heterologous brain
networks levels. Further analysis found that the dRSFC CV
was more sensitive in distinguishing MCI patients from HC
individuals than the sSRSFC strength. This part of the study
found that the dRSFC CV between DAN-DMN and VAN-
VIS brain networks was significantly lower in MCI patients
than in HC individuals. Similar to previous studies, Fu et
al. [46] did not observe abnormalities in SRSFC in AD pa-
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tients but found evidence of disrupted dynamic character-
istics in dRSFC. Niu et al. [23] found that MCI and AD
patients had significantly increased dRSFC coefficients of
variation when compared to HC individuals and the dRSFC
CV had good classification performance in distinguishing
MCI patients from HC individuals. These findings support
the proposition that dRSFC is more sensitive than sSRSFC
for the description of resting-state brain network character-
istics in cognitively impaired populations. Currently, there
is limited evidence about dRSFC based on fNIRS and future
studies could explore this in more detail.

The lack of significant differences in sRSFC char-
acteristics between HCs and MCI subjects may relate to
brain network-based analytic methods. Previous studies
have used various fNIRS resting-state analysis methodolo-
gies to distinguish between the two groups. Nguyen et al.
[18] found that interhemispheric and intrahemispheric con-
nections in the right hemisphere were significantly higher
in the MCI group than in HCs. Zhang ef al. [19] found
that long-range connections from the prefrontal cortex to
the occipital lobe effectively distinguished MCI subjects
from HCs, with the MCI group having significantly reduced
long-range connectivity in this area. Zeller et al. [47] found
that spontaneous low-frequency oscillations in the parietal
lobe were significantly lower in the MCI group than in HCs.
Bu et al. [48] found that reduced levels of effective con-
nectivity might be a marker for cognitive impairment in the
MCI group. The heterogeneity of these studies suggests
that differences in SRSFC strength and dRSFC CV in the
MCI population may be related to ROI division, analytical
methods, the number of subjects and the degree of cogni-
tive impairment. In early studies of the dRSFC CV, ho-
mologous, heterologous and both long and short-range in-
trahemispheric connections were often used to distinguish
subject characteristics [23,26]. Therefore, future studies
could further standardize the characteristics of the enrolled
population and data analysis methods, compare the differ-
ences in results across the various ROI divisions and accu-
mulate more evidence for the use of resting-state fNIRS in
the diagnosis of MCI patients.

Differences in dRSFC CVs between MCI subjects and
HCs were mainly observed between the DAN-DMN and
VAN-VIS brain networks. The DAN, also referred to as
the task-positive network, is characterized by activation in
its central regions during attention-demanding tasks [49]
and mediates external processing and attention-demanding
cognitive functions [50,51]. It primarily involves atten-
tion orientation and task execution and is closely related to
the FPN and VIS, with an antagonistic relationship to the
DMN and jointly maintaining the brain’s dynamic balance.
This property makes it a sensitive brain network for dis-
tinguishing HCs from MCI subjects [52,53]. The DMN is a
task-negative network associated with deactivating arduous
tasks during attention execution [52] and is engaged during
internal processing [50,53]. It is highly active in the resting


https://www.imrpress.com

state and participates in various cognitive processes such
as memory, recall, emotion regulation and social cognition
[54]. Previous studies have often identified the DMN as a
sensitive brain region for distinguishing MCI subjects from
HCs, closely related to the dementia process [17,55]. The
reduced anticorrelated activity between DMN and DAN has
been observed as part of the normal aging process, this
anticorrelation seems to reflect the brain’s network inter-
actions and may serve as an essential neural substrate for
flexibly allocating attentional resources, which is impor-
tant for normal cognitive function [56]. Studies have also
demonstrated that the anticorrelation between the DMN and
DAN was decreased in MCI and AD participants. More-
over, dysconnectivity between the DMN and DAN might
be potential predictors of AD progression [49,57,58]. The
observed decrease in dRSFC variability between DAN and
DMN in MCI patients may reflect impaired dynamic rebal-
ancing between internally and externally directed attention,
leading to a poor modulation of attentional processes in re-
sponse to shifting cognitive demands and inefficiency in
processing cognitive resources. This alteration is associated
with the gradual decline of cognitive function. Similarly,
the VAN is involved in orienting attention to unexpected
stimuli [59]. It has been highlighted as one of the most im-
portant functional networks of interest for cognition and the
temporal dynamics of VAN was correlated with global cog-
nition in AD [60]. The VIS brain network, located in the
occipital lobe in the posterior brain, plays an essential role
in visual cognitive tasks by facilitating the perception and
processing of visual stimuli [61]. Zhang ef al. [19] have
also suggested that long-range connections from the pre-
frontal cortex to the occipital lobe are sensitive biomark-
ers for distinguishing MCI subjects from HCs. Yener ef al.
[62] found that amnesiac MCI affects the visual cognitive
network but not the visual sensory network. Collectively,
higher resting-state VAN-VIS connectivity may indicate a
more alerting state in preparation for upcoming stimuli. In
contrast, lower connectivity may be insufficient to offset
brain damage and gradually lead to cognitive dysfunction
[63].

Previous studies have rarely involved the mechanisms
of the VIS brain network in the cognitive impairment pro-
cess of MCI patients. Future studies could further explore
the correlation and causal relationship between neuropsy-
chological scale scores in various cognitive domains and
the dRSFC CV in brain networks and introduce state iden-
tification methods such as k-means clustering to further ex-
plore related mechanisms. These findings suggest that cog-
nitive impairment in MCI patients is related to disruptions
in dRSFC patterns and the related mechanisms need further
exploration.
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4.3 Correlation between MoCA Scores and RSFC Metrics
(SRSFC Strength, dRSFC CV)

The MoCA is a widely recognized brief cognitive
screening tool used to assess the following cognitive do-
mains: memory, executive functioning, attention, lan-
guage, visuospatial and orientation [64]. The absence of
a significant correlation between MoCA scores and RSFC
metrics could be due to several factors. First, SRSFC and
dRSFC metrics reflect FC patterns during rest, which may
not align precisely with the cognitive domains assessed by
the MoCA. Increasing evidence suggests that both struc-
tural and functional changes occur in the brains of MCI pa-
tients [65], and these changes may not be fully captured by
resting-state connectivity alone.

Another important consideration is the functional net-
work connectivity patterns are highly complex. While re-
duced FC is commonly reported in healthy aging and AD,
MCI is characterized by more intricate and heterogeneous
changes in network connectivity, with myriad and often
conflicting reports of both increases and decreases in net-
work connectivity [58,66,67]. Therefore, a single compos-
ite MoCA score may not comprehensively reflect the re-
lationship between the complex FC patterns and cognitive
function, which may explain the lack of significant correla-
tion with RSFC strength and CV.

Additionally, three canonical large-scale networks—
the default network (DN), DAN and frontoparietal control
network (FPCN)—have been established as stable features
of brain functional architecture during both task engage-
ment and resting states [68]. The FC within the DN, DAN
and FPCN declines in typical aging [69—72] and changes
are accelerated in AD [58,73,74]. These within-network de-
clines co-occur with changes in between network connec-
tivity and this shifting network architecture may be com-
pensatory in MCI [58,74]. Failure of this system may mark
the transition to the clinical phase of the disease. Whether
this compensatory-like pattern of network dynamics is pre-
served or disrupted in MCI remains uncertain. These con-
tributing factors were not fully accounted for in the current
analyses, thereby potentially attenuating the associations
between RSFC metrics and global cognitive scores like the
MoCA.

4.4 Limitations and Future Research

This study has several limitations. First, using fNIRS
to detect resting-state brain network dRSFC characteristics
is a relatively new area and the accurate mapping of dy-
namic brain FC patterns remains an empirical challenge.
Various methods exist for calculating dRSFC; this study
employed a classic sliding window method. Future re-
search could use time-frequency coherence analysis meth-
ods, such as wavelet transform, to provide more detailed
descriptions of the temporal specificity of dynamic brain ac-
tivity. Second, compared to fMRI, fNIRS allows for longer
multiple data collections. This study’s cross-sectional de-
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sign may have introduced inter-individual differences. Fu-
ture studies could conduct repeated measures on the same
subjects, calculating dRSFC characteristics across multiple
time windows to further assess the feasibility of the meth-
ods. Additionally, while this study supports a neurophysio-
logical basis for the observed negative correlation between
sRSFC intensity and dRSFC CV, the potential influence
of other factors, including mathematical properties, cannot
be entirely ruled out, and future research should consider
these aspects in interpretation. Third, the lack of signif-
icant correlations between neuropsychological assessment
scores and sRSFC strength or dRSFC CV in this study may
be attributed to limitations in the comprehensiveness of the
assessment scales used or insufficient granularity in brain
network parcellation. Future research should consider em-
ploying a more comprehensive set of cognitive evaluation
tools and finer-grained brain network parcellation methods
to better capture the relationships between cognitive do-
mains and brain network characteristics. Lastly, fNIRS is
limited to cortical evaluations and cannot assess deep brain
structures such as the hippocampus and medial temporal
lobe, thus limiting the comprehensive exploration of MCI
patients’ pathological mechanisms.

Future research should incorporate appropriate cog-
nitive tasks to further evaluate MCI subjects and HCs, to
reveal characteristics of brain activity under task condi-
tions. Resting-state fNIRS provides insight into basic brain
activity in a natural state, reflecting dynamic connectiv-
ity patterns of intrinsic networks. Task-state fNIRS re-
veals cortical activation patterns during specific tasks, as-
sessing cognitive performance and brain activation mecha-
nisms in MCI subjects. Integrating resting-state and task-
state fNIRS data is a potential direction of study, to aid
in a more comprehensive understanding of brain function
and dynamic regulation mechanisms. It is an approach that
could provide new perspectives and methods for fNIRS-
related neuroimaging and cognitive science research.

5. Conclusions

This study confirms the feasibility of using fNIRS to
investigate resting-state brain network characteristics. The
findings indicate that dRSFC is more effective than sSRSFC
in distinguishing MCI subjects from HCs. Specifically, al-
terations in dRSFC patterns between the DAN-DMN and
VAN-VIS brain networks in MCI subjects serve as sensitive
biomarkers, suggesting that cognitive impairment is associ-
ated with disruptions in dRSFC patterns.
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