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ABSTRACT

BACKGROUND: In many works, to study intra- and inter-network connections, a method for constructing networks is used —
ROI-analysis (region of interest analysis). The conflicting results obtained when assessing brain connectivity using ROI-anal-
ysis can be explained by methodological differences associated with the statistical processing of fMRI data. In this regard,
it is relevant to conduct a study with a comparative assessment of various statistical methods of ROI-analysis in processing
resting state fMRI data.

AIM: to assess the functional connectivity of the main resting state networks of the brain using ROI-analysis using various
statistical approaches.

MATERIALS AND METHODS: We analyzed data from 15 resting-state fMRI studies of the brain of patients without neurological
and mental pathology. fMRI scanning was performed on a Phillips Ingenia 1.5 T scanner using a gradient echo-planar imaging
(EPI-BOLD) sequence. ROI-analysis was used to build networks. Statistical data processing was performed using methods:
functional network connectivity, randomization/permutation spatial pairwise clustering statistics, and threshold-free cluster
enhancement.

RESULTS: The number of connections between the structures of brain networks recorded using the method of functional net-
work connectivity is 280, spatial pairwise clustering — 186, threshold-free cluster enhancement — 182. An interesting fact is
that negative connections were identified only when using parametric statistics.

CONCLUSION: A comparative assessment of methods for statistical processing of fMRI data during ROI-analysis was carried
out. The functional network connectivity method based on multivariate parametric statistics turned out to be more informative
than randomization/permutation spatial pairwise clustering statistics and the method based on threshold-free cluster enhance-
ment. Despite the growing popularity in recent years of resting-state fMRI in the study of functional activity and connectivity
of the brain, there are no standardized algorithms for constructing networks of the brain.
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®yHKUuMOHaNbHasas MarHUTHO-pe3o0HaHCHasa ToMorpagus
B COCTOSSHUM NMOKOS:: 0COOEHHOCTU CTaTUCTUUYECKOMU
o6pabotku gaHHbix ROI-aHanu3a

LLI.K. Abaynaes, [1.A. Tapymos, K.B. MapkuH, A.A. YcTioxuHa

BoeHHo-MeauunHcKas akapemus, CaHkT-lMetepbypr, Poccus

AHHOTALMA

AxtyanbHocTb. Bo MHorux pabotax s MccnefoBaHWS BHYTPU- U MEIKCETEBbIX CBA3EM MCMOMb3YHT MeTo[, NOCTPOEHUS
HelipoceTeil — aHanu3 Ha 0CHOBe 30H MHTepeca. [poTMBOpeuMBbIe pe3ynbTaThl, NOAYYAEMbIE MPU OLEHKE KOHHEKTUBHOCTM
rOIOBHOrO MO3ra C MCMOSIb30BaHWEM aHak3a Ha OCHOBE 30H MHTEPECA, MOXHO 0OBACHUT METOLONIOMMYECKUMU Pa3fnym-
AIMU, CBA3aHHBIMU CO CTAaTUCTUHECKON 00paboTKOIM faHHbIX BYHKLIMOHANBHON MarHUTHO-Pe30HaHCHOM ToMorpaduu. B casa3m
C 3TUM aKTyanbHO MPOBEAEHWNe UCCEeA0BaHNUA CO CPABHUTENBbHON OLIEHKOM Pa3fMyHbIX CTaTUCTUYECKUX METOAO0B aHanM3a
Ha 0CHOBe 30H MHTepeca B 06paboTke AaHHbIX QYHKLMOHAIBHOW MarHUTHO-Pe30HAHCHOM TOMOrpadum B COCTOSHUM MOKOS.
Lienb uccnepoBaHus: oLeHUTb QYHKLMOHANbHYIO CBA3HOCTb OCHOBHBIX HEMPOCETEN MOKOS FOJIOBHOMO MO3ra Mpu aHanu3e
Ha OCHOBE 30H MHTEpeca C NPUMEHEHUEM Pa3fIMYHBIX CTaTUCTUYECKUX NMOLXOA0B.

Matepuansbl u MeTogbl. lpoBefeH aHanu3 faHHbIX 15 QYHKUMOHANBHBIX MarHUTHO-PE30HAHCHBLIX TOMOrpaduit B COCTOAHUU
MOKOS TOJIOBHOTO MO3ra MaLMeHToB De3 HEBPONOTUYECKON M NCUXMYECKONA naTtonorui. OyHKUMOHaNbHOE MarHUTHO-peso-
HaHCHOe uccnefoBaHWe BbinonHsanock Ha ckaHepe Phillips Ingenia 1,5 Tn ¢ ucnonb3oBaHWeM nocieo0BaTeNlbHOCTU Mpagu-
€HTHOM 3X0-MNIaHapHOW BU3yanu3aumu. [Ins nocTpoeHus HelpoceTen MPUMEHEH aHanu3 Ha OCHOBe 30H MHTepeca. Cratuctu-
YecKyto 06paboTKy AaHHbIX BbIMOMHAMM C MOMOLLbI METOL0B (QYHKLIMOHANBHOW CETEBOI KOHHEKTUBHOCTU, MPOCTPAHCTBEHHOM
MapHOM KacTepu3aLum, 0CHOBaHHOM Ha aHanu3e paHLoMU3aLmMK/NepecTaHoBKM, U yNyudLleHUs 6ecnoporoBoro Knacrepa.
Pe3ynbtatbl. KonnuecTBo cBA3E MeXy CTPYKTYpaMu CETel roIOBHOM0 MO3ra, 3aMKCUPOBaHHbIX NPU UCMOb30BaHUN Me-
Tofa PYHKLUMOHaNbHON CeTeBOi KOHHEKTMBHOCTH, paBHO 280, npocTpaHCTBEHHOM NapHOil KnacTepusaumnn — 186, ynyuie-
Hua BecnoporoBoro Knactepa — 182. UHTepecHbI (aKT 3aK/4aeTca B TOM, YTO OTPULLATESIbHBIE CBA3W BhISIBIEHBI TOJIBKO
NPy UCMO/b30BaHUM NapaMeTPUYECKOI CTaTUCTUKW.

3aksioyeHme. BeinonHeHa cpaBHUTENbHAA OLEHKA METOAO0B CTAaTUCTUYECKOW 00paboTKM AaHHbIX BYHKLUMOHANBHON MarHuUT-
HO-pe30HaHCHol ToMorpaduu Npu NPoBeLlEHMM aHaNM3a Ha OCHOBE 30H MHTepeca. MeTop, dYHKLUMOHANBHOM CETEBOM KOHHEK-
TUBHOCTW Ha OCHOBE MHOFOMEPHOM NapaMeTpUYECKO CTAaTUCTUKU OKa3ancs MHPOpPMaTUBHEE, YEM NPOCTPAHCTBEHHAsA NapHas
K/acTepu3aums, 0CHOBaHHas Ha aHann3e NepecTaHOBOK/PaHLOMM3aLUMK, U METOA, OCHOBaHHbINA Ha ynydlueHun becrnioporo-
BOr0 Kiactepa. HecMoTps Ha Bo3pacTaloLlylo B MOCAeAHWe roAbl NONYASPHOCTb PYHKLUMOHANbHOW MarHUTHO-pPe30HaHC-
HOI ToMorpadun B COCTOSIHUM MOKOS B UCCNEA0BaHUN (QYHKLUMOHANbHOW aKTUBHOCTW M KOHHEKTUBHOCTM FOSIOBHOIO MO3ra,
HeT CTaHLapTU3MPOBaHHbIX aNrOpUTMOB NOCTPOEHMUS €r0 HelpoCeTel.

KntoueBble cnoBa: HerpoceTun nokosi; ROI-aHanu3; ctatucTuka; PMPT B cocTosHUM NOKOS.
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BACKGROUND

Resting-state functional magnetic resonance imaging
(fMRI) is used to study the pathophysiology of diseases
associated with impaired functional brain activity [1-3]
by showing the degree of blood oxygen saturation in a
local area of the brain (BOLD signal). According to recent
research, pathological connectivity between resting neu-
ral networks may underlie various neurological and psy-
chiatric diseases [4, 5]. Resting neural networks refer to
spatially independent brain structures that are capable of
coordinated activations without specific tasks or stimuli
and involved in performing various cognitive functions;
detection, processing, and integration of internal and ex-
ternal stimuli; and mental processes [6, 7]. Modern neu-
robiological studies described eight main resting neural
networks [8-10]:

1. Passive mode network (DefaultMode): medial pre-
frontal cortex, posterior cingulate cortex/preclinical, and
inferior parietal lobe on both sides

2. Sensorimotor network (SensoriMotor): superior
(supplementary motor cortex of medial sections of fron-
tal lobes) and bilateral lateral (motor and sensory cortex
on both sides)

3. Visual network: medial, occipital, and lateral sub-
networks

4. Significance network (Salience): anterior cingulate
cortex, insula, rostral prefrontal cortex, and supramar-
ginal gyrus

5. Attention network (DorsalAttention): frontal visual
field and intraparietal sulcus

6. Executive control network (FrontoParietal): dorso-
lateral prefrontal and posterior parietal cortex on both
sides

7. Language network: inferior frontal gyrus and pos-
terior superior temporal gyrus on both sides

8. Cerebellar network: anterior and posterior cerebel-
lar lobes

Several studies used the neural network construc-
tion method for region-of-interest-based analysis (ROI-
analysis) to examine intra- and inter-network connectiv-
ity. Inconsistent findings in assessing brain connectivity
using ROI-analysis can be attributed to methodological
differences in statistical processing of fMRI data. To ob-
tain valid scientific data, reproducibility of results should
be established. The primary distinctions are evident in
selecting the statistical analysis method for neural net-
works.

The most commonly used methods for statistical
data processing in ROI-analysis are parametric statistics
based on functional network connectivity, nonparametric
statistics based on randomization/rearrangement analy-
sis (i.e., spatial pairwise clustering), and nonparamet-
ric statistics based on threshold-free cluster enhance-
ment [11].
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Currently, there are no scientific studies that apply
several statistical processing methods to one dataset.
Therefore, a study that includes a comparative evalua-
tion of different statistical methods for ROI-analysis in
the processing of resting-state fMRI data should be con-
ducted.

The present study aimed to assess the functional con-
nectivity of the primary resting brain neural networks in
ROI-analysis using various statistical methods.

MATERIALS AND METHODS

Fifteen resting-state fMRI studies of the brain from
the Department of X-ray and Radiology (with a course of
ultrasonic diagnostics) of the Military Medical Academy
were retrospectively analyzed. MR scans of patients
without neurologic and psychiatric pathology were se-
lected based on analysis results. Functional MR scanning
was performed using a Phillips Ingenia 1.5 Tesla scan-
ner in the MRI department. Resting-state fMRI images
were acquired using EPI-BOLD, with a repetition time (TR)
of 3000 ms, an echo time (TE) of 50 ms, a field of view of
250 mm, a flip angle (FA) of 90°, a matrix of 128 x 128,
a slice thickness of 4 mm, a slice gap of 0.6 mm, and
280 volumes. High-resolution T1-weighted structural
images were obtained using a 3D-TFE sequence with a
TR of 7.5 ms, a TE of 3.5 ms, an FA of 8°, a matrix of
256 x 256, and a slice thickness of 1.2 mm for volume 1.

The data were analyzed using neuroimaging software,
including MATLAB, CONN21a, and SPM 12 [12]. Prepro-
cessing involved functional alignment and unfolding, slice
synchronization correction, direct functional segmenta-
tion, and normalization in the Montreal Neurological
Institute space coordinate system. Further, functional
spatial smoothing was performed using an 8-mm-wide
Gaussian kernel. Outliers, which are BOLD signal arti-
facts, were identified using the ART toolkit if they differed
by more than 3 standard deviations from the mean im-
age intensity. To exclude false noise sources (e.g., physi-
ological), an anatomical component-based noise reduc-
tion strategy (aCompCor) was employed [13]. Finally, a
band-pass filter with a frequency window of 0.01-0.1 Hz
was applied.

Following all preprocessing procedures, ROI-analysis
was conducted to establish the functional connectivity
between neural networks in the brain. This was evaluated
by calculating correlations (using the Pearson correla-
tion coefficient) between the time series of BOLD signal
changes throughout the brain.

The following were used for statistical processing of
ROI-analysis data:

1. The functional network connectivity (FNC) method
is based on multivariate parametric statistics [14]. The
process begins by identifying the networks of inter-
est. Then, FNC analyzes all links between pairs of ROIs
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within and between networks by performing a multivari-
ate parametric analysis of the general linear model of all
connections included in each of these sets (clusters) of
links. To evaluate individual clusters, an adjusted p-val-
ue corrected for the expected false discovery rate (FDR;
Benjamini—Hochberg coefficient) at the cluster level
(p < 0.05) was used to select significant interconnect
sets. Additionally, an unadjusted p-value for the height
(connection level) threshold (p < 0.05) was utilized to
characterize the structure of individual connections with-
in each significant set.

2. The spatial pairwise clustering (SPC) method [15]
is a nonparametric statistic based on randomization and
rearrangement. The process begins with a matrix es-
timated using a general linear model. The networks in
this matrix are sorted either manually by the user (e.g.,
from an atlas) or automatically using a hierarchical
clustering procedure [16]. Then, a statistical parametric
map is determined using a height threshold (p < 0.001).
The suprathreshold regions that result define nonoverlap-
ping clusters. Each cluster is characterized by its mass,
which is the sum of the square of the F- or T-statistics
for all compounds within the cluster. These masses are
compared to the distribution of expected cluster mass
values under the null hypothesis. The null hypothesis is
numerically estimated using multiple iterations of ran-
domization/rearrangement of the original data. To evalu-
ate individual clusters, an unadjusted p-value at the clus-
ter level (p < 0.01) and a p-value adjusted for expected
FDR at the cluster level (p < 0.05) were used to select
only the significant clusters.

3. The threshold-free cluster enhancement (TFCE)
method [17] is a nonparametric statistic. Similar to SPC
analysis, TFCE starts with the entire matrix estimated
using a general linear model, with the networks sorted
either manually or automatically. Instead of defining

Visual.Lateral r
Visual.Lateral |

Visual.Medial
Visual.Occipital

SensoriMotor.Superior
DorsalAttention.FEF r
DorsalAttention.FEF |
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a parametric statistical map using a height threshold,
the analysis proceeds by computing the corresponding
TFCE score map, combining the strength of the statistical
effect for each connection with the size of all clusters.
The null hypothesis’'s expected distribution of TFCE va-
lues is then numerically estimated using >1000 itera-
tions of randomization or rearrangement of the original
data. A cluster level adjusted family-wise error p-value
(p < 0.05) is applied to select significant clusters.

RESULTS AND DISCUSSION

Based on the results of various statistical process-
ing methods, connectivity matrices that allow for the
evaluation of inter- and intra-network connections were
obtained (Figs. 1 and 2). The FNC method reveals that
the visual and SensoriMotor networks exhibit positive
connections with each other and with the DorsalAtten-
tion network and negative connections with DefaultMode
and FrontoParietal networks (Fig. 1). The DorsalAtten-
tion network displays positive connections with the Sa-
lience, visual, and SensoriMotor networks and negative
connections with the DefaultMode, FrontoParietal, lan-
guage, and cerebellar networks. The cerebellar network
has only one connection. The Salience network interacts
positively with the DorsalAttention, FrontoParietal, and
language networks. The language network is positively
functionally related to the Salience and FrontoParietal
networks and negatively related to the DorsalAttention
network. Moreover, the language network has connec-
tions with both direct and inverse correlation with the
DefaultMode network. The DefaultMode and Fronto-
Parietal networks are interconnected with the Dor-
salAttention, visual, SensoriMotor, and language net-
works. Additionally, the FrontoParietal network is linked
to the Salience network.

Visual: visual network;

DorsalAttention.IPS |
DorsalAttention.IPS r

SensoriMotor.Lateral |
SensoriMotor.Lateral r

—
L

SensoriMotor: SensoriMotor network;

163455

Salience.SMG r
Salience.SMG |
Salience.RPFC |
Salience.RPFC r
Salience. ACC
Salience.Alnsula r
Salience.Alnsula |
Language.pSTG |
Language.pSTG r
Language.IFG r
Language.IFG |

DorsalAttention: network of attention;
Salience: network for identifying significance;
Language: speech network;

== Cerebellar: cerebellar network;

Cerebellar.Posterior
Cerebellar.Anterior
DefaultMode.MPFC

DefaultMode: passive mode network;
FrontoParietal: executive control network

DefaultMode.PCC
DefaultMode.LP r
DefaultMode.LP |

FrontoParietal.LPFC r
FrontoParietal.PPC r
FrontoParietal.PPC |

FrontoParietal. LPFC |

Fig. 1. Connectivity matrix using the method of multivariate parametric statistics based on functional network connectivity (FCN)
Puc. 1. Matpuuia KOHHEKTMBHOCTY NPy UCMO/b30BaHMM METOLLA MHOFOMEpPHOI NapaMeTpUYECKON CTaTUCTUKYW Ha OCHOBE (YHKLMOHANBHOI

ceTeBoil KoHHeKTMBHOCTH (FCN)
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Visual: visual network; SensoriMotor: SensoriMotor network; DorsalAttention: network of attention;
Salience: network for identifying significance; Language: speech network; Cerebellar: cerebellar network;
DefaultMode: passive mode network; FrontoParietal: executive control network

Fig. 2. Connectivity matrix using non-parametric statistics methods based on: @ — randomization/permutation spatial pairwise

clustering (SPC); 6 — threshold free cluster enhancement (TFCE)

Puc. 2. Matpuua KOHHEKTUBHOCTU NPW UCMOMb30BaHUM METOAO0B HeNapaMeTpUYecKOon CTAaTUCTUKM Ha OCHOBE: 0 — aHanu3a paHfoMmu3a-
Lmu/nepecTaHOBKW — MPOCTPaHCTBEHHas napHas knactepusaums (SPC); 6 — ynyywenns 6ecnoporosoro knactepa (TFCE)

Table. Connectivity of brain networks using nonparametric statistics methods
Ta6nuua. KoHHEeKTMBHOCTb HelipoceTei roI0BHOTO MO3ra Mpu UCMOJb30BaHUN METOA0B HeMapaMeTpUyeCKon CTaTUCTUKK

Resting neural networks SPC

TFCE

DorsalAttention,
Language,
FrontoParietal

Salience

DorsalAttention,
Language

Language

Salience,
FrontoParietal

Salience

Cerebellar

FrontoParietal -

Cerebellar,

SensoriMotor,

FrontoParietal

DorsalAttention,
Language,

DefaultMode

DefaultMode

The nonparametric statistical methods applied re-
vealed that the visual, SensoriMotor, and DorsalAttention
networks do not have any connections with the Default-
Mode and FrontoParietal networks (Fig. 2). Furthermore,
the DorsalAttention network does not have any connec-
tivity with the language and cerebellar networks. Finally,
the DefaultMode network is only connected with the
FrontoParietal network. The networks described above
have identical connectivity at SPC and TFCE. However, in
the other networks, the results differed (Table 1).

The FNC method recorded 280 connections between
brain network structures, whereas SPC and TFCE showed
186 and 182, respectively. Negative correlations were
only found when parametric statistics were used (Fig. 3)
and are significant as they indicate the suppression
of one network while activating another. The negative

DA https:// doi.org/ 1017816/ rmmar623485

correlation of networks is supported by the increasing
popularity of the triple network model theory [5].

Several studies of brain neural networks did not
specify the statistical processing method used. Di-
vergent results of resting-state fMRI data may be re-
lated to different methodological approaches. The pres-
ent study demonstrated that the choice of a statistical
method for a single dataset significantly affects study
results.

Although parametric statistics reveal a greater num-
ber of relationships, whether they have an advantage
over nonparametric methods is unclear. Further research
is warranted to determine the information these methods
provide in intergroup processing, particularly when com-
paring fMRI data between patients with any pathology
and controls.
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Fig. 3. Spatial image of the functional connections of the resting state networks of the brain using processing statistics methods:
a, 2 — functional network connectivity (FCN); 6, d — randomization/permutation spatial pairwise clustering (SPC); 8, e — threshold free

cluster enhancement (TFCE)

Puc. 3. lNpoctpaHcTBeHHoe n3obpakeHne QyHKUMOHAMbHBIX CBA3EH HerMpoceTel NOKOSA rof0BHOrO Mo3ra Mpu UCMoMb30BaHUM METO/0B
CTATUCTUKN 00paboTkU: @, 2 — QYHKUMOHaNbHaA ceTeBas KoHHeKTUBHOCTb (FCN); 6, 0 — aHanu3 paHaoMu3aLmm/nepecTaHoBKN —
MPOCTPaHCTBEHHas NapHas knactepusaums (SPC); 8, e — ynydiwueHne becnoporosoro Knactepa (TFCE)

CONCLUSIONS

Resting-state fMRI has become increasingly popu-
lar for studying the functional activity and connectivity
of the brain. However, there are currently no standard-
ized algorithms for constructing neural networks. Vari-
ous methods are available for analyzing the functional
integration and segregation of the brain, each of which
provides unique information. Remarkably, each method
has its distinctions in statistical data processing.

The use of multivariate parametric statistics in the
FNC method enables the identification of a greater num-
ber of functional relationships compared to nonparamet-
ric methods. This method is particularly useful in identify-
ing links with negative correlation. Our study determined
that SPC based on randomization/rearrangement analysis
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