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1. Abstract

1.1. Background: To explore the brain activity characteristics in normal 
parenchyma outside the stroke lesion in subacute stage of PSA by fMRI, 
to further explain the mechanism of language remodelling. 

1.2. Methods: Patients with PSA at subacute stage aged between 31-69 
years and age/sex-similar healthy controls (HCs) were recruited in this 
study. All patients underwent fMRI scanning and Western Aphasia Battery 
(WAB) measures, all HCs only underwent fMRI scanning. A dynamic 
approach was used to investigate the functional connectivity between 
networks (FNC) across all subjects. Independent component analysis was 
carried out to extract RSNs, and the sliding window method was used to 
obtain dynamic FNC (dFNC) patterns. State analysis was conducted to 
explore the potential alterations in FNC and other dynamic metrics. 

1.3. Results: Three sets of coupling as left frontoparietal network (lFPN) 
with right frontoparietal network (rFPN), lFPN with posterior default 
mode network (pDMN), and pDMN with salience network (SN), differed 
between the PSA and HC groups in specific state (p<0.05, FDR correction). 
The strength of FC between the lFPN and rFPN was positively correlated 

with yes/no questions and sequential commands (p = 0.737, r = 0.023 and 
p = 0.021, r = 0.745, respectively). 

1.4. Conclusions: Abnormal coupling of brain activities was revealed 
in normal brain parenchyma outside stroke lesions. The aberrant FNC 
patterns were state-dependent in PSA. Reduced lFPN-rFPN connectivity 
may be the key element involved in auditory verbal comprehension. 
Overall, these findings has extended our understanding of the underlying 
pathophysiological mechanisms of PSA.

2. Keywords: 
Resting-state, Stroke, Aphasia, Dynamic, Functional connectivity
 
3. Introduction

The existing research on poststroke aphasia (PSA) based on resting-state 
fMRI (rs-fMRI) suggests that widespread cerebral regions are involved 
in addition to stroke lesions [1-4]. With brain reperfusion around the 
stroke focus and the disappearance of peripheral inflammation in the 
subacute stage of PSA, the remodelling of language functions depends 
mainly on the compensation of normal tissue beside the stroke foci [5-8]. 
Understanding how functional organization interacts in normal tissue is 
essential for clinical rehabilitation. However, this issue has not yet been 
elucidated. In this regard, it is necessary to develop new methods for 
investigating the neurobiological mechanisms underlying subacute PSA.
Functional connectivity (FC) is considered a robust method for 
noninvasively measuring spontaneous brain activity [4,9]. Rs-FC studies 
of static functional connectivity between networks (FNC) have made great 
contributions regarding the neurobiological foundations of language-
related disorders. For example, the left frontoparietal network (lFPN) 
has been shown to have decreased FNC in multiple areas of the brain in 
patients suffering from PSA [10]. In another study, it was found that the 
key factor leading to degenerative apraxia was the destruction of FNC in 
the supplementary motor area [11]. However, such approaches have failed 
to address the time-varying properties of spontaneous brain activity in the 
human brain. Recently, dynamic FNC (dFNC), which assumes that the 
FNC evolves over time, has been used to capture the fluctuating states of 
connectivity across the time domain [12]. 

In recent studies, dFNC has attracted much interest in investigations 
of the mechanical properties of the human brain with high replication. 
For example, Liu et al. [9] observed state-specific dFNC disruptions in 
the default mode network (DMN) in epilepsy, and these disruptions can 
be used to identify epilepsy patients from controls with high accuracy. 
Stefaniak et al. 8 revealed a different dFNC pattern between adolescent 
girls with and without emotional symptoms, which is potentially valuable 
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for the early diagnosis and specific intervention of this disorder. It 
was also [13] found that Parkinson’s disease (PD) patients presented 
abnormal temporal property changes in the dFNC. These investigations 
indicated that assessing dFNC is important for detecting abnormal brain 
connections. To date, little attention has been given to the role of dFNC 
in the exploration of the brain network connections of patients with 
subacute PSA. Therefore, our objective was to explore the potential neural 
mechanisms of PSA. We hypothesized that dFNC would show significant 
variation in patients with PSA, which would be meaningfully linked to 
clinical manifestations. Overall, this study may provide new insight into 
the underlying pathophysiological mechanisms and a potential direction 
for therapeutic research.

4. Materials and Methods

4.1. Subjects
We recruited patients with PSA at the subacute stage aged between 31 and 
69 years who were hospitalized in the Department of Rehabilitation from 
June 2019 to June 2021. All patients underwent Western Aphasia Battery 
(WAB) testing14 and MRI scanning one month after stroke. Patients 
were enrolled based on the following criteria: (i) left cerebral hemisphere 
stroke; (ii) persistent aphasia occurring 24 hours after stroke; (iii) age ≥18 
years; (iv) right-handed; (v) no other lesions, such as tumour and vascular 
malformation, in the brain. The exclusion criteria were as follows: (i) MRI 
revealing other intracranial lesions in addition to stroke foci; (ii) history 
of mental disorders or taking drugs that may affect the nervous system 
within last year; and (iii) inability to complete the MRI scan. Age- and 
sex-matched volunteers were enrolled as the healthy controls (HCs). As a 
primary inclusion criterion, the HCs had to meet the following conditions: 
(i) match patients with PSA in terms of age and sex; (ii) no mental or 
nervous system disorders; (iii) no use of any drugs within the last year 
that could have affected the nervous system; and (v) right-handedness. 
The following criteria were used to exclude candidates: (i) routine MRI 
scans revealing intracranial lesions; (ii) neurological disorders; and (iii) 
drug or alcohol abuse. Finally, 20 patients (11 males and 9 females, age: 
46.5±11.9 years) and 20 HCs (13 males and 7 females, age: 45.3±13.5 
years) were included for analysis.

4.2. Acquisition of MRI data
All participants underwent MRI scans with a 3.0 T MRI (Signa HD; GE 
Medical Systems, Waukesha, WI, USA). For noise reduction, each subject 
wore appropriate earplugs during scanning. We acquired T1-weighted 
images (T1WIs) with 1 mm isotropic voxels and 192 slices using a 3D-T1 
BRAVO sequence (typical repetition time (TR) and echo time (TE) were 
7 seconds and 3 seconds, respectively, the flip angle was 12°, and the 
field of view (FOV) was 256 mm × 256 mm). An echo-planar imaging 
sequence was carried out to obtain rs-fMRI raw data with 36 slices and 
185 volumes, and the parameters were as follows: TR/TE, 2000 ms/30 
ms; FOV, 220 mm × 220 mm; voxel size, 3.4 mm × 3.4 mm × 4.0 mm; 
and flip angle, 90°.

4.3. Lesion delineation
Stroke lesion delineation and volume calculation were processed by ITK-
SNAP software (http://www.itksnap.org) (Figure 1). Two radiologists 
with at least two years of experience in neuroradiology delineated the 
lesions on T1WI. Each patient’s final result was the average of each 
volume obtained by each radiologist. If there was any dispute about 
volume delineation, it was reviewed with a high-level doctor to maintain 
the consistency of the description.

Figure 1: Distribution of each individual lesion for all patients with PSA. 
The lesion area overlap across patients was rendered on the brain. Colours 
represent the number of lesions in each patient to a specific voxel. L 
represents left and R represents right.

4.4. Preprocessing of rs-fMRI Data
Raw data preprocessing was performed using the graph theoretical 
network analysis toolbox for imaging connectomics (GRETNA) (https://
www.nitrc.org/projects/gretna/) 15. The first step was to remove the first 
10 time points for each subject. Then, time differences were corrected for 
each subject through slice timing. Afterwards, a Friston-24 model was 
applied to correct head motion in the realigning step, and any results were 
excluded from the analysis if the maximum displacement of the head 
was greater than 2 mm, the maximum rotation was more than 2.0°, or 
the mean framewise displacement exceeded 0.3 [16, 17]. Subsequently, 
normalization of the patients and HCs was carried out separately. By 
using the ‘clinical toolbox’ of Parametric Mapping version 12 (http://
www.fil.ion.ucl.ac.uk/spm/), individual structural images of PSA patients 
were segmented and normalized to Montreal Neurological Institute (MNI) 
space. To avoid bias during spatial normalization, the clinical toolbox 
utilizes a cost function modification that excludes the lesion area [18]. 
Transformation parameters were used to normalize functional imaging 
data to MNI space and resample to 3 mm × 3 mm × 3 mm. HC data 
were morphed into MNI atlas space using diffeomorphic anatomical 
registration through exponentiated lie algebra (DARTEL) normalization 
[19,20]. Finally, all functional volumes were smoothed spatially using a 
Gaussian kernel with a full-width-at-half-maximum of 6 mm.

4.5. Independent component analysis
Group ICA of fMRI Toolbox (GIFT) software was employed to 
carry out independent component analysis (ICA) [21]. The following 
steps were as follows: (i) data reduction; (ii) automatic estimation of 
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independent components (ICs); (iii) group analysis of ICA; and (iv) 
back reconstruction for each component at the individual level [22]. We 
conducted a one-sample t test with random effects to estimate each IC for 
all the participants’ maps (family error correction, p<0.05, voxel threshold 
>50) by using SPM12 software [23].

4.6. Dynamic FNC
For this step, a temporal dFNC toolbox within the GIFT software was 
used. Before dynamic FNC calculation, all time courses of the selected 
ICs were bandpass filtered (0.01–0.08 Hz) and detrended to reduce the 
influence of physiological noise and scanner drifting, and simultaneous 
time course despiking was performed to reduce the impact of movement 
‘spikes’ [9, 24, 25]. Briefly, the process of despiking includes detecting 
spikes as determined by the 3d-Despike algorithm and replacing spikes 
by the value obtained from third-order spline fit to neighbouring clean 
portions of the data [25]. Then, dFNC was calculated using a sliding 

window technique. According to previous research, the best estimated 
dFNC window width is between 30 and 60 seconds (Liégeois R et al., 
2016). The chosen window length of 60 s (2 s×30) has been suggested 
to be suitable for capturing dynamics in FNC [26, 27]. In this study, we 
selected a window length of 60 s for the dFNC process, and the window 
segment was tapered by convolving a rectangle (width 30, TRs=60 s) with 
a Gaussian distribution (σ=3 TRs) and advancing 1 TR at each step [28]. 
Finally, the covariance matrices for each window were concatenated to 
form a component × component × window array to represent the changes 
in covariance between networks as a function of time [24]. Five clusters 
were derived from 150 replicate dFNC windows using clustering of 
k-means with the squared Euclidean distance and 500 iterations [29]. 
Using the elbow criterion, the best centroid state number was determined 
[9, 24] and a k of 5 was determined (Figure 2). As a final step, all data 
were then grouped into 5 clusters using the cluster centroids as starting 
points, and FC states were determined by cluster medians.

Volume 6 Issue 1

Figure 2: The five clusters of all subjects. Group-specific centroids of 
the states for patients with PSA and healthy controls together with the 
count of subjects in each state, respectively. The colour bar represents the 
z value of the FNC. Abbreviations: PSA, poststroke patient.

4.7. Statistical Analysis
 The Kolmogorov‒Smirnov test (K-S) was employed to test whether the 
data of continuous variables obeyed a normal distribution. The data that 
conformed to a normal distribution were tested by a two-sample t test. 
In the case of a nonnormal distribution, a nonparametric test was used. 
The chi-square test was used to assess the sex difference between the two 
groups. Multiple comparisons (FDR correction) were used to measure 
the intergroup differences in dFNC and three temporal metrics. The three 
temporal metrics included mean dwell time, fraction time and the total 
number of state transitions. To observe whether the statistically significant 
results above have a significant correlation with WAB tests, we employed 
Pearson correlation to observe the correlation between dFNC and WAB 
scores as well as between temporal metrics/lesion volume and WAB 
scores. The above statistical thresholds were all set toP less than 0.05.

5. Results

5.1. Subjects
Finally, 20 patients (11 males and 9 females, age: 46.5±11.9 years) and 
20 HCs (13 males and 7 females, age: 45.3±13.5 years) were included 
for analysis. The following table lists the demographic data, lesion 
volume and clinical data of all subjects (Table 1). The data of continuous 
variables conform to a normal distribution by K-S assessment. There was 
no significant difference in age (p=0.740) or sex (p=0.748) between the 
groups. The delineation of lesion volume was highly consistent between 
the two radiologists (weighted κ = 0.80).

http://www.iocami.com


Insights of Clinical and Medical Images

Research Article

Page 04www.iocami.com

5.2. Networks of Interest
Nine ICs representing the typical RSN were identified from 23 ICs, 
representing the typical RSN (Figure 3): IC 02 (medial visual network, 
mVN); IC 04 (sensorimotor network, SMN); IC 06 (posterior default 
mode network, pDMN); IC 07 (anterior insular cortex of salience 
network, named SN1); IC 08 (visuospatial network, VisN); IC 09 (left 
frontoparietal network, lFPN); IC 10 (right frontoparietal network, rFPN); 
IC 17 (lateral visual network, lVN); and IC 20 (anterior cingulate cortex 
of salience network, named SN2). 

Figure 3: Nine independent components (ICs) of our interest networks 
were displayed in spatial maps using the three most informative slices. 

MNI coordinates represent the most significant voxel. L represents left 
and R represents right.

The comparison results of dFNC between PSA and HC groupsSignificant 
intergroup dFNC differences were found in state 2 and state 3. Three sets 
of couplings (lFPN with pDMN and rFPN, pDMN with SN) differed 
between the PSA and HC groups. The PSA patients showed significantly 
higher FC between the pDMNs and SNs and lower FC between the lFPN 
and rFPN in state 2 than the HCs. FC between the lFPN and pDMN 
decreased in state 3 (p<0.05, FDR correction) (Figures 4b and c). 

Figure 4: Significant dFNC differences between patients with PSA and 
HCs (B and C). The red lines represent significantly increased FNC, and 
the blue lines denote significantly decreased FNC in patients with PSA, 
compared to that in HCs. The strength of FC between the lFPN and rFPN 
was positively correlated with yes/no questions and Sequential commands 
(p=0.737, r=0.023 and p=0.021, r=0.745, respectively) (A). The orange 
triangle represents sequential commands, and the blue dot denotes yes/
no questions. Abbreviations: dFNC, dynamic functional connectivity 
between networks; PSA, poststroke aphasia; HCs, healthy controls, mVN, 
medial visual network; SMN, sensorimotor network; pDMN, posterior 
default mode network; SN, salience network; VisN, visuospatial network; 
lFPN, left frontoparietal network; rFPN, right frontoparietal network; 
lVN, lateral visual network; FC, functional connectivity; WAB, Western 
Aphasia Battery.
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Table 1: Characteristics of each patient with PSA

Pati-
ents

Gen
-der

Age
Lesion 
(cm3)

Yes/no 
questions

Word 
recognition

Sequential 
commands

Repe-
tition

Object 
naming

Word 
fluency

Sentence 
completion

Responsi
-ve speech

Informa-
tion content

Flue
-ncy

P003 M 47 28.32 48 42 45 70 20 1 7 6 5 4
P004 M 43 21.11 45 40 42 66 34 8 8 9 9 6
P005 M 46 43.32 56 36 36 67 30 6 9 7 9 5
P006 F 69 24.82 50 51 66 68 29 3 5 8 5 6
P008 F 32 57.03 56 45 65 53 43 1 4 4 3 5
P009 F 51 43.35 46 38 55 61 28 1 2 1 2 6
P010 F 54 24.76 45 37 21 62 13 0 6 2 2 8
P011 M 38 51.52 52 55 50 65 25 0 7 5 4 4
P012 F 50 42.9 45 52 48 68 33 5 3 2 3 6
P013 M 31 25.69 51 39 22 60 36 2 6 4 9 7
P014 M 66 50.35 49 50 52 67 20 0 3 1 6 5
P015 M 47 17.31 52 48 35 60 12 0 2 5 4 5
P018 M 33 42.91 57 37 48 72 17 6 4 8 4 8
P019 M 62 8.98 58 56 45 63 26 2 8 9 4 6
P020 F 65 7.41 56 52 40 66 24 0 3 5 3 7
P021 M 50 25.33 42 40 42 75 30 3 6 7 6 8
P022 F 33 32.05 48 58 75 99 48 1 8 10 9 9
P023 F 43 28.37 52 55 45 61 32 2 10 2 1 5
P024 M 39 21.12 50 38 53 60 12 0 4 4 4 5
P025 F 34 43.36 46 36 42 65 19 2 7 10 7 8
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The mean dwell time in state 2 was markedly lower in the patient group 
than in the HC group (p<0.05) (Figure 5). No significant differences were 
found among other metrics.

Figure 5: Intergroup comparison in temporal metrics of each state. The 
black stars in bar plots represent significant intergroup differences, and 
error bars represent the standard error (A-C). The mean dwell time in state 

2 of the patient group was also significantly lower than that of the HC 
group (D). Abbreviations: PSA, poststroke aphasia; HCs, healthy controls.

5.3. Correlation analysis between FC and WAB scores
A Pearson correlation analysis found a significant positive correlation 
between FC (lFPN with rFPN) and auditory verbal comprehension (yes/
no questions and sequential commands) (p=0.023, r=0.737 and p=0.021, 
r=0.745, respectively) (Figure 4a).

5.4. Reproducibility Data Analysis
To confirm the repeatability of the results in our research, we selected 
a window length of 40 s (2 s×20) to verify the stability of the dynamic 
analysis. The subsequent data postprocessing protocol and statistical 
methods remained the same. We obtained the following results when 
comparing patients with HCs: i) there was a significant reduction in 
mean dwell time in state 2 of the patient group (p<0.05); ii) PSA subjects 
showed reduced FC between the lFPN and the pDMN and between the 
lFPN and the rFPN (p<0.05, FDR correction) (Supplementary Materials 
and Figure S1 and S2). Intergroup differences in FC (between the lFPN 
and rFPN) showed a significant positive correlation with auditory verbal 
comprehension (yes/no questions and sequential commands) according to 
Pearson correlation analysis (p = 0.038, r= 0.629 and p=0.013, r = 0.719, 
respectively).

Figure S1: The five cluster of all subjects were also obtained via 
window length of 40 s (2 s×20). Group-specific centroids of the states for 
patientswith PSA and healthy controls together with the count of subjects 
in each state, respectively. The color bar represents the z value of FNC. 
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Abbreviations: PSA, post-stroke patient;HCs, healthy controls.

Figure S2: Inter-group comparison in temporal metrics of each state (the window length of 40 s). Mean dwell time in state 2 of the patient group was 
also significantly lower than that of the HCs group (A). Compared with HCs, patients showed significant decreased coupling between lFPN (9) and 
pDMN (6), as well as between lFPN (9) and rFPN(10) in state 4. Abbreviations: lFPN, left frontoparietal network; pDMN, posterior default mode 
network; SN, salience network; PSA, post-stroke aphasia;HCs,

Volume 6 Issue 1

By performing sliding window dFNC analysis on rs-fMRI of patients 
with subacute PSA, the current investigation found that i) there were 
substantial alterations in dFNC, involving the pDMN, SN, and bilateral 
FPN, between PSA patients and HCs in specific states; ii) auditory verbal 
comprehension was significantly correlated with decreased FC between 
the lFPN and rFPN; and iii) dynamic metrics were significantly different 
between PSA patients and HCs. One interesting finding was that the brain 
connection between the lFPN and rFPN was disrupted. This also means 
that FC was damaged between bilateral cerebral hemispheres within the 
FPN, which consists of the lFPN and rFPN. Broca’s area and Wernicke’s 
area of lFPN are important language functional areas in human beings 
[30]. The IC representing lFPN identified in this research broadly includes 
these two regions. In this study, no decrease in FC associated with rFPN 
was found. Perhaps this is because the stroke foci were in the left cerebral 
hemisphere, where most of the lFPN area is located, while the right cerebral 
hemisphere or rFPN was not affected by stroke lesions. Our findings were 

similar to those of Zhu et al. 10, who found reduced FC between the lFPN 
and multiple cortices of the right cerebral hemisphere in PSA patients using 
static FC, but there were also differences in that we revealed impaired FC 
between the bilateral FPN. This discrepancy could be attributed to the fact 
that a more consistent time point (1 month after stroke) was assessed in 
all the patients in our study, and the dFNC reflected the connection in a 
specific state rather than in static FC, ignoring the impact of time-shifting 
properties. Additionally, auditory verbal comprehension measurements 
were revealed to have a positive correlation with decreased FC between 
the lFPN and rFPN. The result could be explained by the fact that the 
bilateral cerebral hemisphere disconnection caused by stroke lesions has a 
strong correlation with PSA.  dynamic metrics were significantly different 
between PSA patients and HCs. One interesting finding was that the brain 
connection between the lFPN and rFPN was disrupted. This also means 
that FC was damaged between bilateral cerebral hemispheres within the 
FPN, which consists of the lFPN and rFPN.
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Broca’s area and Wernicke’s area of lFPN are important language functional 
areas in human beings [30]. The IC representing lFPN identified in this 
research broadly includes these two regions. In this study, no decrease in 
FC associated with rFPN was found. Perhaps this is because the stroke 
foci were in the left cerebral hemisphere, where most of the lFPN area is 
located, while the right cerebral hemisphere or rFPN was not affected by 
stroke lesions. Our findings were similar to those of Zhu et al. 10, who 
found reduced FC between the lFPN and multiple cortices of the right 
cerebral hemisphere in PSA patients using static FC, but there were also 
differences in that we revealed impaired FC between the bilateral FPN. 
This discrepancy could be attributed to the fact that a more consistent 
time point (1 month after stroke) was assessed in all the patients in our 
study, and the dFNC reflected the connection in a specific state rather than 
in static FC, ignoring the impact of time-shifting properties. Additionally, 
auditory verbal comprehension measurements were revealed to have a 
positive correlation with decreased FC between the lFPN and rFPN. The 
result could be explained by the fact that the bilateral cerebral hemisphere 
disconnection caused by stroke lesions has a strong correlation with PSA.
Another finding of the current study was the abnormal internetwork 
connections that appeared in state 2 (decreased FNC between lFPN and 
pDMN) and state 3 (increased connectivity between SN1 and pDMN). 
The DMN refers to the normal adult human brain’s baseline state and 
includes a group of brain regions in the parietal lobe, temporal lobe and 
frontal cortex. These areas usually show a decrease in activity in tasks 
requiring concentration but an increase in activity in various forms of 
complex cognition [31, 32]. Similar to previous studies, the pDMN was 
further separated from the DMN in our research, including the praecuneus 
and bilateral angular gyrus [23,33]. A reduced disconnection between the 
lFPN and pDMN was revealed in the PSA groups when compared with 
the that in the HC group. 

The pDMN is a cerebral cortex with high metabolic activity that has been 
shown to have a tight connection with the FPN in language processing 
[34, 35]. Therefore, the decrease in FNC between the lFPN and pDMN 
in this study corroborates these earlier findings. There is a triple network 
model of aberrant saliency mapping in psychopathology that consists of 
the DMN, the FPN, and the SN [36]. Many disorders, such as autism 
and cognitive impairment, have been reported to involve this model [36, 
37]. By switching between the DMN and FPN, the SN allows the shift 
from self-referential to external attention, i.e., goal-directed behaviour. 
[38, 39]. As a result of current research, abnormal FNC of the pDMN/
lFPN and pDMN/SN may indicate regulation impairment in the triple 
network in PSA patients. Nevertheless, the WAB score and the triple 
network FC have not been significantly correlated thus far. The reason 
for this is not clear, but it may be related to language disruption in PSA 
patients. Additionally, we compared the dynamic metrics between PSA 
and HCs. The mean dwell time and fraction time decreased in state 2 in 
PSA patients, and only the mean dwell time difference was significantly 
reduced. In addition, the total number of transitions was greater in PSA 
patients. These dynamic parameters can also be used as a proxy for brain 
network studies [9]. However, the pathophysiological significance of these 

dynamic parameters needs further research to confirm. These findings 
may be somewhat limited by the following factors. First, all the patients 
received treatment for stroke, and the potential impact on the study 
cannot be ruled out entirely. Second, this study is a data-driven analysis, 
and a large sample and longitudinal design are still needed to explore 
the mechanism of PSA. Third, we did not include PSA patients except 
in the subacute stage, so we should investigate PSA patients in different 
periods in future. Finally, the FNC has a relatively large spatial range, so 
it is difficult to contribute to precise therapy (for example, transcranial 
magnetic stimulation target therapy). In the future, more detailed and in-
depth research is needed to help in the transformation of clinical therapy.

7. Conclusion

This study used dFNC analysis to investigate patients with PSA in the 
subacute stage. One of the most important findings of this study is that 
reduced lFPN-rFPN connectivity may be the key element participating in 
auditory verbal comprehension. There has also been evidence of an effect 
on the triple network model in PSA patients. Based on these findings, 
PSA may be caused by focal lesions in the brain network. The analysis of 
dFNC in PSA patients undertaken here has extended our knowledge of the 
underlying pathophysiological mechanisms of this disease.
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