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Abstract
To investigate whether dynamic functional connectivity (DFC) metrics can better identify minimal hepatic
encephalopathy (MHE) patients from cirrhotic patients without any hepatic encephalopathy (noHE) and
healthy controls (HCs). Resting-state functional MRI data were acquired from 62 patients with cirrhosis
(MHE, n=30; noHE, n=32) and 41 HCs. We used the sliding time window approach and functional
connectivity analysis to extract the time-varying properties of brain connectivity. Three DFC
characteristics (i.e., strength, stability, and variability) were calculated. For comparison, we also
calculated the static functional connectivity (SFC). A linear support vector machine  was used to
differentiate MHE patients from noHE and HCs using DFC and SFC metrics as classi�cation features. The
leave-one-out cross-validation method was used to estimate the classi�cation performance. The strength
of DFC (DFC-Dstrength) achieved the best accuracy (MHE vs. noHE, 72.5%; MHE vs. HCs, 84%; and noHE
vs. HCs, 88%) compared to the other dynamic features. Compared to static features, the classi�cation
accuracies of the DFC-Dstrength feature were improved by 10.5%, 8%, and 14% for MHE vs. noHE, MHE
vs. HC, and noHE vs. HCs, respectively. Based on the DFC-Dstrength, seven nodes were identi�ed as the
most discriminant features to classify MHE from noHE, including left inferior parietal lobule, left
supramarginal gyrus, left calcarine, left superior frontal gyrus, left cerebellum, right postcentral gyrus, and
right insula. In summary , DFC characteristics have a higher classi�cation accuracy in identifying MHE
from cirrhosis patients. Our �ndings suggest the usefulness of DFC in capturing neural processes and
identifying disease-related biomarkers important for MHE identi�cation.

1. Introduction
On the neurocognitive impairment severity continuum, minimal hepatic encephalopathy (MHE) is the
mildest form and is considered to be the precursor to overt hepatic encephalopathy (OHE) (Hadjihambi,
Arias, Sheikh, & Jalan, 2018). MHE is de�ned as a condition in which cirrhotic patients have
neuropsychiatric and neurophysiological defects despite normal mental status (San Martín-Valenzuela et
al., 2020). In recent years, MHE has received considerable attention because of its association with a poor
quality of life, decline in daily functioning, increased risk of tra�c accidents, and a higher risk of
progression to OHE (Labenz et al., 2019; Ridola, Nardelli, Gioia, & Riggio, 2018; A. J. Wang et al., 2017).
However, the diagnostic criteria for MHE have only recently been standardized, and it cannot be detected
by routine clinical examinations. Therefore, there is an urgent need to identify reliable diagnostic
biomarkers of MHE for preventative treatments and improvement of prognosis.

Numerous studies have explored MHE-related brain structural and functional abnormalities (Chen et al.,
2020; Sato, 2019; Zhan, Chen, Gao, & Zou, 2019; X. D. Zhang, Zhang, Wu, & Lu, 2014). Chen et al. and Sun
et al. demonstrated altered baseline brain activity measured by amplitude of low-frequency �uctuations
and regional homogeneity in MHE (H. J. Chen et al., 2016; H. J. Chen, Zhu, Jiao, et al., 2012; H. J. Chen,
Zhu, Yang, et al., 2012; Sun, Fan, Ye, & Han, 2018). Remarkably, brain dysfunction is considered a core
node in the progression of MHE. Qi et al. and Ye et al. found that cortical and interhemisphere
dysconnectivity correlated with cognitive impairment in MHE (Qi, Zhang, Wu, et al., 2012; Ye et al., 2020).
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Furthermore, recent studies have focused on abnormal subnetwork integration in the dorsal attention
network, default mode network (DMN), visual network, and auditory network (Qi, Xu, et al., 2012; Qi,
Zhang, Xu, et al., 2012; Zhan et al., 2019; D. Zhang, Tu, Zhang, Jie, & Lu, 2018; L. J. Zhang et al., 2012).
These �ndings suggest the potential of resting state functional MRI (rs-fMRI) to provide biomarkers
for the identi�cation of MHE. However, all these previous studies implicitly assumed that the functional
connectivity (FC) among brain regions is static and unchanging over the entire scanning period. The
brain’s neural landscape is a dynamic system, and there is preliminary evidence showing that time-
related patterns of FC (i.e., dynamic FC [DFC]) may provide more detailed information about brain
disorders (van der Horn et al., 2020; Xue et al., 2020; Zhu et al., 2019). The DFC method can make up for
the shortcomings of the “static” FC analysis, and it is possible to �nd more subtle changes in the early
stages of the disease (Calhoun, Miller, Pearlson, & Adali, 2014; Hutchison et al., 2013; Kucyi & Davis,
2015). During the resting state and during the execution of restricted cognitive tasks, the brain network
does exhibit FC changes within a few seconds, and these dynamic and time-varying changes in FC may
help us in characterizing the behavioral and functional changes related to cognition. There have been
some studies based on the dynamic hypotheses, i.e. to study the dynamic changes in the brain in
patients with diseases, including autism, epilepsy, and schizophrenia (F. Liu et al., 2017; Mash et al., 2019;
Sanfratello, Houck, & Calhoun, 2019), which show that dynamic methods can capture more information
over a period of time and �nd cognition. The related abnormal brain areas can more effectively describe
abnormal changes in the disease.

Machine learning-based approaches can extract disease-related features and provide better predictive
biomarkers for brain disorders. For example, a support vector machine (SVM), a typical machine learning
method, has been used to distinguish cirrhotic patients from healthy controls (HCs) and predict disease
severity with high accuracy (Feng Liu et al., 2015; Talpalaru, Bhagwat, Devenyi, Lepage, & Chakravarty,
2019; G. Zhang, Cheng, & Liu, 2017; Zhao, Ding, Du, Wang, & Men, 2019). The aim of the current study
was to explore whether MHE patients have abnormal dynamic FC characteristics and evaluate the
identi�cation accuracy of DFC as an MHE diagnostic biomarker. Therefore, we proposed a dynamic FC
analysis to extract abnormal DFC characteristics and identify MHE from cirrhosis and HCs. Speci�cally,
we also compare the identi�cation capability of DFC with that of traditional static FC (SFC). We
hypothesized that the dynamic characteristics of FC could improve the identi�cation accuracy of MHE
and offer a more effective diagnostic biomarker.

2. Methods
2.1 Participants

This study was approved by the Medical Research Ethics Committee of Tianjin First Central Hospital. A
total of 62 patients with cirrhosis were recruited from our inpatient departments between September 2013
and March 2018. Written informed consent was obtained from all participants. The inclusion criteria were
as follows: (1) patients with a diagnosis of cirrhosis, (2) being older than 18 years, (3) right-handedness,
and (4) without any contraindication to MRI scanning. The diagnosis of liver cirrhosis was based on
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clinical history, biochemical �ndings, and imaging �ndings. Exclusion criteria for patient groups included
history of any drug or alcohol abuse, history of OHE episodes, brain lesions such as tumor or stroke
assessed on the basis of medical history and conventional MRI, and poor image quality with head motion
of more than 2.0 mm/degree during MRI.

According to previous studies, the diagnosis of MHE was made according to two typical
neuropsychological tests, number connection type A (NCT-A) and digit symbol test (DST) (Li et al., 2013;
Weissenborn, Ennen, Schomerus, Ruckert, & Hecker, 2001). Considering the effect of age and education
level on the two neuropsychological scores, linear regression models were �rst constructed with
regressors of age and education level and dependent variates of NCT-A and DST. The regressor
coe�cients were estimated in the HC group and were then used to predict the NCT-A and DST scores in
patient groups. When at least one of the differences between predicted and true values was above two
standard deviations of the mean value in HC groups, the cirrhosis patients were regarded as having MHE.
According to this criterion, 30 of the 62 patients were diagnosed with MHE, and the rest were assigned to
the noHE group.

Forty-one age-and sex-matched HCs were recruited from the local community. All HCs had no history of
liver disease or other systemic diseases, and they underwent neuropsychological tests before the MR
scan.

2.2 Laboratory tests

Laboratory parameters, including blood ammonia, albumin, total bilirubin, and prothrombin time, were
obtained for all patients during the week before MRI to assess the severity of cirrhosis. The Child–Pugh
score was used to assess liver function. No blood samples were collected from any HCs.

2.3 MRI Data Acquisition

All imaging data were acquired using a 3.0 Tesla MRI scanner (TIM-Trio, Siemens Medical Solutions,
Erlangen, Germany). Foam padding was used to reduce head motion. For rs-fMRI, 200 T2*-weighted
volumes were acquired with slices aligned to the anterior commissure (AC)–posterior commissure (PC)
plane (TR, 2500 ms; TE, 30 ms; FOV, 220 mm × 220 mm; matrix, 96×96; slice thickness, 3 mm; and slice
gap, 0.3 mm for 40 slices). The subjects were instructed to keep their eyes closed and stay awake during
scanning.

2.4 Functional MRI Image preprocessing

Preprocessing was performed using the Gretna toolbox (https://www.nitrc.org/projects/gretna/)
implemented in MATLAB (version 2013a; MathWorks, Natick, MA, USA). The �rst 10 volumes were
excluded to ensure steady-state longitudinal magnetization, and the remaining 190 images were
corrected for slice acquisition times and head movements. Subjects with more than 2 mm maximum
displacement or with more than 2° of angular rotation were excluded. The functional images were then

https://www.nitrc.org/projects/gretna/
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spatially normalized to the Montreal Neurological Institute space using an echo planar imaging template
(3 × 3 × 3 mm isotropic voxels) (Calhoun et al., 2017) and smoothed using a 6 mm full width at half
maximum (FWHM) kernel. After removal of linear trends, fMRI data were band-pass �ltered (0.01–0.08
Hz) to reduce the very-low-frequency drift and high-frequency physiological noise. Finally, nuisance
covariates, including six motion parameters, cerebrospinal �uid, and white matter signals, were regressed
out to further reduce the effects of confounding factors.

2.5 SFC analyses

FC analyses were performed on the SFC of patients and HCs using the Gretna
toolbox (https://www.nitrc.org/projects/gretna/). First, we employed a 264-node functional atlas (Power
et al., 2011) for node de�nition. Then, the time course of each node was extracted by averaging the time
courses of all voxels therein. The strength of the functional connection is expressed as the Pearson
correlation coe�cient between the time courses of any two nodes. Then, the correlation matrix is Z-
transformed using Fisher’ s transformation. SFCs larger than 0.35 were selected to construct the brain
network. The node degree is obtained by summing the number of connections that link this node to the
rest of the network.

2.6 DFC analyses

The DFC was estimated using a sliding temporal window with a width of 50 TRs (125 s) and steps of 1
TR (2.5 s). The node de�nition was consistent with the SFC analysis section. For each sliding window, a
pairwise Pearson correlation was used to obtain the FC matrix in each window with a threshold of 0.35.
Therefore, DFC was de�ned as the FC matrix series.

To quantitatively describe the time-varying characteristics of the DFC, three measurements were
calculated for each node, including the overall strength of the nodal degree �uctuation with time (DFC-
Dstrength), stability of nodal degree �uctuation between adjacent windows (DFC-Dstability), and overall
variation of the nodal degree �uctuation over time (DFC-Dvariance) (J. Liu, Liao, Xia, & He, 2018).
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2.7 Classi�cation analysis based on DFC and SFC

This study used the Library for Support Vector Machines (LIBSVM) toolkit
(http://www.csie.ntu.edu.tw/~cjlin/libsvm/) to conduct the SVM classi�cation process for each SFC and
DFC measurement. Same procedure and classi�er parameters were used for SFC and DFC based
discrimination. Considering that some features are noninformative or redundant, the F-score was adopted
as the feature selection method, and an SVM with a radius basis function as the kernel and a cost
coe�cient of 15 was used as the classi�er. A leave-one-out cross-validation strategy was applied to
construct the classi�er. In each trial, the samples were divided into a training set (k-1 samples) and a test
set (the remaining one sample) (F. Liu, Wee, Chen, & Shen, 2014). Based on the k-1 samples, the input
feature was selected using an F-score method, which calculated the between-group differences,
signi�cant at p < 0.05. Then, SVM was used to classify (a) MHE versus HCs, (b) noHE versus HCs, and (c)
MHE versus noHE to construct discrimination maps. Consistent features selected in all folds were de�ned
as discriminative features. As the classi�er may be ill-trained, we performed nonparametric permutation
tests (1,000 relabeling) to estimate the statistical signi�cance of the classi�cation accuracy at a
signi�cance level of p < 0.05.

2.8 Correlation analysis

After comparing the classi�cation ability of different measurements in discriminating MHE from noHE,
we could obtain the nodes with the most discriminative features based on the strongest classi�cation
ability. Then, the relationship between the neuropsychological test and nodal measurement was assessed
in all cirrhotic patients using a linear regression model with sex, age, education level, and head movement
(FD) as covariant. P < 0.05 (two-tailed) was considered to be statistically signi�cant.

3. Results
Table 1 shows the demographic and clinical characteristics of the participants. There were no signi�cant
differences in terms of age, sex, or education among the MHE, noHE, and HCs. The neuropsychological
performance of MHE patients was signi�cantly worse than that of noHE patients and HCs.

http://www.csie.ntu.edu.tw/~cjlin/libsvm/
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As shown in Fig. 2, the DFC-Dstrength achieved the best accuracy (MHE vs. noHE, 72.5%; MHE vs. HCs,
84%; and noHE vs. HCs, 88%) than the other dynamic features. Compared to static features, the
classi�cation accuracies of the DFC-Dstrength feature were improved by 10.5%, 8%, and 14% for MHE vs.
noHE, MHE vs. HC, and noHE vs. HCs, respectively. For the best accuracy with DFC-Dstrength, a
permutation test with 1,000 trials of random labels was conducted, and the results showed that all three
classi�cations were signi�cant (p < 0.05).

Moreover, based on the DFC-Dstrength, seven nodes were identi�ed as the most discriminant features to
classify MHE from noHE, including left inferior parietal lobule (IPL), left supramarginal gyrus (SMG), left
calcarine, left superior frontal gyrus (SFG), left cerebellum, right postcentral gyrus (PCG), and right insula
(see Fig 3).

After that, a regression model was constructed using the DFC-Dstrength in the seven nodes as regressors,
NCT-A as the dependent variable, and sex, age, education level, and head motion as covariates to
calculate the correlation between discriminative DFC-Dstrength and neuropsychological level. It is found
that the DFC-Dstrength values in the right insula was positively correlated with NCT-A score in the patient
group (p = 0.002; see Table 2). No signi�cant correlation was found between the DFC-Dstrength in other
nodes and NCT-A score or between other SFC/DFC measurements and DST scores.

4. Discussion
In this study, we applied a machine learning method to identify MHE from noHE and HCs based on whole-
brain DFC. We compared the dynamic and static methods and found that the classi�cation accuracies of
DFC features were signi�cantly higher than that of SFC, which indicates the usefulness of DFC in
capturing the neural process and �nding disease-related biomarkers important for MHE identi�cation.
Several regions were identi�ed as discriminative features; these regions were located mainly in the frontal
and parietal lobes, and were correlated with neuropsychological scores in cirrhotic patients.

Our study proposes a new neuroimaging biomarker for the detection of MHE. As we know, MHE has the
potential to progress into OHE, which can cause irreversible brain damage (Tapper et al., 2020). Studies
have shown that MHE can be reversed by prompt treatment (Abid et al., 2020; Butterworth & McPhail,
2019; Nardone et al., 2016); therefore, it is important to diagnose and treat MHE before major neurological
damage occurs. Currently, various neuropsychological tests are used as the diagnostic standard for MHE,
but they are easily affected by age, education level, and mental state. Neuroimaging biomarkers have the
advantage of reliability and objectivity, which can be a powerful supplement to neuropsychological tests.
SVM is an e�cient classi�er that can extract disease-related features and can be used as a diagnostic
tool. Some researchers have tried to �nd neuroimaging biomarkers of MHE using the SVM method. For
example, Chen et al. identi�ed MHE from noHE with a relatively high accuracy by measuring spontaneous
brain activity (H. J. Chen et al., 2016; Q. F. Chen, Chen, Liu, Sun, & Shen, 2016). However, these studies
were based on static connectivity measures. Accumulating evidence indicates that DFC can capture
abnormal alterations more accurately in brain disorders, such as studies on mild cognitive impairment
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and Parkinson’ s disease (Cai et al., 2019; X. Chen et al., 2017). To verify this statement, we compared the
diagnostic accuracy of DFC with SFC. Our results showed that DFC-Dstrength performed best among the
three DFC metrics, indicating that the strength, but not the variance, of functional connection can better
discriminate individual patients. Although static FC also re�ects the FC strength, it is calculated for the
entire time duration. Comparing the SFC-Dstrength with DFC-Dstrength, the latter can obviously improve
classi�cation accuracies when distinguishing MHE vs. noHE, MHE vs. HCs, and noHE vs. HCs by 10.5%,
8%, and 14%, respectively. This result shows that DFC analysis can provide a better representation of
cirrhotic disease by determining the time-varying strength characteristics. Moreover, the relationship
between DFC metrics (DFC-Dstrength) and neuropsychological scores (the clinical marker of MHE) in our
study shows that the DFC-Dstrength can re�ect the cognitive changes, providing a new perspective to
understand cirrhotic disease.

Using the criterion of the best diagnostic accuracy (DFC-Dstrength), we identi�ed seven regions
associated with MHE dysfunction. These regions included the left IPL, SMG, calcarine, SFG, cerebellum
and right PCG, and insula. Most of these regions have been reported in previous studies on MHE. The
�ndings for each region are described below.

Attention de�cit and executive function decline are early manifestations of MHE. Given that the DMN is a
major contributor to normal cognitive functions, such as attention and executive functions, decreased
connectivity in the IPL and SMG (major posterior components of the DMN) is identi�ed in MHE.
Signi�cant FC reduction within the DMN is associated with cognitive impairment due to MHE. Consistent
with our �ndings, previous fMRI studies revealed signi�cant FC reduction within the DMN in patients
with MHE, which was associated with cognitive impairment as well as hepatic encephalopathy
development. Qi et al. reported that FC disturbance within the DMN occurred earlier than that of structural
connections in MHE patients, and they believed that FC was a sensitive index for detecting early
abnormalities of MHE (Qi, Xu, et al., 2012).

De�cits in visual information processing, such as de�cits in visual memory, visuomotor, and visuospatial
integration, are also regarded as characteristics of MHE (Bajaj, Wade, & Sanyal, 2009). Task-dependent
functional MRI has revealed the MHE-related neural mechanism underlying impaired visual
judgment (Za�ris et al., 2004). Many rs-fMRI studies have described decreased neuronal activity or
connectivity in the visual cortex in cirrhotic patients with MHE (Cheng et al., 2018; M. Wang et al., 2019).
Calcarine is a key node of the ventral visual pathway (Borra & Rockland, 2011), and abnormalities in
calcarine may be related to impaired visual-spatial capabilities. Therefore, it is appropriate to determine
calcarine as a discriminative region for MHE in our study.

In addition, some regions with increased FC were also selected as classi�cation features for MHE in the
present study, including the left cerebellum, right PCG, and right insula. The enhanced functional
connection may re�ect a compensatory mechanism for functional damage in the high-level cognition and
visual regions in MHE. A similar compensatory phenomenon has also been reported in previous studies.
Hitherto, we reported that FC was reduced in hub regions and increased in non-hub regions, including the
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PCG and cerebellum (Cheng et al., 2018; G. Zhang et al., 2017). Consistent with our �ndings, Chen et al.
and Qi et al. also found increased brain activity in the cerebellum (H. J. Chen, Zhu, Jiao, et al., 2012; Qi,
Zhang, Wu, et al., 2012). During the �icker light test, fMRI revealed that MHE patients showed enhanced
coupling between the IPL and PCG (Za�ris et al., 2004). A compensatory role of the insula was
highlighted by QI et al., who believed that the insula played an important role in the progression of hepatic
encephalopathy (Qi, Zhang, Wu, et al., 2012). Herein, we demonstrated the increased FC of the insula in
MHE, the mildest form of HE, which may implicate the advantage of dynamic metrics in detecting early
brain alterations. The positive correlation between DFC values in this region and NCT-A, a test
for psychomotor function, also provided supporting evidence for this implication.

There are several limitations to our study. First, the sample size was relatively small, which may have
reduced the generalizability of our results. Second, the heterogeneous etiology of the recruited patients in
our study may have produced bias in the classi�cation results, because the brain damage caused by liver
cirrhosis with different etiologies can also be slightly different. Third, we only used time-varying
connectivity metrics (nodal degree) to identify MHE patients; DFC changes of brain intrinsic networks and
multimodal analysis of neuroimaging datasets may further improve classi�cation performance.

5. Conclusions
In conclusion, by integrating dynamic functional brain connections and SVM, this study provides new
biomarkers for the accurate diagnosis of MHE. The generated biomarkers can assist clinicians in the
early diagnosis and treatment of MHE. Furthermore, the identi�ed brain regions may help localize the
etiological origin and understand the pathogenesis of MHE.
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Tables
Table 1. Demographic, Neuropsychological and Clinical Data

  MHE(n=30) noHE(n=32) HC(n=41) P
Sex(male/female) 21/9 18/14 28/13 0.449†
Age(years) 50.9±6.3 47.9±8.2 50.1±7.3 0.153‡

Education level (years) 12.3±3.0 12.3±3.5 13.0±2.6 0.499‡

Neuropsychological tests         
NCT-A(seconds) 78.9±14.6 43.1±12.7 41.6±3.2 <0.001§

        <0.001‖

        0.599¶

DST(score) 30.1±11.7 43.1±9.5 47.9±10.2 <0.001§

        <0.001‖

        0.043¶

Laboratory examination        
Prothrombin time(seconds) 18.8±5.2 16.8±6.0 - 0.105§

Albumin(mg/dl) 30.0±5.9 32.0±5.8 - 0.565§

Total bilirubin(mg/dl) 106.4±170 96.1±139.3 - 0.737§

Blood ammonia(in mod/L) 72.6±31.5 55.1±21.3 - 0.009§

Child-Pugh score (A/B/C) 1/7/22 5/16/11 -  

Data are presented as mean ± standard deviation. 
†: Pearson χ2 test of three groups (two-tailed), ‡: One-way analysis of variance test among three groups
(two-tailed), §: Two-sample t test between MHE and noHE groups (two-tailed), ‖: Two-sample t test
between MHE and HC groups (two-tailed), ¶: Two-sample t test between noHE and HC groups (two-
tailed). 
Abbreviations: DST = digit-symbol test, HC = healthy control, MHE = mild hepatic encephalopathy, NCT-
A = number connection test of type A, noHE = cirrhotic patients without clinical hepatic encephalopathy. 

 

Table 2. Significance of DFC-Dstrength in seven discriminative nodes with NCT-A score in the regression
model

Regressors MNI coordinates Beta coefficients T-value P-value
R. postcentral gyrus (13, -33, 75) 0.026 0.236 0.812
L. inferior parietal lobule (-29, -43, 61) -0.128 -0.778 0.440
R. insular (36, -9, 14) 0.470 3.335 0.002*
L. supramarginal gyrus (-60, -25, 14) -0.164 -1.243 0.219
L. calcarine (-8, -81, 7) -0.237 -1.691 0.097
L. superior frontal gyrus (-21, 41, -20) 0.140 0.815 0.419
L. cerebellum (1, -62, -18) 0.127 1.083 0.284

Abbreviations: MNI, Montreal Neurological Institute

Figures
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Figure 1

The visualization of DFC measurements. Left: Transient dynamic functional connectivity matrices at
different sliding windows. The strength of functional connection is expressed as the Pearson correlation
coe�cient between the time courses of any two nodes, which �uctuates across windows. Right: de�nition
of nodes. The regions of interest (ROI) set including 264 regions was obtained from a previously de�ned
functional atlas.
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Figure 2

The classi�cation results based on different features (chance level: 50%) Among the three dynamic
features, DFC-Dstrength achieved best accuracy (MHE vs. noHE: 72.5%, MHE vs. HCs: 84% and noHE vs.
HCs: 88%). Compared to static features, the classi�cation accuracies of DFC-Dstrength feature were
improved by 10.5%, 8% and 14% for MHE vs. noHE, MHE vs. HCs, and noHE vs. HCs respectively. MHE,
minimal hepatic encephalopathy; noHE, cirrhotic patients without any hepatic encephalopathy; HCs,
healthy controls; DFC, dynamic functional connectivity.

Figure 3
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Spatial locations of discriminant features based on DFC-Dstrength features in MHE patients as compared
to noHE group. Seven nodes were identi�ed as the most discriminant features to classify MHE from
noHE, including left inferior parietal lobule (IPL), left supramarginal gyrus (SMG), left calcarine, left
superior frontal gyrus (SFG), left cerebellum, right postcentral gyrus (PCG) and right insula. The red and
blue balls indicate relatively increased and decreased functional connectivity, respectively. MHE, minimal
hepatic encephalopathy; noHE, cirrhotic patients without any hepatic encephalopathy; DFC, dynamic
functional connectivity.


