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A B S T R A C T   

Background: Fatigue is common and disabling in multiple sclerosis (MS), yet its mechanisms are poorly understood. In particular, overlap in measures of fatigue and 
depression complicates interpretation. We applied a multivariate network approach to quantify relationships between fatigue and other variables in early MS. 
Methods: Data were collected from patients with newly diagnosed immunotherapy-naïve relapsing-remitting MS at baseline and month 12 follow-up in FutureMS, a 
Scottish nationally representative cohort. Subjective fatigue was assessed by Fatigue Severity Scale. Detailed phenotyping included measures assessing each of 
physical disability, affective disorders, cognitive performance, sleep quality, and structural brain imaging. Network analysis was conducted to estimate partial 
correlations between variables. Baseline networks were compared between those with persistent and remitted fatigue at one-year follow up. 
Results: Data from 322 participants at baseline, and 323 at month 12, were included. At baseline, 154 patients (47.8%) reported clinically significant fatigue. In the 
network analysis, fatigue severity showed strongest connections with depression, followed by Expanded Disability Status Scale. Conversely, fatigue severity was not 
linked to objective cognitive performance or brain imaging variables. Even after controlling for measurement of “tiredness” in our measure of depression, four 
specific depressive symptoms remained linked to fatigue. Results were consistent at baseline and month 12. Overall network strength was not significantly different 
between groups with persistent and remitted fatigue (4.89 vs 2.90, p = 0.11). 
Conclusions: Our findings support robust links between subjective fatigue and depression in early relapsing-remitting MS. Shared mechanisms between specific 
depressive symptoms and fatigue could be key targets of treatment and research in MS-related fatigue.   

1. Introduction 

Multiple sclerosis (MS) is an autoimmune-mediated neuro
inflammatory and neurodegenerative condition which is a major cause 
of morbidity in young adults (GBD 2016 Neurology Collaborators, 
2019). Fatigue is frequently described by people with MS (pwMS) as one 
of their most disabling symptoms (Kluger et al., 2013), with the esti
mated prevalence ranging from 38% to 83% (Kluger et al., 2013). Fa
tigue can be defined as “a subjective lack of physical and/or mental 

energy that is perceived by the individual or the care-giver to interfere 
with usual or desired activity” (Multiple Sclerosis Council for Clinical 
Practice Guidelines, 1998). Although fatigue is distinct from physical 
fatigability, depression, tiredness, and other phenomena which are 
frequently present in pwMS (Kluger et al., 2013), clearly differentiating 
subjective fatigue from these phenomena can be challenging. 

Despite the high prevalence, treatment options for fatigue in pwMS 
are of limited effectiveness (Heine et al., 2015). This in part reflects 
limited mechanistic understanding and an absence of clear biomarkers 
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(Alvarenga-Filho et al., 2017; Håkansson et al., 2019; Biberacher et al., 
2018). A fundamental challenge to the development of such mechanistic 
understanding is the overlap and interrelatedness with other common 
symptoms. Multiple factors have been linked to fatigue in pwMS, 
including physical disability (Biberacher et al., 2018), obesity (Weiland 
et al., 2015), depression (Biberacher et al., 2018) anxiety (Håkansson 
et al., 2019), sleep disturbance (Stanton et al., 2006), subjective 
cognitive difficulty (Wilting et al., 2016), and brain imaging measures 
(Palotai and Guttmann, 2020). However, studies to date have high
lighted inconsistency in many of these associations, partly due to 
different adjustment for confounders (Bakshi et al., 2000) and small 
sample sizes (Palotai and Guttmann, 2020). Links between fatigue and 
depression have been shown in many studies (Feinstein et al., 2014), but 
the overlapping features between these two constructs have been 
incompletely addressed, which could compromise interpretation of this 
relationship (Gunzler et al., 2015). Specifically, common research and 
clinical measures of depressive symptoms typically measure symptoms 
of tiredness, therefore leading to difficulty in interpreting correlations 
between sum scores of instruments measuring symptoms of depression, 
and of fatigue (Patrick and Connick, 2019). Analyses incorporating in
dividual depressive symptoms would allow better understanding of 
shared mechanisms between fatigue and depression, at the level of in
dividual depressive symptoms. 

Given the clinical complexity, multivariate analysis that simulta
neously evaluates physical, cognitive, affective, sleep, and imaging 
variables, is likely necessary to an improved understanding of the 
complex inter-relationships between these variables, and ultimately to 
advance understanding of pathogenic mechanisms (Palotai and Gutt
mann, 2020). Existing studies with sample size sufficient to allow 
multivariate analyses accounting for potential confounders, and over
lapping symptoms between depression and fatigue, are lacking. 

We therefore aimed to quantify the relationships between subjective 
fatigue and variables reflecting aspects of depressive symptoms, phys
ical disability, cognitive performance, anxiety, sleep quality, and MRI 
brain imaging metrics. We employed mixed graphical model networks at 
study baseline and one-year follow up to examine and visualize the 
correlates of fatigue in pwMS. The use of network analysis allows for 
both the quantification and visualization of relationships between fa
tigue and other network nodes, and between other nodes apart from 
fatigue. In addition, network centrality indices may be used to infer the 
relative influence of the included nodes in the estimated networks. 
Differences in network connectivity at baseline have previously been 
shown to differentiate subjects with persistent and remitting symptoms 
longitudinally (Ashaie et al., 2021; van Borkulo et al., 2015). To 
investigate any prognostic value of network structure on fatigue pro
gression, symptom networks at baseline using subsamples of pwMS with 
persistent and remitted fatigue were compared. 

2. Subjects/materials and methods 

2.1. Participants 

The study participants were drawn from FutureMS (Kearns et al., 
2022), a nationally representative cohort of patients with newly diag
nosed relapsing remitting MS (RRMS) in Scotland. This cohort was 
estimated to capture 45% of persons diagnosed with RRMS in Scotland 
during the study period (Kearns et al., 2022) with data collected at 
baseline and 12 months follow up. Detailed phenotyping of all partici
pants included a wide range of clinical measures and structural brain 
MRI data. Full details of the cohort (Kearns et al., 2022) and the MRI 
brain acquisition and analysis (Meijboom et al., 2021) have been 
described elsewhere, and are briefly summarized in Supplementary 
Materials. Current medication was obtained by participant report at 
both study visits. 

2.2. Variable selection 

Based on previous literature (Håkansson et al., 2019; Biberacher 
et al., 2018; Weiland et al., 2015; Stanton et al., 2006; Wilting et al., 
2016; Bakshi et al., 2000), network variables were selected to include 
key clinical, cognitive and imaging metrics previously linked to sub
jective fatigue in pwMS. Clinical and patient-reported variables were - 
fatigue (Fatigue Severity Scale, FSS) (Krupp et al., 1989), physical 
disability (Expanded Disability Status Scale, EDSS), upper limb dexterity 
(Nine Hole Peg Test, 9-HPT), walking speed (Timed 25 Foot Walk, 
T25FW) and Body Mass Index (BMI). Cognitive variables were - infor
mation processing speed (Symbol Digit Modality Test, SDMT), and 
working memory along with auditory information processing and 
attentional abilities (3s-Paced Auditory Serial Addition Test, PASAT). 
Affective variables were - anxiety (Generalized Anxiety Disorder-7 in
strument, GAD-7) and depression (Patient Heath Questionnaire-9, 
PHQ-9). Participant-reported sleep quality was measured by an item 
in the Multiple Sclerosis Impact Scale (“SLEEP”) (Kearns et al., 2022). 
Imaging variables were expressed as proportions of intracranial volume 
in native space, including whole-brain WMH volume, cortical grey 
matter volume (“cGM”), basal ganglia volume (“BG”), and thalamus 
volume (“THALA”). The PHQ-9 has been shown to be a suitable tool to 
screen for depression with adequate sensitivity and specificity in pwMS 
(Patrick and Connick, 2019). To control for possible overlap between 
one PHQ-9 item which assesses feelings of tiredness or reduced energy 
(Kroenke et al., 2001) and fatigue (Krupp et al., 1989), and explore the 
differential correlations between the remaining PHQ-9 items and fa
tigue, all nine individual PHQ-9 item scores were used in a secondary 
analysis (Beard et al., 2016) (Table 1). These nine items are identical to 
the nine core criteria for major depressive disorder in the Diagnostic and 
Statistical Manual of Mental Disorders, fifth edition (DSM-5) (American 
Psychiatric Association, 2013). Because of data distribution, T25FW, 
9-HPT and PASAT were transformed into Z-scores to increase compa
rability (Kearns et al., 2022). 

To aid interpretation of networks, we classified included variables 
into five domains as follows: “physical” (EDSS, 9-HPT, T25FW and BMI), 
“cognitive” (SDMT and PASAT), “affective” (GAD-7 and PHQ-9), “sleep” 
(SLEEP), “imaging” (WMH, cGM, BG and THALA), and fatigue (FSS). 
This classification was employed solely to aid interpretation of results 
and was not included during network estimation. 

2.3. Statistical analysis 

All analyses were done using R software (v 4.0.2) and R Studio V. 
1.2.5042 (R Core Team, 2020). 

Descriptive analysis of demographics and fatigue severity at baseline 
were conducted. Disease duration was defined as the interval between 
the patient-described first episode of demyelination, confirmed by 

Table 1 
Description of items in the Patient Heath Questionnaire-9 (PHQ-9).  

Item 
abbreviation 

Description 

PLEAS Little interest or pleasure in doing things 
DOWN Feeling down, depressed, or hopeless 
PHQ9-S Trouble falling or staying asleep, or sleeping too much 
TIRED Feeling tired or having little energy 
EAT Poor appetite or overeating 
FAIL Feeling bad about yourself - or that you are a failure or have let 

yourself or your family down 
CONCE Trouble concentrating on things, such as reading the newspaper 

or watching television 
MOVE Moving or speaking so slowly that other people could have 

noticed; or the opposite, being so fidgety or restless that you have 
been moving around a lot more than usual 

SELF Thoughts that you would be better off dead, or of hurting yourself 
in some way  

Y.-T. Chang et al.                                                                                                                                                                                                                               
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clinicians, and the first study visit. Spearman correlations between FSS 
and the described variables were calculated at study baseline. Bonfer
roni correction of 13 comparisons was applied in analysis of bivariate 
Spearman correlations to control family-wise type 1 error rate (α =
0.05). Interpretation of the strength of correlation according to 
Spearman correlation coefficient is defined in the eMethod section. For 
context and to aid data interpretation, clinical and imaging data at 
baseline and 12 months were compared. 

2.3.1. Network estimation 
Network analysis aims to identify partial correlations between nodes, 

and represents such correlations as edges. Network estimation was 
performed via Gaussian graphical models with Spearman’s correlations. 
This method has been well-documented in previous publications 
(Epskamp and Fried, 2018). Technical details were described in Sup
plementary Materials. Only participants with complete data of all 
included variables were included in network analysis. To quantify the 
importance of nodes in the network structure, centrality indices, 
including strength, closeness, betweenness and expected influence were 
calculated. 

2.3.2. Robustness of networks 
The robustness of networks was assessed through the methodology 

proposed by Epskamp et al. (2018) using the R package “bootnet” 
(Epskamp et al., 2018). The precision of edge-weight estimates and 
central indices was obtained by implementing bootstrapping methods 
with 1000 iterations. The stability of centrality indices, quantified by 
correlation stability (CS) coefficients, was estimated by case-dropping 
bootstrap (Epskamp et al., 2018). CS-coefficients of 0.5 or higher sug
gest stable and interpretable results. Ranking of centrality indices where 
CS-coefficients are lower than 0.5 may be interpreted with caution 
(Epskamp et al., 2018). 

2.3.3. Post-hoc comparisons and sensitivity analysis 
The links between fatigue severity and other variables in the net

works were first identified, and then post-hoc analysis via network 
comparison test (NCT) (van Borkulo et al., 2017) was performed to 
assess whether such links differed between baseline and month 12. A 
Holm-Bonferroni correction was employed to control for multiple 
testing. Significance level was set at alpha=0.05. 

Sensitivity analysis was done by estimating separate networks as 
described above, stratifying on gender and whether patients had 
received any Disease Modifying Drugs (DMDs) from baseline to month 
12. 

2.3.4. Comparisons between networks associated with persistent versus 
remitted fatigue 

Additionally, two networks were constructed, using baseline data, to 
compare participants who had persistent and remitting fatigue at one- 
year follow-up. The persistent-fatigue group was defined as pwMS 
who had FSS ≥ 36 at both baseline and month 12; while remitted group 
was defined as pwMS who had FSS ≥ 36 at baseline and FSS < 36 month 
12 (Krupp et al., 1989). 

3. Results 

3.1. Baseline characteristics, fatigue severity and bivariate correlations 

Among 440 participants enrolled in the FutureMS cohort, 322 par
ticipants (73.2%) at baseline and 323 participants (73.4%) at month 12, 
had complete data and were included in further analysis. There was no 
systematic difference in the demographic and clinical measures between 
participants included in our analysis and the complete cohort (Supple
mentary Table 1). Geographical and demographic characteristics of the 
cohort were shown in Table 2 and were comparable with those of pa
tients with recently-diagnosed MS in Scotland as a whole, as confirmed 

by mandatory incidence register for MS in Scotland (Kearns et al., 2022; 
Kearns et al., 2019). Median FSS was 34 (IQR 23 – 46, range 9 – 63), 
consistent with mild/moderate fatigue severity, and 154 participants 
(47.8%) reported significant fatigue (FSS ≥ 36. (Krupp et al., 1989)) 
Fatigue was neither significantly associated with participant sex (Female 
Median FSS 35, IQR 26 – 47; Male Median 33, IQR 19 – 44; Wilcoxon 
rank sum test with continuity correction p = 0.08), nor correlated with 
age at study entry (Spearman’s Rho = 0.07, p = 0.21). Only one 
participant was prescribed Amantadine at both study visits, with one 
other participant commencing Amantadine between baseline and 
follow-up visits. No participant received Modafinil, Armodafinil, 
Methylphenidate, or Dextroamphetamine. 

In initial bivariate analyses, including Bonferroni correction for 
multiple comparisons, FSS was correlated to a statistically significant 
degree with most of the included physical disability, cognitive and af
fective metrics. In all cases, increasing fatigue was associated with 
clinically adverse change in the correlated metric (Table 3). Specifically, 
FSS was correlated to a moderate degree with PHQ-9, EDSS, GAD-7 and 
sleep quality. Strengths of other statistically significant correlations 
were weak (see eMethod for interpretation of correlation strength) 
(Schober et al., 2018). FSS was not significantly correlated with the 
included imaging variables. 

3.2. Network analyses 

3.2.1. Relevant sample characteristics 
The characteristics of participants included in network analysis at 

baseline and month 12 are shown in Table 4. Over one year’s follow-up, 
we observed statistically significant deterioration in EDSS, increase in 
WMH, and decreases in cGM, BG and Thalamic volume. Statistically 
significant improvement was seen in walking speed, upper limb dex
terity, and cognitive performance measured by SDMT and PASAT. We 
noted reductions in self-reported depression and anxiety. There was no 
statistically significant difference in median fatigue severity at baseline 
and month 12. 

3.2.2. Primary networks 
Networks at baseline and month 12 (Fig. 1) demonstrated close inter- 

relationships both within and between variable groups. With a focus on 
fatigue in the networks at baseline and month 12, after adjusting for all 
other variables included in the network, fatigue severity was most 
strongly connected with PHQ-9 sum score (baseline: 0.34, 95% boot
strap intervals 0.26 – 0.41; month 12: 0.4, 95% bootstrap intervals 0.32 
– 0.47) and EDSS (baseline: 0.18, 95% bootstrap intervals 0.08 – 0.27; 
month 12: 0.14, 95% bootstrap intervals 0.06 – 0.24) (Fig. 1). The 
strength of these two edges were significantly different from all other 
edges linked to FSS. Post-hoc analysis examining the links between FSS, 
PHQ-9 and EDSS did not show significant differences between baseline 
and month 12 (FSS-PHQ-9: p = 0.29; FSS-EDSS: p = 0.57). Weaker 
connections of FSS were also found with z score of T25FW, GAD-7 and 
SLEEP (Fig. 1). A weak connection between FSS and PASAT was shown 
at month 12 only. 

Table 2 
Baseline characteristics of the study cohort (n = 322).  

Characteristics Median (IQR)a 

Age at study inclusion, years (mean, SD) 38.0 (10.2) 
Sex Female (count,%) 241 (74.8) 
Time from diagnosis to first study visit, days 60 (35 – 96) 
Disease duration, years 1.8 (0.9 – 4.6) 
EDSS at baseline 2 (1.5 – 3)  

a If not otherwise specified, numbers are expressed as median (IQR). 
Abbreviation: EDSS=Expanded Disability Status Scale, SD=Standard 

deviation. 
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3.2.3. Secondary networks 
In the secondary networks including subscores from individual PHQ- 

9 items (Fig. 2), fatigue severity was connected to EDSS and to the PHQ- 
9 item “tiredness”. However, fatigue severity was also specifically con
nected to PHQ-9 items measuring appetite (“EAT”), subjective concen
tration deficits (“CONCE”), psychomotor problems (‘MOVE”), and 
anhedonia (“PLEAS”). Results were consistent at baseline and month 12, 
with slight differences in very weak associations; for instance, the cor
relation between FSS and SLEEP was only evident in the secondary 
network at baseline with PHQ-9 subscores. In contrast, fatigue severity 
had no links to imaging variables either at baseline or month 12. 

3.2.4. Centrality analysis and sensitivity analyses 
To identify the most central variable in the primary networks at 

baseline and month 12, only node strength was compared, since CS- 
coefficients of node strength were all above 0.5 across networks. In 
addition, although there were some negative correlations in the net
works, strength and expected influence were highly correlated (r = 0.7), 
so only node strength was displayed in the main result. In the networks 
with PHQ-9 sum scores, PHQ-9 had the highest strength (Baseline: 2.24, 
Month 12: 2.26) (Fig. 3). The differences of node strength between PHQ- 
9 and other variables were all statistically significant (Supplementary 
Fig. 3). 

In subgroup networks, fatigue severity was associated with EDSS and 
PHQ-9 in subgroups stratified on DMD initiation, and participant 
gender, consistent with the cohort as a whole. However, the robustness 
of networks with male participants (n = 81) and those who never took 

DMD (n = 88) was low (CS-coefficients < 0.25) due to small sample 
sizes. 

3.2.5. Comparisons between networks associated with persistent versus 
remitted fatigue 

Comparing baseline networks of those with persistent (n = 106) 
versus remitted (n = 48) fatigue (Fig. 4), NCT showed no significant 
difference in network structure (p = 0.14) or global strength (4.89 vs 
2.90, p = 0.11). CS-coefficients of node strength were 0.519 and 0.208 
among groups manifesting persistent and remitted fatigue, respectively, 
suggesting low stability within the network of those with remitted fa
tigue. PHQ-9 sum score had the highest expected influence in both 
networks (persistent: 1.39, remitted: 1.52), and highest node strength in 
the persistent-fatigue network (1.78); while 9-HPT had the highest node 
strength in the remitted-fatigue network (1.73). 

4. Discussion 

In this study, we describe the severity and associations of subjective 
fatigue in a large, nationally representative multi-centre cohort of peo
ple recently diagnosed with RRMS. Strikingly, clinically significant fa
tigue (Krupp et al., 1989) was present in almost half of the cohort at 
baseline. In initial bivariate analyses, as expected from existing litera
ture (Håkansson et al., 2019; Biberacher et al., 2018; Weiland et al., 
2015; Stanton et al., 2006; Wilting et al., 2016; Bakshi et al., 2000), we 
confirmed statistically significant correlations between FSS and a wide 
range of physical, cognitive, and affective variables. We did not however 
confirm previously-reported (Palotai and Guttmann, 2020) correlations 
with T2 lesion volume nor grey matter volumes. In network analyses 
accounting for both the included variables and their inter-relationships, 
fatigue severity was most strongly correlated with depression, and with 
physical disability measured by EDSS, both at baseline and month 12. 
Several specific depressive symptoms were reproducibly linked to fa
tigue severity even after statistical correction for an item assessing 
“tiredness” in the PHQ-9 instrument. Depression had the highest node 
strength at both baseline and month 12, indicating its strong potential to 
influence other variables in the networks. 

Table 3 
Bivariate correlations of fatigue severity with physical, cognitive, affective, sleep 
and imaging variables at baseline (n = 322).  

Domain Variable assessed Spearman’s Rho 
(95% CI)a 

p 

Physical disability EDSS 0.46 (0.35 – 0.57) <0.001 
* 

zT25FW − 0.32 (− 0.43 – − 0.21) <0.001 
* 

BMI 0.12 (0.01 – 0.23) 0.033 
z9-HPT − 0.26 (− 0.37 – − 0.15) <0.001 

* 
Cognitive 

performance 
zPASAT − 0.14 (− 0.25 – − 0.03) 0.014 
SDMT − 0.23 (− 0.34 – − 0.12) <0.001 

* 
Affective disorders PHQ-9 0.64 (0.53 – 0.75) <0.001 

* 
GAD-7 0.46 (0.35 – 0.56) <0.001 

* 
Sleep MSIS-29-SLEEP 0.41 (0.31 – 0.52) <0.001 

* 
Imagingb WMH volume 0.002 (− 0.11 – 0.11) 0.97 

Cortical grey matter 
volume 

− 0.08 (− 0.19 – 0.03) 0.14 

Basal ganglia volume 0.05 (− 0.06 – 0.16) 0.37 
Thalamus volume − 0.06 (− 0.17 – 0.05) 0.25 

As with FSS, higher values of measures of physical disability (EDSS & BMI), 
affective disorders, and sleep reflect raw test scores, and so correspond to worse 
performance/higher disability. The opposite is true of tests of zT25FW, z9-HPT 
and cognitive performance where lower values reflect worse performance on the 
test. 

a denotes the bias-corrected and accelerated bootstrap intervals. 
b expressed as proportion of intracranial volume. 
* denotes statistical significance after Bonferroni correction: Threshold p =

0.004 
Abbreviation: EDSS=Expanded Disability Status Scale; zT25FW=Z score of 

Timed 25 Foot Walk test; BMI=Body Mass Index; 9-HPT= Z score of Nine Hole 
Peg Test; zPASAT=Z score of Paced Auditory Serial Addition Test; 
SDMT=Symbol Digit Modality Test; PHQ-9=Patient Heath Questionnaire-9; 
GAD-7=Generalized Anxiety Disorder-7 instrument; MSIS-29-SLEEP=Multiple 
Sclerosis Impact Scale-problems sleeping; WMH=Whole-brain white matter 
hyperintensity. 

Table 4 
Comparison of clinical and imaging variables between baseline and month 12.   

Participants eligible for network analysis   
Baseline (n = 322) Month 12 (n = 323) Pa 

FSS 34 (23.3 – 45.8) 35 (19 – 50) 0.556 
BMI 23.30 (26.05 – 30.27) 23.20 (26.70 – 31.20) 0.062 
EDSS 2 (1.5 – 3) 2.5 (2 – 3) <0.001 
zT25FW 0.22 (− 0.35 – 0.59) 0.43 (− 0.04 – 0.74) <0.001 
z9-HPT 0.15 (− 0.58 – 0.73) 0.39 (− 0.38 – 1.00) <0.001 
PHQ-9 6 (3 – 11) 4 (1 – 8.5) <0.001 
GAD-7 4 (2 – 7) 3 (1 – 7) <0.001 
SDMT 60.5 (54 – 68) 62 (54 – 69) 0.007 
zPASAT 0.32 (− 0.16 – 0.73) 0.53 (− 0.06 – 0.87) <0.001 
WMHb 0.65 (0.39 – 0.99) 0.80 (0.59 – 1.20) <0.001 
cGMb 37.94 (36.24 – 39.77) 37.74 (36.16 – 39.47) <0.001 
BGb 1.29 (1.20 – 1.40) 1.26 (1.18 – 1.37) <0.001 
THALAb 0.91 (0.83 – 0.97) 0.90 (0.82 – 0.96) <0.001 

Data presented above are median (IQR). All Z-scores transformed such that 
higher values reflect better performance on the test relative to the baseline 
cohort. 

a p-values obtained from Wilcoxon signed-rank tests (317 pairs). 
b expressed as percentage of intracranial volume (%) 

Abbreviation: FSS=Fatigue Severity Scale; EDSS=Expanded Disability Sta
tus Scale; zT25FW= Z score of Timed 25 Foot Walk test; BMI=Body Mass Index; 
z9-HPT= Z score of Nine Hole Peg Test; zPASAT=Z score of Paced Auditory 
Serial Addition Test; SDMT=Symbol Digit Modality Test; PHQ-9=Patient Heath 
Questionnaire-9; GAD-7=Generalized Anxiety Disorder-7 instrument; SLEEP =
Multiple Sclerosis Impact Scale-problems sleeping; WMH=Whole-brain white 
matter hyperintensity volume; cGM=cortical grey matter volume; BG=basal 
ganglia volume; THALA=thalamus volume. 
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4.1. Links to fatigue – depression and physical disability 

The link between fatigue and depression is bidirectional and chal
lenging to disentangle. In pwMS, a number of mechanistic hypotheses 
have been proposed to explain the common co-occurrence of fatigue and 
depression, such as dysregulation of the hypothalamic-pituitary-adrenal 
axis (Feinstein et al., 2014). In addition, inflammation and cytokine 
production in response to underlying pathology of MS have been hy
pothesized to play a role in the experience of both fatigue (Patejdl et al., 
2016) and depression (Feinstein et al., 2014) in pwMS, perhaps medi
ated by effects on brain structures implicated in reward processing 
(Palotai and Guttmann, 2020; Feinstein et al., 2014; Heitmann et al., 
2020). This hypothesis is in accordance with the finding of a significant 
relationship between fatigue severity and anhedonia in our cohort. 
However, studies of inflammatory biomarkers in serum and CSF have 
yielded inconsistent results, with no clear biochemical correlate of 
subjective fatigue in pwMS emerging in studies to date (Alvarenga-Filho 
et al., 2017; Håkansson et al., 2019; Biberacher et al., 2018). Another 
possible explanation may lie in negatively biased recall, or self-report. 
Because measurement of both fatigue and depression relies on partici
pant self-report of symptoms, negatively biased cognitive processing 
(Gotlib and Joormann, 2010) or recall, might result in depressed in
dividuals rating their symptoms or functioning more negatively. How
ever, we argue that the subjective experience of fatigue is of importance 
since it is distinct from objective performance and may reflect meta
cognitive perception of lack of control over physiological states (Man
jaly et al., 2019). 

We report that fatigue may be differentially linked to specific 
depressive symptoms (Fried and Nesse, 2015). Among nine core 
depressive symptoms (Kroenke et al., 2001; American Psychiatric As
sociation, 2013), and after controlling for an item measuring tiredness, 
we found four of these (anhedonia, subjective concentration deficits, 
subjectively altered speed of movement, and appetite) to be specifically 
related to subjective fatigue. While not previously reported in pwMS, 

studies of people with major depressive disorder have suggested that 
separate depressive symptoms may be linked to distinct biological 
mechanisms, risk factors, and subsequent impairment (Fried and Nesse, 
2015). Interestingly, median fatigue severity did not vary to a statisti
cally significant degree over the one-year study period, while a reduc
tion in median depression sum score was observed. This finding 
highlights that fatigue severity is intricately linked to a range of vari
ables, including, but not limited to, severity of depressive symptoms. 

The link between fatigue and EDSS may also be bidirectional. It has 
been hypothesized both that fatigue may occur as a consequence of 
disease severity (Janardhan and Bakshi, 2002), and that, conversely, 
fatigue-related fear and avoidance might lead to increased disease 
severity and physical disability (van Kessel and Moss-Morris, 2006). A 
large retrospective cohort study (Vaughn et al., 2020) found that fatigue 
at study enrolment was a significant predictor of later sustained EDSS 
worsening. However, such a link has not been confirmed by other 
literature (Håkansson et al., 2019; Biberacher et al., 2018). 

4.2. Absent links to fatigue in networks 

The discrepancy between the results of bivariate correlations and 
network analyses could have several possible explanations. First, some 
weak links might be eliminated from the network estimation due to a 
sparse (conservative) network structure imposed in our study. Secondly, 
this may reflect that some apparent links in bivariate correlations are in 
fact mediated by other variables. For instance, the bivariate correlation 
between fatigue and BMI may be accounted for by common links with 
walking speed (Pilutti et al., 2013). Furthermore, in the secondary 
networks with PHQ-9 subscores (which included an item assessing 
subjective difficulty in concentrating), fatigue severity was not linked to 
objective cognitive performance measured by SDMT or PASAT, whilst it 
was connected with subjective difficulty in concentrating. These find
ings echoed the dissociation between objective and subjective estimates 
of cognitive performance previously described in pwMS (Wilting et al., 

Fig. 1. Primary network estimation. Primary networks depicting partial correlations between fatigue and variables of physical disability, affective disorders, 
cognitive performance, sleep quality, and structural brain imaging. Including PHQ-9 sum scores as measures of depression. (A: Baseline; B: Month 12) Blue edges 
indicate positive associations and red edges indicate negative associations. The width of the edges is proportional to the absolute value of the edge-weight. The 
colours of the nodes represent different domains. Abbreviation: FSS=Fatigue Severity Scale; EDSS=Expanded Disability Status Scale; zT25FW= Z score of Timed 25 
Foot Walk test; BMI=Body Mass Index; z9-HPT= Z score of Nine Hole Peg Test; zPASAT=Z score of Paced Auditory Serial Addition Test; SDMT=Symbol Digit 
Modality Test; PHQ-9=Patient Heath Questionnaire-9; GAD-7=Generalized Anxiety Disorder-7 instrument; SLEEP = Multiple Sclerosis Impact Scale-problems 
sleeping; WMH=Whole-brain white matter hyperintensity volume; cGM=cortical grey matter volume; BG=basal ganglia volume; THALA=thalamus volume. 
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Fig. 2. Secondary network estimation. Secondary networks depicting partial correlations between fatigue and variables of physical disability, affective disorders, 
cognitive performance, sleep quality, and structural brain imaging. Including individual item scores of PHQ-9 as measures of depression. (A: Baseline; B: Month 12) 
Blue edges indicate positive associations and red edges indicate negative associations. The width of the edges is proportional to the absolute value of the edge-weight. 
The colors of the nodes represent different domains. Abbreviation: FSS=Fatigue Severity Scale; EDSS=Expanded Disability Status Scale; zT25FW= Z Scores of Timed 
25 Foot Walk test; BMI=Body Mass Index; z9-HPT=Z Scores of Nine Hole Peg Test; zPASAT= Z Scores of Paced Auditory Serial Addition Test; SDMT=Symbol Digit 
Modality Test; GAD7=Generalized Anxiety Disorder-7 instrument; PHQ-9=Patient Heath Questionnaire-9: PLEAS= little interest or pleasure in doing things, 
DOWN= feeling down, depressed, or hopeless, PHQ9-S= trouble falling or staying asleep, or sleeping too much, TIRED= feeling tired or having little energy, EAT=
poor appetite or overeating, FAIL= feeling bad about yourself - or that you are a failure or have let yourself or your family down, CONCE= trouble concentrating on 
things, such as reading the newspaper or watching television, MOVE= moving or speaking so slowly that other people could have noticed; or the opposite, being so 
fidgety or restless that you have been moving around a lot more than usual, SELF= thoughts that you would be better off dead, or of hurting yourself in some way; 
SLEEP = Multiple Sclerosis Impact Scale-Problems sleeping; WMH=Whole-brain white matter hyperintensity volume; cGM=cortical grey matter volume; BG=basal 
ganglia volume; THALA=thalamus volume. 

Fig. 3. Centrality index – node strength at baseline and month 12. Y-axis displays the z-scores of node strength. Abbreviation: FSS=Fatigue Severity Scale; 
EDSS=Expanded Disability Status Scale; zT25FW= Z score of Timed 25 Foot Walk test; BMI=Body Mass Index; z9-HPT= Z score of Nine Hole Peg Test; zPASAT=Z 
score of Paced Auditory Serial Addition Test; SDMT=Symbol Digit Modality Test; PHQ-9=Patient Heath Questionnaire-9; GAD-7=Generalized Anxiety Disorder-7 
instrument; SLEEP = Multiple Sclerosis Impact Scale-problems sleeping; WMH=Whole-brain white matter hyperintensity volume; cGM=cortical grey matter vol
ume; BG=basal ganglia volume; THALA=thalamus volume. 
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2016). 
Our study did not find an association between fatigue severity and 

structural brain imaging variables. A recent review (Palotai and Gutt
mann, 2020) described that associations between fatigue and global 
brain MRI structural variables, including white matter lesion volume 
and grey matter volume, were not significant after controlling for 
important confounding variables, such as EDSS (Biberacher et al., 2018). 
The absence of a relationship between fatigue severity, and volumes of 
basal ganglia and thalamus in our findings was however different from 
some previous studies (Palotai and Guttmann, 2020). In particular, a 
recent literature review (Palotai and Guttmann, 2020) has concluded 
that macro/microstructural and functional changes involving a 
cortico-striato-thalamo-cortical loop might contribute to the pathogen
esis of fatigue in pwMS. Reasons for contrasting results in our study, in 
comparison to previous publications, could include methodological 
considerations such as the disease duration and disease course of 
enrolled patients (Biberacher et al., 2018). Furthermore, brain structural 
changes related to fatigue in early RRMS might only be apparent at a 
microstructural or functional level rather than at the macrostructural 
levels examined in our study. 

4.3. Limitations and strengths 

There are some limitations in our study. Firstly, we measured fatigue 
severity using FSS, which despite validation for use in pwMS, has been 
suggested to preferentially focus on physical aspects of fatigue. How
ever, we note a strong association between fatigue severity as described 
by FSS, and other correlates of fatigue, particularly depressive symp
tomatology, in the current study. Secondly, causality cannot be inferred 
from cross-sectional analyses included in this study. Future studies 
including data collection at multiple time points to build longitudinal 
networks are needed. Interpretation of changes in cognitive measures 
over the period of the study, while not key to our analyses, may be 

influenced by practice effects. Lastly, due to the availability of data in 
this cohort, we could not include all variables that could possibly link to 
fatigue, such as pain, and some serum and CSF biomarkers (such as IL-6) 
(Alvarenga-Filho et al., 2017; Håkansson et al., 2019; Biberacher et al., 
2018). Future studies that include these measures might further mech
anistic understanding. 

Nevertheless, this study has four major strengths. First, the data is 
drawn from the FutureMS cohort study, which showed geographically 
and demographically representative coverage of Scottish patients diag
nosed with RRMS (Kearns et al., 2022). Secondly, none of the study 
participants had received DMDs at study baseline, which allowed us to 
examine the associations of interest without effects from DMDs at study 
baseline, and to contrast findings with those one year later, when 72.7% 
had commenced disease modifying therapy. Also, only two participants 
used Amantadine for fatigue, and thus our results were unlikely to be 
affected by medication for MS-related fatigue. Thirdly, in light of the 
deep phenotyping in the FutureMS cohort, we were able to employ a 
wide range of relevant clinical, neuropsychological and imaging phe
notyping which allows a unique opportunity to examine the associations 
of fatigue with a broad range of relevant variables. Lastly, use of a 
multivariate network approach allows for assessing the relationships 
between fatigue, clinical measures, and brain structure assessed by MRI, 
after correction for all other variables in the network. This method is 
well grounded in psychological research, but relatively new in the area 
of neurological diseases. 

4.4. Implications for future studies and clinical practice 

From a clinical perspective, the strong links identified between 
subjective fatigue and depression, particularly specific depressive 
symptoms, may assist focussed recognition and assessment of comorbid 
fatigue and depression. Besides the beneficial outcomes that have been 
shown in interventions simultaneously targeting fatigue and depression 

Fig. 4. Baseline networks of participants who had persistent or remitted fatigue at one year follow up. Primary networks depicting partial correlations 
between fatigue and variables of physical disability, affective disorders, cognitive performance, sleep quality, and structural brain imaging. Including PHQ-9 sum 
scores as measures of depression. (A: Persistent fatigue; B: Remitted fatigue) Blue edges indicate positive associations and red edges indicate negative associations. 
The width of the edges is proportional to the absolute value of the edge-weight. The colours of the nodes represent different domains. Abbreviation: FSS=Fatigue 
Severity Scale; EDSS=Expanded Disability Status Scale; zT25FW= Z score of Timed 25 Foot Walk test; BMI=Body Mass Index; z9-HPT= Z score of Nine Hole Peg Test; 
zPASAT=Z score of Paced Auditory Serial Addition Test; SDMT=Symbol Digit Modality Test; PHQ-9=Patient Heath Questionnaire-9; GAD-7=Generalized Anxiety 
Disorder-7 instrument; SLEEP = Multiple Sclerosis Impact Scale-problems sleeping; WMH=Whole-brain white matter hyperintensity volume; cGM=cortical grey 
matter volume; BG=basal ganglia volume; THALA=thalamus volume. 
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(Ehde et al., 2015), a recent study found that early intervention in 
reducing depressive symptoms was associated with overall reduction in 
fatigue severity, and vice versa (Knowles et al., 2020). The findings in 
our study also suggested that a focus on identification and modification 
of depression and physical disability may be particularly important in 
clinical treatment of subjective fatigue. Furthermore, post-hoc analysis 
showed that the links of fatigue severity were not significantly different 
between baseline and month 12, suggesting that the underlying 
contributory factors of subjective fatigue remained stable in this time
frame. However, longer-duration longitudinal studies are needed to 
determine whether there is a shift in correlations of fatigue severity 
throughout the disease course. 

From a research perspective, data-driven multivariate approaches 
such as network analysis could be especially useful in guiding selection 
of the most important research and clinical targets in MS-related fatigue, 
particularly where relevant variables are known to be inter-related. The 
stability of estimated networks can furthermore usefully be quantified, 
along with strength and influence of network nodes. We did not find a 
significant difference between networks among those with persistent 
and remitted fatigue. Considering stability of subgroup networks, 
however, future studies are needed to investigate any links between 
network structure and clinical outcomes. 

5. Conclusion 

Our analysis suggests that fatigue is preferentially linked to specific 
key depressive symptoms in early RRMS, as well as to physical disability 
measured by EDSS. Network analyses did not support significant asso
ciations between fatigue severity and objective cognitive performance, 
or structural brain imaging variables. Our findings that subjective fa
tigue in early RRMS is preferentially linked to specific key depressive 
symptoms, may have mechanistic as well as clinical relevance. 

CRediT authorship contribution statement 

Yuan-Ting Chang: Conceptualization, Formal analysis, Methodol
ogy, Writing – original draft, Writing – review & editing. Patrick K.A. 
Kearns: Methodology, Writing – review & editing. Alan Carson: 
Writing – review & editing. David C. Gillespie: Writing – review & 
editing. Rozanna Meijboom: Formal analysis, Writing – review & 
editing. Agniete Kampaite: Formal analysis, Writing – review & edit
ing. Maria del C. Valdés Hernández: Formal analysis, Writing – review 
& editing. Christine Weaver: Project administration, Writing – review 
& editing. Amy Stenson: Project administration, Writing – review & 
editing. Niall MacDougall: Investigation, Project administration, 
Writing – review & editing. Jonathan O’Riordan: Investigation, 
Writing – review & editing. Margaret Ann Macleod: Investigation, 
Writing – review & editing. Francisco Javier Carod-Artal: Investiga
tion, Writing – review & editing. Peter Connick: Funding acquisition, 
Investigation, Writing – review & editing. Adam D. Waldman: Funding 
acquisition, Writing – review & editing. Siddharthan Chandran: 
Funding acquisition, Methodology, Writing – review & editing. Peter 
Foley: Conceptualization, Formal analysis, Methodology, Writing – re
view & editing. 

Declarations of Competing Interest 

The authors declare no relevant conflicts of interest. 

Acknowledgments 

This study is indebted to the FutureMS participants. We would like to 
thank non-author contributors of the FutureMS Consortium and clinical 
collaborators within neurology departments across NHS Scotland. We 
would also like to acknowledge Ms Nicole White’s contribution to the 
brain imaging used in this study. With thanks to FutureMS, hosted by 

Precision Medicine Scotland Innovation Centre (PMS IC) and funded by 
a grant from the Scottish Funding Council to PMS IC, and Biogen Idec 
Ltd Insurance. 

Supplementary materials 

Supplementary material associated with this article can be found, in 
the online version, at doi:10.1016/j.msard.2022.104429. 

References 

Alvarenga-Filho, H., Salles, M., Hygino, J., et al., 2017. Fatigue favors in vitro Th1 and 
Th17-like cell expansion and reduces corticoid sensitivity in MS patients. 
J. Neuroimmunol. 303, 81–89. https://doi.org/10.1016/j.jneuroim.2016.12.013. 

American Psychiatric Association, 2013. Diagnostic and Statistical Manual of Mental 
Disorders : DSM-5. eds., 10. American Psychiatric Association, Arlington, VA.  

Ashaie, S.A., Hung, J., Funkhouser, C.J., Shankman, S.A., Cherney, L.R., 2021. 
Depression over time in persons with stroke: a network analysis approach. J. Affect. 
Disord. Rep. 4, 100131 https://doi.org/10.1016/j.jadr.2021.100131. 

Bakshi, R., Shaikh, Z.A., Miletich, R.S., et al., 2000. Fatigue in multiple sclerosis and its 
relationship to depression and neurologic disability. Mult. Scler. 6 (3), 181–185. 
https://doi.org/10.1177/135245850000600308. 

Beard, C., Millner, A.J., Forgeard, M.J.C., et al., 2016. Network analysis of depression 
and anxiety symptom relationships in a psychiatric sample. Psychol. Med. 46 (16), 
3359–3369. https://doi.org/10.1017/S0033291716002300. 

Biberacher, V., Schmidt, P., Selter, R.C., et al., 2018. Fatigue in multiple sclerosis: 
associations with clinical, MRI and CSF parameters. Mult. Scler. 24 (8), 1115–1125. 
https://doi.org/10.1177/1352458517712078. 

Ehde, D.M., Elzea, J.L., Verrall, A.M., Gibbons, L.E., Smith, A.E., Amtmann, D., 2015. 
Efficacy of a telephone-delivered self-management intervention for persons with 
multiple sclerosis: a randomized controlled trial with a one-year follow-up. Arch. 
Phys. Med. Rehabil. 96 (11), 1945–1958. https://doi.org/10.1016/j. 
apmr.2015.07.015 e2.  

Epskamp, S., Fried, E.I., 2018. A tutorial on regularized partial correlation networks. 
Psychol. Methods 23 (4), 617–634. https://doi.org/10.1037/met0000167. 

Epskamp, S., Borsboom, D., Fried, E.I., 2018. Estimating psychological networks and 
their accuracy: a tutorial paper. Behav. Res. Methods 50 (1), 195–212. https://doi. 
org/10.3758/s13428-017-0862-1. 

Feinstein, A., Magalhaes, S., Richard, J.F., Audet, B., Moore, C., 2014. The link between 
multiple sclerosis and depression. Nat. Rev. Neurol. 10 (9), 507–517. https://doi. 
org/10.1038/nrneurol.2014.139. 

Fried, E.I., Nesse, R.M., 2015. Depression sum-scores don’t add up: why analyzing 
specific depression symptoms is essential. BMC Med. 13 (1), 72. https://doi.org/ 
10.1186/s12916-015-0325-4. 

GBD 2016 Neurology Collaborators, 2019. regional, and national burden of neurological 
disorders, 1990-2016: a systematic analysis for the global burden of disease study 
2016. Lancet Neurol. 18 (5), 459–480. https://doi.org/10.1016/S1474-4422(18) 
30499-X. 

Gotlib, I.H., Joormann, J., 2010. Cognition and depression: current status and future 
directions. Annu. Rev. Clin. Psychol. 6, 285–312. https://doi.org/10.1146/annurev. 
clinpsy.121208.131305. 

Gunzler, D.D., Perzynski, A., Morris, N., Bermel, R., Lewis, S., Miller, D., 2015. 
Disentangling multiple sclerosis and depression: an adjusted depression screening 
score for patient-centered care. J. Behav. Med. 38 (2), 237–250. https://doi.org/ 
10.1007/s10865-014-9574-5. 

Håkansson, I., Johansson, L., Dahle, C., Vrethem, M., Ernerudh, J., 2019. Fatigue scores 
correlate with other self-assessment data, but not with clinical and biomarker 
parameters, in CIS and RRMS. Mult. Scler. Relat. Disord. 36, 101424 https://doi.org/ 
10.1016/j.msard.2019.101424. 

Heine, M., van de Port, I., Rietberg, M.B., van Wegen, E.E.H., Kwakkel, G., 2015. Exercise 
therapy for fatigue in multiple sclerosis. Cochrane Database Syst. Rev. (9), 
CD009956 https://doi.org/10.1002/14651858.CD009956.pub2. 

Heitmann, H., Andlauer, T.F.M., Korn, T., et al., 2020. Fatigue, depression, and pain in 
multiple sclerosis: how neuroinflammation translates into dysfunctional reward 
processing and anhedonic symptoms. Mult. Scler., 1352458520972279 https://doi. 
org/10.1177/1352458520972279. November.  

Janardhan, V., Bakshi, R., 2002. Quality of life in patients with multiple sclerosis: the 
impact of fatigue and depression. J. Neurol. Sci. 205 (1), 51–58. https://doi.org/ 
10.1016/s0022-510x(02)00312-x. 

Kearns, P.K.A., Paton, M., O’Neill, M., et al., 2019. Regional variation in the incidence 
rate and sex ratio of multiple sclerosis in Scotland 2010-2017: findings from the 
scottish multiple sclerosis register. J. Neurol. https://doi.org/10.1007/s00415-019- 
09413-x. June.  

Kearns, P.K.A., Martin, S.J., Chang, J., et al., 2022. FutureMS cohort profile: a scottish 
multicentre inception cohort study of relapsing-remitting multiple sclerosis. BMJ 
Open 12 (6), e058506. https://doi.org/10.1136/bmjopen-2021-058506. 

Kluger, B.M., Krupp, L.B., Enoka, R.M., 2013. Fatigue and fatigability in neurologic 
illnesses. Neurology 80 (4). https://doi.org/10.1212/WNL.0b013e31827f07be, 409 
LP-416.  

Knowles, L.M., Arewasikporn, A., Kratz, A.L., Turner, A.P., Alschuler, K.N., Ehde, D.M., 
2020. Early treatment improvements in depression are associated with overall 
improvements in fatigue impact and pain interference in adults with multiple 
sclerosis. Ann. Behav. Med. https://doi.org/10.1093/abm/kaaa102. November.  

Y.-T. Chang et al.                                                                                                                                                                                                                               

https://doi.org/10.1016/j.msard.2022.104429
https://doi.org/10.1016/j.jneuroim.2016.12.013
http://refhub.elsevier.com/S2211-0348(22)00933-6/sbref0023
http://refhub.elsevier.com/S2211-0348(22)00933-6/sbref0023
https://doi.org/10.1016/j.jadr.2021.100131
https://doi.org/10.1177/135245850000600308
https://doi.org/10.1017/S0033291716002300
https://doi.org/10.1177/1352458517712078
https://doi.org/10.1016/j.apmr.2015.07.015
https://doi.org/10.1016/j.apmr.2015.07.015
https://doi.org/10.1037/met0000167
https://doi.org/10.3758/s13428-017-0862-1
https://doi.org/10.3758/s13428-017-0862-1
https://doi.org/10.1038/nrneurol.2014.139
https://doi.org/10.1038/nrneurol.2014.139
https://doi.org/10.1186/s12916-015-0325-4
https://doi.org/10.1186/s12916-015-0325-4
https://doi.org/10.1016/S1474-4422(18)30499-X
https://doi.org/10.1016/S1474-4422(18)30499-X
https://doi.org/10.1146/annurev.clinpsy.121208.131305
https://doi.org/10.1146/annurev.clinpsy.121208.131305
https://doi.org/10.1007/s10865-014-9574-5
https://doi.org/10.1007/s10865-014-9574-5
https://doi.org/10.1016/j.msard.2019.101424
https://doi.org/10.1016/j.msard.2019.101424
https://doi.org/10.1002/14651858.CD009956.pub2
https://doi.org/10.1177/1352458520972279
https://doi.org/10.1177/1352458520972279
https://doi.org/10.1016/s0022-510x(02)00312-x
https://doi.org/10.1016/s0022-510x(02)00312-x
https://doi.org/10.1007/s00415-019-09413-x
https://doi.org/10.1007/s00415-019-09413-x
https://doi.org/10.1136/bmjopen-2021-058506
https://doi.org/10.1212/WNL.0b013e31827f07be
https://doi.org/10.1093/abm/kaaa102


Multiple Sclerosis and Related Disorders 69 (2023) 104429

9

Kroenke, K., Spitzer, R.L., Williams, J.B., 2001. The PHQ-9: validity of a brief depression 
severity measure. J. Gen. Intern. Med. 16 (9), 606–613. https://doi.org/10.1046/ 
j.1525-1497.2001.016009606.x. 

Krupp, L.B., LaRocca, N.G., Muir-Nash, J., Steinberg, A.D., 1989. The fatigue severity 
scale. Application to patients with multiple sclerosis and systemic lupus 
erythematosus. Arch. Neurol. 46 (10), 1121–1123. https://doi.org/10.1001/ 
archneur.1989.00520460115022. 

Manjaly, Z.M., Harrison, N.A., Critchley, H.D., et al., 2019. Pathophysiological and 
cognitive mechanisms of fatigue in multiple sclerosis. J. Neurol. Neurosurg. 
Psychiatry 90 (6), 642–651. https://doi.org/10.1136/jnnp-2018-320050. 

Meijboom R., Wiseman S.J., York E.N., et al. Rationale and design of the brain magnetic 
resonance imaging protocol for FutureMS: a longitudinal multi-centre study of newly 
diagnosed patients with relapsing-remitting multiple sclerosis in Scotland. medRxiv. 
January 2021:2021.03.10.21253264. 10.1101/2021.03.10.21253264. 

Multiple Sclerosis Council for Clinical Practice Guidelines, 1998. Fatigue and Multiple 
Sclerosis: Evidence-Based Management Strategies for Fatigue in Multiple Sclerosis. 
The Council. 

Palotai, M., Guttmann, C.R., 2020. Brain anatomical correlates of fatigue in multiple 
sclerosis. Mult. Scler. 26 (7), 751–764. https://doi.org/10.1177/ 
1352458519876032. 

Patejdl, R., Penner, I.K., Noack, T.K., Zettl, U.K., 2016. Multiple sclerosis and fatigue: a 
review on the contribution of inflammation and immune-mediated 
neurodegeneration. Autoimmun. Rev. 15 (3), 210–220. https://doi.org/10.1016/j. 
autrev.2015.11.005. 

Patrick, S., Connick, P., 2019. Psychometric properties of the PHQ-9 depression scale in 
people with multiple sclerosis: a systematic review. PLoS One 14 (2), e0197943. 
https://doi.org/10.1371/journal.pone.0197943. 

Pilutti, L.A., Greenlee, T.A., Motl, R.W., Nickrent, M.S., Petruzzello, S.J., 2013. Effects of 
exercise training on fatigue in multiple sclerosis: a meta-analysis. Psychosom. Med. 
75 (6), 575–580. 

R Core Team (2020). R: A language and environment for statistical computing. R 
Foundation for Statistical Computing, Vienna, Austria. URL https://www.R-project. 
org/. 

Schober, P., Boer, C., Schwarte, L.A., 2018. Correlation coefficients: appropriate use and 
interpretation. Anesth. Analg. 126 (5), 1763–1768. 

Stanton, B.R., Barnes, F., Silber, E., 2006. Sleep and fatigue in multiple sclerosis. Mult. 
Scler. J. 12 (4), 481–486. https://doi.org/10.1191/135248506ms1320oa. 

van Borkulo, C., Boschloo, L., Borsboom, D., Penninx, B.W.J.H., Waldorp, L.J., 
Schoevers, R.A., 2015. Association of symptom network structure with the course of 
depression. JAMA Psychiatry 72 (12), 1219–1226. https://doi.org/10.1001/ 
jamapsychiatry.2015.2079. 

van Borkulo, C.D., Waldorp, L.J., Boschloo, L., Kossakowski, J., Tio, P., L.,Schoevers, R. 
A., & Borsboom D. Comparing network structures on three aspects: a permutation 
test. 2017. 10.13140/RG.2.2.29455.38569. 

van Kessel, K., Moss-Morris, R., 2006. Understanding multiple sclerosis fatigue: a 
synthesis of biological and psychological factors. J. Psychosom. Res. 61 (5), 
583–585. https://doi.org/10.1016/j.jpsychores.2006.03.006. 

Vaughn, C.B., Kavak, K.S., Dwyer, M.G., et al., 2020. Fatigue at enrollment predicts EDSS 
worsening in the New York State multiple sclerosis consortium. Mult. Scler. 26 (1), 
99–108. https://doi.org/10.1177/1352458518816619. 

Weiland, T.J., Jelinek, G.A., Marck, C.H., et al., 2015. Clinically significant fatigue: 
prevalence and associated factors in an international sample of adults with multiple 
sclerosis recruited via the internet. PLoS One 10 (2), e0115541. https://doi.org/ 
10.1371/journal.pone.0115541. 

Wilting, J., Rolfsnes, H.O., Zimmermann, H., et al., 2016. Structural correlates for fatigue 
in early relapsing remitting multiple sclerosis. Eur. Radiol. 26 (2), 515–523. https:// 
doi.org/10.1007/s00330-015-3857-2. 

Y.-T. Chang et al.                                                                                                                                                                                                                               

https://doi.org/10.1046/j.1525-1497.2001.016009606.x
https://doi.org/10.1046/j.1525-1497.2001.016009606.x
https://doi.org/10.1001/archneur.1989.00520460115022
https://doi.org/10.1001/archneur.1989.00520460115022
https://doi.org/10.1136/jnnp-2018-320050
https://www.doi.org/10.1101/2021.03.10.21253264
http://refhub.elsevier.com/S2211-0348(22)00933-6/sbref0003
http://refhub.elsevier.com/S2211-0348(22)00933-6/sbref0003
http://refhub.elsevier.com/S2211-0348(22)00933-6/sbref0003
https://doi.org/10.1177/1352458519876032
https://doi.org/10.1177/1352458519876032
https://doi.org/10.1016/j.autrev.2015.11.005
https://doi.org/10.1016/j.autrev.2015.11.005
https://doi.org/10.1371/journal.pone.0197943
http://refhub.elsevier.com/S2211-0348(22)00933-6/sbref0038
http://refhub.elsevier.com/S2211-0348(22)00933-6/sbref0038
http://refhub.elsevier.com/S2211-0348(22)00933-6/sbref0038
https://www.R-project.org/
https://www.R-project.org/
http://refhub.elsevier.com/S2211-0348(22)00933-6/sbref0029
http://refhub.elsevier.com/S2211-0348(22)00933-6/sbref0029
https://doi.org/10.1191/135248506ms1320oa
https://doi.org/10.1001/jamapsychiatry.2015.2079
https://doi.org/10.1001/jamapsychiatry.2015.2079
https://doi.org/10.1016/j.jpsychores.2006.03.006
https://doi.org/10.1177/1352458518816619
https://doi.org/10.1371/journal.pone.0115541
https://doi.org/10.1371/journal.pone.0115541
https://doi.org/10.1007/s00330-015-3857-2
https://doi.org/10.1007/s00330-015-3857-2

	Network analysis characterizes key associations between subjective fatigue and specific depressive symptoms in early relaps ...
	1 Introduction
	2 Subjects/materials and methods
	2.1 Participants
	2.2 Variable selection
	2.3 Statistical analysis
	2.3.1 Network estimation
	2.3.2 Robustness of networks
	2.3.3 Post-hoc comparisons and sensitivity analysis
	2.3.4 Comparisons between networks associated with persistent versus remitted fatigue


	3 Results
	3.1 Baseline characteristics, fatigue severity and bivariate correlations
	3.2 Network analyses
	3.2.1 Relevant sample characteristics
	3.2.2 Primary networks
	3.2.3 Secondary networks
	3.2.4 Centrality analysis and sensitivity analyses
	3.2.5 Comparisons between networks associated with persistent versus remitted fatigue


	4 Discussion
	4.1 Links to fatigue – depression and physical disability
	4.2 Absent links to fatigue in networks
	4.3 Limitations and strengths
	4.4 Implications for future studies and clinical practice

	5 Conclusion
	CRediT authorship contribution statement
	Declarations of Competing Interest
	Acknowledgments
	Supplementary materials
	References


