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Abstract
Fatigue is among the most disabling symptoms in patients with multiple sclerosis (PwMS). The common distinction between 
cognitive and motor fatigue is typically incorporated in self-rating instruments, such as the Chalder Fatigue Questionnaire 
(CFQ), the Fatigue Scale for Motor and Cognitive Functions (FSMC) or the Modified Fatigue Impact Scale (MFIS). The 
present study investigated the factor structure of the CFQ, the FSMC and the MFIS utilizing exploratory (EFA) and con-
firmatory factor analysis (CFA) as well as exploratory structural equation modeling (ESEM). Data of 1.403 PwMS were 
analyzed, utilizing four samples. The first sample (N = 605) was assessed online and split into two stratified halves to perform 
EFA, CFA, and ESEM on the CFQ and FSMC. The second sample (N = 293) was another online sample. It served to cal-
culate CFA and ESEM on the CFQ and FSMC. The third sample was gathered in a clinical setting (N = 196) and analyzed 
by applying CFA and ESEM to the FSMC. The fourth sample (N = 309) was assessed in a clinical setting and allowed to 
run a CFA and ESEM on the MFIS. Proposed factor structures of all questionnaires were largely confirmed in EFA. How-
ever, none of the calculated CFAs and ESEMs could verify the proposed factor structures of the three measures, even with 
oblique rotation techniques. The findings might have implications for future research into the pathophysiological basis of 
MS-related fatigue and could affect the suitability of such measures as outcomes for treatment trials, presumably targeting 
specific sub-components of fatigue.
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Introduction

Fatigue is one of the most common symptoms or comor-
bidities in many neurological disorders, including stroke, 
neurodegenerative diseases, and inflammatory disorders of 

the CNS [1]. Fatigue is particularly common in multiple 
sclerosis (MS), where it affects over 70% of patients and it is 
often perceived as the most disabling symptom [2]. Impor-
tantly, fatigue is a major predictor of unemployment in MS 
[3, 4] and significantly impairs quality of life [5].
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Despite the high clinical importance of fatigue in 
MS, its pathophysiology remains poorly understood [1]. 
Research to unravel its causes and develop effective treat-
ments remains challenging. Attempts to objectively quan-
tify fatigue using experimental tests or biomarkers have 
yielded inconclusive results, so that self-report question-
naires remain the clinical gold standard [6]. Due to the 
large inter-individual heterogeneity in MS pathogenesis 
and disease manifestations throughout the CNS, subtypes 
of MS-fatigue with distinct neurobiological signatures 
have been suggested [7]. This approach could help to dis-
sect the complex architecture of MS-fatigue but would 
require measures to differentiate subtypes or components 
of this syndrome.

The first scales that were developed have typically 
defined fatigue as a uni-dimensional construct (Fatigue 
Severity Scale; [8]; Fatigue Impact Scale; [9]). However, 
tools such as the Fatigue Scale for Motor and Cognitive 
Functions (FSMC; [10]), the Chalder Fatigue Question-
naire (CFQ; [11]) and the Modified Fatigue Impact Scale 
(MFIS; [12]) differentiate motor and cognitive fatigue, 
largely based on clinical observations and the related util-
ity of this distinction. The latter scale, MFIS, has well-
documented psychometric shortcomings [13, 14]. The 
FSMC has been validated on a large sample of patients 
with MS (PwMS) and healthy controls and distinguishes 
cognitive from motor fatigue [10]. The validity of the CFQ 
has also been demonstrated in the general population [15]. 
It assesses fatigue severity and a distinction between men-
tal and physical fatigue. Both the FSMC and the CFQ have 
good psychometric properties in PwMS (reliability, valid-
ity, and sensitivity) [10, 16].

However, the psychometric validity of distinct fatigue 
subconstructs remains statistically doubtful. Studies of 
Martin et al. [15] and Chilcot et al. [16] revealed that the 
proposed factor structure of the CFQ could not be repli-
cated by means of confirmatory factor analyses (CFA) and 
that items needed to be excluded to obtain an acceptable 
model-fit. Likewise, a recent study by Picariello et al. [17] 
demonstrated that the factor structure as well as the item 
number of the CFQ had to be adapted to meet fit criteria. 
Despite the thorough and scientifically sound development 
of the CFQ and FSMC, the underlying factor structures of 
the two scales as well as the MFIS have, to the best of our 
knowledge, not yet been confirmed by CFA or exploratory 
structural equation modeling (ESEM).

The goal of the present study was to evaluate the fac-
torial validity of subconstructs of MS-fatigue utilizing 
exploratory factor analyses (EFA), CFA and ESEM. To 
this end, we leveraged several independent, large data 
sets to determine whether validly discernible subtypes of 
fatigue exist on the psychometric level in MS.

Methods

Participants

Data of 1.403 PwMS, derived from four separate data sets 
were analyzed. The composition of the study groups is 
displayed in Fig. 1.

1.	 Online samples 1a and 1b: EFA, CFA and ESEM on the 
CFQ and FSMC

The aim of the original study was to validate the German 
version of the 11-item CFQ and provide comparisons with 
the FSMC. Participants were recruited via advertisements 
at the website of the German Society for Multiple Sclerosis 
(DMSG) as well as the quarterly E-newsletter of the MS out-
patient clinic, University Medical Centre Hamburg-Eppen-
dorf. Inclusion criteria were self-reported MS diagnosis and 
age ≥ 18. Exclusion criteria were major neurological or psy-
chiatric comorbidities (except depression) as well as a MS 
relapse in the last 4 weeks. From the 873 individuals who 
registered on the website, 605 full data sets were obtained. 
For the purpose of the current analysis, the sample was split 
into two stratified halves (for details, see statistics section). 
All patients provided informed consent prior to enrolment. 
The local ethical review board approved the study (PV4772).

2.	 Online sample 2: CFA and ESEM on the CFQ and 
FSMC

For this sample, data were analyzed from the screening 
assessment for a randomized controlled trial of an online 
fatigue management program. Data of 293 PwMS were 
included in the present analyses. The inclusion criteria 
were a diagnosis of MS and age ≥ 18. Exclusion crite-
ria were major neurological or psychiatric comorbidities 
(except depression) as well as a MS relapse in the last 
4 weeks. Participants were recruited via the website of the 
German MS Society. Out of the 293 patients, 120 did not 
only participate in the online program but were also diag-
nosed by a clinician and received a confirmed MS diag-
nosis. Confirmatory factor analyses were additionally per-
formed for this group (Online Sample 2MS-diagnosis_confirmed) 
to prove the representativeness of the results even if indi-
viduals participated in an online assessment. All patients 
provided informed consent prior to enrolment. The local 
ethical review board approved the study (PV4772).

3.	 Clinical sample 3: CFA and ESEM on the FSMC

This sample was obtained from the patient database of 
the MS outpatient clinic at the University Medical Center 
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Hamburg Eppendorf including consecutive PwMS who 
provided their clinical examination data by informed con-
sent. All patients (N = 196) had a definite MS diagnosis 
according to revised diagnostic criteria [18]. PwMS were 
assessed in a single-test session, which took approximately 
2.5 h. All patients completed the FSMC. The local ethical 
review board approved the study (PV4405).

4.	 Clinical sample 4: CFA and ESEM on the MFIS

For this sample, data were taken from the FSMC vali-
dation study, originally published by Penner et al. [10]. 
Data of 309 PwMS were utilized. Patients were eligible 
if they had definite MS according to McDonald’s criteria 
and were without relapse during the last 3 months. Patients 
with a history of any other (non-MS-related) neurological 
and/or psychiatric disorder were excluded. All PwMS were 
outpatients recruited consecutively and face-to-face. All 
participants provided informed consent prior to enrolment. 

The local ethics committee of the University of Basel, 
Switzerland approved the study.

Measures and procedures

Chalder Fatigue Questionnaire (CFQ)

The Chalder Fatigue Questionnaire (CFQ; [11]) contains 
11 items referring to symptom severity in the past month. 
Responses are scored on a four-point scale (0–3). Item 
responses are added up for computation of (sub)scales. 
Three different scores can be computed: the global severity 
(CFQtotal; all items; range 0–33), a physical fatigue sub-
score (CFQphysical; seven items; range 0–21) and a mental 
fatigue sub-score (CFQmental; four items; range 0–12); see 
also [15]. This study used the German version of the CFQ 
after back-and-forward translations [19].

Fig. 1   Composition of the study samples and analytic strategy. CFA 
confirmatory factor analysis, CFQ Chalder Fatigue Questionnaire, 
CH Switzerland, EFA exploratory factor analysis, ESEM explora-

tory structural equation models, FSMC Fatigue Scale for Motor and 
Cognitive Functions, GER Germany, MFIS Modified Fatigue Impact 
Scale
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Fatigue Scale for Motor and Cognitive Functions (FSMC)

The Fatigue Scale for Motor and Cognitive Functions 
(FSMC) contains 20 items. Ten items measure symptoms 
of cognitive and motor fatigue, respectively [10]. Responses 
are scored on a five-point scale. Item scores can be summed 
to a global severity score (FSMCtotal) or the two sub-scales 
(FSMCmotor; FSMCcognitive) [10].

Modified Fatigue Impact Scale (MFIS)

The Modified Fatigue Impact Scale (MFIS) is the shortened 
version of the FIS [9]. The 21-item MFIS contains three 
sub-scales, a nine-item physical symptoms scale, a ten-
item cognitive scale, and a two-item psychosocial scale. 
Items are scored on a five-point scale. Item scores can be 
summed to the three sub-scores (MFISphysical; MFISmental; 
MFISpsychosocial).

Hospital Anxiety and Depression Scale: German Version 
(HADS‑D)

The Hospital Anxiety and Depression Scale—German Ver-
sion (HADS-D) is a 14-item questionnaire, containing two 
sub-scales with seven items each [(1). Depression: HADS-
DDepression; (2) Anxiety: HADS-DAnxiety; [20, 21]]. Items are 
rated on a four-point scale (0–3) and added for the compu-
tation of the sub-scale scores. For the present study, only 
the depression sub-scale was considered to account for the 
overlap between depression and fatigue in samples 1–3.

Beck Depression Inventory II

In sample 4, the Beck Depression Inventory (BDI-II, [22]) 
was used as a measure for depression.

Patient determined disease steps (PDDS)

Disability was assessed according to the disease steps 
defined by Hohol et al. [23] in samples 1 and 2, ranging from 
“no disability” (“0”) to “confined to wheelchair or worse” 
(“6”). Due to the presentation of the survey in the online 
surveys (1a, 1b, and 2), the participation of bedridden par-
ticipants was not expected, so that the original version was 
preferred over the patient-determined disease steps (PDDS, 
NARCOMS) [24] scale, which suggests a further distinction 
of the severely impaired patients.

Expanded Disability Status Scale (EDSS)

The Expanded Disability Status Scale (EDSS; [25]) was 
applied as a physician-derived disability measure in sam-
ples 3 and 4, with disability scores ranging from “0” to “10”.

Statistical analyses

Demographic data of the samples were analyzed regard-
ing differences in the specific sample characteristics. If the 
same measures were applied across different sub-samples, 
comparisons were made using Chi square tests or univariate 
analyses of variance (ANOVA) with Bonferroni-corrected 
pairwise comparisons. Inter-correlations between scales 
were calculated using Pearson correlations. All correla-
tion coefficients and factor loadings could reach values in 
the range of − 1 to + 1. The magnitude in terms of effect 
size of the obtained correlation coefficients was interpreted 
according to Cohen [26] as “small” for coefficients ≥ 0.10, 
“medium” for coefficients ≥ 0.30 and “large” for coefficients 
≥ 0.50.

For a cross-validation analysis based on sample 1, the 
sample was divided into two stratified samples (1a and 1b). 
Stratification can be used to randomly split a sufficiently 
large data set into two halves and derive an exploratory sta-
tistical model from one halve that can be tested in the second 
halve, while treating both halves as independent samples. 
Stratification criteria were derived from an initially calcu-
lated multivariate general linear model (GLM) with (1) the 
fixed factors sex, disease course and disability as well as (2) 
the respective two-way interactions with age as a covariate 
and (3) the CFQ and FSMC sub-scales as dependent vari-
ables. It aimed to identify potential confounders according 
to Brown [27]. Based on these considerations, we used the 
following stratification criteria: sex, disease course, and dis-
ability (as measured by the PDDS).

For the exploratory analysis of the underlying factor 
structure in the CFQ and FSMC, maximum likelihood 
factor analysis (MLFA) was calculated. Exploratory fac-
tor analysis estimates the best fitting factor structure in 
a given data set. The item-scale assignment thus solely 
depends on the data and does not follow a predefined theo-
retical model. In contrast, CFA is used to test whether 
the obtained data matches a predefined factor structure, 
independent from the given data set, i.e., the item-scale 
assignment defined in the initial publications of the scales. 
Deviations between the proposed factor structure and the 
obtained factor structure in the data are calculated and 
the model-fit determined. CFA and ESEM were both used 
to analyze model-fit. CFA has more rigid assumptions, 
i.e., that items loading onto one specific factor are not 
allowed to have cross-loadings with other hypothesized 
factors. Due to the rigid assumptions of CFA, it can fail 
to reach criteria for model-fit and lead to an overestima-
tion of inter-factor correlations (for further details see 
[28–30]). To overcome this issue, more recent approaches 
suggest the use of exploratory structural equation models 
(ESEM) which provides a superior technique allowing 
free estimation of cross-loadings and utilizing oblique 
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rotation techniques [31]. This means that (1) items must 
show sufficiently large loadings on one factor but may have 
cross-loadings with other factors, and (2) that the factors 
themselves may be correlated. In the present study, we 
used ESEM in MPlus with the default oblique geomin 
rotation and the robust maximum likelihood estimation. 
MPlus was chosen as analysis tool as it provides a pro-
found and sophisticated calculation algorithm for ESEMs 
and oblique rotation techniques that are well received in 
the international scientific community [32]. Cutoff criteria 
to evaluate the model-fit were defined according to Hu 
and Bentler [33], considering the thresholds for an at least 
acceptable fit: comparative fit index (CFI) ≥ 0.95; stand-
ardized root mean square residual (SRMR) < 0.10; non-
normed fit index (NNFI) ≥ 0.95; root mean square error 
of approximation (RMSEA) ≤ 0.08. The published thresh-
olds for fit indices by Hu and Bentler are widely used (as 
evidenced by several thousand citations) and have also 
previously been applied in the confirmatory evaluation 
of fatigue scales, such as the work by Martin et al. [15] 
on the CFQ. As additional sensitivity analyses, CFA and 
ESEM were also computed for relevant subgroups, i.e., 
after exclusion of participants with clinically significant 
depressive symptoms (HADS-DDepression > 7/BDI-II > 9) 
and in a sub-sample of the online cohort who had provided 
written neurologist confirmation of their MS diagnosis. 
Analyses were performed using MPlus 7.0 as well as R 
(including the Lavaan package). The level of significance 
was α = 0.05.

Results

Sample characteristics

An overview of the sub-samples’ demographic and clinical 
characteristics is provided in Table 1. Differences in demo-
graphic data were analyzed, if the respective variables were 
assessed in more than one sub-sample. The obtained sex 
difference resulted from a higher number of males in sam-
ple 4 that differed from the other four samples significantly 
[χ2(1) = 12.11, p = 0.001]. The sex effect vanished after 
removal of this sample [χ2(3) = 5.35, p = 0.148]. Sample 3 
and 4 differed in the EDSS score. PwMS in sample 4 were 
on average more impaired.

Regarding the fatigue symptom severity (see Table 2), 
there were no significant difference between samples 1a, 
1b, and 2 for the CFQ and FSMC (all Bonferroni-corrected 
post hoc pairwise comparisons p > 0.05). However, sample 
3 differed from samples 1a, 1b, and 2 regarding the FSMC 
symptom severity; all Bonferroni-corrected post hoc tests 
were significant on a p < 0.05 level for the FSMCcognitive 
score and on a p < 0.001 level for the FSMCmotor score, 
indicating lower symptom severity in sample 3. Since the 
MFIS was only assessed in sample 4 (physical: M = 19.6, 
SD = 8.4; mental: M = 16.0, SD = 8.8; psychosocial: M = 3.7, 
SD= 2.2), no comparisons could be calculated. Likewise, the 
categories for the disease course were different in samples 2 
and 4. The group effect for differences in depression, as indi-
cated by the HADS-DDepression score, was small; Bonferroni-
corrected post hoc revealed no significant difference between 
any of the samples.

Table 1   Demographic data—overview of the sub-sample characteristics

RRMS relapsing–remitting multiple sclerosis, SPMS secondary progressive multiple sclerosis, PPMS primary progressive multiple sclerosis, 
EDSS Expanded Disability Status Scale, PDDS patient determined disease steps

Sample 1a Sample 1b Sample 2 Sample 3 Sample 4 Statistics

Number N 302 303 293 196 309
Males %/females % 23.5%/76.5% 23.8%/76.2% 19.1%/80.2% 29.1%/70.9% 33.3%/66.6% χ2(4) = 17.29, p = 0.002
Age
 Mean (SD) 41.9 (10.7) 41.8 (11.1) 41.4 (10.4) 40.9 (11.9) 43.4 (10.0) F (1396, 4) = 2.13, 

p = 0.075, ηp
2 = 0.006

Disease course (%)
 Primary manifestation 2.3% 2.3% – 1.5% – χ2(8) = 10.80, p = 0.213
 RRMS 68.5% 68.6% – 78.6% –
 SPMS 15.9% 15.5% – 9.7% –
 PPMS 6.6% 6.9% – 7.7% –
 Not specified 6.6% 6.6% – 2.6% –

PDDS
 Median 2 2 2 – – χ2(14) = 10.03, p = 0.760

EDSS
 Median – – – 2.5 3.0 χ2(16) = 43.13, p < 0.001
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Generation of two stratified sub‑samples

A multivariate GLM was calculated to identify factors asso-
ciated with the CFQ- and FSMC-subscales for consideration 
in the stratification process. After exclusion of the non-sig-
nificant two-way interactions and the non-significant main 
effect for age, three statistically significant main effects (sex: 
Wilk’s Lambda = 0.98, F (4, 585) = 3.21, p = 0.13; disease 
steps: Wilk’s Lambda = 0.78. F (28, 2111) = 5.46, p < 0.001; 
disease course: Wilk’s Lambda = 0.94, F (16, 1788) = 3.17, 
p = 0.001) and one two-way interaction [sex × disease course: 
Wilk’s Lambda = 0.95. F (16, 1788) = 3.30, p = 0.020] 
remained. The three factors were considered as stratifica-
tion criteria. The assignment to the two sub-samples was 
randomized. After stratification, no significant differences 
were obtained in any of the variables samples 1a and 1b 
(mean p value: 0.98 ± 0.03).

Inter‑correlations

The correlations between the FSMC and the CFQ as well as 
the sub-scales of these two fatigue measurements were sta-
tistically significant in all samples. Highest correlations with 
medium-to-large effect sizes were obtained between the two 
sub-scales of each of the two fatigue scales, i.e., FSMCmotor 
with FSMCcognitive and CFQmental with CFQphysical. Moreover, 
all fatigue scales showed significant correlations with the 
HADS-DDepression with medium effect sizes, indicating a con-
ceptual overlap between the constructs (Table 3). Likewise, 
medium effect sizes were obtained between opposing sub-
scales in the two different fatigue measures FSMC and CFQ.

Chalder Fatigue Questionnaire: exploratory factor 
analysis

The factor structure of the CFQ was analyzed using MLFA 
(maximum likelihood axis factoring, VARIMAX-rotation), 
based on data of sample 1a. The screen-plot as well as the 
analysis of the Eigenvalues favored the extraction of two 
factors. Factor loadings for the rotated factor solution are 
displayed in Table 4. Both factors account for 48.1% of the 

Table 2   Overview of fatigue scores in the sub-samples

CFQ Chalder Fatigue Questionnaire, FSMC Fatigue Scale for Motor and Cognitive Functions, HADS-DDepression Hospital Anxiety and Depres-
sion Scale—German Version_subscale Depression

Sample 1a Sample 1b Sample 2 Sample 3 Sample 4 Statistics

CFQphysical

 Mean (SD) 14.0 (3.5) 14.1 (3.4) 14.8 (3.5) – – F (895.2) = 0.01, p = 0.913 ηp
2 < 0.001

CFQmental

 Mean (SD) 7.3 (2.3) 7.5 (2.3) 7.3 (2.3) – – F (895.2) = 0.95, p = 0.389 ηp
2 = 0.002

FSMCmotor

 Mean (SD) 37.6 (7.1) 38.3 (7.6) 39.4 (6.1) 33.4 (8.3) – F (1088, 3) = 29.63, p < 0.001 ηp
2 = 0.075

FSMCcognitive

 Mean (SD) 35.3 (8.0) 36.0 (8.6) 37.0 (7.5) 33.3 (8.7) – F (1088, 3) = 8.62, p < 0.001 ηp
2 = 0.023

HADS-DDepression

 Mean (SD) 7.0 (3.9) 6.9 (3.8) 6.6 (3.8) 6.0 (4.1) – F (1088, 3) = 2.87, p < 0.035 ηp
2 = 0.008

Table 3   Inter-correlations between the HADS-DDepression and the 
fatigue measures CFQ and FSMC across the sub-samples 1a, 1b, 2, 
and 3

CFQ Chalder Fatigue Questionnaire, FSMC Fatigue Scale for Motor 
and Cognitive Functions, HADS-DDepression Hospital Anxiety and 
Depression Scale—German Version_subscale Depression
**p < 0.001; *p < 0.01. As in sample 3, the CFQ was not adminis-
tered, these numbers are left blank “–“

HADS-DDepression FSMCcognitive FSMCmotor CFQmental

FSMC-
cognitive

(1a) 0.29**
(1b) 0.34**
(2) 0.35**
(3) 0.34**

FSMCmotor (1a) 0.24** (1a) 0.65**
(1b) 0.29** (1b) 0.75**
(2) 0.38** (2) 0.54**
(3) 0.37** (3) 0.70**

CFQmental (1a) 0.25** (1a) 0.53** (1a) 0.22**
(1b) 0.29** (1b) 0.65** (1b) 0.43**
(2) 0.18* (2) 0.55** (2) 0.24**
(3) – (3) – (3) -

CFQphysical (1a) 0.28** (1a) 0.39** (1a) 0.47** (1a) 0.46**
(1b) 0.35** (1b) 0.51** (1b) 0.56** (1b) 0.53**
(2) 0.28** (2) 0.29** (2) 0.34** (2) 0.54**
(3) – (3) – (3) – (3) –
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scale variance. The assignment of the scale items to the two 
factors matched the originally proposed factor structure.

FSMC: exploratory factor analysis

The factor structure of the FSMC was analyzed using the 
same methodological approach as described for the CFQ 
(MLFA-maximum likelihood axis factoring, VARIMAX-
rotation). The factor loadings of the EFA are displayed in 
Table 5. Both factors account for 46.5% of the scale vari-
ance. The assignment of the scale items to the two factors 
matched the originally proposed factor structure form the 
original validation study for most items [10]. Relevant cross-
loadings were obtained in four of the 20 items.

Confirmatory factor analysis for CFQ, FSMC, 
and MFIS

CFA was used to test the model-fit of the proposed factor 
structure of the CFQ, based on data of samples 1b, 2, and 
3. The data did not confirm the proposed factor structure. 
Fit indices did not improve after exclusion of participants 
with clinically relevant depression symptoms. CFA were 
also calculated for the FSMC, based on the data of samples 
1b, 2, and 3. Similar to the results obtained for the CFQ, the 
hypothesized model had to be rejected. Again, exclusion of 
participants with significant depression did not improve the 
model-fit. For the MFIS (sample 4), none of the calculated 

CFA matched the fit criteria either. Results are displayed in 
Table 6.

Exploratory structural equation modeling for CFQ, 
FSMC, and MFIS

ESEMs were calculated for the CFQ, the FSMC and the 
MFIS, with a hypothesized 2-factor structure for the CFQ 
and FSMC as well as a 3-factor structure for the MFIS. As 
for the CFA, none of the calculated ESEM led to a sufficient 
model-fit, even though this method allows cross-loadings as 
well as oblique rotation (Table 7).

Discussion

The aim of the present study was to analyze the factorial 
statistical validity of three widely used fatigue instru-
ments in MS (CFQ, FSMC, and MFIS) to evaluate the 

Table 4   Results for the exploratory factor analyses for the Chalder 
Fatigue Questionnaire based on a two-factor solution (sample 1a)

Numbers display the individual factor loadings for all items according 
to a two-way solution after VARIMAX-rotation
CFQ Chalder Fatigue Questionnaire

Item Two-factor solution

Factor 1 Factor 2

Subscale CFQphysical

 01. CFQphysical 0.71 0.21
 02. CFQphysical 0.69 0.26
 03. CFQphysical 0.71 0.22
 04. CFQphysical 0.55 0.21
 05. CFQphysical 0.67 0.20
 06. CFQphysical 0.44 0.08
 07. CFQphysical 0.64 0.14

Subscale CFQmental

 08. CFQmental 0.36 0.54
 09. CFQmental 0.20. 0.81
 10. CFQmental 0.15 0.82
 11. CFQmental 0.17 0.59

Variance explained 27.7% 20.4%

Table 5   Results for the exploratory factor analyses for the FSMC, 
based on two-factor solution (sample 1a)

The FSMC items keep their original item numbers. Numbers display 
the individual factor loadings for all items. According to a two-way 
solution after VARIMAX-rotation
FSMC Fatigue Scale for Motor and Cognitive Functions

Item Two-factor solution

Factor 1 Factor 2

Subscale FSMCCognitive

 01. FSMCcognitive 0.60 0.24
 04. FSMCcognitive 0.62 0.19
 07. FSMCcognitive 0.67 0.19
 08. FSMCcognitive 0.56 0.21
 11. FSMCcognitive 0.70 0.22
 13. FSMCcognitive 0.39 0.43
 15. FSMCcognitive 0.62 0.18
 17. FSMCcognitive 0.74 0.13
 18. FSMCcognitive 0.81 0.21
 20. FSMCcognitive 0.75 0.13

Subscale FSMCMotor

 02. FSMCmotor 0.25 0.70
 03. FSMCmotor 0.27 0.65
 05. FSMCmotor 0.48 0.45
 06. FSMCmotor 0.38 0.31
 09. FSMCmotor 0.04 0.71
 10. FSMCmotor 0.13 0.76
 12. FSMCmotor 0.37 0.48
 14. FSMCmotor 0.24 0.70
 16. FSMCmotor 0.63 0.35
 19. FSMCmotor 0.16 0.48

Variance explained 27.1% 19.3%
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appropriateness of the proposed theoretical fatigue dimen-
sions. According to the EFA, the CFQ and FSMC largely 
matched the originally published factor structure from the 
validation studies. However, for the FSMC, the resulting fac-
tor loadings for some items were ambiguous (items 5, 6, 13, 
and 16). CFA and ESEM showed that the proposed factor 
structure did not fit the data for any of the evaluated fatigue 
instruments. Even the exclusion of patients with depres-
sive symptoms did not improve the model-fit. This suggests 
that the findings are unlikely due to a potential overlap of 
depression and fatigue. The use of ESEMs with oblique rota-
tion also did not lead to a sufficient model-fit. Thus, from a 
statistical point of view, our results challenge the proposed 
fatigue dichotomy in its present form by means of self-rating 
instruments.

The large diversity in assessment tools for fatigue dem-
onstrates that there is still no consensus on the nature of 
fatigue as well as its reliable and valid assessment [10]. 
Researchers tend to agree on the common distinction 
between cognitive and motor fatigue [34], which mainly 
stems from clinical observations and patients’ self-reports. 
The CFQ and FSMC are both widely applied measures 
and are currently among the best validated measures in 

the field [35]. However, studies that focused on the re-
evaluation of scales such as the CFQ failed to prove a 
valid distinction of the original scales by means of CFA 
[15, 16, 36].

From a statistical viewpoint, the results are twofold: the 
poor model-fit in the CFA should not result in what is called 
the Henny-Penny-Problem [37], i.e., that researchers call 
into question all previous results based on poor fit indices. 
CFA in particular can generate a model misfit when minor 
items exhibit residual covariation, for example due to non-
specified underlying factors [38]. Therefore, ESEM was 
introduced as a new method to overcome the rigid assump-
tions of CFA. In their data-driven approach, Fong et al. [36] 
already applied an ESEM approach to the CFQ and could 
not replicate the originally proposed dichotomy. Instead, an 
adaptation of the factor structure was necessary to achieve an 
acceptable model-fit. However, a utilization of the explora-
tory nature of such purely data-driven approaches to verify 
theoretical models that are not supported by data should be 
avoided. Instead, theoretical considerations and research 
findings from other levels of analysis must be acknowledged 
and should be integrated into a sound scientific framework 
and conceptualization of fatigue.

Table 6   Results of the CFA, 
calculated for the CFQ, the 
FSMC, and the MFIS

BDI-II Beck Depression Inventory II, CFI comparative fit index, HADS-DDepression Hospital Anxiety and 
Depression Scale—German Version_subscale Depression, NNFI Nonnormed Fit Index, RMSEA root mean 
square error of approximation

χ2 p CMIN/df CFI NNFI RMSEA

Chalder Fatigue Questionnaire (CFQ)
 Total sample
  1b (N = 303) 234.6 < 0.001 5.46 0.85 0.80 0.12
  2 (N = 293) 190.9 < 0.001 4.44 0.89 0.85 0.11
  2MS-diagnosis_confirmed (N = 120) 121.9 < 0.001 2.84 0.86 0.82 0.12

 Without participants HADS-DDepression > 7
  1b (N = 182) 131.4 < 0.001 3.06 0.88 0.84 0.11
  2 (N = 180) 117.4 < 0.001 2.73 0.89 0.86 0.10

Fatigue Scale for Motor and Cognitive Functions (FSMC)
 Total sample
  1b (N = 303) 901.1 < 0.001 5.33 0.81 0.78 0.12
  2 (N = 293) 730.8 < 0.001 4.32 0.77 0.74 0.11
  2MS-diagnosis_confirmed (N = 120) 481.3 < 0.001 2.85 0.71 0.67 0.12
  3 (N = 196) 540.3 < 0.001 3.20 0.84 0.82 0.11

 Without participants HADS-DDepression > 7
  1b (N = 182) 644.1 < 0.001 3.81 0.80 0.77 0.13
  2 (N = 180) 560.15 < 0.001 3.31 0.72 0.69 0.11
  3 (N = 134) 429.5 < 0.001 3.16 0.84 0.83 0.11

Modified Fatigue Impact Scale (MFIS)
 Total sample
  4 (N = 309) 603.93 < 0.001 3.25 0.93 0.92 0.09

 Without participants BDI-II > 9
  4 (N = 176) 454.91 < 0.001 2.45 0.91 0.90 0.09
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Some limitations might require consideration. The MS 
diagnoses of some of the participants from the online assess-
ments were not confirmed by a physician, as the study was 
performed via the Internet. Due to the online sampling 
method, there could have also been a selection bias. How-
ever, we re-ran our analyses in a sub-sample of 120 patients 
who had provided written confirmation of MS diagnosis by 
their neurologist and obtained the same result. Thus, while 
self-reported diagnosis of MS might not always be reliable, 
our data strongly suggest that this is unlikely to explain our 
results. Moreover, data on disease course are missing for 
the two online cohorts and lower reliability of the PDDS 
particularly at the lower end of the scale must be consid-
ered. Additionally, different instructions and time frames 
considered in the different measures further complicate the 
comparison of the different CFQs. As the fit measures for 
the MFIS and CFQ were slightly better than the once for the 
FMSC, the larger time frame used in the FSMC could have 
accounted for a less precise retrieval of information of past 
fatigue symptoms.

The purpose of our analyses was to explore whether the 
MS-fatigue questionnaires, in their currently available form, 
do or do not justify the use of presumably distinguishable 

subconstructs of MS-related fatigue. Based on multiple 
analyses in several large cohorts of MS patients, the answer 
appears to be “no”. The present analyses thus highlight the 
necessity to refine existing measures to meet psychometric 
requirements. From a clinical perspective, an unequivocal 
assessment of fatigue in PwMS is an essential prerequisite 
for further research, e.g., into putative pathobiological sub-
strates of fatigue (sub-)types as well as outcomes for treat-
ment interventions. The development of interventions for the 
reduction of fatigue should therefore take into consideration 
potential shortcomings in the current definitions of fatigue 
dimensions and therefore focus on total fatigue scores than 
on fatigue sub-scores.
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