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RESEARCH ARTICLE
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version
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ABSTRACT  
Background: Fatigue is a multidimensional symptom common 
across various conditions, often underdiagnosed despite its 
significant impact on quality of life. The Multidimensional Fatigue 
Inventory (MFI) is a self-assessment scale designed to measure 
multiple fatigue dimensions. However, its factor structure has 
proven difficult to replicate.
Objective: This study evaluates the psychometric properties of the 
MFI in a Portuguese sample, proposing a refined version and 
contributing to the debate on its structural validity.
Methods: A total of 1,858 participants (aged 18–85, M = 30.72 ±  
13.9; 69.5% female) were recruited through non-probabilistic 
sampling and split into two subsamples. Six factor structures 
were tested using confirmatory factor analysis (CFA); the three 
best-fitting models underwent measurement invariance testing 
across subsamples and sex. The best model was further validated 
in the full sample, with a second-order factor (Global Fatigue – 
GlobF) tested.
Results: Three models were discarded due to poor fit. The retained 
models showed strong measurement invariance and good 
psychometric properties. The final model preserved the original 
Physical Fatigue and Mental Fatigue dimensions. CFA fit indices 
were strong (RMSEA = 0.076, SRMR = 0.028, CFI = 0.971, TLI =  
0.957). Reliability was high (α = 0.798–0.881; ω = 0.807–0.880), 
with adequate construct validity (AVE = 0.519–0.648) and 
discriminant validity (HTMT = 0.589).
Conclusions: This study proposes a refined, reliable and valid 
consensus version of the MFI for the Portuguese population. The 
revised instrument improves fatigue assessment and may support 
better fatigue identification and management in clinical and non- 
clinical settings. Further research should examine its 
responsiveness and cross-cultural applicability.
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Introduction

There is no universally accepted definition of fatigue. While some authors avoid defining it 
altogether [1], other propose definitions using everyday language synonyms like tiredness 
or exhaustion [2]. Despite these variations, there is consensus that fatigue is fundamen
tally a subjective experience. It is important to distinguish tiredness, a general lack of 
energy or motivation, from sleepiness, which is a physiological drive for sleep often 
linked to circadian rhythms and homeostatic sleep pressure [3]. This distinction clarifies 
that fatigue, while overlapping with tiredness and sleepiness, encompasses broader 
dimensions, including physical, mental, or emotional effort.

Raizen et al. [3] defined fatigue as self-reported sensation of difficulty in initiating or 
sustaining physical, mental, or emotional activities, characterized by reduced perform
ance capacity despite maintained motivation and a perception of disproportionately 
high effort. Fatigue is a complex and multidimensional construct. This multidimensional 
nature of fatigue has been explored in prior research. In this context, fatigue is commonly 
differentiated into peripheral and central components [4]. Peripheral fatigue is defined as 
the inability to sustain a specified force output or work rate during physical exertion and, 
in contrast, central fatigue pertains to the failure to initiate or maintain attentional tasks 
and self-motivated physical activities [5]. Central fatigue is further comprised of multiple 
dimensions, including physical fatigue, mental fatigue, and motivational changes. Phys
ical fatigue is marked by challenges in executing physical tasks, whereas mental fatigue 
manifests as difficulties with concentration and the performance of cognitive activities 
[1]. As so, fatigue, involve a variety of dimensions with mental, emotional, and/or physical 
manifestations. These can be experienced by healthy individuals and those with acute or 
chronic conditions [6], ranging from acquired immunodeficiency syndrome [7] to cancer 
[8] and rheumatoid arthritis [9]. Fatigue is among the top three most reported symptoms 
in prevalence studies and may signal disease progression. Moreover, in the general popu
lation, it is also linked to higher mortality risk (Odds ratio = 2.14) [10].

In contemporary society, fatigue represents a major challenge primarily due to the high 
demands of the workplace, extended duty hours, disturbances in circadian rhythms, social 
and societal pressures, and inadequate sleep [11, 12]. Fatigue is linked to slower reaction 
times, reduced productivity, impaired ability to handle complex planning, and a higher 
risk of decision-making errors, particularly in cases of acute fatigue [13]. When fatigue 
is prolonged in time, can progress to chronic fatigue. In fact, productivity losses due to 
worker fatigue are estimated to cost employers between $1200 and $3100 per employee 
annually [14]. Despite its significance, fatigue is often underdiagnosed and neglected 
partly because, distinguishing it from typical sensations of tiredness or sleepiness has 
proven challenging, and is many often disregarded [15].

Effective management of fatigue-related disorders requires assessing its nature, fre
quency, intensity, and duration, yet no universally accepted objective measures for eval
uating fatigue currently exist [3, 6]. As a result, subjective methods such as questionnaires 
play a crucial role in fatigue assessment. There are over 30 self-assessment instruments 
measuring fatigue (see [3] for lists of non-cancer and cancer self-report fatigue instru
ments). Some scales, such as the Cancer Fatigue Scale [16], were created for specific 
medical conditions. Others, like the Multidimensional Fatigue Scale (MFI) [1] are suitable 
for clinical and non-clinical subjects alike. The MFI was developed to meet the need for a 
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questionnaire that excludes somatic items (such as headaches) and covers five dimen
sions of fatigue – General Fatigue, Physical Fatigue, Mental Fatigue, Reduced Motivation 
and Reduced Activity [1] –, making it possible to distinguish for example general fatigue 
from mental or physical fatigue. The MFI has been widely used as a research tool in studies 
of various diseases and the general population [17, 18] making it one of the most utilized 
scales for assessing multiple dimensions of fatigue [2, 6]. This capability allows for a 
nuanced understanding of fatigue, facilitating subjects’ characterization with respect to 
which dimension of fatigue is most prominent. For example, in high-stress occupations 
like air traffic controllers, mental fatigue may be more prominent, while in athletes, phys
ical fatigue may play a more dominant role. By identifying which type of fatigue is most 
affecting an individual, the MFI can support condition-specific interventions [19].

In Portuguese speaking countries, one study translated and adapted the MFI-20 into 
Brazilian Portuguese and evaluated its psychometric properties on Brazilian Hodgkin’s 
lymphoma survivors [20]. Furthermore, another study [21] aimed at the cross-cultural 
adaptation and validation of the MFI-20 specifically for Brazilian patients with Parkinson’s 
disease, providing additional evidence for its applicability in Portuguese-speaking 
populations.

The MFI has been translated into several languages, including European [22] and Bra
zilian Portuguese [20, 21] but, to our knowledge, no studies have examined its psycho
metric properties in Portuguese samples.

Despite the availability of validated versions of the MFI-20 for Brazilian Portuguese, to 
our knowledge, no studies have yet addressed its validation for the European Portuguese. 
Given the linguistic and cultural differences between Brazilian and European Portuguese, 
a formal validation is essential to ensure the tool’s accuracy, relevance, and reliability for 
assessing fatigue in European Portuguese-speaking populations.

Evidence supporting the MFI’s psychometric properties has been inconsistent, particu
larly regarding the replication of its factor structure across different populations, further 
highlighting the need for a robust and culturally appropriate validation.

Smets et. al. [23] tested three different models in four different samples by confirma
tory factorial analysis. The first model was the standard model, the second model com
bined General Fatigue (GF) and Physical Fatigue (PF) into a single factor, and the third 
model excluded GF altogether. All models had Adjusted Goodness of Fit Index (AGFI) 
equal to or higher than 0.94 in all the samples, suggesting a good fit; the lowest Cron
bach’s Alpha (α), across all samples and all models, was 0.77, a sign of acceptable 
reliability. The authors acknowledged that the most parsimonious model would be pre
ferable but decided to retain the five-factor solution until more knowledge of the relation
ships of the scales to other constructs was available. This model was replicated by Smets 
et al. [23] in Dutch and Scottish samples of cancer patients through a CFA. In both samples 
AGFI was > 0.9, with α > 0.75.

Since then, the original five factor structure has been difficult to replicate. This may 
be explained, in many projects, by the use of Exploratory Factor Analysis (EFA) as the 
sole method or as a starting point for further analysis [24–29]: this method will return 
the factorial structure best suited to the data according to the extraction method 
used and without inference about the structural validity of the original model. These 
studies found variations of 3 or 4 factors models, sometimes somewhat similar to the 
original ones but with loss of items, items cross-loading in different factors  leading 
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to the emergence of factors such as Motivation [30] or Spiritual Fatigue [31], and a 
strong overlap between GF and PF items, sometimes combined into a single General 
and Physical Fatigue factor (GPF; e.g. [24, 26]). Other studies used only confirmatory fac
torial analysis (CFA) to test the validity of the original 5 factors model [32–35], some
times against alternative models based on construct hypotheses (e.g. assumption of 
unidimensionality) [32]. All but one failed to replicate the original model, the exception 
being Chandel et al. [33].

Baussard et al. [29] proposed that one possible source of psychometric trouble was the 
use of reverse wording in the MFI items. Reverse wording in items express the opposite 
pole of the construct being measured, i.e. in a fatigue scale reverse worded items are 
those that express low fatigue, such as I feel fit, item #1 in the MFI. Half of the MFI 
items use reverse wording, a still common strategy to prevent response styles and bias 
in questionnaires, despite mounting evidence that it is ineffective and has a negative 
impact on the psychometric properties of the instrument [36–38] uses the MFI for an 
empirical example. Based on this, Baussard et al. [29] proposed a short version of the 
MFI using only the straight worded items. They conducted an EFA of the 10 items and 
found a 3-factor model: Physical Fatigue (PF; four items, almost identical to the original 
from Smets et al. [1]), Emotional Fatigue (EmF; four items, combining items from RA 
and RM) and Cognitive Fatigue (CogF; two items from MF). They conducted a CFA on 
this model that showed good fit (RMSEA = 0.059, CFI = 0.978); they also conducted a 
CFA on three other models [1, 24, 30] that yielded very poor fit to the data (RMSEA > 
0.11, CFI < 0.90).

Despite validation in multiple countries, its construct validity remains unclear. This 
study aimed to: (a) assess the MFI’s psychometric properties in Portuguese-speaking 
samples from Portugal and Brazil; (b) propose a refined, unified version to support trans
cultural research; and (c) contribute to the ongoing debate on the MFI’s validity by pro
viding additional psychometric evidence, addressing challenges in replicating its factor 
structure. To achieve this, we developed a consensus version of the MFI – a more 
concise instrument with fewer items that maintains strong psychometric integrity. This 
refined version incorporates the most robust items from previous adaptations and 
demonstrates greater reliability and consistency than its predecessors. We believe this 
version offers a valuable tool for both research and clinical and non-clinical applications 
in Portuguese-speaking populations.

Methods and procedures

Participants and procedures

We gathered a global sample of Portuguese speaking adults by combining two sub- 
samples, collected between 6 October 2021, and 20 March 2023. One subsample was 
composed of 733 participants (ages 18–85, M = 40.34, SD = 14.1), of which 69.9% were 
female. Being under 18 years of age or not having enough grasp of the Portuguese 
language were used as exclusion criteria. The second subsample included 1125 higher 
education students (HES) from Portugal (ages 18–66, M = 22.24, SD = 5.98; 63.3% 
female) enrolled in any year of study. Exclusions included minors and insufficient Portu
guese proficiency. Participants were recruited via non-probabilistic snowball sampling on 
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social media, with no incentives. Online surveys are increasingly used in psychometric 
research and have demonstrated comparable reliability and validity to traditional 
methods [39]. Research questionnaires on Qualtrics required mandatory informed 
consent. The use of non-probability sampling in this study was driven by practical and 
ethical considerations common in psychological research, such as the need for informed 
consent, participant voluntarism, and adherence to IRB guidelines. While non-probability 
sampling does introduce limitations regarding the generalizability of the findings, we 
took steps to enhance the representativeness of our sample by recruiting a large and 
diverse group (N > 1000) to reflect key demographic characteristics of the Portuguese 
population, including age, gender, and geographic distribution. The global sample 
included 1,858 participants (ages 18–85, M = 30.72, SD = 13.9; 69.5% female, 14.2% 
male, 16.4% non-respondents), randomly split into a test sample (n = 928; 68.9% 
female, 14.1% male, 17% missing; ages 18–78, M = 30.59, SD = 13.77) and a validation 
sample (n = 930; 70.1% female, 14.2% male, 15.7% missing; ages 18–85, M = 30.85, SD =  
14.12). The test sample was used to refine MFI models, and the validation sample for 
measurement invariance testing, including gender invariance. This study was approved 
by ISPA’s Ethics Committee (Comissão de Ética do ISPA) under reference D-038-06-2021.

Instrument and scale adaptation

The Multidimensional Fatigue Inventory (MFI) consists of 20 items across five factors: 
General Fatigue (GF), Physical Fatigue (PF), Reduced Activity (RA), Reduced Motivation 
(RM), and Mental Fatigue (MF) [1]. Each factor includes four items, two reflecting high 
fatigue levels, and two reflecting low levels (reverse-worded) [29, 35]. Responses are 
scored on a 5-point Likert-like scale, from 1 (‘yes, it’s true’) to 5 (‘no, it’s not true’), with 
higher scores indicating greater fatigue. Reverse-scoring of low-fatigue items ensures 
alignment with the scale’s direction.

To our knowledge, no psychometric evaluations of the MFI have been published for 
Portuguese samples, and studies on Brazilian samples remain limited. Additionally, 
differing versions of the MFI for Brazilian Portuguese and European Portuguese hinder 
collaborative research between these Portuguese-speaking populations.

Permission to use the MFI was obtained from its original author, and permission for the 
Brazilian version was granted from Dr. Josiane Lopes. The English version, the European 
Portuguese [22] and Brazilian Portuguese [21] versions were compared by the authors 
and two Brazilian sleep and fatigue researchers (see Acknowledgments) to create a 
version suitable for both countries. This version was tested for response validity [40] in 
a convenience sample of approximately 20 general population adults from each 
country. No comprehension issues were identified, and participants consistently based 
their responses on their subjective fatigue levels.

Data analysis

Missing values were not replaced, since they could not be assumed to be missing at 
random [41], and removed them listwise. Adequate item sensitivity was determined by 
ensuring that items had responses across all scale options, did not have a median at 
the scale’s minimum or maximum value, and exhibited absolute Skewness (Sk) ≤ 3 and 
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absolute Kurtosis (Ku) ≤ 7. Values exceeding these thresholds indicated significant devi
ations from normality [42, 43]. All descriptive statistics were calculated with IBM SPSS Stat
istics v29 and Jamovi v2.6. Evidence based on internal structure [40] was obtained 
through Confirmatory Factor Analysis (CFA) using the robust maximum likelihood 
method (MLR) with Satorra -Bentler correction. The analysis was conducted using the 
SEMLj module [44], a Jamovi interface for the lavaan R package [45]. The criteria for good
ness of fit were as follows: a robust Root Mean Square of Approximation (RMSEA) ≤ 0.08, a 
robust Standardized Root Mean Square Residual (SRMS) ≤ 0.08, a robust Comparative Fit 
Index (CFI) ≥ 0.9 or a robust Tucker Lewis Index (TLI) ≥ 0.9 ([43, 46]). Cronbach’s α or Mcdo
nalds ώ [47] ≥ 0.7, were used as criteria for good reliability. An Average Variance Extracted 
(AVE ([43, 46])) of ≥0.5 indicated acceptable convergence validity for a factor. Discriminant 
validity between factors was established by an heterotrait / monotrait ratio of correlations 
(HTMT) < 0.85 [43, 46]. Measurement invariance was estimated by imposing successive 
constraints on the base, free, model (configural invariance): factor loadings (metric invar
iance), factor loadings plus intercepts (scalar invariance), and factor loadings plus inter
cepts plus residuals [43, 48] and by calculating the differences between the χ2 / 
degrees of freedom (DF) of two consecutive nested models, which should be non-signifi
cant, or by having a decrease in consecutive CFIs <0.01 or by having an increase in RMSEA 
of consecutive models >0.02 [43, 49]. Comparison between alternative models was made 
by the Akaike Information Criterion (AIC), Bayes Information Criterion (BIC) and by the 
Expected Cross-Validation Index (ECVI) [43, 46]. Statistical significance was assumed for 
p < .05 for all analysis.

Results

The descriptive statistics for MFI items in the global sample (see supplementary Table 1) 
show that most items have a median and mode of 3, with responses ranging from 1 to 
5. Skewness indicates generally symmetric responses, though items 5 and 20 are left- 
skewed, reflecting higher scores. Negative kurtosis across items suggests flat distributions 
with lighter tails, indicating responses are spread evenly rather than clustering around the 
mean or extremes. All items utilized all Likert options, with no extreme medians, skewness 
>|3|, or kurtosis >|7|, consistent across the test and validation sub-samples. We decided to 
follow up on Baussard et al. [29] analysis by comparing the same three models they tested 
plus two models of our own. Model A was Smets et. al [1] original five factor model (GF, PF, 
RA, RM, MF); Model B was Gentille et al. [30] four factor model (GF, RA, MF, RM); Model C 
was Fillion et al. [24] four factor model (GPF, RA, RM, MF); Model D was Baussard et al. [29] 
three factor model using only the non-reverse worded items (PF, EmF, CogF). To ensure 
systematic approach, we added two models: Model E was Smets et al. [1] original five 
factors model, including only the non-reverse-worded items, while Model F represented 
the same five-factor model but including only the reverse-worded items. The model 
sample was used to conduct the initial CFAs and refine the models. Table 1 presents 
the fit and reliability indicators of the initial CFAs.

Model A had encountered identification issues due to the strong correlation between 
GF and PF (HTMT = 0.948) and between RA and RM (HTMT = 0.908). To address this, we 
removed GF and refined the model by eliminating items with low βs (items 9 and 15 
from RA), and factors with poor reliability or convergent validity. This process continued 
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until the model stabilized into a final version with good fit. We followed a similar fashion 
with the other models. Model C faced identification issues in the initial CFA due to overlap 
between RM and RA (HTMT = 0.954). Model F also had identification issues, with overlaps 
between GF and PF (HTMT = 1.019) and between RM and RA (HTMT = 1.176). Table 2 pre
sents the fit and reliability indicators for the final refined (r) models.

Model AR is composed by the original PF and MF factors. Model DR keeps its original PF 
and CofF factors, and Model ER retains its original PF, RA, MF factors. These three models 
showed good fit, good reliability, good convergent validity of each remaining factor and 
good discriminant validity between factors. Model BR showed poor fit indicators, Model 
CR had mixed results with unacceptable RMSEA and TLI but a good CFI. Model FR was 
reduced to a just-identified single factor with only two items, resulting in a perfect fit 
but limited explanatory interest. They were removed from further analysis.

Before proceeding, and given the significant loss of items and factors, we conducted a 
quick calculation of each item’s success rate (i.e. the ratio of the number of times an item 
was retained relative to the number of possible models) in the refined models (see Sup
plementary, Table 2). The item success rate analysis revealed varying degrees of align
ment between items and their respective factors. Items associated with MF generally 
have high success rates, with items 7, 11, and 13 achieving 100% or 80%, indicating 
strong representation in potential models. Physical fatigue (PF) items also perform well, 
with item 14 reaching 100% success. General fatigue (GF) items show moderate 
success, notably item 12 with 75%, though items like 1 and 16 vary around 50-60%. In con
trast, reduced motivation (RM) items consistently show lower success rates (0–50%), indi
cating a weaker fit in the models. This variability suggests that while MF and PF are well- 
represented, RM may require further model adjustments for better alignment.

If we consider that a successful item must be present in at least two different models, 
we see that all items from GF, PF and MF are successful, only two items from RA pass the 
criterion, and that only one item (it.18) from RM remains.

We conducted the AR, DR and ER models through a study of measurement invariance 
between test and validation samples and between sexes.

The analysis of invariance across samples and sexes for models AR, DR, and ER (see Sup
plementary Table 3) demonstrated good model fit, with evidence of configural, metric, 
and scalar invariance across groups. For example, model AR, showed configural invariance 
across samples (CFI = 0.970, RMSEA = 0.077), and maintained stable fit across metric and 
scalar levels (ΔCFI = 0.000, ΔRMSEA ≤ −0.006). Across sexes, metric invariance showed a 
slight decline (ΔCFI = −0.002), while means invariance revealed a more notable drop 
(ΔCFI = −0.006, p < .001). Model DR also showed good configural fit across samples 
(CFI = 0.979, RMSEA = 0.070), with minimal changes at metric and scalar levels (ΔCFI ≤  
−0.001, ΔRMSEA ≤ −0.008). Across sexes, invariance testing indicated gradually decreas
ing fit, particularly for means invariance (ΔCFI = −0.014, ΔRMSEA = 0.011, p < .001). Model 
ER demonstrated very good configural fit across samples (CFI = 0.997, RMSEA = 0.030) and 
strong stability across all subsequent levels of invariance (ΔCFI ≤ 0.001, ΔRMSEA ≤ 0.004). 
Across sexes, fit remained consistent through scalar invariance (ΔCFI = 0.001, ΔRMSEA =  
−0.006), but means invariance showed a more marked decline (ΔCFI = −0.012, ΔRMSEA =  
0.029, p < .001). Overall, the models exhibit satisfactory invariance, supporting their 
reliability across groups, despite some expected minor fit adjustments for specific invar
iance tests across sexes.
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Considering the results and theoretical considerations, we fitted Model AR in the global 
sample. Psychometric analysis revealed that RMSEA (0.076), and SRMR (0.028) were both 
within acceptable ranges. The CFI (0.971) and TLI (0.957), indicate a good fit. Reliability 
was strong for both the performance factors (PF) and measurement factors (MF), with α 
values of 0.798 and 0.881 and ω values of 0.807 and 0.880, respectively. The Average Var
iance Extracted (AVE) was 0.519 for PF and 0.648 for MF, and the Heterotrait-Monotrait 
Ratio (HTMT) was 0.589, further supporting the reliability and validity of the constructs 
measured in the global sample. We added a 2nd level factor to the model, named 
Global Fatigue (GlobF) to avoid confusion with the original GF[1]; to prevent identification 
problems we imposed an equality constraint on 2nd order βs across the model. GlobF tra
jectories were statistically significant (p < .001) with βs = 0.766 but its McDonalds ώ was 
0.650, a lowest threshold for acceptable reliability. An explanatory diagram illustrating 
the factorial weights can be found in Figure 1.

Discussion

This study identified a refined factor model for the Multidimensional Fatigue Inventory 
(MFI) with the best fit for a Portuguese sample, advancing its psychometric validation. 
Among the six models examined, three (Models B, C, and F) displayed persistent global 
fit issues, which could not be resolved through model refinement. To preserve the integ
rity of the existing structure, we opted not to re-specify these models further, focusing 
instead on evaluating models that more accurately represented the data. Except for 

Figure 1. Factorial weights of the Multidimensional Fatigue Inventory (MFI) fitted model AR. Second- 
order model factor reduced version (8 items) structure fit for the sample (n = 857). Numeric values are 
the factor loadings for each first-orders factors and their respective items. GlobF – Global fatigue; PF – 
Physical fatigue; MF – Mental fatigue; rev – reverse item.
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Model E [29] all models had initial problems with strong overlap between factors. This 
may explain why so many studies have difficulty in finding the original structure, with 
items loading across multiple factors in EFAs, and with factors being merged. It also sup
ports the idea of abandoning the General Fatigue factor since it duplicates Physical 
Fatigue a fact identified in the original paper [1], and reproduced in subsequent 
studies (see [24, 25, 28, 30, 50, 51]). If there is need for a global fatigue score, a 
second order factor can be used. Refining the models led to a large loss of items, and 
an analysis of this loss showed that it is far from equal across factors. GF, PF, and MF 
items are far more likely to be retained than RA items, and three of the RM fatigue 
items were dropped in all the models they took part in; the fourth, is 18 (I don’t feel 
like doing anything, originally from RM in Smets et al. [1]) was only retained in the 
refined form of Gentile et al. [30], who had moved it to the MF factors. The reason for 
these overlaps and losses resides at item level (the observed variable) and item 18 is 
a good example: not doing anything is semantically related to reduced motivation, 
not feeling like to mental fatigue. It is difficult to express in an item a construct for 
which there is no clear definition. Without a clear definition of fatigue, it is difficult to 
define its dimensions. Raizen et al. [3] specifically exclude reduced motivation from 
their definition of fatigue. Reduced motivation, and reduced activity, can be viewed 
as a consequence of fatigue and not a manifestation of fatigue itself, something 
admitted for reduced activity by Smets et al. [1] in a similar fashion to the loss of per
sonal satisfaction which was once viewed as a constituent factor of burnout [52], and 
is now viewed as a consequence of burnout and not part of the syndrome itself [53]. 
Some consideration should be given to removing them from the model for this 
reason. Our Model AR keeps the same PF and MF factors of the original model, minus 
RA and RM for poor psychometric qualities, and minus GF due to its redundancy with 
PF and broader nature. It is for this reason that we considered it to be the best 
model of our analysis, even though models DR and ER had identical or even better fit 
and invariance indices. Beyond the fit indices, the consensus version was designed to 
distinguish between physical and mental fatigue, emphasizing clinical relevance and 
theoretical clarity. Items related to general fatigue were excluded for their broader 
nature. Also, items related to reduced motivation, for example, were also excluded as 
they did not directly contribute to distinguishing physical and mental fatigue. Specifi
cally, items like ‘I don’t feel like doing anything’ (item18) and ‘I dread having to do 
things’ (item 9) overlap with emotional disengagement and may better reflect depress
ive symptoms than fatigue. Additionally, items related to Reduced Motivation (RM) 
(items 4, 9, 15, 19) had low success rates (see Table S2), ranging from 0% to 50%, 
further supporting their exclusion. With four items per dimension, the model is 
balanced, efficient, and low burden, making it suitable for both clinical and non-clinical 
use, while also demonstrating strong psychometric properties.

In psychometric studies of the MFI, we recommend starting with confirmatory factor 
analysis and using exploratory factor analysis only if theory-based models fail. Exploratory 
analysis always yields the best model for a given method, but the key is whether a pre
defined model fits the data, not what the data suggests. Reliability should be assessed 
only after validating the factor structure, as it alone does not confirm validity. Factor 
models should be tested in the general population before use in specific groups (e.g. 
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patients, athletes, shift workers). If a population differs significantly, a tailored version 
should be tested across samples to ensure stability.

Our results add evidence to the contention that reverse-worded items have a negative 
impact on psychometric measurement [38]. One would expect Models E (only straight 
worded, high fatigue, items) and F (only reverse worded, low fatigue, items) to perform 
similarly. However, Model E consistently outperformed all other models, despite exhibit
ing fit issues from the beginning, which ultimately led to its reduction to two items within 
a single factor. One possible way solution to some of the MFI issues could be to rephrase 
its reverse worded items, ensuring they do not overlap with the straight worded items, 
and then assess the stability of the factor models.

Inconsistencies in the MFI’s psychometric properties may stem from the lack of a clear, 
consensual definition of fatigue and its dimensions. A precise definition could clarify the 
roles of Reduced Motivation and Reduced Activity, facilitating the creation of items that 
represent fatigue accurately without using reverse-worded sentences.

As some authors have demonstrated [18, 30, 54], the report of fatigue symptoms differs 
between sexes, with women generally reporting higher fatigue scores and exhibiting 
greater variance in these scores compared to men. This suggest that, while overall differ
ences between men and women are minimal, a disproportionate number of women 
experience very high levels of fatigue. In this study, the MFI performed well for both 
sexes, showing scalar invariance across all gender models, thereby validating its use as 
a reliable instrument for detecting sex differences in fatigue levels.

Our study presents some limitations. The global sample was collected from two socio- 
demographic groups using non-probabilistic methods via social media, which may have 
introduced selection bias and limited the representativeness of the sample. While online 
surveys offer significant advantages – such as broader geographic reach, cost-effective
ness, and the ability to recruit large and diverse samples efficiently [55, 56] – they also 
present inherent limitations. These include potential self-selection bias, limited control 
over the testing environment, and challenges in verifying participant identity and 
engagement [57]. In our case, this approach resulted in a gender imbalance, particularly 
in the higher education sample, which included a larger proportion of females compared 
to males. The use of a non-random sample limits the generalizability of our conclusions. 
While efforts were made to gather a large and diverse sample size (n > 1000) to capture 
the natural variation within the study population, the lack of random sampling introduces 
potential biases that may affect the extent to which our findings can be applied to the 
broader population. Reliability was assessed only through Cronbach’s α and McDonald’s 
ώ, without temporal stability. Validity evidence, such as convergent, discriminant, and cri
terion validity, was not evaluated. The sample lacked diversity in factors like age, gender, 
socioeconomic status, and cultural background, limiting generalizability to broader popu
lations. Future research employing randomized sampling methods is encouraged to 
further validate these results including other Portuguese groups from different regions 
of the country as well as Portuguese-speaking countries from diverse cultural contexts 
to broaden the evidence based. Additionally, a systematic review or even a meta-analysis 
of the instrument could provide stronger evidence for its relevance and importance. 
Despite these limitations, we refined the MFI, distinguishing two key dimensions of 
fatigue (mental and physical), enabling a clearer understanding of their impact on daily 
performance.
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Conclusions

In this study, we propose a consensus version of the MFI that demonstrates good psycho
metric properties for a normative population. This refined version represents a concise, 
consensus-driven instrument that combines the most robust items from previous versions 
and distinguishes between two key dimensions of fatigue: physical and mental. Focusing 
on these rigorously selected items, the scale offers investigators greater confidence in the 
reliability and validity of the results, while maintaining efficiency and ease of use in both 
research and clinical and non-clinical settings. The revised MFI shows strong evidence for 
its internal structure, including factorial validity, reliability, and measurement invariance 
across independent samples and sexes. Furthermore, it addresses the variability and 
lack of consistent validity observed in earlier MFI versions, providing a reliable tool for 
both researchers and clinicians. Future studies should aim to validate this version in 
more diverse populations, including both clinical and non-clinical groups, to further 
establish its broader applicability and effectiveness. It is important that future research 
uses stratified random sampling to ensure representation across all relevant strata. This 
includes the general population, special populations (air traffic controllers, pilots, pro
fessors or athletes) and clinical groups such as individuals with sleep disorders and 
other medical disorders.
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