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Abstract: Food addiction (FA) and disordered eating behaviors related to obesity are gaining atten-
tion in clinical and research fields. The modified Yale Food Addiction Scale 2.0 (mYFAS2.0) is the 
gold standard questionnaire to measure FA, while another tool is the Measure of Eating Compul-
sivity 10 (MEC10). Discriminant validity is present when two measures of similar but distinct con-
structs show a correlation that is low enough for the factors to be regarded as distinct. However, the 
discriminant validity of these measures has never been tested. Through a cross-sectional study de-
sign, 717 inpatients (females: 56.20%, age: 53.681 ± 12.74) with severe obesity completed the MEC10, 
Binge Eating Scale (BES), and mYFAS2.0. A structural equation model (SEM) was fitted, freely esti-
mating latent correlations with 95% confidence intervals (95%CI). The results confirmed the scales’ 
excellent psychometric properties. Importantly, latent factor correlations between MEC10 and mY-
FAS2.0 (est = 0.783, 95%CI [0.76, 0.80]) supported their discriminant validity. In contrast, the latent 
correlation of MEC10 and BES (est = 0.86, 95%CI [0.84, 0.87]) exceeded the recommended thresholds, 
indicating the absence of discriminant validity and suggesting a potential overlap, consistent with 
previous evidence. In conclusion, MEC10 demonstrates excellent psychometric properties but is 
more a measure of BED and not FA. 
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1. Introduction 
Among the physical conditions and diseases that have been on the rise for several 

decades, obesity stands out as one of the most widespread and severe clinical conditions 
worldwide [1]. It contributes to a higher severity of physical conditions, increased comor-
bidities, worse prognosis, deteriorated psychological conditions, reduced life expectancy, 
and imposes significant costs on national health services [2]. 

At the same time, the proliferation of fast foods and the ready availability of highly 
palatable foods have surged in recent years. Hyper-processed foods are increasingly rec-
ognized as potential triggers for the development of real addictions to these foods. Indeed, 
scientific literature has extensively documented that foods such as chocolate, pizza, fries, 
pasta, and milkshakes can activate addiction mechanisms [3]. 

1.1. Food Addiction 
In line with this background, over the past 20 years, research has focused on the con-

struct of food addiction (FA) based on the premise that certain types of food, defined as 
highly palatable, can activate neural mechanisms related to substance use [4]. Addition-
ally, FA exhibits psychological behaviors typical of substance use dependence (SUD). In-
deed, FA has a dual nature encompassing both substance use (highly palatable foods) and 
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eating disorders. Indeed, episodes of binge eating are shared by FA, binge eating disorder 
(BED), and bulimia nervosa. Individuals with overweight/obesity and/or eating disorders 
(e.g., BED) are more likely to also have a FA [5–8], as they often display symptoms and 
behaviors that are also typical of addiction-related disorders, including both SUD and be-
havioral addictions [9–13]. Examples of these symptoms include a feeling of loss of control 
once eating begins [14], feeling unable to stop overeating despite an awareness of its ad-
verse consequences [10,13], spending a huge amount of time thinking about food and/or 
obtaining highly palatable foods [12,13,15], and experiencing craving symptoms [16]. 
Consequently, all these symptoms can lead to significant impairment in different areas, 
including physical, social, and psychological aspects [17,18]. 

The scientific literature has provided some controversial evidence regarding the ex-
tent of overlap between FA and binge eating behaviors, which are typical of binge eating 
disorder (BED) [19]. However, meta-analytic evidence has indicated that FA and binge 
eating are distinct constructs [20]. Notably, binge eating is only one of the possible com-
ponents of FA but not a necessary feature. The most used self-report scale to measure 
binge eating episodes and behaviors is the Binge Eating Scale (BES) [21]. 

1.2. Measures of FA: Overlap and Differences 
The need for accurate measurement of the FA construct emerged and has led to the 

development of various assessment tools. To this extent, Gearhardt et al. developed the 
YFAS [22] and its subsequent versions, YFAS2.0 [23] and mYFAS2.0 [24]. Several studies 
have extensively tested the psychometric properties of the YFAS, which has been 
translated into multiple languages, establishing it as the gold standard tool to measure FA 
[25]. 

YFAS2.0 and mYFAS2.0 measure the 11 criteria of SUD [26], which are as follows: (i) 
consuming more substance than intended; (ii) inability to cut down or stop; (iii) great time 
spent on the substance; (iv) important activities given up; (v) use, despite adverse 
psychophysical problems; (vi) tolerance; (vii) withdrawal; (viii) use, despite 
interpersonal/social issues; (ix) failure in role obligations; (x) use in physically hazardous 
situations; and (xi) craving or urge to use. Each item of the YFAS2.0 is scored on a Likert-
type response scale ranging from ‘never’ (= 0) to ‘every day’ (= 7) and can be recoded as 
an ordinal score according to the thresholds to determine if that symptom/criterion is 
present or not (endorsed vs. not endorsed) [23]. By adding up the number of endorsed 
criteria, it is possible to obtain the symptom count (ranging from 0 to 11) and two 
categorical scores as follows: the diagnostic score (presence of FA or absence of FA), 
requiring the presentation of at least 2 of the 11 criteria plus the criterion of significant 
clinical impairment, and the level of severity of FA according to the number of endorsed 
criteria (0–1 = none, 2–3 = mild, 4–5 = moderate, >5 = severe). 

However, recently, various psychometric assessment tools have been developed to 
evaluate FA by measuring eating compulsivity and binge eating behaviors. The need to 
overcome the limitation of the YFAS2.0, which provides only a categorical score and not 
a dimensional one, led to the development of another tool to measure FA on a continuum, 
i.e., the Measure of Eating Compulsivity 10 (MEC10) [27]. The MEC10 is a brief and 
psychometrically sound tool designed to measure FA through its eating compulsivity 
component, comprising 10 items rated on a five-point Likert-type scale. 

However, the Italian validation study by Rossi et al. [28] suggests that the MEC10 is 
more likely to measure binge eating behaviors—typical of binge eating disorder (BED)—
rather than FA. The authors explained that the MEC10 is primarily focused on eating in a 
voracious and uncontrolled manner, which is the hallmark of BED. This behavior is only 
one single facet shared by FA and BED, and the MEC10 does not assess the fundamental 
aspects of FA, such as abstinence, tolerance, and craving—which are typical of addictions. 
Consequently, the authors [28] highlighted that the construct validity of the MEC10 for 
FA may be misattributed, as it seems to measure BED rather than FA. Indeed, it is essential 
to test the discriminant validity of the MEC10 and the Binge Eating Scale (BES) in 



Nutrients 2024, 16, 550 3 of 23 
 

 

measuring symptoms of binge eating episodes. Testing of discriminant validity is one of 
the fundamental properties that assessment tools (e.g., self-reports and semi-structured 
interviews) are required to satisfy. 

1.3. Discriminant Validity 
To this extent, in the last decades, psychometrics has focused on construct validity, 

which comprises different types, including discriminant validity [29]. As for validity in 
general, discriminant validity is a property of a measurement scale rather than a property 
of the trait or construct or trait being measured, which exists independently of its meas-
urement [30]. 

Different definitions of discriminant validity have been provided. In general, discri-
minant validity concerns “the degree to which two measures designed to measure similar, 
but conceptually different, constructs are related” [31] and “A low to moderate correlation 
is often considered evidence of discriminant validity”. Previously, McDonald [32] stated 
that discriminant validity is present when two measures of similar but distinct constructs 
show a correlation that is “low enough for the factors to be regarded as distinct ‘con-
structs’”. Recently, Rönkkö & Cho [33] proposed the following generalized definition: 
“Two measures intended to measure distinct constructs have discriminant validity if the 
absolute value of the correlation between the measures after correcting for measurement 
error is low enough for the measures to be regarded as measuring distinct constructs”, or, 
about latent correlations, “two scales intended to measure distinct constructs have discri-
minant validity if the absolute value of the correlation between two latent variables esti-
mated from the scales is low enough for the latent variables to be regarded as representing 
distinct constructs”. There is also another quite common meaning of discriminant validity, 
known as the ‘known group validity’, which refers to the ability of a measure to discrim-
inate between different groups. However, our focus here is on differentiating between 
constructs that are distinct yet similar. 

1.4. On the Importance of Discriminant Validity 
Assessing discriminant validity is crucial for several reasons, both in clinical and re-

search practice and, most importantly, in the development and validation of scales. 
From a metascience perspective, accurately measuring constructs in psychology, 

which includes considering discriminant validity as it is a facet of construct validity, is 
vital. Poor measurement practices contribute to the replication crisis in psychology and 
other disciplines [34]. As noted by Loken & Gelman [35], “Poor measurement can contrib-
ute to exaggerated estimates of effect size. This problem and related misunderstandings 
are key components in a feedback loop that perpetuates the replication crisis in science”. 
Furthermore, Gelman also claimed that the replication crisis in psychology will not be 
(entirely) solved by better statistics but necessarily by better measurement [34], such as by 
avoiding questionable measurement practices [36]. 

Additionally, testing discriminant validity is important to overcome the jingle-jangle 
fallacies [37,38]: the jingle fallacy occurs when two different constructs are considered to 
be the same because they have the same label; conversely, the jangle fallacy occurs when 
two identical or almost identical constructs are considered to be different only because 
their names are different. 

Therefore, when developing and validating a measurement tool, it is important to 
evaluate its discriminant validity with similar already existing scales. Likewise, when se-
lecting a scale, it is essential to ensure its discriminant validity; otherwise, one may inad-
vertently measure something different from the intended construct. For example, in clin-
ical contexts, accurate differential diagnosis among various constructs is possible only if 
the measures exhibit adequate discriminant validity. 
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1.5. Assessing Discriminant Validity 
Different methods exist to evaluate discriminant validity and have been used in var-

ious disciplines, such as psychology and economics. Recently, a methodological paper [33] 
reviewed several methods for assessing discriminant validity, including the Heterotrait–
Monotrait (HTMT) ratio of the interconstruct correlations [31,39], the Fornell and Larker 
criterion [40], the analysis of cross-loadings from exploratory factor analysis [39], and 
through the estimation of confirmatory factor analysis (CFA) and structural equation 
modeling (SEM). Based on simulation studies, the authors [33] concluded that the best-
performing methods for assessing discriminant validity are those based on CFA and SEM 
(SEM), utilizing latent correlations and/or model-fit comparisons. Please refer to the Meth-
ods section for further details. 

1.6. Research Gap 
Taking into account the scientific background, both from the methodological and 

clinical perspectives, a research gap can be identified. To date, the discriminant validity of 
some of the most widely used FA measures—including MEC10, mYFAS2.0, and BES—has 
never been tested or established. Despite these scales being undoubtedly useful and well-
validated, the existence of some conceptual overlap among them highlights the im-
portance of testing their discriminant validity. While MEC10 evaluates FA, recent valida-
tion studies [28,41] have shown that, based on observed correlations, MEC10 has a 
stronger association with binge eating. What would the results be when estimating these 
correlations through a latent factors model? 

1.7. Aim and Research Hypotheses 
Considering this background, the present research aims to test the discriminant va-

lidity of the MEC10 in relation to the BES and the mYFAS2.0. 
Building upon recent studies [e.g., [28]], it was hypothesized that eating compul-

sivity, as measured by the MEC10, should be more closely related to binge eating behav-
iors, as measured by BES, than to FA, as measured by mYFAS2.0. Therefore, it is expected 
that at a latent level, the MEC10 will be more strongly correlated with the BES than with 
the mYFAS2.0. In other words, it is not expected that the discriminant validity between 
the MEC10 and the BES is supported, as they may measure the same construct: binge eat-
ing behaviors and related feelings. 

On the contrary, the discriminant validity between the mYFAS2.0 and the MEC10, 
and between the mYFAS2.0 and the BES, is expected to be supported, as FA and compul-
sivity in binge eating are distinct—despite being similar—constructs. Despite the overlap 
related to binge eating behaviors, the MEC10 captures only a part of the FA behaviors 
specific to binge eating, which is not exhaustive of all the facets of FA (e.g., craving, with-
drawal, tolerance). Therefore, the latent correlation between the mYFAS2.0 and the 
MEC10 is hypothesized to be moderate to high but not excessively high, supporting their 
discriminant validity. 

2. Materials and Methods 
A cross-sectional study design was used. Participants were consecutively enrolled at 

the IRCCS Istituto Auxologico Italiano, Ospedale San Giuseppe, Verbania, Italy, among 
inpatients during the first week of residential rehabilitation treatment for weight reduc-
tion lasting up to one month. The inclusion criteria were as follows: being over 18 years 
old, having a body mass index (BMI) above 35, and being a native Italian speaker. Exclu-
sion criteria were as follows: inability to complete the assessment due to issues related to 
perception, cognition, etc., and failure to provide informed consent to participate in the 
study. Data from this study are part of a larger research project [28,41]. 
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2.1. Measures 
The participants underwent a clinical interview conducted by a psychologist to de-

termine their eligibility for the study. In addition, a self-report survey that included the 
following questionnaires was administered together with a ‘Socio-demographic and med-
ical sheet’ providing information such as age, biological sex, weight, height, and BMI. 

The Measure of Eating Compulsivity—Italian Version (MEC10-IT) [27,28] is a self-
report questionnaire that evaluates compulsive eating within the broader framework of 
FA. The MEC10-IT comprises 10 items, each scored on a 5-point Likert-type scale with 
partial semantic autonomy, ranging from 0 = ‘Very Untrue’ to 4 = ‘Very True’. It has a 
unidimensional structure, and the total score is obtained by summing the items’ scores. 
Higher scores correspond to higher levels of eating compulsivity. The MEC10 has demon-
strated good reliability and psychometric properties [28]. In this study, its internal con-
sistency was evaluated using McDonald’s ω (ω total = 0.95), Cronbach’s α (α = 0.94), and 
the greatest lower bound (glb = 0.96), all of which demonstrated adequacy. 

The Binge Eating Scale (BES) [42] is a self-report questionnaire to assess the severity 
of binge eating in both the general [9] and clinical populations [21]. It consists of 16 items 
divided into two subscales: the Behaviors subscale (B) consists of 8 items describing be-
havioral expressions of BED (e.g., consuming large amounts of food and/or eating fast), 
while the Feelings/Cognitions (FC) subscale includes another 8 items evaluating the feel-
ings and cognitive thoughts associated with compulsive eating (i.e., thinking excessively 
about food). Each item has from 3 to 4 different alternative responses, consisting of state-
ments with partial semantic independence, which are ordered by increasing severity. A 
numerical value is assigned to each statement chosen by the respondent (ranging from ‘no 
severity’ = 0 to ‘severe’ = 3), reflecting the severity of symptoms of BED. The total scores 
can be computed by adding the answers to the items on the subscale of Feelings/Cogni-
tions (FC) and the subscale of Behaviors (B), and also a general total score for all items 
combined [21]. The general total score of the BES ranges from 0 to 46, with values below 
17 indicating minimal problems with binge eating, values between 18 and 26 suggesting 
moderate binge eating, and values above 27 suggesting severe binge eating [43]. Several 
studies have supported the reliability and validity of the BES as an assessment tool for 
eating-related pathologies [42,44,45]. Moreover, recent evidence from samples with obe-
sity has shown that the BES has a high sensitivity and specificity in distinguishing between 
compulsive eaters and non-compulsive (‘normal’) eaters [46,47]. In this study, the BES 
showed adequate internal consistency, measured through McDonald’s ω (BES total scale 
= 0.90, FC scale = 0.85, and B scale = 0.86), Cronbach’s α for comparability with other stud-
ies (BES total scale = 0.89, FC scale = 0.81, and B scale = 0.82), and glb (BES total scale = 
0.92, FC scale = 0.84, and B scale = 0.86). 

The Modified Yale Food Addiction Scale 2.0 (mYFAS2.0) [24,48] is a self-report ques-
tionnaire measuring the presence and frequency of addictive eating behaviors. It consists 
of 13 items scored on an eight-point Likert-type scale, ranging from 0 (= ‘never’) to 7 (= 
‘every day’), to assess the frequency of these behaviors. Eleven of these items assess the 
diagnostic criteria of the DSM-5 for substance use disorders (SUD) [26], while the remain-
ing two items evaluate food-related impairment and the distress perceived over the past 
year. Successively, thresholds were determined [24,25], allowing each item to be re-scored 
dichotomously as either ‘met the criterion’ (=1) or ‘did not meet the criterion’ (=0). This 
enables the computation of two different scores as follows: (a) the symptom count, which 
represents the sum of the diagnostic criteria met and ranges from 0 to 11; and (b) the di-
agnostic score, which requires the presence of criteria for impairment and distress. To for-
mulate a diagnosis of FA, both the symptoms count and distress/impairment score are 
needed, resulting in different combinations as follows: mild FA = 2–3 symptoms plus im-
pairment or distress; moderate FA = 4–5 symptoms plus impairment or distress; severe FA 
= 6 or more symptoms plus impairment or distress [49]. The mYFAS2.0 showed good in-
ternal consistency values in this study (ω total = 0.87, KR-20 coefficient = 0.84, and glb = 
0.88). 
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2.2. Data Analysis Strategy 
The statistical analyses were conducted using the R software (version 4.2.2) [50] and 

the R Studio environment [51]. Several R packages were utilized for the analyses, includ-
ing psych [52], dplyr [53], reshape [54], ggplot2 [55], arsenal [56], lavaan [57], semTools 
[58], semPlot [59], and likert [60]. 

2.2.1. Preliminary Analysis 
Descriptive statistics were used to describe the socio-demographic and physical char-

acteristics of the sample. Additionally, they were employed to examine the distributions 
of the items and the levels of the variables. 

The item correlations were explored using the Spearman correlation coefficient. 
The internal consistency was evaluated for Likert-type scales with McDonald’s ω 

(suitable also for non-τ-equivalent models). Cronbach’s α was also reported for compara-
bility with other studies despite its tendency to underestimate reliability [61,62]. For scales 
with a dichotomous response scale, the KR-20 coefficient was also reported. Additionally, 
the greatest lower bound (glb) was reported [63,64]. 

2.2.2. Discriminant Validity 
Discriminant validity was evaluated according to recent methodological guidelines 

[33]. A structural equation model (SEM) was specified to include the measurement models 
of the three scales under consideration, with items loading on their respective latent fac-
tors. Scaling on the latent variable was applied, and the estimator used was diagonally 
weighted least squares (DWLS), chosen for its suitability for categorical and dichotomous 
items [65–69]. The latent correlations among the factors were freely estimated, along with 
95% confidence intervals (95%CI). 

The goodness-of-fit of the SEM to the data was evaluated according to the following 
guidelines: a non-statistically significant chi-square statistic (χ2), a comparative fit index 
(CFI) > 0.95 for good fit, robust root mean square error of approximation (RMSEA) with 
the 90% confidence interval (CI) of RMSEA < 0.08, and a standardized root mean residual 
(SRMR) < 0.08 [65–67,69]. 

According to the methodological guidelines based on simulation studies, the pres-
ence of discriminant validity was evaluated using two techniques. 

Among the correlation-related techniques, two techniques represent a powerful way 
to establish the presence or absence of discriminant validity: ρxx(cut) and CIxx(cut)—the 
former tests whether the point estimate of their latent correlation (ρxx) for every pair of 
latent factors falls below a certain cutoff. Conversely, CIxx(cut) tests whether the 95% con-
fidence interval (CI) of the correlation between each pair of latent factors is below a certain 
cutoff point. Discriminant validity between two scales is only supported if the upper 
bound of the 95% CI of the correlations between the latent factors does not exceed the 
threshold of 0.85 [33]. 

Among the techniques focusing on model fitting, we also considered χ2(cut) and 
CFI(cut). First, two models have to be fitted, and then their fits are compared as follows: 
the unconstrained model, with the freely estimated latent factors’ correlation, and a sec-
ond constrained model, where the latent correlation is fixed to a cutoff value. Second, the 
fit of the two models (unconstrained and constrained) is compared and evaluated using 
two criteria, χ2(cut) and CFI(cut). Specifically, regarding χ2(cut), if the unconstrained 
model with freely estimated correlation (showing a value < 0.85) fits better than the model 
with the fixed correlation (at 0.85), it means that there are no problems with discriminant 
validity. Similarly, if the unconstrained model with freely estimated correlation (reporting 
a value > 0.85) fits better than the model with constrained correlation (at 0.85), it means 
that there are problems with discriminant validity. If the difference in χ2(cut) between the 
two models (unconstrained vs. constrained) is not statistically different from zero, it 
means that there are problems of discriminant validity. 
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The CFI(cut) consists of comparing the ΔCFI between the constrained and uncon-
strained models against the 0.002 cutoff. A ΔCFI above the 0.002 cutoff in favor of the 
model with the lower latent correlation supports discriminant validity, while a ΔCFI be-
low the 0.002 cutoff indicates the absence of discriminant validity because the ‘real’ corre-
lation is not lower than 0.85. 

2.3. Sample Size Determination 
Given the purpose of the present investigation, the chosen measurement tools, and 

the data analysis strategy, the sample size was determined a priori according to the ‘n: q 
criterion’. Here, ‘n’ represents the number of statistical units (participants), while ‘q’ rep-
resents the number of free parameters to be estimated in the model [70,71]. To guarantee 
a ratio of 5 statistical observations for each model parameter (with the DWLS estimator, 
where the number of free parameters was 138), the minimum required sample size to 
reach was calculated as 5 × 138 = 690. 

3. Results 
3.1. Preliminary Analysis 
3.1.1. Participants 

The sample consisted of 717 adult clinical patients with severe obesity (BMI > 35, 
mean 43.284 ± 6.962) seeking weight reduction treatment. Their mean age was 53.681 years 
(±12.742), ranging from 18 to 87 years old. The sample was balanced in terms of biological 
sex, comprising 403 women (56.21%) and 314 men (43.79%). Descriptive statistics of socio-
demographic and physical characteristics, as well as variable levels, are reported in Table 
1, which stratifies the sample by biological sex. 

Table 1. Descriptive statistics of the sample socio-demographic, physical, and psychological varia-
bles. 

 Males  
(n 314) 

Females  
(n 403) 

Total  
(N = 717) 

Age    

Mean (SD) 54.557 (12.401) 52.924 (13.138) 53.628 (12.842) 
Range 18–87 18–80 18–87 

Weight in kg    

Mean (SD) 130.872 (24.523) 110.288 (19.471) 118.876 (23.963) 
Range 82.600–270 70–220.200 70–270 

Height in meters    

Mean (SD) 1.736 (0.074) 1.594 (0.075) 1.653 (0.102) 
Range 1.500–1.950 1.400–1.830 1.400–1.950 

Body Mass Index    

Mean (SD) 43.345 (7.132) 43.332 (6.395) 43.337 (6.707) 
Range 35.077–86.182 35.156–83.210 35.077–86.182 

MEC10    

Mean (SD) 14.571 (9.834) 16.649 (10.595) 15.745 (10.315) 
Range 0–37 0–40 0–40 
BES    

Mean (SD) 25.667 (7.626) 28.536 (8.849) 27.287 (8.454) 
Range 15–52 15–57 15–57 

mYFAS2.0    

Mean (SD) 2.231 (2.449) 2.756 (2.889) 2.527 (2.717) 
Range 0–11 0–11 0–11 
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n (%) Males  
(n 314) 

Females  
(n 403) 

Total  
(N = 717) 

FA diagnosis    
No FA 241 (77.2%) 287 (70.9%) 528 (73.6%) 

FA 71 (22.8%) 118 (29.1%) 189 (26.4%) 
Severity of FA diagnosis       

Mild FA 17 (23.9%) 21 (17.8%) 38 (20.1%) 
Moderate FA 22 (31.0%) 30 (25.4%) 52 (27.5%) 

Severe FA 32 (45.1%) 67 (56.8%) 99 (52.4%) 
Only FA diagnosis       

Not only FA 276 (88.5%) 369 (91.1%) 645 (90.0%) 
Only FA 36 (11.5%) 36 (8.9%) 72 (10.0%) 

BED diagnosis       
No BED 248 (79.5%) 280 (69.1%) 528 (73.6%) 

BED 64 (20.5%) 125 (30.9%) 189 (26.4%) 
Only BED diagnosis       

Not only BED 283 (90.7%) 362 (89.4%) 645 (90.0%) 
Only BED 29 (9.3%) 43 (10.6%) 72 (10.0%) 

Note: MEC10 = Measure of Eating Compulsivity 10; mYFAS2.0 = symptom count of the Modified 
Yale Food Addiction Scale 2.0; BES = Binge Eating Scale. FA = food addiction; BED = binge eating 
disorder. 

3.1.2. Item Properties 
The descriptive statistics of the items are reported in Table 2, showing that the skew-

ness and kurtosis values were generally within the recommended ranges, suggesting that 
most items can be considered to be normally distributed. Figure 1 illustrates the distribu-
tion of response categories to the items and their percentages. Given that these screening 
questionnaires are related to pathological behaviors and feelings associated with eating 
disorders, certain categories are endorsed more frequently than others. 

Figure 2 displays the Spearman correlations between the items on each scale. The 
intensity of the color indicates the strength of the correlation. All items within the same 
scale were positively associated (p < 0.05). 

Table 2. Descriptive statistics of the items of the MEC10, BES, and mYFAS2.0. 

MEC10 Mean sd Median Min Max Range Skew Kurtosis 
MEC_1 1.126 1.172 1 0 4 4 0.698 −0.562 
MEC_2 1.250 1.260 1 0 4 4 0.561 −0.995 
MEC_3 1.725 1.278 2 0 4 4 0.081 −1.163 
MEC_4 1.700 1.349 2 0 4 4 0.135 −1.262 
MEC_5 1.582 1.244 2 0 4 4 0.220 −1.042 
MEC_6 1.766 1.313 2 0 4 4 0.060 −1.212 
MEC_7 1.344 1.289 1 0 4 4 0.544 −0.862 
MEC_8 1.756 1.328 2 0 4 4 0.099 −1.183 
MEC_9 1.985 1.286 2 0 4 4 −0.137 −1.059 

MEC_10 1.512 1.322 1 0 4 4 0.380 −1.024 

BES mean sd median min max range skew kurtosis 
BES_1 2.384 0.987 2 1 4 3 0.020 −1.068 
BES_2 2.071 1.049 2 1 4 3 0.279 −1.388 
BES_3 1.639 0.936 1 1 4 3 1.416 0.953 
BES_4 2.059 0.936 2 1 4 3 0.587 −0.523 
BES_5 1.877 0.877 2 1 4 3 0.822 −0.008 
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BES_6 1.722 0.683 2 1 3 2 0.413 −0.849 
BES_7 1.636 0.940 1 1 4 3 1.385 0.815 
BES_8 1.619 0.884 1 1 4 3 1.062 −0.251 
BES_9 1.773 0.876 2 1 4 3 0.979 0.187 
BES_10 1.827 0.928 2 1 4 3 0.757 −0.565 
BES_11 1.473 0.704 1 1 4 3 1.368 1.185 
BES_12 1.589 0.883 1 1 4 3 1.459 1.203 
BES_13 1.778 0.980 1 1 4 3 1.121 0.158 
BES_14 1.971 0.919 2 1 4 3 0.608 −0.546 
BES_15 1.870 0.809 2 1 4 3 0.808 0.332 
BES_16 1.749 0.768 2 1 4 3 0.497 −1.033 

mYFAS2.0 mean sd median min max range skew kurtosis 
Amount 0.074 0.262 0 0 1 1 3.250 8.576 

Time 0.167 0.374 0 0 1 1 1.778 1.164 
Activities 0.114 0.318 0 0 1 1 2.418 3.854 

Withdrawal 0.197 0.398 0 0 1 1 1.523 0.321 
Obligations 0.329 0.470 0 0 1 1 0.726 −1.475 

Consequences 0.289 0.453 0 0 1 1 0.931 −1.136 
Tolerance 0.179 0.383 0 0 1 1 1.675 0.808 
Craving 0.226 0.418 0 0 1 1 1.308 −0.290 

Attempts 0.291 0.455 0 0 1 1 0.916 −1.163 
Situations 0.107 0.310 0 0 1 1 2.531 4.411 
Problems 0.554 0.497 1 0 1 1 −0.216 −1.956 

Note: MEC10 = Measure of Eating Compulsivity 10; mYFAS2.0 = symptom count of the Modified 
Yale Food Addiction Scale 2.0; BES = Binge Eating Scale. 
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Figure 1. Distribution of the item response categories and their percentages. 
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Figure 2. Heatmap of the correlations among items of the Measure of Eating Compulsivity 10 
(MEC10), Modified Yale Food Addiction Scale 2.0 (mYFAS2.0), and Binge Eating Scale (BES). Note: 
The intensity of the color indicates the strength of the correlation. 
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3.2. Assessing Discriminant Validity through SEM 
First, correlation-related techniques were employed, including the point estimate of 

the latent correlation and its 95% CI, which should not exceed the threshold. Second, 
model-fit techniques were utilized, such as Δχ2(cut) and ΔCFI(cut). 

3.2.1. Unconstrained Model: ρxx(Cut) and CIxx(Cut) 
Figure 3 depicts the graphical representation of the SEM, illustrating the three meas-

urement models of the following measures: MEC10, BES, and mYFAS2.0. The arrows be-
tween the latent factors (represented within the circles) signify the latent factors them-
selves. Items are represented within rectangles, with arrows extending from the factors 
(circles) to items indicating the item loadings. Each path is labeled to indicate its stand-
ardized estimate, and the thickness of the paths reflects their strength. 

The SEM model, incorporating the measurement models of the three considered 
measures, showed an excellent fit to the data, as indicated by the following fit indices. The 
χ2 (df = 626) = 940.048 was associated with a statistically significant p-value of <0.001, primarily 
due to the large sample size. The CFI (= 0.998) suggests an excellent fit, along with the 
RMSEA (= 0.026), which, with a 90% CI of RMSEA [0.023, 0.030], indicated a high proba-
bility (equal to 1) of the RMSEA being below 0.050. Finally, the SRMR was 0.048. 

Examination of the item loadings onto their latent factor revealed that they were all 
highly associated with the measured construct and in a statistically significant manner (p 
< 0.001), thereby supporting the scale dimensionality and construct validity as being in 
line with the previous validations. Table 3 shows the item loadings on their respective 
latent factors, along with their explained variance (r2). 

 
Figure 3. Plot of the structural equation model assessing discriminant validity. Note: MYF 
= mYFAS2.0; MEC10 = Measure of Eating Compulsivity 10; BES = Binge Eating Scale. 
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Table 3. Factor loadings of the items on latent factors in the SEM model, as represented in Figure 3. 

MEC10 Loadings BES Loadings mYFAS2.0 Loadings 
Item MEC10 BES mYFAS2.0 r2 Item MEC10 BES mYFAS2.0 r2 Item MEC10 BES mYFAS2.0 r2 

MEC_1 0.793 0 0 0.629 BES_1 0 0.465 0 0.217 Amount 0 0 0.752 0.566 
MEC_2 0.789 0 0 0.622 BES_2 0 0.460 0 0.211 Time 0 0 0.780 0.608 
MEC_3 0.831 0 0 0.690 BES_3 0 0.741 0 0.549 Activities 0 0 0.642 0.412 
MEC_4 0.833 0 0 0.694 BES_4 0 0.772 0 0.596 Withdrawal 0 0 0.740 0.547 
MEC_5 0.855 0 0 0.731 BES_5 0 0.624 0 0.390 Obligations 0 0 0.802 0.644 
MEC_6 0.838 0 0 0.703 BES_6 0 0.602 0 0.363 Consequences 0 0 0.917 0.842 
MEC_7 0.853 0 0 0.728 BES_7 0 0.686 0 0.471 Tolerance 0 0 0.685 0.469 
MEC_8 0.836 0 0 0.698 BES_8 0 0.803 0 0.644 Craving 0 0 0.881 0.777 
MEC_9 0.787 0 0 0.620 BES_9 0 0.579 0 0.335 Attempts 0 0 0.721 0.520 

MEC_10 0.829 0 0 0.687 BES_10 0 0.834 0 0.696 Situations 0 0 0.633 0.400 
     BES_11 0 0.782 0 0.612 Problems 0 0 0.739 0.546 
     BES_12 0 0.657 0 0.432      
     BES_13 0 0.652 0 0.426      
     BES_14 0 0.671 0 0.450      
     BES_15 0 0.758 0 0.575      
     BES_16 0 0.630 0 0.396      

Note: MEC10 = Measure of Eating Compulsivity 10; mYFAS2.0 = Modified Yale Food Addiction Scale 2.0; BES = Binge Eating Scale. r2 = r squared. 
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Table 4 displays the three latent correlations between the three factors and their 95% 
CI in the unconstrained model. All three latent factors exhibited strong and statistically 
significant positive correlations. In detail, the mYFAS2.0, considered the gold standard 
assessment tool for FA, showed strong and comparable correlations with both MEC10 
(0.783) and BES (0.786). 

Table 4. Covariances among latent factors and 95% confidence intervals in the unconstrained model. 

Unconstrained Model 
 Point 

Std. Estimate 
95%CI    

Latent Factors Lower Upper Std. Err. z-Value p-Value 
MEC10 ~~ - - - - - - 
mYFAS2.0 0.783 0.766 0.799 0.008 93.394 <0.001 

BES 0.856 0.844 0.867 0.006 148.023 <0.001 
       

BES ~~ - - - - - - 
mYFAS2.0 0.786 0.768 0.804 0.009 85.595 <0.001 

Note: MEC10 = Measure of Eating Compulsivity 10; mYFAS2.0 = Modified Yale Food Addiction 
Scale 2.0; BES = Binge Eating Scale. 

MEC10 and BES 
The latent correlation between MEC10 and BES had a standardized point estimate of 

0.856, with a 95% CI ranging from the lower bound of 0.844 to the upper bound of 0.867. 
Two of these three values exceed the recommended threshold for latent factor correlations 
(values > 0.850), which should not be surpassed to support the discriminant validity of the 
two measures. Indeed, a correlation that is ‘too’ high between the two measures indicates 
the absence of discriminant validity and suggests potential overlap between these ques-
tionnaires. 

mYFAS2.0 and MEC10 
The latent correlation between MEC10 and mYFAS2.0 had a standardized point esti-

mate of 0.783, with a 95% CI ranging from the lower bound of 0.766 to the upper bound 
of 0.799. Since all these values are below the recommended threshold for latent factor cor-
relations (values < 0.850), the not ‘too’ high correlation between MEC10 and mYFAS2.0 
indicates the presence of discriminant validity between them. 

mYFAS2.0 and BES 
The latent correlation between the latent factors of BES and mYFAS2.0 had a stand-

ardized estimate of 0.786 with a 95% CI [0.768, 0.804]. Since these values fall below the 
threshold of.850, discriminant validity between BES and YFAS is supported. 

In summary, based on the point estimate of the latent correlations and their 95% CIs, 
the discriminant validity of mYFAS2.0 is supported both with MEC10 and BES. In con-
trast, discriminant validity between MEC10 and BES is absent. 

3.2.2. Comparison of the Unconstrained and Constrained Models: χ2(cut) and CFI(cut) 
According to the guidelines, also the χ2(cut) and CFI(cut) techniques were used to 

test discriminant validity. Specifically, the χ2 fit of the previous unconstrained model (al-
lowing free estimation of all latent correlations) was compared to another model in which 
the latent correlation between the constructs (MEC10 and BES or MEC and mYFAS2.0) 
was constrained to a cutoff value (i.e., 0.850). 

Subsequently, the model comparison relied on χ2(cut) and CFI(cut). Table 5 presents 
the fit of the model(s) and their comparison using χ2(cut) and CFI(cut).
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Table 5. Assessment of discriminant validity. Fit of models (on the left) and model comparison with the unconstrained model as a reference (on the right). The upper part of the table 
pertains to the correlation between MEC10 and BES. The middle part concerns the correlation between MEC10 and mYFAS2.0. The lower part concerns the correlation between 
mYFAS2.0 and BES. 

MEC10 ~~ BES  
Point est. 0.856  

95% CI [0.844, 0.867] 

             
Model Fit Model Comparison  

X2 df p CFI RMSEA SRMR ΔX2 Δdf p  ΔCFI ΔRMSEA DV 

Unconstrained model 940.048 626 <0.001 0.998 0.026 0.048 - - -  - - - 
  Constrained at 0.85 941.040 627 <0.001 0.998 0.026 0.048 0.992 1 0.319  0 0 No 
  Constrained at 0.90 996.47 627 <0.001 0.997 0.029 0.049 56.425 1 <0.001  −0.001 0.003 - 
  Constrained at 0.95 1184.57 627 <0.001 0.996 0.035 0.051 244.53 1 <0.001  −0.002 0.090 - 

mYFAS2.0 ~~ MEC10  
point est. 0.783 

95% CI [0.766, 0.799] 

             
Model fit Model comparison  

X2 df p CFI RMSEA SRMR ΔX2 Δdf p  ΔCFI ΔRMSEA DV 
Unconstrained model 940.048 626 <0.001 0.998 0.026 0.048 - - -  - - - 
  Model constr. 0.85 999.793 627 <0.001 0.997 0.029 0.050 59.745 1 <0.001  −0.001 0.003 Yes 

mYFAS2.0 ~~ BES  
point est. 0.786  

95% CI [0.768, 0.804] 

Model fit Model comparison  

X2 df p CFI RMSEA SRMR ΔX2 Δdf p  ΔCFI ΔRMSEA DV 

Model unconstrained 940.048 626 <0.001 0.998 0.026 0.048 - - -  - - - 
  Constrained at 0.85 986.373 627 <0.001 0.997 0.028 0.049 46.325 1 <0.001  −0.001 0.002 Yes 

Note: MEC10 = Measure of Eating Compulsivity 10; BES = Binge Eating Scale; mYFAS2.0 = modified Yale Food Addiction Scale. ~~ = latent correlation; 
point est. = point estimate of the correlation in the unconstrained model; 95% CI = confidence interval at 95% in the unconstrained model. X2 = chi-
square statistic; df = degrees of freedom; p = p-value; CFI = comparative fit index; RMSEA = root means square error of approximation; Δ = difference; 
DV = discriminant validity. 



Nutrients 2024, 16, 550 16 of 23 
 

 

MEC10 and BES 
Considering Δχ2(cut), when the latent correlation between MEC10 and BES was con-

strained to be 0.850, the Δχ2(cut) was 0.992, and it was not statistically different from 0 (p 
= 0.319). Considering the reference point of 0.850, the correlation between MEC10 and BES 
was not significantly different (less) from 0.85, indicating a lack of discriminant validity 
between MEC10 and BES. 

Regarding ΔCFI(cut), the results indicate that both the models had an equal CFI, re-
sulting in a Δ of 0. This suggests the absence of discriminant validity between MEC10 and 
BES (CFI unconstrained = 0.998; CFI constrained at 0.85 = 0.998; and ΔCFI(cut) = 0). 

Two other models were specified, constraining the latent correlation of MEC10 and 
BES to be equal to 0.90 and then to 0.95. The model with a latent correlation of 0.90 was 
invariant when compared to the unconstrained model, but the model with a latent corre-
lation of 0.95 was not invariant compared to the unconstrained one. This means that the 
latent correlation between MEC10 and BES is significantly less than 0.95 but not signifi-
cantly less than 0.90 or 0.85—supporting the absence of discriminant validity between 
these measures. 
mYFAS2.0 and MEC10 

The same approach was used to test the discriminant validity of MEC10 and mY-
FAS2.0 through Δχ2(cut) and ΔCFI(cut). A model with a latent correlation between MEC10 
and mYFAS2.0 constrained to 0.85 was compared to the unconstrained model. 

Δχ2(cut) showed a Δχ2 of 59.745 that was statistically significant (p < 0.001), different 
than the unconstrained model, supporting the discriminant validity of MEC10 and mY-
FAS2.0. ΔCFI(cut) showed that the ΔCFI between the unconstrained model and the model 
with the latent correlation constrained to 0.85 was only −0.001 below the threshold of 
0.002, but this suggests that the difference in goodness-of-fit between the models is mini-
mal, and ΔCFI(cut) may be too conservative. 
mYFAS2.0 and BES 

For completeness, the discriminant validity of mYFAS2.0 and BES was also tested 
through a model-fit comparison, with their latent correlation fixed at 0.850. The Δχ2(cut) 
between the constrained and unconstrained models was 46.325 and statistically signifi-
cant, supporting discriminant validity. The ΔCFI(cut) was 0.001, below the threshold, but 
reflecting the good fit of both models and potentially being too conservative. 

4. Discussions 
The present research was the first aimed at assessing the discriminant validity of two 

measures of food addiction (FA), MEC10 and mYFAS2.0, in a large sample of inpatients 
with severe obesity (BMI > 35). A SEM approach was used in accordance with the recent 
methodological guidelines within the field of test validity. A combination of psychometric 
techniques was used to assess the presence or absence of discriminant validity between 
measures as follows: (i) In an unconstrained model, the latent variable correlation and its 
95% CI were estimated as free parameters—their values should be below the threshold of 
0.85 to support discriminant validity; (ii) the Δχ2 and ΔCFI were evaluated between the 
unconstrained model and a second model in which each target latent correlation was con-
strained to be fixed at 0.85—a significantly better fit of the unconstrained model supported 
discriminant validity. These steps were repeated for each of the three latent correlations. 

The results showed that the discriminant validity of mYFAS2.0, the gold standard 
measure of FA, was supported both with MEC10 and BES. This means that mYFAS2.0 
measures a construct distinct from those assessed by MEC10 and BES. In contrast, the data 
did not support discriminant validity between MEC10 and BES. In this regard, the results 
from the point estimate, 95% CI, Δχ2, and ΔCFI were consistent. 

The presence of discriminant validity between mYFAS2.0 and both MEC10 and BES 
is theoretically expected because mYFAS2.0 specifically assesses FA in its behavioral and 
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substance use components, whereas MEC10 and BES ‘only’ capture binge eating behav-
iors that are strongly related to FA but distinct from it. Indeed, BED is not always associ-
ated with FA and vice versa. 

Differently, the absence of discriminant validity between MEC10 and BES suggests 
that MEC10 does not measure FA as originally intended but rather could be a measure of 
binge eating. Thus, MEC10 and BES seem to measure the same construct, and they are 
equally related to FA, as measured by mYFAS2.0. Therefore, MEC10 represents an optimal 
measure of binge eating but not of FA. 

The findings of the present research study are consistent with the current literature 
and previous scientific evidence [28], which indicate that MEC10 is more similar to BES 
than to mYFAS2.0. 

4.1. FA and BED: Constructs Differences 
Highlighting the difference between the constructs of FA and BED is crucial to grasp 

the importance of these findings. The hallmark of BED is the episodes of binge eating, 
characterized by the intake of an unusually high quantity of food in a short time [72]. 
However, FA may not necessarily manifest with binge eating episodes, and binge eating 
episodes may not necessarily exhibit specific characteristics of FA, such as craving, toler-
ance, or withdrawal, which are typical of addictions. 

MEC10 captures only one aspect of FA, which is eating compulsivity manifested as a 
binge eating episode. Thus, MEC10 does not capture all the other aspects of FA. Differ-
ently, mYFAS2.0 provides a broader reflection of the FA constructs, incorporating all rel-
evant facets. 

In summary, patients with BED are highly likely to also have FA, but those with FA 
may not necessarily have BED because FA encompasses various aspects (11 criteria), in-
cluding but not limited to episodes of binge eating. 

4.2. MEC10 or BES? 
As the discriminant validity of MEC10 and BES is not supported, and both assess binge 
eating, one may wonder which measure to use for assessing binge eating behaviors and 
their correlates. The answer depends on various considerations, such as the characteristics 
of the respondents (level of psychological and cognitive functioning), the context of the 
application (research or clinical), and the type of study (quantitative vs. qualitative). How-
ever, using both in clinical or research studies will result in redundancy, higher resource 
consumption, longer assessment time, overburden for respondents, and reduced atten-
tion, consequently leading to lower accuracy in answers to long assessment batteries. In 
fact, the literature highlights how assessment tools in health contexts should be short, ac-
ceptable for respondents, and feasible for researchers and/or clinicians [73]. 

In terms of the cognitive load required of the respondents, MEC10 and BES consist-
ently differ. MEC10 has a lean structure consisting of 10 Likert-type items and excellent 
psychometric properties. The BES also exhibits optimal psychometric properties, but its 
structure is more complex. It comprises 16 groups of items, each containing four different 
sentences with varying severity levels (partial semantic autonomy). Consequently, the re-
spondents have to read and elaborate information from 16×4 sentences, resulting in a high 
cognitive load and consistently extending the assessment time. Moreover, from a psycho-
metric perspective, the response alternatives in the BES are not consistent across all item 
groups: while 14 out of 16 items have four response alternatives, only 2 out of 16 items 
have three response options. This discrepancy represents a problem in SEM and measure-
ment models. Regarding the content’s validity, the longer form of the BES can capture 
more facets of the constructs, albeit at the cost of a considerable cognitive load. For these 
reasons, MEC10 should be preferred for the assessment of binge eating due to its fewer 
items and maintained high accuracy. 
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4.3. Limitations 
The sample consisted solely of adult inpatients with severe obesity, and this may re-

strict the generalizability of the results. Despite the large sample size, the sample only 
partially represented the clinical population because it was not balanced, as patients with 
obesity were included, but there were no patients with a diagnosis of BED. Moreover, the 
sample was unbalanced in terms of obesity classes, with Class 2 being expected to be more 
prevalent than Class 3. Additionally, a limited number of self-report assessment tools 
were used, such as the MEC10, BES, and mYFAS2.0. It is worth noting that self-reports 
have some inherent limitations, such as a susceptibility to social desirability bias and the 
potential hiding of different symptom configurations behind the same score [74]. Moreo-
ver, the cross-sectional research design did not allow for observation of whether these 
findings remained consistent over time. Finally, in this study, differences associated with 
biological sex and gender were not considered [75], nor were factors related to broader 
social [76,77] and environmental conditions [78]. Future studies are warranted to either 
confirm or refute these findings and to broaden their applicability to other populations. 
For example, longitudinal studies conducted across samples from various populations, 
such as patients with eating disorders and the general population, could delve deeper into 
these topics. These studies have the potential to validate the present findings and extend 
their relevance to diverse populations. 

4.4. Strengths 
The strengths of this present research are both clinical and methodological. 
In terms of clinical strengths, this study is the first to assess the discriminant validity 

of measures of FA and binge eating using statistically robust methods and techniques. The 
findings reveal that the MEC10, previously improperly considered a measure of FA, is 
more likely a measure of binge eating, as indicated by its lack of discriminant validity with 
the BES. 

From a methodological perspective, the focus on discriminant validity is a key 
strength, as it is an important property of an assessment tool and a relevant facet when 
evaluating construct validity [79]. In the present research, the statistical analyses relied on 
robust and sound methodologies such as SEM, which allowed for the precise estimation 
of latent factors and their correlations by minimizing measurement error variability. From 
an applicative perspective, this research provides an example of the assessment of discri-
minant validity in health psychology through SEM. Indeed, when assessing discriminant 
validity, it is common practice to evaluate observed correlations between scales, which 
may include measurement error. However, latent correlations between factors are fre-
quently neglected in scale validation [33]. Regarding the methodology, a large clinical 
sample of adult inpatients with obesity who received a formal diagnosis from physicians 
and psychologists was used. This ensured accurate estimates, and the sample was well-
balanced in terms of biological sex and age. 

In general, considering the limitations and strengths mentioned above, these findings 
hold significance and novelty within the context of the current literature on FA and eating 
disorders. They have the potential to inform future research and clinical practice in these 
fields. 

4.5. Future Research 
Future studies are needed to replicate or disconfirm these findings in different pop-

ulations, such as patients with BED, community samples, ‘normal’ weight individuals, 
and adolescents, both within Italy and across other countries. Additionally, the role of 
other factors, such as gender and age, warrants investigation in future research. 

Furthermore, there are many scales whose discriminant validity has never been rig-
orously tested, as shown in this study. These steps [33] could be applied to test the discri-
minant validity of various measures. 
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Moreover, future studies may develop and test new methods to assess discriminant 
validity. Finally, future research in statistics and psychometrics may aim to unravel the 
current ambiguities surrounding discriminant validity, particularly regarding its teaching 
and application in clinical and research contexts. 

4.6. Further Methodological Considerations 
If discriminant validity is defined as the extent to which two measures of similar but 

distinct constructs are associated but not with a too high association, the question arises: 
how low is low enough to consider them distinct? There is an ongoing debate regarding 
the use of thresholds versus considering a continuum and the subsequent interpretation. 
For instance, the 0.85 threshold has been considered the optimal cutoff point based on 
methodological literature and simulation studies; however, its validity may be question-
able. Some researchers may consider it problematic to determine whether two scales 
measure different constructs solely based on a cutoff value. While rules of thumb and 
cutoffs can be useful, exercising good judgment is always necessary in their interpretation. 
For example, biological sex and gender are highly correlated variables (0.995) [26], yet it 
is undeniable that they refer to distinct constructs. As noted by Rönkkö & Cho [33] on 
page 12, thresholds have to be interpreted: “the existence of a threshold, that is, a correla-
tion below a certain level has no problem with discriminant validity but does not dictate 
a specific cutoff, thus also allowing the value of the correlation to be interpreted instead 
of simply tested”. 

Testing discriminant validity is important for at least two reasons. From the psycho-
metric perspective, not testing the discriminant validity of a scale may result in the use of 
scales that are overly correlated, leading to multicollinearity issues in linear models. From 
a pragmatic standpoint, choosing a scale without considering its discriminant validity 
with similar scales could lead to construct redundancy and unnecessary prolongation of 
assessment times, ultimately reducing accuracy. 

Discriminant validity is a facet of validity that is often neglected. Additionally, ambi-
guity and confusion surrounding discriminant validity may arise from poor theoretical 
clarity and conceptual confusion. At times, discriminant validity is mistakenly equated 
with the test’s ability to distinguish between different groups (known group validity), 
such as clinical versus nonclinical populations, or confused with criterion validity (the 
ability to predict criteria associated with the measured construct) or divergent validity 
(e.g., negative or low correlations). 

Interestingly, the simulation studies [33] on the present methodology were from the 
field of organizational settings and management and were then applied in the psycholog-
ical field with encouraging results. Such different disciplines rely on a common ground of 
methodology, statistical analyses, techniques, and measurement test validity. 

Psychometrically sound measures represent a crucial resource for psychological as-
sessment to outline face-to-face and digital interventions, especially when dealing with 
patients with medical conditions such as obesity or respiratory and cardiovascular dis-
eases [80–84]. 

The scientific literature highlights that it is of crucial importance to assess the discri-
minant validity of measurement scales before testing research hypotheses and investigat-
ing relationships between constructs [85]. 

5. Conclusions 
In conclusion, the discriminant validity between MEC10 and BES is absent (ρ point 

estimate = 0.856, 95% CI [0.844, 0.867]); therefore, MEC10 is a promising questionnaire 
with excellent psychometric properties but should be considered as a measure of BED and 
not FA. These findings support the validity and suitability of MEC10, a psychometrically 
sound tool that is useful for measuring binge eating behaviors associated with FA, both 
for research and clinical purposes. On the contrary, the discriminant validity of mYFAS2.0 
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and MEC10 is supported (ρ point estimate = 0.783, 95% CI [0.766, 0.799]), as they measure 
similar but distinct constructs that are not too highly correlated. 

The SEM methodology with latent variables allowed the investigation of the psycho-
metric properties and construct validity of these psychological assessment tools, focusing 
in particular on discriminant validity. 
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