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Abstract: Background and Objectives: Type 2 diabetes (T2D) and prediabetes represent ma-

jor global health concerns, with obesity being a key risk factor. However, recent evidence 

suggests that the adipose tissue composition and distribution play a more critical role in 

metabolic dysfunction than the total body weight or body mass index (BMI). This study 

evaluates the predictive capacity of the Córdoba Equation for Estimating Body Fat 

(ECORE-BF) for identifying individuals at high risk of developing T2D and prediabetes. 

Materials and Methods: A cross-sectional study was carried out involving 418,343 Spanish 

workers. Body fat percentage was estimated using the ECORE-BF equation, and diabetes 

risk was assessed using validated predictive models, including the Finnish Diabetes Risk 

Score (FINDRISC), QDiabetes score (QD-score), and others. The discriminatory power of 

ECORE-BF in predicting T2D and prediabetes was assessed using receiver operating char-

acteristic (ROC) curve analysis. Results: ECORE-BF showed a strong correlation with 

high-risk classifications across all diabetes risk scales. The area under the ROC curve 

(AUC) exceeded 0.95 for both men and women, demonstrating high predictive accuracy. 

Conclusions: Adipose tissue distribution, particularly visceral adiposity, is a central factor 

in metabolic dysfunction. ECORE-BF provides a cost-effective alternative for large-scale 

T2D and prediabetes risk assessment. Future research should explore the impact of vis-

ceral adipose tissue reduction on diabetes prevention and the integration of estimation 

scales into clinical and public health strategies. 
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1. Introduction 

Diabetes mellitus is among the most common chronic non-communicable diseases, 

affecting millions of individuals worldwide [1]. Its increasing prevalence and significant 

impact on patients’ quality of life have made it a critical public health concern [2]. Type 2 

diabetes (T2D), responsible for approximately 90–95% of all diabetes cases worldwide, 

arises from a combination of insulin resistance and impaired insulin secretion by pancre-

atic beta cells [3–5]. The progression of the disease is influenced by multiple risk factors, 

including overweight, obesity [6], physical inactivity [7], and genetic predisposition [8]. 

Early detection [9] and proper management are essential to prevent long-term complica-

tions [10] and improve patient outcomes [11]. 

Type 2 diabetes has increased globally [12] and is one of the leading causes of mor-

bidity and mortality [13]. In 2021, 537 million adults had diabetes, with projections ex-

ceeding 700 million by 2045 [14] if effective prevention and control strategies are not im-

plemented [15]. It is more prevalent in low- and middle-income countries, where urbani-

zation, lifestyle changes, and limited healthcare access contribute to its rise [16]. 

Sociodemographic factors influence the distribution of diabetes [17]. Ethnic groups 

such as Hispanics, African Americans, U.S. Indigenous populations [18], South Asians 

[19], and populations from the Middle East [20] and Africa [21] are at higher risk. Addi-

tionally, population aging increases the incidence of type 2 diabetes due to age-related 

insulin resistance [22]. 

Diabetes-related complications are broadly classified into microvascular and macro-

vascular complications. Microvascular complications of diabetes include retinopathy, 

nephropathy, and neuropathy. Retinopathy can lead to irreversible blindness [23], 

nephropathy is a major cause of chronic kidney disease and dialysis [24], and neuropathy 

increases the risk of foot ulcers and lower limb amputations due to sensory loss [25]. 

Macrovascular complications include cardiovascular diseases such as ischemic heart dis-

ease [26], cerebrovascular disease [27], and peripheral artery disease [28]. Hyperglycemia, 

dyslipidemia, and hypertension contribute to atherosclerosis [29], making cardiovascular 

diseases the leading cause of mortality in type 2 diabetes [30]. 

Early identification of individuals at high risk of developing T2D is crucial for pre-

vention and disease management [31]. Several validated risk assessment tools have been 

developed to estimate the likelihood of diabetes onset in specific populations. The most 

widely used scales include the following: 

(1) Finnish Diabetes Risk Score (FINDRISC) [32]; 

(2) American Diabetes Association (ADA) Diabetes Risk Test [33]; 

(3) QDiabetes score [34]. 

These tools assess an individual’s risk by incorporating variables such as age, body 

mass index (BMI), family history of diabetes, physical activity, diet, and blood pressure. 

The implementation of these risk assessment tools enables the early detection of indi-

viduals in a prediabetic state [35], facilitating timely intervention strategies such as lifestyle 

modifications and medical follow-up. Moreover, these tools play a crucial role in shaping 

public health policies designed to reduce the societal burden of diabetes [36,37]. 

Obesity is a primary risk factor for T2D and represents a growing global public health 

challenge [38]. The excessive accumulation of adipose tissue, particularly in the abdominal 

region, is strongly linked to insulin resistance, a key pathophysiological mechanism under-

lying the development of T2D [39]. Visceral obesity promotes a pro-inflammatory and oxi-

dative stress state, marked by the release of inflammatory cytokines such as tumor necrosis 

factor-alpha (TNF-α) [40] and interleukin-6 (IL-6) [41], which impair insulin action in pe-

ripheral tissues. 
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Moreover, dysfunctional adipose tissue in obese individuals secretes lower levels of 

adiponectin, a hormone that enhances insulin sensitivity and regulates lipid and glucose 

metabolism. Reduced adiponectin levels, coupled with increased insulin resistance, pro-

mote chronic hyperglycemia and the progression toward T2D [42]. Additionally, obesity is 

associated with beta-cell dysfunction, compromising the body’s ability to maintain glycemic 

homeostasis [43]. 

Epidemiological studies have demonstrated that weight reduction through lifestyle in-

terventions, including dietary modifications and increased physical activity, can delay or 

prevent the onset of T2D in individuals with obesity and prediabetes [44]. In this regard, the 

Diabetes Prevention Program (DPP) has shown that modest weight loss (5–10% of initial 

body weight) can significantly reduce the risk of developing T2D [45]. Consequently, obe-

sity prevention and treatment are critical strategies for addressing the global diabetes epi-

demic. 

Type 2 diabetes poses a significant epidemiological burden and is associated with mul-

tiple complications. The use of validated risk assessment tools and the implementation of 

preventive strategies are essential to mitigate its impact. Given the strong link between obe-

sity and T2D, it is imperative to develop effective public health policies that promote healthy 

lifestyles and reduce the incidence of the disease. 

The objective of this study is to evaluate the utility of the Córdoba Equation for Esti-

mating Body Fat (ECORE-BF) as a predictor of elevated values in various risk assessment 

scales for T2D and prediabetes. 

2. Materials and Methods 

This study is a descriptive, cross-sectional analysis conducted between January 2017 

and December 2019, involving a total of 418,343 workers in Spain (246,061 men and 172,282 

women) from various regions. The participants were selected from employees undergoing 

routine occupational health examinations in the companies that agreed to take part in this 

study. 

To qualify for inclusion, individuals needed to be between 18 and 69 years old, em-

ployed under a contract with one of the participating companies, and not on temporary 

leave due to health-related reasons at the time of assessment, and they must have provided 

informed consent to participate in this research, allowing the collected data to be used for 

epidemiological analysis. 

Figure 1 presents a flowchart illustrating the selection process of the employees in-

cluded in this study. 

 

Figure 1. Flowchart for selecting employees in this study. 
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2.1. Measurement and Data Collection 

Prior to data collection, this study’s medical and nursing personnel standardized the 

measurement protocols. These healthcare professionals were responsible for conducting 

clinical, analytical, and anthropometric assessments, including waist circumference, 

weight, and height. 

Height and weight measurements were obtained using a SECA 700 model weighing 

scale. Waist circumference was measured with SECA measuring tape while the partici-

pant stood upright, with the lower extremities together, the trunk erect, and the abdomen 

relaxed. The tape was positioned parallel to the floor at the level of the last floating rib to 

ensure accuracy. 

Blood pressure readings were taken while the participant was seated, following a 

minimum rest period of 10 min, using a calibrated automatic sphygmomanometer (OM-

RON M3). Three consecutive measurements were recorded at 60 s intervals, and the mean 

value was calculated. 

Biochemical parameters were assessed after a fasting period of at least 12 h. Triglyc-

eride, glucose, and total cholesterol levels were determined using automated enzymatic 

methods. High-density lipoprotein (HDL) cholesterol levels were measured with dextran 

sulfate-MgCl2 precipitation techniques. Low-density lipoprotein (LDL) cholesterol was in-

directly calculated using the Friedewald equation [46]. 

All biochemical values were reported in mg/dL. Glycemic status was classified based 

on the criteria established by the American Diabetes Association (ADA): fasting glucose 

levels below 100 mg/dL were considered normal, while values between 100 and 125 

mg/dL indicated prediabetes or impaired fasting glucose, and readings exceeding 125 

mg/dL were indicative of diabetes [47]. 

2.2. Body Fat Estimation and Risk Scales 

Body fat percentage was estimated using the Córdoba Equation for Estimating Body 

Fat (ECORE-BF), calculated as follows: 

ECORE-BF = 97.102 + 0.123 (age) + 11.9 (sex) + 35.959 (lnBMI) [48]. 

Age = in years old at that time. 

Sex = 0 for men and 1 for women. 

lnBMI = natural logarithm of the body mass index. 

Cut-off points for obesity = men > 25%, women > 35%. 

A previous study conducted by our research group demonstrated a high concord-

ance (0.998) between ECORE-BF and the Clínica Universitaria de Navarra Body Adiposity 

Estimator (CUN-BAE), which is considered the gold standard for body fat estimation, as 

validated in a study published in Diabetes Care [49]. 

The risk of developing type 2 diabetes was evaluated using multiple validated pre-

dictive models: 

(1) FINDRISC: This index takes into account sex, age, BMI, waist circumference, physical 

activity, consumption of fruits and vegetables, use of antihypertensive medication, 

history of hyperglycemia, and family history of diabetes. A score higher than 15 in-

dicates a high risk [50]. 

(2) QDiabetes score (QD-score): This model incorporates variables including age, sex, 

ethnicity, height, weight, blood glucose levels, smoking status, history of stroke, fam-

ily history of diabetes, use of antihypertensive medication, presence of depression or 

schizophrenia, and use of steroids or statins. It also considers a history of polycystic 

ovary syndrome or gestational diabetes. In the absence of established cut-off points, 

a relative risk of ≥3 was defined as indicative of a high-risk profile [51]. 

(3) Canrisk: This index includes information on sex, age, physical activity, fruit and veg-

etable consumption, history of hypertension, past hyperglycemia, family history of 
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diabetes, ethnicity, and education level. A score above 43 suggests a higher diabetes 

risk [52]. 

(4) Trinidad Risk Assessment Questionnaire for Type 2 Diabetes Mellitus (TRAQ-D): 

This model accounts for age, sex, BMI, smoking history, family history of diabetes, 

and ethnicity [53]. 

(5) Prediabetes risk scale for Qatar (PRISQ Scale): This tool assesses prediabetes risk, in-

corporating factors such as age, sex, waist circumference, BMI, and blood pressure. 

In the Qatari population, a score ≥16 indicates a high risk, a threshold that was also 

found to be valid in the Spanish population [54]. 

With respect to the smoking status, individuals were classified as smokers if they had 

smoked at least one cigarette per day (or an equivalent tobacco intake in other forms) or 

had quit smoking within the last year. 

The classification of workers by socioeconomic status was based on the 2011 Spanish 

National Occupational Classification (CNO-11) and the criteria established by the Spanish 

Society of Epidemiology’s Social Determinant Groups: Class I (directors/managers, uni-

versity professionals, athletes, and artists), Class II (intermediate occupations and self-

employed workers without employees), and Class III (unskilled workers) [55]. 

2.3. Statistical Analysis 

A descriptive statistical analysis was performed by calculating the frequency and dis-

tribution of categorical variables. Since the quantitative variables followed a normal dis-

tribution, means and standard deviations (SDs) were computed. For comparisons be-

tween independent groups, Student’s t-test was applied to continuous variables, while 

the Chi-square test was used for categorical data. Fisher’s exact test was conducted when 

necessary. Receiver operating characteristic (ROC) curve analysis was utilized to assess 

the discriminatory power of ECORE-BF in predicting type 2 diabetes and prediabetes. The 

optimal cut-off values were determined mathematically from the ROC curves. All statis-

tical analyses were conducted using IBM SPSS Statistics v29.0 for Windows, with a signif-

icance level set at p < 0.05. 

3. Results 

Table 1 presents the clinical and demographic characteristics of the study population. 

In general, men exhibited higher or less favorable values for most anthropometric, clinical, 

and biochemical parameters. 

The predominant age group among participants was 30–49 years, and the majority 

of workers belonged to social class III according to the established classification. Approx-

imately one-third of the participants were identified as current smokers. 

Table 1. Characteristics of the population. 

  Men Women Total   

  n = 246,061 n = 172,282 n = 418,343   

  Mean (SD) Mean (SD) Mean (SD) p-Value 

Age 40.6 (11.1) 39.6 (10.8) 40.2 (11.0) <0.0001 

Height 174.6 (7.0) 161.8 (6.5) 169.4 (9.3) <0.0001 

Weight 81.4 (14.7) 66.2 (14.0) 75.1 (16.2) <0.0001 

Waist 86.2 (11.1) 74.8 (10.6) 81.5 (12.2) <0.0001 

Systolic BP 128.2 (15.5) 117.4 (15.7) 123.7 (16.5) <0.0001 

Diastolic BP 77.8 (11.0) 72.6 (10.4) 75.6 (11.0) <0.0001 

Cholesterol 192.6 (38.9) 190.6 (35.8) 191.8 (37.7) <0.0001 

HDL-c 50.3 (8.5) 56.8 (8.7) 53.0 (9.1) <0.0001 

Non-HDL cholesterol 144.9 (41.4) 139.8 (39.6) 142.9 (40.8) <0.0001 

LDL-c 118.0 (36.7) 116.1 (34.8) 117.2 (35.9) <0.0001 
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Triglycerides 123.7 (86.4) 89.1 (46.2) 109.5 (74.6) <0.0001 

Glycemia  93.3 (21.3) 87.8 (15.1) 91.0 (19.2) <0.0001 

  % % % p-value 

Under 30 years 18.8 20.7 19.6 <0.0001 

30–39 years 27.6 29.7 28.4   

40–49 years 30.0 29.6 29.9   

50–59 years 19.7 16.8 18.5   

60–69 years 3.9 3.2 3.6   

Economic class I 4.9 6.9 5.7 <0.0001 

Economic class II 14.9 23.4 18.4   

Economic class III 80.3 69.7 75.9   

No tobacco consumption 66.6 67.2 66.9 <0.0001 

Tobacco consumption 33.4 32.8 33.2   

BP Blood pressure. HDL-c High-density lipoprotein-cholesterol. LDL-C Low-density lipoprotein-

cholesterol. 

Tables 2 and 3 present the mean values and prevalence of obesity according to the 

ECORE-BF scale, stratified by the risk levels in diabetes and prediabetes assessment 

scales. In both cases, individuals classified as high risk for diabetes and prediabetes exhibit 

higher values compared to their lower-risk counterparts. The observed differences are 

consistently statistically significant (p < 0.001). 

Table 2. Mean ECORE-BF values based on different risk scale scores for type 2 diabetes and predi-

abetes, stratified by sex. 

    Men     Women   

  n Mean (SD) p-Value n Mean (SD) p-Value 

QD-score < 3 224,002 25.0 (4.9) <0.001 153,641 33.8 (5.6) <0.001 

QD-score > 3 22,059 35.9 (3.8)  18,641 47.6 (4.4)  

FINDRISC low-normal 237,936 25.2 (4.5) <0.001 167,989 32.6 (5.1) <0.001 

FINDRISC high-very high 8125 34.6 (4.4)  4293 47.9 (5.2)  

Canrisk low-normal 257,763 25.3 (4.1) <0.001 166,377 36.5 (5.4) <0.001 

Canrisk high 28,298 33.7 (4.6)  5905 48.3 (5.3)  

TRAQ-D low 238,776 25.6 (5.1) <0.001 169,849 36.3 (6.0) <0.001 

TRAQ-D high-very high 7285 36.0 (5.2)  2433 49.6 (5.9)  

PRISQ normal 119,402 21.8 (4.6) <0.001 129,519 32.6 (5.4) <0.001 

PRISQ high 126,659 29.2 (4.6)   42,763 42.2 (6.2)   

ECORE-BF Córdoba Equation for Estimating Body Fat. QD-score Q diabetes score. TRAQ-D Trini-

dad Risk Assessment Questionnaire for Type 2 Diabetes Mellitus. PRISQ Prediabetes risk in Qatar. 

SD Standard body fat. 

Table 3. Prevalence of elevated ECORE-BF values based on risk levels for prediabetes or type 2 

diabetes, categorized by different scales and stratified by sex. 

    Men     Women   

ECORE-BF Obesity n % p-Value n % p-Value 

QD-score < 3 224,002 27.6 <0.001 153,641 40.3 <0.001 

QD-score > 3 22,059 99.3  18,641 99.8  

FINDRISC low-normal 237,936 34.4 <0.001 167,989 30.8 <0.001 

FINDRISC high-very high 8125 99.7  4293 99.5  

Canrisk low-normal 257,763 47.0 <0.001 166,377 43.2 <0.001 

Canrisk high 28,298 98.5  5905 99.7  

TRAQ-D low 238,776 51.4 <0.001 169,849 44.4 <0.001 

TRAQ-D high-very high 7285 99.6  2433 99.8  

PRISQ normal 119,402 19.5 <0.001 129,519 30.9 <0.001 

PRISQ high 126,659 84.1   42,763 88.2   
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ECORE-BF Córdoba Equation for Estimating Body Fat. QD-score Q diabetes score. TRAQ-D Trini-

dad Risk Assessment Questionnaire for Type 2 Diabetes Mellitus. PRISQ Prediabetes risk in Qatar. 

As shown in Figure 2a,b and Table 4, the ECORE-BF scale serves as a strong predictor 

of high values in diabetes and prediabetes risk scales, as indicated by the areas under the 

curve (AUCs). The AUC values are particularly high for a QD-score > 3, specifically 0.970 

(95% CI: 0.969–0.971) for men and 0.976 (95% CI: 0.975–0.977) for women. Additionally, 

the AUC values remain high across all other diabetes and prediabetes risk scales. In the 

diabetes risk scales, the AUC values are higher in women, whereas for prediabetes risk 

scales, they are slightly higher in men. 

 

 

(a) 
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(b) 

Figure 2. (a). ROC curves to estimate the value of ECORE-BF for predicting a high risk of predia-

betes and diabetes in men. (b). ROC curves to estimate the value of ECORE-BF for predicting a 

high risk of prediabetes and diabetes in women. 

Table 4. Areas under the curve and ECORE-BF cut-off points, along with their sensitivity, specific-

ity, and Youden index, for predicting high-risk values on different risk scales for prediabetes and 

type 2 diabetes, stratified by sex. 

  Men n = 246,061   
Women n = 

172,282 
  

  AUC (95% CI) 
Cut-off-Sens-Specif-

Youden 
AUC (95% CI) 

Cut-off-Sens-Specif-

Youden 

QDScore > 3 
0.970 (0.969–

0.971) 
31.5-91.4-91.3-0.827 

0.976 (0.975–

0.977) 
42.0-92.4-92.3-0.847 

FINDRISC high-

very high 

0.886 (0.884–

0.889) 
30.3-81.0-80.9-0.619 

0.929 (0.926–

0.932) 
42.3-86.4-86.4-0.728 

Canrisk high 
0.912 (0.910–

0.914) 
29.6-83.7-83.5-0.672 

0.941 (0.938–

0.943) 
42.3-87.7-87.1-0.758 

TRAQ-D high-very 

high 

0.907 (0.903–

0.910) 
30.5-82.3-82.0-0.643 

0.938 (0.933–

0.944) 
42.9-87.1-87.1-0.742 

PRISQ high 
0.888 (0.886–

0.889) 
25.3-81.8-81.7-0.635 

0.881 (0.879–

0.883) 
37.1-80.3-80.0-0.603 

QDScore Q diabetes score. TRAQ-D Trinidad Risk Assessment Questionnaire for Type 2 Diabetes 

Mellitus. PRISQ Prediabetes risk in Qatar. AUC Area under the curve. 

4. Discussion 

In our study, the ECORE-BF scale has demonstrated a high predictive value for iden-

tifying elevated values in different T2D and prediabetes risk scales, particularly a high 

QD-score. 

Obesity is a well-established risk factor for T2D [56] and prediabetes [57] due to its 

contribution to insulin resistance and pancreatic beta-cell dysfunction. However, the dis-

tribution and composition of adipose tissue, rather than mere excess weight, appear to 

play a crucial role in the development of metabolic disorders [58]. Although the body 

mass index (BMI) is widely used as an indicator of obesity, it does not distinguish between 

fat mass and lean mass, nor does it consider the regional distribution of adipose tissue 

[59]. 

In this context, the assessment of body fat, whether through objective techniques such 

as dual-energy X-ray absorptiometry (DXA) [60] or bioelectrical impedance analysis (BIA) 

[61]; magnetic resonance imaging (MRI) [62]; or validated estimation scales such as the 

ECORE-BF equation [63], plays a crucial role as it allows for a more precise characteriza-

tion of obesity and its metabolic implications. This discussion explores the relationship 

between body fat, particularly visceral adiposity, and the risk of T2D and prediabetes, 
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emphasizing findings obtained through both objective measurements and estimation 

scales. A concordance analysis was performed using Pearson’s correlation coefficient to 

evaluate the relationship between bioimpedance (BIA) and the ECORE-BF formula. The 

obtained result was a value of 0.915, indicating a high correlation and strong agreement 

between both methods for measuring body fat. 

The location and function of adipose tissue significantly influence metabolic out-

comes. Subcutaneous adipose tissue (SAT), predominantly found in the gluteofemoral re-

gion, has been shown to have protective effects against metabolic diseases [64]. In contrast, 

visceral adipose tissue (VAT), which accumulates in the abdominal cavity and surrounds 

vital organs, is strongly associated with insulin resistance [65], inflammation [66], and an 

increased risk of diabetes [67]. 

VAT contributes to metabolic dysfunction through several mechanisms: 

1. Increased lipolysis and free fatty acid release: VAT is more metabolically active than 

SAT and releases higher amounts of free fatty acids (FFAs) into the portal circulation, 

contributing to hepatic insulin resistance [68]. 

2. Secretion of pro-inflammatory cytokines: Visceral adipose tissue (VAT) generates in-

flammatory cytokines, including tumor necrosis factor-alpha (TNF-α) and interleu-

kin-6 (IL-6), which disrupt insulin signaling and contribute to a state of chronic low-

grade inflammation [69]. 

3. Ectopic fat accumulation: Excess visceral adipose tissue (VAT) can result in lipid ac-

cumulation in non-adipose tissues, such as the liver, muscles, and pancreas, further 

aggravating insulin resistance and beta-cell dysfunction [70]. 

Studies using MRI and DXA have consistently shown that the VAT volume correlates 

more strongly with insulin resistance and T2D risk than the total fat mass or BMI [71]. 

These findings underscore the importance of assessing the body fat distribution rather 

than relying solely on BMI-based obesity classification. 

There are different objective techniques for evaluating body fat and its association 

with diabetes risk: 

1. Dual-Energy X-ray Absorptiometry (DXA). DXA is widely regarded as the gold 

standard for analyzing body composition, providing precise measurements of total 

fat mass, lean mass, and visceral fat [72]. Studies have shown that a higher VAT vol-

ume and lower lean mass, as measured by DXA, significantly predict T2D incidence, 

independent of BMI [73]. For example, a prospective cohort study involving more 

than 1800 adults found that individuals in the highest VAT tertile (measured by 

DXA) had a 3.5-fold higher risk of developing T2D compared to those in the lowest 

tertile [74]. 

2. Magnetic Resonance Imaging (MRI) and Computed Tomography (CT). Both MRI 

and CT provide highly accurate evaluations of adipose tissue distribution, enabling 

differentiation between VAT and SAT [75]. Some studies using MRI have demon-

strated that progressive VAT accumulation is a key predictor of impaired insulin sen-

sitivity and T2D development [76]. 

Given the high cost and limited accessibility of DXA, MRI, and CT, several validated 

estimation scales have been developed to assess body fat and its distribution. Among 

them, the ECORE-BF scale has been validated against reference methods and provides a 

reliable estimate of the body fat percentage [49]. 

Recent studies align with our findings and have demonstrated that the ECORE-BF 

scale exhibits a high predictive capacity for diabetes and prediabetes, with areas under 

the receiver operating characteristic (ROC) curve (AUC) exceeding 0.95 in both men and 

women [77]. 
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The mean values and obesity prevalence, assessed using the ECORE-BF scale, were 

analyzed and stratified according to the risk levels in the diabetes and prediabetes scales. 

In both cases, it was observed that individuals classified as high-risk for developing dia-

betes or prediabetes had significantly higher obesity values compared to those classified 

in the lower-risk groups. These differences were consistent across both sexes and in the 

various risk categories, reflecting a strong relationship between obesity and metabolic 

risk. The results obtained were statistically significant, with a p-value < 0.001, highlighting 

the importance of obesity as a crucial risk factor in the prevention and diagnosis of diabe-

tes and prediabetes. This finding underscores the utility of the ECORE-BF scale in identi-

fying individuals at risk, facilitating early intervention. 

Our results reveal that the ECORE-BF scale maintains a remarkable discriminatory 

ability across all the evaluated risk scales, not only for diabetes but also for prediabetes. 

Although the AUC values are high in both sexes, there is a trend in which women present 

higher AUC values in the diabetes risk scales, while in the prediabetes risk scales, the 

values are slightly higher in men. This pattern could reflect biological or metabolic differ-

ences between the sexes that affect the prevalence and progression of the disease. 

These findings emphasize the relevance of the ECORE-BF scale as an assessment tool 

for the early identification of individuals at risk of developing diabetes or prediabetes, 

which could facilitate the implementation of personalized and effective prevention strat-

egies, particularly in clinical and primary care settings. 

The ECORE-BF scale was validated by comparing it with the CUN BAE (concordance 

index of 0.998 in over 196,000 people), demonstrating that it is as useful as this scale in the 

same populations, but its calculation is much simpler and requires far fewer parameters 

[78]. This scale has been validated in the Spanish population, suggesting its potential ap-

plicability in other European populations. However, since its formula includes lnBMI, we 

consider that its use in different ethnic groups and races requires adjustment of BMI cut-

off points and prior validation in each specific population. In particular, the Asian popu-

lation generally has a lower BMI but a higher body fat percentage compared to the Cau-

casian population. For this reason, the standard threshold for defining obesity (BMI ≥ 30.0 

kg/m2) is inadequate, as it does not accurately reflect their body composition and associ-

ated metabolic risk. To ensure its correct application in these populations, it is essential to 

establish specific thresholds adjusted to their anthropometric and metabolic characteris-

tics. Additionally, further studies should be conducted to validate the scale in other pop-

ulations with different adiposity profiles and cardiovascular risk levels [79]. 

Strengths and Limitations 

One of the main strengths of this study is its large sample size, along with the com-

prehensive evaluation of type 2 diabetes and prediabetes risk, incorporating analyses 

from five different assessment scales. 

Additionally, since the participants were drawn from nine autonomous Spanish com-

munities with substantial populations, the findings may be considered representative of 

the Spanish population. 

Among the main limitations, this study lacks direct body fat measurements, relying 

instead on estimates derived from a validated scale. Moreover, the cross-sectional design 

limits the ability to establish causal relationships, allowing only for the identification of 

associations. 

Another limitation is the exclusion of unemployed individuals, retirees, and those 

under 18 or over 69 years old. However, given the large sample size, these exclusions are 

unlikely to significantly affect the validity of the results. 

The ECORE-BF formula has been validated for the Spanish population, and to apply 

it to other ethnicities or races, appropriate adjustments must be made. 
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In the female population, depending on individuals’ hormonal statuses (pre- or post-

menopausal), there are differences in how fat is deposited in the body and how the diabe-

tes risk grows. Since we did not know the participants’ dates of menopause onset, a cor-

responding adjustment could not be made. 

5. Conclusions 

Although obesity is a major risk factor for the development of T2D and prediabetes, 

the adipose tissue composition and distribution are more determinant than the total body 

weight or BMI. Objective measurements such as DXA, MRI, and BIA have demonstrated 

that visceral adiposity is a central factor in metabolic dysfunction. 

Additionally, body fat estimation scales such as ECORE-BF provide a cost-effective 

alternative for predicting the T2D and prediabetes risk in large populations. 

Future research should focus on longitudinal studies analyzing the impact of VAT 

reduction on diabetes prevention, as well as the integration of estimation scales into clin-

ical practice and public health strategies. 
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