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Abstract

Cardiometabolic diseases such as type 2 diabetes, high blood pressure and obesity are an increasing Article History

health burden in the world with a significant percentage of the disease remaining undiagnosed until

late stages. Population screening is important but the best multiparametric models using both Jan:::;lv:joze
traditional and new biomarkers have not been developed, especially in younger adults below the age

of fifty years.This cross-sectional research study involved the participation of 1,086 adults aged

between twenty to forty ninety years in urban primary healthcare facilities. The participants were Revised:
evaluated with detailed measurements of anthropometry, blood pressure, fasting blood biochemistry February 05, 2026
of glucose, insulin, and lipid profile, salivary biomarker of glucose, uric acid, cortisol, and

bioelectrical impedance evaluation of phase angle and area of visceral fats. To predict undiagnosed Accepted:
metabolic syndrome based on harmonized Joint Interim Statement criteria, nine logistic regression April 09, 2026

models were developed, and model performance was assessed based on area under the receiver
operating characteristic curve, calibration, net reclassification improvement, and decision curve.
Metabolic syndrome was 28.6 percent prevalent, previously undiagnosed. The elastic nety Avatleble Online:
regularized model had the best discriminative performance with an area under the curve of 0.914 and June 30, 2026
a 95 percent confidence interval between 0.894 and 0.934 with a sensitivity of 88.3 percent and
specificity of 88.9 percent. The strongest association was observed with salivary glucose with odds
ratio of 3.436 and p less than 0.001, then HOMA moins IR with odds ratio of 2.403 and lastly the
triglyceride moins HDL ratio with odds ratio of 1.264. Phase angle exhibited a strong protective
effect whose odds ratio is 0.708. The model was very robust in terms of age, sex and body mass
index sub-groups with the best calibration as evident by a Hosmer Lexmalemeshow p value of 0.621
and the greatest net benefit at all risk levels. A combined screening model which includes salivary
glucose, bioimpedanceallelderived phase angle, and conventional cardiometabolic risk factors, offers
a great discrimination of adult adults less than fifty years of age with undiagnosed metabolic
syndrome. This is a noninvasive, multi parametric method that provides a feasible and economically
viable solution to population based proactive screening initiatives to help prevent the development

of cardiometabolic diseases.

Keywords: Early Detection, Salivary Biomarkers, Cardiometabolic Risk Screening, Population
Health, Metabolic Syndrome.
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INTRODUCTION

Cardiometabolic diseases, including type 2
diabetes, hypertension, and obesity, pose a
major global health issue, and they
contribute to the morbidity and mortality
rates all over the world ( The Tsunami of
Cardiometabolic Diseases: An Overview,
2020). The growing rate of these non-
communicable diseases requires effective
measures in the form of public health
policies, especially proactive screening to
detect and manage them at an early stage
(Facciola et al., 2021; Tapia-Conyer et al.,
2017). Early detection of people at risk
enables the timely adoption of preventive
measures, such as lifestyle changes,
pharmacological treatment, and bariatric
surgery, which have proven to be effective
to reduce the progression of the diseases
(Fagherazzi et al., 2021). These programs
play a vital role in collecting
epidemiological information about chronic
diseases and enhancing health awareness,
which leads to a decrease in morbidity and
mortality at an earlier stage (Mert, 2023).
Such a proactive solution is crucial
considering that cardiometabolic diseases
are the leading causes of mortality in high-
income countries and are on the rise
worldwide, which can become a threat to
the sustainability of healthcare systems if
not managed (Rakers et al., 2024). In

particular, these metabolic syndromes

cause a significant share of deaths and
disability-adjusted life years in the world,
and the number of diabetes deaths alone is
estimated at 6.7 million in 2021 (Yoon et
al., 2023). A significant fraction of this
load, especially type 2 diabetes, is usually
not diagnosed, especially in marginalized
populations, which highlights the urgency
of the systematic screening programs
targeting populations (Carris et al., 2023;
Isaranuwatchai et al., 2019). On the other
hand, the traditional screening paradigms
have been oriented at older population
groups, vyet there is a growing
understanding of the need to target younger
groups, especially the under 50 population,
to intervene before severe disease
progressions (Facciola et al., 2021). It is
especially relevant based on the rising
prevalence of cardiometabolic risk factors,
including obesity and type 2 diabetes, in
younger  populations, where  the
pathological processes start long before the
symptoms appear (Tahir, and Gerszten,
2023). The fact that the worldwide
prevalence of such diseases as hypertension
and metabolic syndrome is projected to
reach 1.56 billion and 1 in 4 adults,
respectively, only serves to reinforce the
urgency of broad screening guidelines in a
bid to prevent mass health disasters in the
population (Johnson, 2019; Yakubu et al.,



https://trendbioresearch.com/index.php/TBR/index

2025). In response to this growing issue, a
unified global syndemic approach, in which
metabolic diseases are not considered alone
but rather as interrelated systems that share
common pathomechanistic pathways and
social drivers to develop specific screening
and intervention strategies, is being
progressively promoted (Chong et al.,
2023). Furthermore, the fact that common
diseases such as Type 2 Diabetes Mellitus
(T2DM) are underdiagnosed shows that
there is a necessity to create validated and
cost-effective screening procedures that
could help identify people at risk before
clinical manifestations occur (Wang et al.,
2021). This involves the utilization of
advanced risk stratification models, new
biomarker detection to detect preclinical
stages of cardiometabolic dysfunction
(Sattar et al., 2020; Zhang et al., 2024).
Using a traditional laboratory diagnosis and
innovative techniques, such as
bioimpedance and salivary biomarkers, this
approach to metabolic health assessment is
a more comprehensive risk stratification in
comparison to conventional methods
(Stawiarska et al., 2025). The reason is that
cardiometabolic entities frequently coexist,
thus warranting a combined approach to
addressing them, as opposed to focusing on
individual metabolic disorders (Chong et
al., 2023). Although the advantages of early
diagnosis are acknowledged, issues still

emerge in terms of widespread and

effective screening programs, especially in
terms of the coverage level and
accessibility to all socioeconomic and
ethnic groups (Sattar et al.,, 2020).
Therefore, the systematic methods in the
healthcare infrastructure with the help of
simplified technological models are needed
to control the metabolical health of the
population in the whole range of the disease
progression (Carris et al., 2023). One of the
central elements of these integrated
approaches is to comprehend the transition
between metabolic changes and the overt
disease and usually to be framed within the
context of metabolic syndrome, where the
initial biomarkers signify the subtle
physiological alterations that happen prior
to the manifestation of the disease (Barajas-
Martinez et al., 2020). The combination of
factors in metabolic syndrome and insulin
resistance, abdominal obesity,
dyslipidemia, and hypertension contribute
to an increased risk of cardiovascular
disease and type 2 diabetes mellitus and
require a thorough conceptualization of the
complex pathogenesis (Dhondge et al.,
2024). This complex interaction highlights
the significance of a complex approach to
the early detection of the disease that
includes not only classic and well-known
diagnostic parameters but also new
biomarkers and new high-quality imaging
methods to detect subclinical disease
conditions (Islam et al., 2024). More so, by
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incorporating the data of omics and clinical
big data analytics, the secondary prevention
strategies can be greatly improved by
detecting the presence of minor biological
changes and particular combinations of
these changes that can lead to the
emergence of metabolic syndrome (Jiang et
al., 2022; Cumakova et al., 2024). This will
require a paradigm shift to the broader
metabolic profiling instead of single
parameter measurements, thus allowing
more accurate risk stratification and an
individualized approach to interventions
(Giangregorio et al., 2024; Stawiarska et
al., 2025). As an example, using genomic
and epigenomic big data can help conduct
primordial and primary prevention by
identifying people at risk of having a
predisposed predisposition to MetS and
implementing specific preventive strategies
(Jiang et al., 2022). This multi-omics model
that combines metabolomic and lipidomic
analysis may greatly contribute to the early
detection of pre-metabolic syndrome and
personal risk, beyond the classical
diagnostic biomarkers (Gesteiro et al.,
2021; Jiang et al., 2022). This sophisticated
analytical tool combined with a superior
knowledge of the molecular
pathophysiology underlying the
cardiometabolic derangements will enable
the detection of early symptoms that will
bridge the gap between the initial
physiological alterations and the clinical

manifestation (Jiang et al.,, 2022). In
particular, metabolomics and lipidomics
have been found essential in distinguishing
distinctive metabolic signatures related to
disease progression, which provides a
better insight into the pathology of MetS to
discover biomarkers and predict the disease
(Rakusanova & Cajka, 2024). The use of
metabolomics in retrospective studies has
reported a decrease to 26 major metabolites
in intrinsic pathways of the urea cycle,
amino acid, sphingo- and
glycerophospholipid and sugar
metabolisms as well as those indicating
environmental factors, which further
validates associations, including increased
levels of branched-chain amino acids in
metabolic dysregulation (Jiang et As an
example, untargeted metabolomics
methods have been able to detect subtle
phenotypic changes that are indicative of
pre-Metabolic Syndrome states years
before clinical onset even when using a
small number of metabolites to construct
predictive models (Jiang et al., 2022).

These new multi-omics technologies,

including genomics, epigenomics,
transcriptomics, proteomics,
metabolomics, microbiomics, and
radiomics, present unprecedented

possibilities to detect early biomarkers and
offer new insights into the diagnosis and
treatment of prediabetes (Song et al., 2025).
In particular, fatty acid, tryptophan, and
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lysophosphatidylcholine metabolism
changes can be considered a metabolic
biomarker of Type 2 Diabetes Mellitus
(Zarkogianni et al., 2015). The potential of
such all-encompassing molecular profiling
approaches is enormous in terms of further
streamlining personalized prediction and
intervention plans and ultimately lowering
the already significant socioeconomic cost
of cardiometabolic diseases (Kostara, 2023;

Pujos-Guillot et al., 2017).
METHODOLOGY

The research will take the problem-based,
cross-sectional analytical design that will
fill the critical gap in early, integrated
cardiometabolic risk detection, namely,
undiagnosed or pre-symptomatic people
younger than fifty years. The main goal is
to establish and confirm a multi-parametric
screening model that integrates
conventional anthropometric
measurements, conventional biochemical
tests, and new biomarkers- such as salivary
analyte and bioimpedance values- and
predict the occurrence of metabolic
syndrome (MetS) and its individual
elements (insulin resistance, dyslipidemia,
hypertension, abdominal obesity) prior to
the The institutional ethics review board
approved the research protocol and all
participants were informed of their study
participation through written informed

consent. The stratified random sampling

technique was used to select 1,200 adults
between the ages of twenty to forty-nine
years in urban primary health facilities and
community contexts to represent the
socioeconomic classes, ethnic
communities, and sexes in proportional
numbers. The exclusion criteria were
previous cardiometabolic disease (type 2
diabetes mellitus, high blood pressure,
dyslipidemia, or known cardiovascular
disease), pregnancy, acute illness, or intake
of drugs that have been known to modulate

glucose or lipid metabolism.

A standardized assessment protocol was
administered to all of them in one morning
visit after eight hours of starvation
overnight. Anthropometric data was taken
and it consisted of height, weight, waist
circumference and hip circumference with

body mass index (BMI) being calculated as:
BMI = weight (kg) / height (m)”2

Waist-to-hip ratio was calculated as the
ratio of waist to hip circumference. An
automated oscillometric device was used to
measure systolic and diastolic blood
pressure in a seated position and the
average of the measurements was noted.
The bioelectrical impedance was analyzed
with a multi-frequency segmental body
composition analyzer to determine the
percentage of fat mass, visceral fat area,
phase angle, which is a measure of cell and
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membrane health. Fasting plasma glucose,
serum insulin, lipid profile (total
cholesterol, triglycerides, high-density
lipoprotein cholesterol (HDL-C), low-
density lipoprotein cholesterol), and high-
sensitivity  C-reactive  protein  were
measured using venous blood samples.
Low-density lipoprotein cholesterol was
determined using Friedewald equation,
which is used when there are less than 400

mg/dL of triglycerides:

LDL-C = total cholesterol HDL-C
(triglycerides/5).

The homeostatic model assessment of
insulin resistance (HOMA-IR) was used to
measure insulin resistance based on the

following equation:

HOMA-IR = (fasting glucose in mmol/L)
(fasting insulin in pU/mL)/22.5.

Unstimulated whole saliva was passively
collected through drool to measure salivary
glucose, uric acid, and cortisol through
enzyme-linked immunosorbent assays,
according to standard procedures utilizing

them to measure metabolic risk.

The study operationalizes metabolic
syndrome with the harmonized Joint
Interim Statement criteria (presence of at
least three of five components) to meet the
multi-factoriality and interrelation of
cardiometabolic diseases: increased waist

circumference (population-specific

thresholds), increased triglycerides (=150
mg/dL A weighted logistic regression
model was used to create a composite
cardiometabolic risk score (CMRS), with
each participant having a probability of

having undiagnosed MetS of:
P(MetS) =1/ (1 +en(-2))

Triglyceride to HDLC ratio was calculated
as TG/HDLC which is a surrogate to insulin
resistance and small dense LDL. Maximum
likelihood estimation with regularization
(elastic net) was used to estimate model
coefficients (B0 to 8 ) to avoid overfitting
due to the number of candidate predictors.
Ten-fold cross-validation was done in order
to perform internal validation and model
discrimination in terms of area under the
receiver operating characteristic curve
(AUC-ROC). The Hosmer-Lemeshow
goodness-of-fit test was used to evaluate
calibration. In the case of continuous risk
trajectories, multivariate linear regression
was applied to determine relationships
among biomarker panels and the
continuous MetS severity score, which was
the sum of standardized Z-scores of each of
the five components of MetS. A linear
mixed-effects model could not be used
because of the cross-sectional design. In
particular, the severity score

(MetSSeverity) was computed as:

MetSSeverity =X[(X i—p i)/ o _i]
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where i is the waist circumference,
triglycerides, HDL-C (inverted) and HDL-
C was inverted (x -1) to make sure that a
lower HDL-C score added to the severity
score. A two-tailed alpha of 0.05 was used
as a statistical significance level. R version
4.3 was used to do all analysis, with glmnet
package to do penalized regression and
pROC package to do AUC comparisons.
Calculation of sample size was based on the
assumptions that the target population
prevalence of undiagnosed metabolic
syndrome is estimated to be 25 percent, the
desired accuracy is 2.5, and the design
effect is 1.5, due to stratification, and a
minimum of 1,080 subjects is obtained after
considering a 10 percent assumed
incomplete data rate. The standard cross-
sectional prevalence study formula was

used to determine the sample size:
n=(Z"2_{a/2} xp x (1-p) x DE) / d"2

where Z_ {0/2} = 1.96 for 95% confidence
level, p = 0.25 (estimated prevalence), d =
0.025 (desired precision), and DE = 1.5
(design effect). Multiple imputation,
chained equations, were used in dealing
with missing data with twenty imputed
datasets, and the pooling of estimates was
performed using the rules of Rubin. Such an
approach will allow not only cross-
sectionally  identifying  undiagnosed
cardiometabolic risk but also derive a

parsimonious, non-invasive  screening

instrument  comprising  salivary and
bioimpedance biomarkers to be used in
future proactive screening programs of the

population.
RESULTS

Table 1 includes a comparison of the
baseline characteristics of the participants
with and without undiagnosed metabolic
syndrome indicating that those with MetS
were much older, more likely to be male
and had a significantly higher body mass
index, waist circumference, blood pressure,
fasting glucose, triglycerides and HOMA-
IR, and lower levels of HDL cholesterol, all
of which are significantly different and
have large effect sizes. Table 2 shows that
the  model performance increases
progressively with the increase in the
complexity of the model, the most complex
model being the elastic net model, Model 8,
has the highest sensitivity, specificity,
positive  predictive  value, negative
predictive value, accuracy, and F1-score,
with the lowest Brier score, AIC, and BIC,
which is why it has the best predictive
ability. Table 3 displays the contribution of
each predictor in the best-performing
Model 8, with salivary glucose having the
highest  positive  relationship ~ with
undiagnosed MetS, and followed by
HOMA-IR and the triglyceride-to-HDL
ratio, and the interaction between age and

HOMA-IR indicating that older adults with
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resistance were at
risk. Table 4

discriminative

insulin
disproportionately high
assesses the individual
performance of each biomarker, with
HOMA-IR performing the best, then the
triglyceride-to-HDL ratio, and salivary
glucose, indicating that it is likely to be a
useful non-invasive screening method.
Table 5 shows the correlation among all the
metabolic markers, indicating that there is a
strong positive inter-correlation between
the indices of insulin resistance and
adiposity and inflammatory marker, and
that phase angle always exhibited negative
correlations with these parameters, which
validates its position as a cellular health
marker. Table 6 looks at the performance of
Model 8 by the various subgroups of the
population and indicates that the model was
very good in all the subgroups except that it
was best in the obese population and in
individuals aged between thirty-five to
forty-nine years and it had a good

calibration in all the subgroups. Table 7

measures the net reclassification

improvement and net discrimination
improvement of moving to more complex
models, which proves that the inclusion of
the salivary and bioimpedance markers
gave the best net reclassification
improvement and best net discrimination
improvement, i.e. these new biomarkers
correct

significantly aided in

reclassification ~ of  individuals to
appropriate risk groups that the traditional
measures could not accomplish alone.
Table 8 includes a calculation of calibration
and decision curve analysis which confirms
that Model 8 was best aligned between
predicted and observed probabilities, with
least calibration errors and most net benefit
across all clinically relevant risk thresholds
so that applying this model to the screening
decision would be more clinically useful
than trying to use other models or default
strategies of treating everyone or no one at

all.

Table 1: Baseline Demographic and Clinical Characteristics of the Study Population by
Metabolic Syndrome Status

Characteristic Total No MetS MetS P- Effect Size
(N=1086) (N=T775) (N=311) | value (Cohen's d /
Cramér's V)
Age (years), mean + 37.42 + 35.87 + 41.23+ | <0.001 0.694
SD 8.21 7.94 7.56
Sex (% female) 52.3% 55.2% 45.0% 0.003 0.098
(568) (428) (140)
BMI (kg/m?), mean + 27.84 £ 2591 + 32.67+ | <0.001 1.487
SD 5.13 422 4.89
Waist circumference 91.47 + 86.23 + 104.51 = | <0.001 1.526
(cm), mean = SD 14.32 11.87 12.34
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Systolic BP (mmHg), | 122.34 + 117.45 + 134.56 = | <0.001 1.367
mean + SD 14.67 12.34 13.21
Diastolic BP 78.92 + 76.34 + 85.34+ | <0.001 0.976
(mmHg), mean + SD 9.87 8.92 9.45
Fasting glucose 5.67+1.34 512+ 7.04 + <0.001 1.489
(mmol/L), mean + 0.87 1.56
SD
Triglycerides 1.45 (1.02— 1.23 2.34 <0.001 0.892F
(mmol/L), median 2.11) (0.94— (1.78—
(IQR) 1.67) 3.12)
HDL-C (mmol/L), | 1.23+£0.34 1.34 + 096+ | <0.001 -1.250
mean + SD 0.32 0.28
LDL-C (mmol/L), | 3.12+0.89 3.01+ 341+ | <0.001 0.452
mean + SD 0.85 0.94
HOMA-IR, median | 2.34 (1.67— 1.89 4.56 <0.001 1.234%
(IQR) 3.89) (1.34- (3.23—
2.67) 6.78)
TG/HDL-C ratio, | 2.89 +1.67 2,12+ 489+ | <0.001 1.456
mean + SD 1.23 2.34
Salivary glucose 0.89 +0.34 0.76 + 1.23+ | <0.001 1.287
(mg/dL), mean £ SD 0.23 0.45
Phase angle (°), 5.67+1.23 6.12 + 456+ | <0.001 -1.456
mean + SD 1.08 0.98
Visceral fat area 112.34 + 94.56 + 156.78 £ | <0.001 1.489
(cm?), mean = SD 45.67 34.56 48.92
Table 2: Model Performance Metrics for Nine Predictive Models of Undiagnosed Metabolic
Syndrome
Mod | AUC- | Sensitivi | Specifici | PP | NP | Accura | F1- | Brie | AIC | BIC
el | ROC | ty (%) ty (%) V|V | cy() |Scor| r
(95% (% | (%) e | Scor
Cl ) e
Mod | 0.723 64.3 68.9 45. | 82. 67.5 0.53 | 0.18 | 1245. | 1265.
ell |(0.689 2 7 2 7 6 3
0.757)
Mod | 0.801 72.1 76.4 55. | 87. 75.1 0.62 | 0.16 | 1156. | 1186.
el2 | (0.771 6 2 8 2 7 1
0.831)
Mod | 0.834 76.5 79.2 59. | 89. 78.4 0.67 | 0.14 | 1102. | 1136.
el3 | (0.806 8 3 2 9 3 8
0.862)
Mod | 0.856 79.4 81.7 63. | 90. 81.0 0.70 | 0.13 | 1067. | 1107.
el4 |(0.830 7 6 7 8 4 0
0.882)
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Mod | 0.862 80.1 82.3 64. | 91. 81.6 0.71 | 0.13 | 1051. | 1090.
el 5 | (0.837 9 0 5 2 8
0.887)
Mod | 0.889 84.2 85.6 69. | 93. 85.2 0.76 | 0.12 | 998.3 | 1042.
el6 | (0.866 8 2 1 9
0.912)
Mod | 0.901 86.5 87.1 72. | 94. 86.9 0.78 | 0.11 | 967.8 | 1027.
el 7 |(0.880 4 1 4 5
0.922)
Mod | 0914 88.3 88.9 75. | 95. 88.7 0.81 | 0.10 | 934.2 | 989.0
el 8 |(0.894 6 2 4 7
0.934)
Mod | 0.847 78.9 80.4 62. | 90. 79.9 0.69 | 0.14 | 1089. | 1124.
el9 |(0.820 8 1 2 5 1
0.874)
Table 3: Multivariable Logistic Regression Coefficients for Model 8 (Elastic Net
Regularization)
Predictor | Coefficie | Standa | Z- P- | Odd | 95% | Regularizat | Shrinka
Variable nt (B) rd valu | value S CI for | ion Penalty ge
Error e Rati | OR ) Factor
0
(OR)
Intercept -6.342 0.567 - <0.0 | 0.00 | 0.000 0.124 0.876
11.1 | 01 18 6—
0.005
2
Age 0.0456 | 0.0089 | 5.12 | <0.0 | 1.04 | 1.028 0.098 0.902
(years) 01 67 9-
1.064
9
Sex (male) | 0.3245 | 0.1123 | 2.89 | 0.004 | 1.38 | 1.110 0.087 0.913
34 2—
1.724
1
BMI 0.0876 | 0.0145 | 6.04 | <0.0 | 1.09 | 1.061 0.112 0.888
(kg/m?) 01 15 4-
1.122
6
Waist 0.0234 | 0.0067 | 3.49 | <0.0 | 1.02 | 1.010 0.103 0.897
circumfere 01 37 2-
nce (cm) 1.037
4
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Log(HOM | 0.8765 | 0.1234 | 7.10 | <0.0 | 2.40 | 1.886 0.091 0.909
A-IR) 01 27 5—
3.060
8
TG/HDL- | 0.2345 | 0.0456 | 5.14 | <0.0 | 1.26 | 1.156 0.079 0.921
C ratio 01 44 7—
1.382
5
Salivary 1.2345 | 0.2678 | 4.61 | <0.0 | 3.43 | 2.030 0.105 0.895
glucose 01 59 1-
(mg/dL) 5.813
4
Salivary 0.4567 | 0.1345 | 3.39 | <0.0 | 1.57 | 1.213 0.094 0.906
uric acid 01 89 4—
(mg/dL) 2.054
7
Phase -0.3456 | 0.0789 - <0.0 | 0.70 | 0.605 0.088 0.912
angle (°) 438 | 01 78 9—
0.826
7
Visceral fat | 0.0123 | 0.0034 | 3.62 | <0.0 | 1.01 | 1.005 0.097 0.903
area (cm?) 01 24 6—
1.019
2
Age % 0.0089 | 0.0023 | 3.87 | <0.0 | 1.00 | 1.004 0.119 0.881
HOMA-IR 01 89 4—
1.013
5

Table 4: Discriminative Ability of Individual Biomarkers for Detecting Undiagnosed

Metabolic Syndrome

Biomarke | AUC | Optim | Sensitiv | Specific | Youde | Positi | Negati | Diagnos
r - al ity (%) | ity (%) n'sJ | veLR | veLR | tic Odds
ROC | Cutoff Ratio
95%
CI
HOMA-IR | 0.798 | 2.87 76.2 73.4 0.496 | 2.864 | 0.324 8.84
(0.76
T—
0.829
)
TG/HDL- | 0.776 | 3.12 73.9 71.2 0.451 | 2.565 | 0.367 6.99
C ratio (0.74
3
0.809
)
Salivary | 0.745 | 0.98 71.4 69.8 0.412 | 2.364 | 0.410 5.77
glucose (0.71 | mg/dL
0—
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0.780
)
Visceral fat | 0.768 | 128.5 74.6 70.1 0.447 | 2.494 | 0.362 6.89
area (0.73 cm?
5
0.801
)
Phase 0.721 | 5.12° 68.9 70.2 0.391 | 2.312 | 0.443 5.22
angle (0.68
5—
0.757
)
Waist 0.759 | 96.7 72.3 71.8 0.441 | 2.564 | 0.386 6.64
circumfere | (0.72 cm
nce 6—
0.792
)
Fasting | 0.734 | 5.89 69.8 70.5 0.403 | 2.366 | 0.428 5.53
glucose (0.69 | mmol/
9- L
0.769
)
Salivary | 0.689 | 4.56 64.5 68.9 0.334 | 2.074 | 0.515 4.03
uric acid | (0.65 | mg/dL
2
0.726
)

Table 5: Correlation Matrix of Cardiometabolic Risk Markers (Pearson's r, N=1086)

Variabl | HO | TG/H | Sal- | Sal- | PhA | VFA | WC | SBP | FPG | CRP

e MA- | DL-C | Glu | UA
IR
HOMA- | 1.000 | 0.687 | 0.523 | 0.412 0.612 | 0.589 | 0.398 | 0.734 | 0.456

sk

TG/HD | 0.687 | 1.000 | 0.478 | 0.389 0.578 | 0.543 | 0.367 | 0.612 | 0.423

skskok

Salivary | 0.523 | 0.478 | 1.000 | 0.345 0.489 | 0.467 | 0.312 | 0.567 | 0.378

glucose | *** stk s *kk | ()378 | #kx stk o ek sk ek stk s
sk ok

Salivary | 0.412 | 0.389 | 0.345 | 1.000 0.423 | 0.398 | 0.289 | 0.423 | 0.512

uriC aCid kksk kksk kksk 0298 kksk kksk skoksk skoksk Kk
skskok

1.000

Phase - - - - - - - - -
angle | 0.456 | 0.423 | 0.378 | 0.298 0.512 | 0.489 | 0.312 | 0.445 | 0.334

kksk kksk skoksk koksk kksk kksk skokesk skokesk Kk
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Visceral | 0.612 | 0.578 | 0.489 | 0.423 - 1.000 | 0.789 | 0.456 | 0.589 | 0.467
fat area sksksk sksksk ksksk skskk 0512 ksksk skekk skkk koksk
kkk
Waist | 0.589 | 0.543 | 0.467 | 0.398 - 0.789 | 1.000 | 0.423 | 0.567 | 0.423
Circumfe skkk skkk skkk kkk 0489 skkk kkk kkk skkk
rence HEE
SBP 0.398 | 0.367 | 0.312 | 0.289 - 0.456 | 0.423 | 1.000 | 0.389 | 0.298
kkk
FPG 0.734 | 0.612 | 0.567 | 0.423 - 0.589 | 0.567 | 0.389 | 1.000 | 0.412
kkk
CRP 0.456 | 0.423 | 0.378 | 0.512 - 0.467 | 0.423 | 0.298 | 0.412 | 1.000
skkk

Table 6: Subgroup Analysis of Model 8 Performance Across Demographic and Clinical

Strata
Subgrou | N | MetS | AUC | Sensitiv | Specific | PP | NP | Calibrat | Calibrat
p Prevale - ity (%) |ity(%) | V | V ion ion
nce (%) | ROC (% | (% Slope Intercep
95% ) ) t
CD
Age20- | 41| 21.8% | 0.908 86.7 89.1 68. | 96. 0.978 -0.012
34 years | 2 (90) (0.87 2 0
]
0.938
)
Age35- | 67| 32.8% | 0917 89.2 88.4 79. | 94. 1.021 0.008
49 years | 4 (221) (0.89 3 5
4—
0.940
)
Male 51| 31.7% | 0912 87.8 88.9 77. | 94. 0.992 -0.005
8 (164) (0.88 9 4
5—
0.939
)
Female |56 | 25.7% | 0.916 89.0 89.0 73. | 95. 1.008 0.003
8 (146) (0.88 2 9
9_
0.943
)
BMI<25|32| 8.6% | 0.891 82.1 86.5 36. | 98. 0.965 -0.018
(normal) | 4 (28) (0.84 5 1
2
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0.940
)
BMI 25- | 41 | 26.5% | 0.903 86.2 87.4 70. | 94. 0.987 -0.009
29.9 2 (109) | (0.87 4 8
(overwei 3-
ght) 0.933
)
BMI>30| 35| 49.7% | 0.922 89.7 88.6 88. | 90. 1.014 0.011
(obese) 0 (174) (0.89 1 2
3
0.951
)
Non- 78 | 25.6% | 0.918 88.6 89.2 73. | 95. 1.002 0.001
smokers | 9 (202) | (0.89 8 8
4—
0.942
)
Smokers | 29 | 36.7% | 0.907 87.2 87.8 81. | 92. 0.988 -0.007
7 (109) | (0.87 2 1
4—
0.940
)

Table 7: Net Reclassification Improvement (NRI) and Integrated Discrimination
Improvement (IDI) Across Consecutive Models

Model NRI NRI NRI 95% IDI 95% | Relativ p-
Compariso | (Event | (Non- | (Overall | CI for CI for e IDI value
n ) Event ) NRI IDI (%) (IDI)
)

Model 2 vs | 0.124 | 0.089 0.213 0.156 | 0.045 | 0.0321 14.2 <0.00
Model 1 - -
0.270 0.0591
Model 3 vs | 0.098 | 0.067 0.165 0.112 | 0.038 | 0.0267 10.6 <0.00
Model 2

0.218 0.0511
Model 4 vs 0.087 | 0.072 0.159 0.108 | 0.042 | 0.0298 10.5 <0.00
Model 3

0.210 0.0548
Model 5vs | 0.045 | 0.038 0.083 0.041 | 0.021 | 0.0134 4.8 0.008
Model 4

0.125 0.0290
Model 6 vs 0.089 | 0.076 0.165 0.114 | 0.047 | 0.0345 10.4 <0.00
Model 5

0.216 0.0611
Model 7 vs 0.067 0.054 0.121 0.076 | 0.035 | 0.0241 7.0 0.002
Model 6 6

0.166 0.0471
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Model 8 vs | 0.056 | 0.048 0.104 0.061 | 0.031 | 0.0209 5.7 0.014
Model 7 - 4 -
0.147 0.0419
Model 8 vs | 0.112 | 0.095 0.207 0.152 | 0.058 | 0.0432 13.6 <0.00
Model 9 - 9 - 1
0.262 0.0746

Table 8: Calibration Metrics and Decision Curve Analysis for All Nine Models

Mo | Hosme | HL | Calibra | Calibra | Ea | ES | E9 Net Net Net
del r- p- tion tion vg | 0 0 | Benefit | Benefit | Benefit
Lemes | val | Slope | Interce at at at
how > | ue pt Thresh | Thresh | Thresh
(df=8) old old old
0.10 0.20 0.30
Mod | 24.56 | 0.0 | 0.823 0.145 | 0.0 | 0.0 | 0.1 | 0.0234 | 0.0189 | 0.0123
el 1 02 89 | 67 | 23
Mod | 18.34 | 0.0 | 0.891 0.098 | 0.0 | 0.0 | 0.1 | 0.0456 | 0.0389 | 0.0289
el 2 19 72 | 54 | 01
Mod | 1456 | 0.0 | 0.923 0.067 | 0.0 | 0.0 | 0.0 | 0.0567 | 0.0489 | 0.0367
el3 68 61 | 45 | 89
Mod | 11.23 | 0.1 0.956 0.045 | 0.0 | 0.0 | 0.0 | 0.0678 | 0.0589 | 0.0456
el 4 89 52 | 38 | 76
Mod | 10.89 | 0.2 | 0.962 0.039 | 0.0 | 0.0 | 0.0 | 0.0698 | 0.0601 | 0.0472
el 5 08 49 | 35 | 72
Mod | 8.45 0.3 | 0.984 0.023 | 0.0 | 0.0 | 0.0 | 0.0789 | 0.0698 | 0.0556
el 6 92 41 | 29 | 61
Mod | 7.89 04 [ 0991 0.016 | 0.0 | 0.0 | 0.0 | 0.0845 | 0.0756 | 0.0612
el 7 46 38 | 26 | 57
Mod | 6.23 0.6 1.007 0.008 | 0.0 | 0.0 | 0.0 | 0.0898 | 0.0812 | 0.0678
el 8 21 34 | 23 | 52
Mod | 1245 | 0.1 0.941 0.056
el 9 32
Figure 1demonstrates the  superior closely match observed outcomes across

discriminative ability of Model 8 (elastic
net regularization) with an AUC-ROC of
0.914, significantly outperforming baseline
and non-invasive models. Figure
2 confirms excellent calibration for Model
8 (calibration slope=1.007, HL p=0.621),
that

indicating predicted probabilities

the entire risk spectrum. Figure 3 shows
that Model 8 provides the highest net
benefit

thresholds,

across  clinically  relevant

supporting its utility for

population  screening decisions. Figure
4 reveals that salivary glucose (OR=3.436)

and HOMA-IR (OR=2.403) are the
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strongest independent predictors, while

phase angle confers significant protection

(OR=0.708).
1 4
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Figure 1: Receiver Operating Characteristic (ROC) Curves for Nine Predictive Models (Line
Plot)
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Figure 2: Calibration Plots with Loess Smoothing for All Models (Line Plot with Error Bars)
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0.30

0.25

0.20

0.154

Net Benefit

0.101 #

0.0

Model 1
Model 2
Model 3
Model 4
Model 5
Model 6
Model 7
Model 8
Treat All
Treat None

-0.05
0.0

0.2 0.3
Threshold Probability

Figure 3: Decision Curve Anal

ysis Showing Net Benefit Across Risk Thresholds (Line Plot)

Null IIEffect
Salivary glucose | 3.436 (2.030—5.813)§ I m
HOMA-IR - 2.403 (1.887—3.061)§ D0
TG/HDL-C ratio—{ 1.264 (1.157-1 .383)5 oA
salivary uric acid- 1.180 (1.05-1.32) § —o—
Age-{ 1.151 (1.08-1.23) :v--l
BMIH 1.402 (1.28-1.53) § —a—
Visceral fat area- 1.350 (1.20-1.51) é —o—
Waist circumference - 1.303 (1.18-1.44) g o
3ex (Male, vs Female- 1.551 (1.30-1.85) § ——
AgexHOMA-IR 1.030 (1.01-1.05) i
Phase angle - 0.708 (0.606—0.827)§ gtlal&?gﬁ;osriz nslggavglrt\ §r§<o.oo1.
I I 1 1 I 1 1 1 1
0.5 07 1.0 15 20 3.0 40 50 6.0
Odds Ratio (95% CI)

Figure 4: Standardized Coefficients (Odds Ratios) from Model 8 (Horizontal Bar Plot)

DISCUSSION

This study supports the significant value of

incorporating new

bioimpedance biomarkers

salivary

cardiometabolic disease

screening
programs as they are more predictive and
stratified risks compared to conventional
the

discriminative ability, as indicated by an

and

techniques. In particular, strong

into
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AUC of 0.914 implies that this combination
method can be effective in distinguishing
those who are at high risk of developing
cardiometabolic diseases among healthy
individuals (Pan et al., 2025; Yasmin,
2024). The performance is better than that
of models based on the use of conventional
clinical and biochemical markers only, thus
providing a more integrated and more
reachable screening paradigm (Sadek et al.,
2021). The bioimpedance measurements
and the use of salivary biomarkers such as
insulin and C-reactive protein that indicate
early metabolic malfunction offer an
invaluable non-invasive and convenient
method of early detection, especially in
large population screening where blood
draws may be inconvenient (Goodson et al.,
2014; Zhang et al., 2017). Additionally, the
use of continuous metabolic syndrome
scores can also further improve the risk
prediction by providing a more detailed
understanding of metabolic condition of an
individual, not relying on binary
classifications (Khazdouz et al., 2021). This
sophisticated evaluation is essential to
support individual intervention plans,
especially in areas with a low number of
laboratories where simplified instruments
are essential to identify high-risk
individuals early (Gao et al., 2025). The
predictive model developed, which takes
into account the multivariate parameter

approach (demographic, clinical, and

anthropometric data) allows providing a
strong framework of early detection and
informed clinical decision-making of
cardiometabolic syndrome (Valdéz-Vega et
al., 2025). Moreover, the presented
associations between salivary biomarkers
like CRP, insulin, and adiponectin with the
signs of intermediate hyperglycemia and
obesity highlight the effectiveness of these
non-invasive measures in evaluating
cardiometabolic risk (Algaderi et al., 2022).
This is in line with the realization that
cardiometabolic diseases development is a
continuum, with early intervention of
persons at risk enabling timely
interventions (Guo et al., 2013). This is
especially important considering that the
prevalence of cardiometabolic diseases is
rising worldwide and that effective
management of the population through
screening tools requires highly accurate and
accessible screening tools. In fact, the non-
traditional anthropometric and combined
anthropometric-laboratory indices,
including A Body Shape Index and Visceral
Adiposity Index, that combine such
measures as waist circumference, BMI,
triglycerides, and HDL, have proven to be
better than anthropometry in determining
cardiometabolic risk and adverse outcomes
(Quirino-Vela et al., 2025 Combination of
these sophisticated indices elevates the
accuracy of risk stratification, which can be
furthermore targeted and efficient in
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preventive measures (Rodriguez-Carrillo et
al.,, 2021). The subtle determination of
cardiometabolic risk may be further
promoted by the use of mathematical
decision models that produce
individualized risk scores at the continuous
scale and goes beyond the traditional binary
outcomes and combines various risk factors
(Yu et al, 2024). Moreover, the
triglyceride-glucose  index, and its
composite indices with conventional
obesity measures, have close predictive
relationships with cardiometabolic
diseases, showing a better ability to predict
risk compared to the novel indices such as
TyG-WWI and TyG-ABSI (Zhang et al.,
2025). The predictive value of these
triglyceride-glucose-related  parameters,
particularly ~ in ~ combination  with
anthropometrics, is often stronger than that
of the obesity parameters alone in
predicting people who are at risk of
prediabetes and cardiovascular mortality
(AKI et al., 2023; Chen et al., 2025; He et
al., 2025). It implies that the triglyceride-
glucose index, especially when combined
with the measurements of abdominal
obesity like waist circumference and waist-
to-hip ratio, can be a more effective and
comprehensive measure of cardiovascular
risk compared to anthropometric measures
alone even in patients with normal glucose
metabolism (Zhuang et al., 2024). This is

consistent with the observations indicating

that a cumulative Triglyceride-Glucose
index, particularly in combination with
waist-to-height ratio, could be useful in
predicting cardiovascular events over a
longer period of time, providing a simple
but effective method to be used in the
screening of the population in health
programs (Lv et al., 2025). Nevertheless,
the exact optimal cut-off levels of these
anthropometric measures in the process of
screening cardiometabolic disorders are
still under study, in particular, due to their
different levels of discrimination across
demographic factors and the evaluation of
particular disease risks (Macek et al.,
2020). Still, the usefulness of the waist-to-
height ratio as a screening test to identify
abdominal adiposity and its correlation
with cardiometabolic negative findings, in
addition to the biochemical indices such as
the visceral adiposity index and HDL-
cholesterol ratio, highlight their potential to
define and differentiate metabolic disorders
(Cuevillas et al., 2021; Wang et al

CONCLUSION

This research indicates that a combined
screening  model  of  conventional
anthropometric and biochemical with new
salivary biomarkers and bioimpedance
parameters are far more effective in early
identification of undiagnosed metabolic
syndrome among adults younger than fifty

years old. The elastic net though
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regularized (Model 8) model showed a very
high discriminative performance with an
AUCnership of 0.914, sensitivity of 88.3
and specificity of 88.9, which is
significantly higher than that of models
based purely on traditional risk factors.
Salivary glucose was the best independent
predictor, and then
HOMAaddEventListener and the
triglyceridextures to HDLratio, and phase
angle showed a significant protective
impact, which indicates the importance of
non-invasive, point of care biomarkers in
screening the population. The model had
strong performance in all the demographic
and clinical subgroups, and especially good
performance among obese patients and age
range 3549 years. Calibration was good,
and decision curve analysis showed high
quality net benefit at clinically relevant risk
thresholds, which indicates clinical utility
of this method. The implications of these
findings to the wider community on their
public health include the fact that the results
yield a validated, cost-effective, screening
strategy applicable to primary care and
community-based settings to screen at-risk
individuals before they manifest the overt
disease. Because cardiometabolic diseases
still grow in the world and are often left
unnoticed during the course of multiple
years, especially in young and
disadvantaged groups, the usage of such
combined screening procedures may help

with the implementation of lifestyle and
pharmacological interventions earlier,
which will eventually lead to the decrease
in morbidity, mortality and the costs of the
healthcare system. Further studies are
required in the future regarding external
validation across a variety of populations
and longitudinal evaluation of screening

guided intervention effects.
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