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Abstract 19 

The transition from metabolic health to type 2 diabetes unfolds through progressive insulin resistance 20 
(IR), yet the gold-standard hyperinsulinemic-euglycemic clamp is inapplicable at population scale and 21 
fasting insulin is not uniformly available. Several surrogate measures have been described in the 22 
literature, but whether these surrogates identify the same individuals, and whether continuous glucose 23 
monitoring (CGM) or NMR metabolomics carry information beyond conventional markers, remains 24 
unresolved. Here, we analyzed IR surrogates in 10,114 non-diabetic adults (35-75 y) from the Human 25 
Phenotype Project (HPP), integrated with 14-day CGM, dual x-ray absorptiometry (DEXA) body 26 
composition, liver and carotid ultrasound, sleep monitoring, and NMR metabolomics and established sex-27 
specific, age-resolved reference ranges. IR surrogates were moderately inter-correlated but captured 28 
distinct metabolic facets. We next focused on DEXA-derived visceral adipose tissue (VAT), one of the 29 
strongest correlates of clamp-measured insulin resistance. Our analysis showed that VAT can be reliably 30 
predicted from anthropometric measurements alone (R² = 0.659). However, it is only modestly predicted 31 
by CGM features alone (R2 = 0.078). Among CGM-derived features, markers of glycemic variability 32 
were stronger predictors of VAT than conventional mean-glucose metrics. Residual-based analyses 33 
identified individuals whose visceral adiposity was substantially higher than expected given their BMI or 34 
HbA1c levels. Notably, 1.2% of adults in the HPP cohort exhibited elevated visceral adiposity despite 35 
having both a normal BMI (< 25 kg/m²) and normoglycemic HbA1c (< 5.7%). These discordant 36 
subpopulations harbored adverse profiles across lipid, hepatic, vascular, sleep, and metabolomic domains. 37 
NMR lipoprotein subfractions (VLDL, HDL) discriminated discordant phenotypes. A CGM variability-38 
only model separated discordant individuals at AUC = 0.63, with negligible gain from adding mean 39 
glucose. Findings were validated in an independent cohort with available fasting insulin data. Together, 40 
these results establish normative IR surrogate reference ranges, quantify the fraction of metabolically at-41 
risk individuals missed by conventional BMI and HbA1c screening, and highlight CGM variability 42 
metrics and NMR lipoprotein profiling as complementary tools for early metabolic risk stratification.  43 
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Introduction 46 

The transition from metabolic health to overt type 2 diabetes is rarely abrupt. Progressive insulin 47 
resistance (IR), defined as impaired insulin-mediated glucose uptake in skeletal muscle, impaired 48 
suppression of hepatic glucose production, and failure to restrain adipose tissue lipolysis usually 49 
progresses gradually over years to decades, driving vascular, hepatic, and adipose remodeling long before 50 
any diagnostic threshold is crossed 1,2. IR is considered as the primary pathophysiological process 51 
underlying the metabolic syndrome, and its early identification in non-diabetic individuals represents a 52 
window for preventive medicine strategies 2. 53 

The hyperinsulinemic-euglycemic clamp has remained the reference standard for insulin sensitivity 54 
measurement for nearly five decades 3 but requires skilled personnel, continuous intravenous access and 55 
substantial cost, rendering it inapplicable for routine clinical care or population-scale research. In its 56 
absence, a range of validated surrogate measures have been developed to approximate clamp-derived IR 57 
from accessible clinical data, spanning anthropometric indices, fasting biochemistry, imaging-derived 58 
body composition, and hepatic markers, each correlating meaningfully with clamp-measured insulin 59 
sensitivity, though with varying accuracy and across distinct physiological domains 4–7.  60 

IR is a multi-organ condition whose different facets are not equivalently captured by any single surrogate. 61 
Hepatic, skeletal muscle, and adipose tissue insulin sensitivity can be independently impaired 2,8, and 62 
surrogates designed to reflect one facet may systematically miss another. More specifically, adiposity-63 
based surrogates capture the quantity and distribution of fat driving hepatic and peripheral IR 5,9; lipid-64 
derived indices reflect the dyslipidemic phenotype arising from impaired lipolysis suppression 9 and 65 
hepatic markers index the downstream consequences of portal free fatty acid flux and hepatic steatosis 66 
10,11. The extent to which IR surrogates agree on individual-level classification, and what fraction of non-67 
diabetic adults harbor discordant metabolic risk profiles undetectable by conventional markers, has not 68 
been systematically established in a large deeply phenotyped cohort. 69 

Currently, conventional clinical practice relies primarily on two markers for metabolic risk stratification: 70 
body mass index (BMI) and hemoglobin A1c (HbA1c). Both are practical and widely available, but 71 
neither was designed as a direct measure of IR. BMI does not distinguish visceral from subcutaneous 72 
adiposity and thereby individuals with normal BMI may harbor substantial visceral fat and IR, previously 73 
termed metabolically obese, normal-weight phenotype (MONW) 11 and more recently reframed as "thin 74 
outside, fat inside" (TOFI) to emphasize the role of hidden visceral and ectopic fat accumulation as the 75 
structural basis of this metabolic vulnerability 12. On the contrary, some obese individuals remain 76 
metabolically healthy 13. HbA1c reflects average glycemia over approximately three months 14 but is 77 
insensitive to the tissue-specific, dynamic aspects of IR that precede chronic hyperglycemia and may also 78 
reflect beta-cell dysfunction. Individuals whose visceral adiposity diverges from both BMI and HbA1c, 79 
classified as low-risk by conventional criteria yet harboring a metabolically adverse profile, represent a 80 
population that current screening systematically fails to detect, whose prevalence and characteristics in 81 
non-diabetic adults remain poorly defined. Residual-based approaches, in which visceral adiposity is 82 
regressed on BMI or HbA1c to quantify the discrepancy between observed and expected fat burden, offer 83 
a statistically principled framework for identifying such individuals 15. 84 

Here, we address these questions using multi-modal deep phenotyping of 10,114 non-diabetic adults in 85 
the Human Phenotype Project (HPP) 16. We establish normative distributions and sex- and age-specific 86 
reference values for validated IR surrogates, characterize their inter-relationships and clinical domain 87 
associations. We next focused on Dual Energy X-ray Absorptiometry (DEXA)-measured visceral adipose 88 
tissue (VAT) mass, among the surrogates most strongly correlated with clamp-measured IR in the 89 
existing literature 17, and show it can be accurately estimated from routine clinical data, improving further 90 
with addition of waist and hip circumference measurements. We show that among Continuous glucose 91 
monitoring (CGM) derived features, glucose variability metrics, outperformed glucose level metrics in 92 
predicting VAT. We also identify a clinically important subset of individuals with normal BMI or HbA1c 93 
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who harbor elevated VAT and a metabolically adverse profile across lipid, hepatic, and vascular domains. 94 
Finally we analyse whether NMR metabolomic profiles and CGM metrics can discriminate these 95 
discordant phenotypes.  96 

Methods 97 

Study Design and Participants 98 

We analyzed participants from the HPP 16,18, a prospective deep phenotyping study conducted in Israel. 99 
Participants were adults aged 35-75 years. Each participant was connected to a blinded FreeStyle Libre 100 
Pro Flash continuous glucose monitor (FSL-CGM), which captured interstitial glucose readings at 15-101 
minute intervals across 14 days. Throughout the monitoring period, all food and beverage consumption 102 
was recorded in real time, and sleep was assessed over three successive nights 19. Participants also 103 
completed a comprehensive set of clinical and laboratory evaluations, blood tests, anthropometric and 104 
vital sign assessments, hepatic ultrasonography, and body composition analysis using DEXA measured 105 
with the GE Lunar Prodigy Advance device by GE Healthcare, USA, and analyzed using the GE 106 
CoreScan and OneScan software applications. Blood tests were obtained by the participants’ Health 107 
Maintenance Organization (HMO), and were restricted to tests conducted within one year from the 108 
baseline visit. A complete description of inclusion and exclusion criteria, baseline and follow-up 109 
measurements, data acquisition procedures, and instrumentation is provided in prior publications detailing 110 
the HPP cohort  16,18. 111 

Participants were excluded in a stepwise manner (Figure S1) based on the following criteria: insufficient 112 
CGM data quality, HbA1c levels of 6.5% or above, a documented diabetes diagnosis identified through 113 
ICD-11 codes (5A10, 5A11, 5A12, 5A14, or 5A40), or current use of antidiabetic medications (ATC code 114 
A10). After applying these filters, 10,114 participants remained in the final analytic sample. 115 

External validation was performed in an independent cohort of 246 participants from the Personalized 116 
Postprandial Glucose Response-Targeting Diet (PPT) clinical trial  20, which enrolled pre-diabetic adults 117 
(HbA1c 5.7-6.5%). PPT included blinded CGM data collected using the FreeStyle Libre device at 15-118 
minute intervals, and fasting insulin measurements enabling HOMA-IR computation (N = 165 with 119 
fasting insulin data). To compare CGM-IR associations, we constructed a 1:1 matched subcohort using 120 
caliper-based nearest-neighbor matching without replacement. Matching was exact on sex; standardized 121 
Euclidean distance on age, BMI, and HbA1c was thresholded at a caliper of 0.2 SD. PPT participants 122 
whose nearest HPP neighbor fell outside the caliper were dropped, yielding 135 matched PPT participants 123 
and 135 matched HPP participants. After matching, the two cohorts were well balanced on all three 124 
matching variables: age (52.0 vs. 52.0 years, p = 0.99), BMI (29.3 vs. 29.4 kg/m², p = 0.88), and HbA1c 125 
(5.8 vs. 5.8%, p = 0.72). Waist circumference and systolic blood pressure were also comparable between 126 
groups (p > 0.05).  127 

Measurements 128 

CGM-derived measures were computed using the IGLU (Interpreting blood GLUcose data) package from 129 
pre-processed glucose time series after trimming the first and last recording days to avoid partial-day 130 
artifacts. Quality control confirmed all glucose values within the 40-300 mg/dL physiological range. 131 
Twenty-nine IGLU-derived metrics available in both HPP and PPT cohorts were used for all analyses, 132 
including mean, median, time-in-range(TIR)- TIR 70-180 mg/dl, TIR 63-140 mg/dl, time above 140 133 
mg/dl, time above 180 mg/dl, time below 70 mg/dl; HbA1c estimates- Glucose management indicator 134 
(GMI), eA1c); variability measures: Standard deviation of all glucose values (SD), Coefficient of 135 
variation (CV), Mean Amplitude of Glycemic Excursions (MAGE), Mean difference between glucose 136 
values obtained at the same time of day (MODD), Mean Absolute Glucose (MAG), SD of rate-of-change, 137 
Continuous Overall Net Glycemic Action (CONGA), Glucose Variability Percentage (GVP); risk indices- 138 
Low Blood Glucose Index (LBGI), high Blood Glucose Index (HBGI), Average daily risk range (ADRR), 139 
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hypo/hyper index, Index of Glycemic Control (IGC), and composite measures (J-index, Glycaemic Risk 140 
Assessment Diabetes Equation (GRADE), GRADE subcomponents, AUC). A description of the full list 141 
of CGM-derived measures is detailed in 21. 142 

IR surrogate measures were obtained or computed from available HPP data and ranked by their published 143 
correlation with the hyperinsulinemic-euglycemic clamp (Table 1). These encompass adiposity-based 144 
measures (DEXA VAT mass, waist circumference, LAP index, android/gynoid ratio, BMI), lipid-derived 145 
composites (METS-IR, TyG index, TyG-BMI, TG/HDL ratio), a hepatic measure (liver attenuation 146 
coefficient), and glycemic measures (fasting glucose, HbA1c). 22. Computed formulae: METS-IR = ln(2 x 147 
FPG + TG) x BMI / ln(HDL); TyG index = ln(TG x FPG / 2); TG/HDL ratio = triglycerides / HDL 148 
cholesterol; LAP = [WC (cm) - 65] x TG (mmol/L) for men and [WC (cm) - 58] x TG (mmol/L) for 149 
women. HOMA-IR23, the most widely used clinical IR index, required fasting insulin and was available 150 
only in the PPT cohort used for validation.  151 
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Surrogate 
Measure 

Derivation 
Formula 

Evidence Summary Male 
mean 
(SD), 
[95% 
CI] 

Female 
mean 
(SD), 
[95% 
CI] 

Homeostatic 
Model 
Assessment 
of IR 
(HOMA-IR) 

(Fasting insulin 
[µU/mL] × 
Fasting glucose 
[mmol/L]) / 
22.5; equivalent 
using mg/dL: 
(insulin × 
glucose) / 405 

Bonora et al.7 compared HOMA-IR against a 4-h 
EHC in 115 subjects: overall r - −0.820, non-
diabetic subgroup r - −0.754. Meta-analysis 24 
yielded a pooled r - −0.60 for log(HOMA-IR).  

HOMA-IR was not 
available in the HPP 
cohort. 

DEXA 
Visceral 
Adipose 
Tissue Mass 
(VAT Mass) 

DEXA-estimated 
VAT mass (g)  

Abate et al. 25 established using CT-measured 
visceral fat and EHC that intra-abdominal fat was 
the strongest adiposity-based predictor of insulin-
mediated glucose disposal (r ≈ −0.76 with M-
value). DEXA-derived VAT was shown to 
correlate with EHC-measured insulin sensitivity 
in children and adults 26,27; formal Pearson r vs. 
EHC M-value in non-diabetic adults estimated at 
r ≈ −0.65–0.75, extrapolated from CT-VAT data.  

1153.89 
(703.74), 
[1129.65
, 
1178.12] 

599.55 
(419.55), 
[585.75, 
613.35] 

Triglyceride
-Glucose 
Index (TyG 
Index) 

Ln[(Fasting 
triglycerides 
[mg/dL] × 
Fasting glucose 
[mg/dL]) / 2]  

Guerrero -Romero et al. 6 directly validated 
against the EHC in 99 subjects: Pearson r - 
−0.681 with M-rates (non-diabetic r - −0.670, 
diabetic r - −0.690). Vasques et al. 28 
independently confirmed TyG outperformed 
HOMA-IR.  

8.50 
(0.51), 
[8.48, 
8.52] 

8.29 
(0.48), 
[8.27, 
8.31] 

Metabolic 
Score for 
Insulin 
Resistance 
(METS-IR) 

Ln[(2 × Fasting 
glucose [mg/dL] 
+ Fasting 
triglycerides 
[mg/dL]) × BMI 
(kg/m²)] / 
Ln[HDL-C 
(mg/dL)]  

Bello-Chavolla et al. 4 validated against the EHC 
M-value adjusted for fat-free mass in 125 
subjects (57 non-diabetic, 68 diabetic): Spearman 
ρ - −0.622 (adjusted for age and sex). In the 
original Mexican population, METS-IR 
outperformed TyG, TG/HDL-C, and TyG-BMI.  

39.37 
(7.33), 
[39.08, 
39.67] 

35.26 
(7.47), 
[34.98, 
35.55] 

TyG-BMI 
Index (TyG-
BMI) 

Ln[(Fasting 
triglycerides 
[mg/dL] × 
Fasting glucose 
[mg/dL]) / 2] × 
BMI (kg/m²) 

No direct EHC validation available. Er et al. 29 in 
517 non-diabetic adults showed TyG-BMI 
outperformed TyG, TG/HDL-C, VAI, and LAP 
in identifying IR by HOMA-IR (AUC ≈ 0.84–
0.88). Consistently outperforms TyG alone in 
non-obese individuals, women, and younger 
adults.  

226.08 
(38.28), 
[224.57, 
227.60] 

211.84 
(42.87), 
[210.20, 
213.47] 

Triglyceride 
to HDL 
Cholesterol 
Ratio 
(TG/HDL 
Ratio) 

Fasting 
triglycerides 
[mg/dL] / HDL 
cholesterol 
[mg/dL]  

McLaughlin et al. 30 validated TG/HDL in 258 
overweight non-diabetic subjects against steady-
state plasma glucose (SSPG — insulin 
suppression test, not a standard EHC): TG/HDL 
≥ 3.0 identified IR with AUC-ROC - 0.781. A 
formal Pearson r vs. EHC M-value was not 

2.67 
(2.02), 
[2.59, 
2.74] 

1.76 
(1.24), 
[1.72, 
1.81] 
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reported. 

Liver 
Attenuation  

Ultrasound 
controlled 
attenuation 
parameter  
(dB/cm/MHz) 

Seppälä-Lindroos et al. 31 used ¹H-MRS to 
measure liver fat and EHC + [³H]-glucose tracer 
to quantify hepatic glucose output in 30 healthy 
non-diabetic men: liver fat was independently 
related to impaired suppression of endogenous 
hepatic glucose production. Correlations with 
HOMA-IR were also shown, e.g. Li et al. 32, 
showing r - 0.568.  

0.41 
(0.10), 
[0.41, 
0.41] 

0.40 
(0.10), 
[0.40, 
0.41] 

Fasting 
Plasma 
Glucose 
(FPG) 

Direct fasting 
venous glucose 
measurement 
(mg/dL or 
mmol/L) 

In Bonora et al. 7 , FPG added little incremental 
predictive value beyond fasting insulin for clamp 
insulin sensitivity. Discriminative ability in a 
non-diabetic cohort with narrow FPG range is 
very limited. Included because it is universally 
available and anchors HOMA-IR and TyG. 

93.33 
(9.06), 
[93.00, 
93.66] 

91.01 
(9.11), 
[90.70, 
91.32] 

Android to 
Gynoid Fat 
Ratio (A/G 
Ratio) 

DEXA android 
region fat mass 
(g) / DEXA 
gynoid region fat 
mass (g) 

No direct EHC validation. Bantle et al. 26 found 
A/G ratio to be the strongest DXA-derived 
predictor of IR in women (r - 0.52), 
outperforming total VAT, android fat mass, and 
BMI after adjustment.  

1.24 
(0.25), 
[1.23, 
1.25] 

0.90 
(0.18), 
[0.90, 
0.91] 

Waist 
Circumferen
ce (WC) 

Direct 
measurement at 
umbilical level 
(cm);  

Pouliot et al. 33 established WC as a clinically 
relevant adiposity-based IR indicator. validated 
WC against both HOMA-IR and the euglycemic 
clamp 34. 

93.62 
(10.44), 
[93.32, 
93.92] 

83.39 
(10.91), 
[83.10, 
83.68] 

Body Mass 
Index (BMI) 

Weight (kg) / 
Height² (m²) 

Bogardus et al. 35 reported r ≈ −0.40 with EHC-
measured insulin action. Cannot distinguish fat 
from lean mass or visceral from subcutaneous fat; 

26.39 
(3.65), 
[26.29, 
26.50] 

25.34 
(4.28), 
[25.23, 
25.46] 

Lipid 
Accumulati
on Product 
(LAP) 

Men: [WC (cm) 
− 65] × Fasting 
TG (mmol/L); 
Women: [WC 
(cm) − 58] × 
Fasting TG 
(mmol/L) 

Significant negative correlation was observed for 
the M value with LAP index (r-0.39). The LAP 
index showed higher predictive accuracy for the 
risk of insulin resistance as compared with 
HOMA-IR, QUICKI and FG-IR in non-obese, 
normoglycemic Asian Indian males 22. 

41.33 
(33.02), 
[40.06, 
42.59] 

31.02 
(26.30), 
[30.06, 
31.99] 

Table 1. Insulin resistance surrogate measures, derivation formulae, and reference values obtained from the 152 
HPP. Abbreviations: A/G — android-to-gynoid; AUC-ROC — area under the receiver operating characteristic 153 
curve; BMI — body mass index; CAP — controlled attenuation parameter; DEXA — dual-energy X-ray 154 
absorptiometry; EHC — euglycemic-hyperinsulinemic clamp; FPG — fasting plasma glucose; HDL-C — high-155 
density lipoprotein cholesterol; HOMA-IR — homeostatic model assessment of insulin resistance; IR — insulin 156 
resistance; LAP — lipid accumulation product; M-value — glucose infusion rate at steady-state clamp; METS-IR — 157 
metabolic score for insulin resistance; TG — fasting triglycerides; TG/HDL — triglyceride-to-HDL cholesterol 158 
ratio; TyG — triglyceride-glucose; VAT — visceral adipose tissue; WC — waist circumference 159 

NMR metabolomics data were obtained from the Nightingale Health platform (~250 features including 160 
lipoprotein subfractions, amino acids, fatty acids, and glycoprotein acetyls). Features with >= 80% data 161 
completeness were retained.   162 
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Statistical Analysis 163 

We computed Spearman rank correlations with bootstrap 95% confidence intervals (1,000 iterations) 164 
between representative IR surrogates (DEXA VAT mass, METS-IR, TyG index, liver attenuation, 165 
TG/HDL ratio, waist circumference, A/G ratio) and clinical variables across six domains: body 166 
composition (total fat mass, android fat %), lipids (triglycerides, high-density lipoprotein (HDL), low-167 
density lipoprotein (LDL), total cholesterol), vascular (systolic blood pressure (BP), diastolic BP, carotid 168 
intima-media thickness (IMT), estimated glomerular filtration rate (eGFR), retinal vessel width, fractal 169 
dimension, vessel density), hepatic (alanine aminotransferase (ALT), aspartate aminotransferase (AST), 170 
gamma-glutamyl transferase (GGT), liver elasticity, viscosity, speed of sound), sleep (oxygen 171 
desaturation index (ODI), apnea-hypopnea index (AHI), respiratory disturbance index (RDI), sleep 172 
efficiency, mean peripheral oxygen saturation (SpO2)), and dietary (calories, macronutrient percentages). 173 
P-values were corrected for multiple comparisons using the Benjamini-Hochberg false discovery rate 174 
procedure. 175 

We conducted predictive modeling by Gradient boosting regression 36 (GBR; 200 estimators, maximum 176 
depth 4, learning rate 0.1) and linear regression were trained to predict DEXA VAT mass using 5-fold 177 
cross-validation (N = 6,799 participants with both DEXA and clinical data). The CGM-only model used 178 
29 IGLU features, sex and age. The anthropometric model used sex, age, blood pressure, BMI, weight, 179 
and height. The circumference model added waist circumference, hip circumference, and waist-to-hip 180 
ratio. Feature importance was assessed via SHapley Additive exPlanations (SHAP) 37 framework. 181 

Individuals with discordant IR status in whom VAT-based IR classification diverges from conventional 182 
clinical markers were identified by employing a residual-based approach 15. For each participant with 183 
available DEXA data, VAT mass was regressed on BMI (and separately on HbA1c) using sex-specific 184 
linear regression. The standardized residual captures how much an individual's visceral adiposity deviates 185 
from the population-expected level given their BMI (or HbA1c). On the VAT-BMI axis, individuals with 186 
residuals exceeding +1 SD were classified as "VAT Above BMI-Expected" (higher visceral adiposity 187 
than their BMI predicts, capturing the TOFI phenotype12), those below -1 SD as "VAT Below BMI-188 
Expected" (lower visceral adiposity than expected, analogous to the metabolically healthy obese 189 
phenotype), and those within ±1 SD as "VAT BMI-Expected." The same thresholds were applied on the 190 
VAT-HbA1c axis, producing "VAT Above HbA1c-Expected" (visceral adiposity exceeding HbA1c's 191 
prediction), "VAT Below HbA1c-Expected" (elevated glycemic markers without proportionate visceral 192 
adiposity), and "VAT HbA1c-Expected" groups. Cross-discordance was assessed by classifying 193 
participants with both VAT-BMI and VAT-HbA1c assignments into their joint group membership. We 194 
also examined how many discordant individuals were below the clinical thresholds considered as healthy 195 
- BMI < 25 kg/m2 (normal weight) and HbA1c < 5.7% (normoglycemic). Between-group differences 196 
across 17 clinical and CGM features were assessed by Kruskal-Wallis test with Benjamini-Hochberg 197 
FDR correction. As a sensitivity analysis,  we repeated the analyses while employing a threshold of  ±2 198 
SD. 199 

To study whether metabolomics can predict IR, we used GBR36 with 5-fold cross-validation to predict 200 
each IR surrogate from metabolomics features. Missing values were imputed with column median within 201 
each cross-validation fold. SHAP feature importance37 was computed on models trained on the full 202 
dataset. For discordance discrimination, metabolite levels were compared across residual-based 203 
discordance groups (e.g., VAT Above BMI-Expected / VAT BMI-Expected / VAT Below BMI-204 
Expected) using Kruskal-Wallis tests with Benjamini-Hochberg FDR correction. 205 

To test whether CGM parameters discriminate the residual-based discordance groups defined above, we 206 
computed three complementary analyses on the 6,777 VAT-BMI and 1,981 VAT-HbA1c participants 207 
with both discordance-group assignment and CGM coverage. First, each of the 29 IGLU CGM metrics 208 
was tested across the three groups on each axis by Kruskal-Wallis with Benjamini-Hochberg FDR 209 
correction, and we report per-metric Cohen's d versus the expected reference group using pooled standard 210 

 . CC-BY 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted May 4, 2026. ; https://doi.org/10.64898/2026.05.02.26352290doi: medRxiv preprint 

https://doi.org/10.64898/2026.05.02.26352290
http://creativecommons.org/licenses/by/4.0/


8 

deviation. Second, we computed per-metric AUC for each of the four discordant-vs-expected binary 211 
contrasts (VAT Above BMI-Expected, VAT Below BMI-Expected, VAT Above HbA1c-Expected, VAT 212 
Below HbA1c-Expected) with 1,000-iteration stratified bootstrap 95% CIs . Third, to quantify CGM 213 
information content beyond mean glycemia - particularly relevant on the VAT-HbA1c axis where CGM 214 
mean glucose, GMI, and eA1c are HbA1c-correlated, we fit two logistic-regression models per contrast 215 
with 5-fold stratified cross-validation after median imputation and z-scoring: Model A used only 216 
variability-based CGM metrics (MAGE, CV, MODD, CONGA, GVP, LBGI, HBGI, ADRR), and Model 217 
B added glucose mean. Bootstrap 95% CIs (1,000 iterations) were computed on the out-of-fold 218 
probability predictions. 219 

To validate associations between CGM metrics and IR surrogates we analyzed Spearman correlations in 220 
the 1:1 caliper-matched HPP subcohort (N = 135) and the matched PPT subcohort (N = 135). Replication 221 
was assessed by Pearson correlation between the 261 matched effect-size pairs present in both cohorts.To 222 
validate IR surrogates against complementary reference measures, we computed Spearman correlations 223 
between available surrogates and HOMA-IR within the PPT cohort (N = 165, where fasting insulin was 224 
available) and between the same surrogates and DEXA VAT mass within the matched HPP subcohort (N 225 
= 66-88, depending on surrogate availability within the 135-participant matched subset). 226 

All correlations presented in the paper are Spearman rank unless otherwise specified. Bootstrap 227 
confidence intervals used 1,000 iterations with replacement. Predictive model performance is reported as 228 
cross-validated R2 and Spearman rho between predicted and observed values. Between-group 229 
comparisons used Kruskal-Wallis tests; multiple comparison correction used the Benjamini-Hochberg 230 
procedure throughout. All analyses were performed in Python 3.12 using scipy 1.11, scikit-learn 1.3, and 231 
SHAP 0.43. 232 

Ethics approval 233 

Written informed consent was obtained from all participants upon arrival at the research site. Participant 234 
identifying information was removed before any computational analysis was performed. The HPP cohort 235 
study was conducted in accordance with the Declaration of Helsinki and received approval from the 236 
Institutional Review Board (IRB) of the Weizmann Institute of Science (approval number 2392-4) 237 

Results 238 

Normative Distributions and Sex- and Age-Specific Patterns of IR Surrogates in Non-Diabetic 239 
Adults 240 

Following the exclusion process (see Methods, Supplementary Figure S1), 10,114 non-diabetic adults 241 
were included in the analysis (53.3% female, mean age 51.4±7.8 years, mean BMI 25.8±4 kg/m2) (Table 242 
2). 243 
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Characteristic, mean (SD)  Male Female All P-
value 

N 4,698 5,386 10,114  

Age (years) 51.1 (7.8) 51.8 (7.8) 51.4 (7.8) <0.05 

BMI (kg/m²) 26.4 (3.7) 25.3 (4.3) 25.8 (4.0) <0.05 

Waist circumference (cm) 93.6 (10.4) 83.4 (10.9) 88.2 (11.8) <0.05 

Sitting BP systolic (mmHg) 125.2 (14.7) 113.5 (15.5) 119.0 (16.2) <0.05 

Sitting BP diastolic (mmHg) 79.2 (10.0) 75.7 (9.9) 77.3 (10.1) <0.05 

HbA1c (%) 5.3 (0.4) 5.4 (0.4) 5.3 (0.4) 0.98 

Triglycerides (mg/dL) 119.2 (67.2) 98.1 (50.9) 108.2 (60.2) <0.05 

HDL cholesterol (mg/dL) 49.5 (11.9) 60.9 (13.9) 55.5 (14.2) <0.05 

LDL cholesterol (mg/dL) 119.1 (31.4) 119.7 (32.5) 119.4 (32.0) 0.428 

Total cholesterol (mg/dL) 191.7 (37.3) 200.1 (38.0) 196.1 (37.9) <0.05 

ALT/GPT (U/L) 26.2 (15.7) 17.9 (9.1) 21.8 (13.3) <0.05 

AST/GOT (U/L) 25.1 (9.1) 21.5 (10.3) 23.2 (9.9) <0.05 

GGT (U/L) 27.6 (20.1) 19.9 (20.4) 23.5 (20.6) <0.05 

eGFR 85.2 (14.7) 86.2 (16.7) 85.8 (15.8) 0.103 

Android tissue fat percent (%) 34.1 (9.9) 38.4 (10.3) 36.4 (10.3) <0.05 

Scanned VAT mass (g) 1153.9 
(703.7) 

599.5 (419.5) 864.0 (636.5) <0.05 

Total fat mass (g) 22845.6 
(7771.9) 

25270.9 
(8333.8) 

24120.9 
(8160.5) 

<0.05 

Average width (pixels) 16492.2 
(1154.3) 

16976.2 
(1132.9) 

16747.8 
(1168.2) 

<0.05 

Fractal dimension 1.5 (0.0) 1.5 (0.0) 1.5 (0.0) <0.05 

Vessel density 0.1 (0.0) 0.1 (0.0) 0.1 (0.0) 0.109 

Liver sound speed (m/s) 1549.8 (24.8) 1543.2 (25.5) 1546.4 (25.4) <0.05 

Liver viscosity (Pa.s) 1.7 (0.2) 1.7 (0.3) 1.7 (0.3) <0.05 

Liver elasticity (kPa) 5.4 (1.2) 4.7 (1.2) 5.0 (1.2) <0.05 

Liver attenuation (dB/cm/MHz) 0.4 (0.1) 0.4 (0.1) 0.4 (0.1) <0.05 
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Carotid - intima media thickness 
(mm) 

0.6 (0.1) 0.6 (0.1) 0.6 (0.1) <0.05 

ODI 5.1 (6.7) 2.9 (4.7) 4.0 (5.9) <0.05 

AHI 12.1 (10.9) 7.7 (8.5) 9.9 (10.0) <0.05 

RDI 18.0 (10.8) 12.5 (8.6) 15.3 (10.1) <0.05 

Mean oxygen saturation 95.0 (1.2) 95.3 (1.2) 95.1 (1.2) <0.05 

Total sleep time (hr) 5.8 (1.3) 6.0 (1.3) 5.9 (1.3) <0.05 

Total wake time (hr) 0.8 (0.4) 0.8 (0.4) 0.8 (0.4) <0.05 

Median daily protein caloric intake 
(%) 

18.3 (4.7) 17.6 (4.3) 17.9 (4.5) <0.05 

Median daily lipid caloric intake 
(%) 

37.1 (7.4) 37.5 (7.3) 37.3 (7.2) <0.05 

Median daily carbohydrate caloric 
intake (%) 

39.2 (9.0) 40.2 (8.5) 39.7 (8.7) <0.05 

Median daily caloric intake (kcal) 2312.4 
(1056.2) 

1856.0 
(845.5) 

2071.1 (977.6) <0.05 

Table 2. Baseline characteristics of the study population. Sex-stratified baseline characteristics of the 10,114 244 
non-diabetic adults in the final analytic cohort. Values presented as mean (SD) or N (%). P-values for sex 245 
differences by Kruskal-Wallis test. Abbreviations: AHI — apnea-hypopnea index; ALT/GPT — alanine 246 
aminotransferase/glutamic-pyruvic transaminase; AST/GOT — aspartate aminotransferase/glutamic-oxaloacetic 247 
transaminase; BMI — body mass index; BP — blood pressure; eGFR — estimated glomerular filtration rate; GGT 248 
— gamma-glutamyl transferase; HbA1c — glycated hemoglobin; HDL — high-density lipoprotein; LDL — low-249 
density lipoprotein; ODI — oxygen desaturation index; RDI — respiratory disturbance index; SD — standard 250 
deviation; VAT — visceral adipose tissue. 251 

 252 

We selected IR surrogate measures available in the HPP cohort 16 validated to varying degrees against the 253 
euglycemic hyperinsulinemic clamp (EHC) by existing medical literature (See Methods, Table 1). 254 
HOMA-IR, as well as other measures based on fasting insulin levels 23, were unavailable due to absent 255 
fasting insulin data in the HPP cohort. We therefore focused on non-insulin based measures, emulating 256 
real life clinical settings in which insulin levels are not routinely measured, and validated our findings on 257 
an independent validation cohort in which fasting insulin levels were available 20. 258 

IR surrogates analyzed included anthropometric indices - BMI, Waist Circumference (WC), and the Lipid 259 
Accumulation Product (LAP), representing simple, clinically accessible measures of adiposity; 260 
Biochemical and metabolic composites included the Triglyceride-Glucose Index (TyG), TyG-BMI, the 261 
Metabolic Score for Insulin Resistance (METS-IR), the Triglyceride-to-HDL Cholesterol Ratio 262 
(TG/HDL), and Fasting Plasma Glucose (FPG), each derived from routine laboratory values; and 263 
Imaging-based measures included DEXA-derived VAT, the Android-to-Gynoid Fat Ratio (A/G Ratio), 264 
and Liver Attenuation assessed by ultrasound-controlled attenuation parameter (CAP), reflecting fat 265 
distribution and ectopic lipid deposition as physiological correlates of IR. Together, these measures 266 
represent a broad spectrum, from universally available clinical tests to imaging assessments, allowing a 267 
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comprehensive comparison of their relative utility in capturing insulin resistance across the study 268 
population. 269 

The distributions of the selected surrogate measures are shown in Figure 1A (distribution of BMI, waist 270 
circumference, and fasting glucose are shown in Figure S2). All surrogates showed approximately 271 
unimodal distributions with right skew for adiposity-based and lipid-derived measures, consistent with the 272 
known positive skew of triglyceride distributions in general population samples  38. The cohort displayed 273 
substantial heterogeneity across all IR surrogate measures despite uniform exclusion of diabetes, 274 
underscoring that non-diabetic status does not imply metabolic homogeneity. 275 

Men had approximately two-fold higher VAT mass (1,153.9 ± 703.7 g vs. 599.5 ± 419.5 g, p < 0.001), 276 
higher waist circumference, triglycerides, METS-IR, and TyG index, while women had higher HDL 277 
cholesterol and total body fat percentage (all p < 0.001; Table 1). These differences were not uniform 278 
across surrogate categories: lipid-derived surrogates (TG/HDL ratio, LAP index) showed larger sex 279 
differences than glycemic surrogates (HbA1c, fasting glucose), confirming that different surrogate 280 
domains are differentially sensitive to sex-related metabolic variation. Reference values for the different 281 
IR surrogates are presented in Table 1. 282 

Age and sex related progression (Supplementary Figure S3) showed a consistent pattern of increasing IR 283 
burden across adiposity-based and lipid-derived surrogates with advancing age, with steeper trajectories 284 
in men for VAT-based measures and more attenuated trajectories in women, particularly in the post-285 
menopausal age range represented in this cohort. Glycemic surrogates showed more modest age-related 286 
increases. 287 

IR Surrogate Measures Capture Distinct Metabolic Facets and Are Moderately Inter-Correlated 288 

The IR surrogate measures exhibited moderate inter-correlations with a clear cluster structure across four 289 
categories (indicated by the colored side bars): adiposity-based (DEXA VAT mass, waist circumference, 290 
LAP index, DEXA A/G ratio, BMI), lipid-derived composites (METS-IR, TyG index, TyG-BMI, 291 
TG/HDL ratio), hepatic (liver attenuation), and glycemic (fasting glucose, HbA1c) (Figure 1B). Within-292 
cluster correlations were strongest for adiposity-based measures (pairwise Spearman ρ: 0.52–0.83) and 293 
lipid-derived composites (ρ: 0.63–0.96). Several cross-cluster associations were also high, largely because 294 
lipid-derived composites explicitly incorporate adiposity components: METS-IR with BMI (ρ = 0.92), 295 
TyG-BMI with BMI (ρ = 0.95), and DEXA VAT mass with METS-IR (ρ = 0.79). In contrast, hepatic and 296 
glycemic surrogates showed weak correlations with other measures (|ρ| ≤ 0.40), and the two glycemic 297 
markers were only modestly correlated with each other (ρ = 0.26). Overall, this hierarchical structure 298 
suggests that while these surrogates capture related aspects of metabolism, they reflect partially distinct 299 
facets, and no single measure fully represents the spectrum of IR pathophysiology. 300 

Clinical domain correlations across six organ systems confirmed this hierarchical structure (Figure 1C). 301 
Body composition markers showed the strongest associations with IR surrogates across domains. Hepatic 302 
markers (GGT, ALT) correlated preferentially with adiposity-based surrogates, consistent with the role of 303 
visceral adipose tissue in driving portal free fatty acid flux and hepatic steatosis 39. Vascular markers 304 
(blood pressure, carotid IMT) showed moderate associations across surrogate categories. Sleep-disordered 305 
breathing indices showed strong associations with visceral adiposity, consistent with the bidirectional 306 
relationship between obstructive sleep apnea and metabolic syndrome 40. Dietary parameters showed the 307 
weakest correlations with IR surrogates. Overall, DEXA-derived VAT mass emerged as the most 308 
informative cross-domain surrogate in this cohort, showing significant associations with body 309 
composition, hepatic, vascular, lipid, and sleep-related markers. Abate et al.25 demonstrated, using CT-310 
measured visceral fat and the Euglycemic–Hyperinsulinemic Clamp, that intra-abdominal fat was the 311 
strongest adiposity-based predictor of insulin-mediated glucose disposal (r −0.76 with M-value). 312 
Additionally, DEXA-derived VAT has been shown to correlate with clamp-measured insulin sensitivity 313 
in both children and adults  26,27.  314 
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Accordingly, we selected VAT mass as the primary surrogate of insulin resistance for the subsequent315 
analyses presented in this study. 316 

317 

 318 

Figure 1. IR measures landscape. (A) Distributions of 9 IR surrogate measures (BMI, fasting glucose, and waist319 
circumference shown separately in Supplementary Figure S2). (B) Spearman inter-correlation matrix of IR surrogate320 
measures, ordered by cluster (adiposity, lipid-derived, hepatic, glycemic; colored side bars and legend) and by321 
clamp-rank within cluster.  (C) Dot-matrix of Spearman correlations between clinical variables and IR surrogates322 
across 6 clinical domains; dot size encodes Spearman rho, color encodes signed rho. 323 

VAT Mass Can Be Accurately Estimated from Routine Clinical Data 324 

Given that DEXA imaging is not universally available, we also examined whether VAT mass could be325 
accurately estimated from routinely available clinical measurements. To facilitate clinical326 
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implementation, we fit both gradient-boosting and interpretable linear models using 5-fold cross-327 
validation (N = 6,799 participants with both DEXA and clinical data). An anthropometric model which 328 
includes sex, age, blood pressure, BMI, weight, and height achieved cross-validated R2 - 0.659 (rho = 329 
0.802). The addition of waist circumference, hip circumference, and waist-to-hip ratio further improved 330 
performance to R2 -0.729 (rho = 0.840). In the circumference model, waist circumference emerged as the 331 
dominant predictor, confirming that central adiposity distribution, rather than total body mass, drives 332 
VAT estimation accuracy.  333 

Glycemic Variability Metrics Outperform Mean Glucose in Capturing Visceral Adiposity 334 

The association between IR and CGM-derived parameters in individuals without diabetes is scarcely 335 
studied. Examining the relationship between 29 CGM-derived metrics and IR surrogates (Figure 2A 336 
shows a representative 10-metric subset; full set in Supplementary Figure S4), we identified modest yet 337 
statistically significant correlations between them (up to r = 0.3). A gradient boosting model using 29 338 
CGM features, sex, and age achieved cross-validated R2 = 0.276 (Spearman rho = 0.524) for predicting 339 
DEXA VAT mass (N = 6,799; Supplementary Figure S5). Because ~2-fold sex differences in VAT alone 340 
carry a substantial share of this predictive weight, we tested a model using only the 29 CGM features: this 341 
yielded cross-validated R2 = 0.078 (Spearman rho = 0.291), indicating that CGM alone encodes only a 342 
modest signal for VAT prediction. SHAP feature importance analysis on the full CGM + sex + age model 343 
revealed that glucose variability metrics dominated over glucose level metrics (Figure 2B). Sex was the 344 
dominant predictor overall (22.5% of total SHAP importance), consistent with the approximately two-345 
fold sex difference in VAT mass. Among CGM features, MAG (7.3%), SD of rate-of-change (6.9%), and 346 
MODD (6.6%) were the top contributors, collectively accounting for 20.8% of total SHAP importance, 347 
while mean glucose and GMI contributed minimally. Subgroup analyses confirmed that CGM-IR 348 
associations strengthened with metabolic burden: correlations were larger in obese individuals (BMI >= 349 
30, N = 1,435) and those with prediabetic HbA1c (HbA1c 5.7-6.5%, N = 587), suggesting that CGM-350 
derived metrics become increasingly informative as underlying metabolic burden increases 351 
(Supplementary Figures S6). 352 
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353 
Figure 2. CGM associations with IR measures and CGM-based prediction of visceral adiposity. (A) Heatmap354 
of Spearman correlations between a representative 10-metric subset of the CGM-derived features and core IR355 
measures (full 29-metric heatmap in Supplementary Figure S4). Cell annotations show rho and sample size. (B)356 
SHAP plot showing the 10 most impactful features for VAT mass prediction. Each point represents one participant;357 
color indicates feature value. The corresponding predicted-vs-actual scatter (N = 6,799; R2 = 0.276, Spearman rho =358 
0.524) is shown in Supplementary Figure S5. (C) Replication of CGM-IR effect sizes between HPP and PPT359 
cohorts. Abbreviations: ADRR — average daily risk range; AHI — apnea-hypopnea index; A/G — android-to-360 
gynoid; BMI — body mass index; CGM — continuous glucose monitoring; CONGA — continuous overall net361 
glycemic action; CV% — coefficient of variation; DEXA — dual-energy X-ray absorptiometry; eGFR — estimated362 
glomerular filtration rate; GMI — glucose management indicator; HbA1c — glycated hemoglobin; HBGI — high363 
blood glucose index; HDL — high-density lipoprotein; HPP — Human Phenotype Project; IR — insulin resistance;364 
LAP — lipid accumulation product; LBGI — low blood glucose index; MAG — mean absolute glucose change;365 
MAGE — mean amplitude of glycemic excursions; METS-IR — metabolic score for insulin resistance; MODD —366 
mean of daily differences; PPT — Personalized Postprandial Glucose Response-Targeting Diet; SD — standard367 
deviation; SHAP — Shapley additive explanations; TG — triglycerides; TIR — time in range; TyG — triglyceride-368 
glucose index; VAT — visceral adipose tissue. 369 
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Residual-Based Discordance Analysis Reveals Metabolically At-Risk Individuals Missed by BMI 371 
and HbA1c Screening 372 

We next examined whether conventional clinical classification by BMI or HbA1c fails to identify 373 
individuals with elevated visceral adiposity and adverse metabolic profiles. Using a residual-based 374 
approach (Figure 3A,B, see Methods), individuals were classified by their standardized residual: those 375 
exceeding +1 SD were designated as "VAT Above BMI-Expected" (visceral adiposity higher than their 376 
BMI predicts; analogously "VAT Above HbA1c-Expected" for the HbA1c axis), those below -1 SD as 377 
"VAT Below BMI-Expected" / "VAT Below HbA1c-Expected," and those within ± 1SD as "VAT BMI-378 
Expected" / "VAT HbA1c-Expected." Among 6,777 participants with both DEXA and BMI data, 987 379 
(14.6%) were classified as VAT Above BMI-Expected, 4,818 (71.1%) as VAT BMI-Expected, and 972 380 
(14.3%) as VAT Below BMI-Expected.  381 

The VAT Above BMI-Expected group, which includes individuals whose visceral adiposity substantially 382 
exceeds what their BMI would predict, capturing the TOFI ("thin outside, fat inside") phenotype,  showed 383 
significantly worse metabolic profiles than the VAT BMI-Expected group across all clinical features 384 
examined (Figure 3B, Kruskal-Wallis p < 0.05, FDR-corrected), and had elevated IR surrogates- METS-385 
IR, TyG index, TG/HDL ratio, LAP index, and systolic blood pressure (Supplementary Figure S7A). 386 
Conversely, the VAT Below BMI-Expected group, which includes individuals with lower visceral 387 
adiposity than their BMI predicts, showed a more benign metabolic profile than their BMI would suggest. 388 

Among 1,981 participants with both DEXA and HbA1c data, 304 (15.3%) were classified as VAT Above 389 
HbA1c-Expected (VAT higher than HbA1c predicts), 1,361 (68.7%) as VAT HbA1c-Expected, and 316 390 
(16.0%) as VAT Below HbA1c-Expected (elevated HbA1c without proportionate visceral adiposity). 391 
Notably, HbA1c is only weakly correlated with VAT in this cohort (Spearman rho = 0.204). The VAT 392 
Above HbA1c-Expected group showed elevated adiposity and lipid markers, with significant between-393 
group differences across all examined features (Figure 3D, Supplementary Figure S7B).  394 

Cross-discordance analysis classified on both axes revealed substantial coupling between the two forms 395 
of discordance: 168 of 294 (57%) VAT Above BMI-Expected individuals were also VAT Above HbA1c-396 
Expected, and 168 of 303 (55%) VAT Above HbA1c-Expected individuals were also VAT Above BMI-397 
Expected, consistent with a shared underlying visceral-IR phenotype. While the two residual axes provide 398 
partially overlapping complementary lenses rather than orthogonal ones, their disagreement on 43-45% of 399 
dual-classified cases means that using either marker alone still fails to flag a substantial fraction of the at-400 
risk population.  401 

We next examined the subset of discordant individuals who fall within conventional normal ranges on 402 
both BMI (< 25 kg/m2) and HbA1c (< 5.7%) and would therefore pass both screening thresholds despite 403 
elevated visceral adiposity. Among the 987 VAT Above BMI-Expected individuals, 337 (34.1%) had 404 
BMI < 25 and 207 (21.0%) had HbA1c < 5.7%; while 80 individuals (1.2% of 6,777 VAT-BMI 405 
classifiable participants) met both criteria simultaneously (mean VAT: 1,155 g, mean BMI: 23.3, mean 406 
HbA1c: 5.3%). Among the 304 VAT Above HbA1c-Expected individuals, only 9 individuals (0.4% of 407 
1,981) were screening-invisible by both criteria simultaneously. These individuals represent a population 408 
in whom visceral IR has advanced sufficiently to produce adverse metabolic consequences across 409 
multiple organ systems, yet who remain below the BMI and HbA1c threshold that would trigger clinical 410 
concern. 411 

As a further sensitivity analysis, we repeated the residual-based approach using a stricter ±2 SD threshold. 412 
On the VAT-BMI axis, this identified 233 (3.4%) VAT Above BMI-Expected and 97 (1.4%) VAT Below 413 
BMI-Expected individuals. On the VAT-HbA1c axis, 83 (4.2%) were classified as VAT Above HbA1c-414 
Expected. Metabolic profile comparisons remained significant at FDR < 0.05 for these extreme groups 415 
(Supplementary Figure S8), confirming that findings are robust to the choice of threshold.  416 

  417 
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CGM Variability Discriminates Discordant VAT Phenotypes and Carries Signal Beyond Mean 418 
Glycemia 419 

Having defined discordant VAT subphenotypes on the BMI and HbA1c axes (Figure 3A–D), we tested 420 
whether CGM metrics can discriminate between these groups. Across 29 CGM-derived metrics, 26 (90%) 421 
showed FDR-significant differences across the three VAT-BMI groups (n = 6,777), and 10 (34%) across 422 
the three VAT-HbA1c groups (Figure 3E). On both axes, the largest between-group effect sizes were 423 
concentrated among variability metrics, whereas mean glucose and its derivatives (GMI, eA1c) were 424 
among the least informative, particularly on the HbA1c axis, where these metrics are structurally 425 
constrained by the variable used to define the groups. 426 

To formally test whether variability carries discriminative information beyond mean glucose, we 427 
compared two logistic regression models per contrast (5-fold cross-validation, bootstrap 95% CI; 428 
Supplementary Figure S9): Model A included eight variability metrics (MAGE, CV, MODD, CONGA, 429 
GVP, LBGI, HBGI, ADRR); Model B added mean glucose. For the most clinically relevant contrast, 430 
VAT Above HbA1c-Expected versus VAT HbA1c-Expected, Model A achieved AUC = 0.632 (95% CI 431 
0.598–0.666; n = 304 vs. 1,361), while Model B yielded AUC = 0.636 (ΔAUC = +0.003). This negligible 432 
increment was consistent across all four contrasts (VAT-BMI axis: ΔAUC = −0.002 and +0; 433 
Supplementary Figure S9B). At the single-metric level, variability measures (SD of rate-of-change, GVP, 434 
MODD) consistently outperformed mean glucose, with top AUCs of 0.55–0.56 (Supplementary Figure 435 
S9A). These effects demonstrate that two-week CGM captures information about visceral adiposity 436 
beyond what HbA1c provides, with the signal residing in glycemic dynamics rather than levels.  437 
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 439 

Figure 3. Residual-based discordance between VAT and conventional markers. (A, B) Standardized-residual 440 
scatter plots (y-axis = VAT residual z-score from sex-specific regression on BMI [A] or HbA1c [B]); horizontal line 441 
at 0 is the regression fit, shaded bands mark the ±1 SD and ±2 SD classification thresholds, and points are color-442 
coded by discordance group. (C, D) Small-multiples forest of z-scored group means (± SE) for directly measured 443 
clinical parameters (liver attenuation, triglycerides, HDL, SBP, DBP, carotid IMT, ALT, GGT, AHI), ordered by 444 
organ system (Adipose/Lipid, Vascular, Hepatic, Sleep) on a shared z-score x-axis across panels C and D. (E) CGM 445 
effect-size matrix: dot-matrix of Cohen's d for a curated subset of 16 selected IGLU CGM metrics (variability, risk, 446 
time-in-range, and composite categories) across four discordant-vs-expected contrasts; dot area encodes Cohen's d|, 447 
colour encodes sign, star denotes q < 0.05). Top discriminating NMR metabolites between discordant 448 
subphenotypes are shown in Figure 4C. All between-group comparisons significant at FDR < 0.05. Abbreviations: 449 
ADRR — average daily risk range; AHI — apnea-hypopnea index; ALT — alanine aminotransferase; BMI — body 450 
mass index; BP — blood pressure; CONGA — continuous overall net glycemic action; CV% — coefficient of 451 
variation; GGT — gamma-glutamyl transferase; GMI — glucose management indicator; GRADE — glycemia risk 452 
assessment diabetes equation; HbA1c — glycated hemoglobin; HBGI — high blood glucose index; HDL — high-453 
density lipoprotein; IMT — intima-media thickness; LBGI — low blood glucose index; MAGE — mean amplitude 454 
of glycemic excursions; MODD — mean of daily differences; SD — standard deviation; TIR — time in range; VAT 455 
— visceral adipose tissue. 456 

Metabolomic Correlates of Insulin Resistance and Their Distribution Across Discordant VAT 457 
Subphenotypes 458 

We next analyzed whether NMR metabolomics data by Nightingale Health platform are associated with 459 
IR heterogeneity metrics and can capture discordant subphenotypes identified above (see Methods). As 460 
expected from the fact that lipoprotein subfractions are included in the NMR panel, Lipid-derived and 461 
adiposity-based IR surrogates were predicted with high accuracy: TyG index (R2=0.580), TG/HDL ratio 462 
(R2 =0.570), METS-IR (R2=0.509), A/G ratio (R2=0.509), and DEXA VAT mass (R2=0.475). Additional 463 
targets included waist circumference (R2=0.396) and liver attenuation (R2=0.043). SHAP feature 464 
importance analysis identified VLDL and HDL particle subfractions as the dominant metabolite 465 
predictors across lipid-derived and adiposity-based targets (Figure 4B), consistent with the established 466 
roles of atherogenic dyslipidemia and impaired reverse cholesterol transport in IR pathophysiology 41. 467 
Amino acids and glycoprotein acetyls contributed to adiposity-based predictions, potentially reflecting 468 
IR-associated alterations in protein catabolism and low-grade inflammation 42. 469 

NMR metabolites discriminated between residual-based discordance groups on both the VAT-BMI and 470 
VAT-HbA1c axes (FDR < 0.05; Figure 4C). The top-ranked discriminators on both axes were large 471 
VLDL and large/very-large HDL triglyceride and phospholipid subfractions (Figure 4C), consistent with 472 
the VLDL-overproduction / HDL-remodeling axis driven by portal free-fatty-acid flux in visceral IR 43. 473 
VAT Above BMI-Expected individuals differed metabolomically from VAT BMI-Expected individuals 474 
in these lipoprotein subfraction profiles and in glycoprotein acetyls, despite similar BMI classification. 475 
VAT Above HbA1c-Expected individuals similarly showed a distinct metabolomic signature relative to 476 
the VAT HbA1c-Expected group despite identical glycemic classification.  477 

 478 
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479 
Figure 4. NMR metabolomics: IR prediction, feature importance, and discordance discrimination. (A) Cross-480 
validated R2 for gradient boosting models predicting each IR surrogate from ~250 NMR metabolomics features. (B)481 
Top 15 NMR metabolite predictors across IR targets, ranked by mean |SHAP| value. (C) Top NMR metabolites482 
discriminating discordant VAT subphenotypes on both VAT-BMI (orange) and VAT-HbA1c (blue) axes, ranked by483 
-log10(q-value) from Kruskal-Wallis tests with Benjamini-Hochberg FDR correction. Lipoprotein subfractions484 
(VLDL and HDL triglyceride and phospholipid content) dominate discrimination on both axes. 485 

Validation of IR Surrogates in an Independent Cohort with Fasting Insulin Data 486 

To validate the IR surrogates used throughout this study, we leveraged the PPT cohort (n = 165487 
participants with available HOMA-IR, see Methods). Among individual surrogates, METS-IR showed the488 
strongest correlation with HOMA-IR (Spearman ρ = 0.574), followed by LAP index (ρ = 0.572), TyG-489 
BMI (ρ = 0.566), waist circumference (ρ = 0.507), and BMI (ρ = 0.501). Lipid-glucose indices showed490 
intermediate correlations (TG/HDL ratio ρ = 0.446; TyG index ρ = 0.440). Although individual surrogate491 
correlations with HOMA-IR were modest, a multivariable linear regression combining all available492 
surrogates yielded R² = 0.247 (ρ = 0.603, n = 165), substantially exceeding any single surrogate. This493 
confirms that each measure captures partially non-overlapping IR information, consistent with the494 
moderate inter-surrogate correlations observed in the HPP cohort. 495 

We further assessed cross-cohort replicability of CGM–IR associations by comparing 261 matched496 
correlation pairs (29 CGM metrics × 9 IR surrogates available in both cohorts). Effect sizes replicated497 
with Pearson r = 0.585 between HPP and PPT estimates, with 172 of 261 pairs (66%) showing498 
directionally consistent associations (Figure 2C). Mechanistically relevant variability associations,499 
including MODD × TyG index and MODD × HbA1c, replicated in both direction and relative magnitude500 
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across cohorts, confirming that CGM-derived glycemic variability captures metabolically meaningful 501 
signals that generalize beyond a single population. 502 

Discussion 503 

This study provides a comprehensive, multi-modal characterization of insulin resistance heterogeneity in 504 
over 10,000 non-diabetic adults, integrating validated IR surrogates, DEXA body composition, 14-day 505 
continuous glucose monitoring, and NMR metabolomics. Our findings yield four principal insights: (i) IR 506 
surrogates capture related but distinct metabolic facets, with no single measure approximating the full 507 
spectrum of IR pathophysiology; (ii) visceral adipose tissue can be accurately estimated from routine 508 
anthropometry, and CGM-derived glycemic variability outperforms mean glucose in capturing visceral 509 
adiposity; (iii) a clinically important subset of individuals with normal BMI and HbA1c harbor elevated 510 
visceral fat and multi-organ metabolic adversity; and (iv) NMR lipoprotein subfractions and CGM 511 
variability metrics discriminate these discordant phenotypes, offering complementary inputs for early 512 
metabolic risk detection. 513 

Insulin resistance exists along a continuous spectrum, spanning hepatic, skeletal muscle, and adipose 514 
tissue compartments that can be independently and variably impaired 44. Our observation that IR 515 
surrogates form four partially independent clusters- adiposity-based, lipid-derived, hepatic, and glycemic, 516 
with moderate cross-cluster correlations aligns with this framework. Within-cluster correlations were 517 
strongest among adiposity-based measures (ρ 0.52–0.83) and among lipid-derived composites (ρ 0.63–518 
0.96). Several cross-cluster pairs were also highly correlated because the lipid-derived composites 519 
explicitly embed an adiposity term (e.g., METS-IR and BMI, ρ = 0.92; TyG-BMI and BMI, ρ = 0.95). 520 
Hepatic and glycemic surrogates were only weakly associated with the rest of the panel (|ρ| ≤ 0.40). This 521 
hierarchical structure mirrors the known physiological partitioning of IR into distinct tissue compartments 522 
and implies that reliance on any single surrogate will systematically underestimate IR burden in a fraction 523 
of the population. The validation analysis in the PPT cohort reinforced this conclusion: while individual 524 
surrogate correlations with HOMA-IR were modest (maximum ρ = 0.574 for METS-IR), combining all 525 
surrogates yielded R² = 0.247, substantially exceeding any single measure. This additive variance 526 
confirms that each surrogate captures partially non-redundant metabolic information. 527 

 528 

Our sex-specific reference values for these surrogates, derived from a large non-diabetic population, 529 
address a gap in the literature. While individual surrogate measures have published normative data, to the 530 
best of our knowledge, comprehensive sex- and age-stratified reference ranges across the full panel of 531 
non-insulin-based IR measures have not previously been established within a single deeply phenotyped 532 
cohort. These values may serve as benchmarks for clinical interpretation and future research. 533 

Among the surrogates examined, DEXA-derived VAT mass emerged as the most informative cross-534 
domain correlate, showing significant associations with body composition, hepatic, vascular, lipid, and 535 
sleep-related markers. This is consistent with the established role of visceral adiposity as the metabolic 536 
driver linking portal free fatty acid flux, hepatic steatosis, atherogenic dyslipidemia, and systemic 537 
inflammation 10 45. The finding that VAT can be predicted from routine anthropometric (R² = 0.659 from 538 
sex, age, blood pressure, BMI, weight, and height; R² = 0.729 with the addition of circumference 539 
measures) is aligned with previous literature 46 and has practical implications: it suggests that clinically 540 
meaningful VAT estimation does not require DEXA and could be integrated into routine health 541 
assessments. Waist circumference was the dominant predictor in the circumference model, consistent with 542 
prior evidence that central adiposity distribution, rather than total body mass, drives cardiometabolic risk 543 
47. 544 

A major strength of this study is the availability of CGM data. We show a consistent hierarchy in which 545 
CGM-derived glycemic variability metrics (MAG, SD of rate-of-change, MODD) outperformed mean 546 
glucose and its derivatives (GMI, eA1c) in capturing visceral adiposity and discriminating discordant 547 
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VAT phenotypes. This pattern was observed across multiple analytical frameworks: in VAT prediction 548 
models (SHAP importance), in cross-sectional correlations with IR surrogates, in between-group effect 549 
sizes across discordance groups, and in the logistic regression analysis where adding mean glucose to a 550 
variability-only model yielded negligible improvement. 551 

This finding extends prior work showing associations between glycemic variability and cardiometabolic 552 
markers in non-diabetic individuals. A systematic review and meta-analysis of 71 studies found that while 553 
glycemic variability was inversely associated with beta-cell function, its relationship with insulin 554 
sensitivity and adiposity remained inconclusive 48. Our study, powered by 6,799 participants with 555 
concurrent DEXA and CGM, resolves this ambiguity by demonstrating that CGM variability carries 556 
statistically meaningful, replicable information about visceral adiposity beyond what HbA1c provides, 557 
though effect sizes are modest (AUC 0.55–0.63). Importantly, CGM-IR associations strengthened with 558 
increasing metabolic burden (obesity, prediabetic HbA1c), suggesting that CGM becomes more 559 
informative as underlying metabolic dysfunction progresses, consistent with the concept that glycemic 560 
variability may reflect an earlier perturbation of insulin-mediated glucose homeostasis before mean 561 
glucose rises 49. 562 

The mechanistic interpretation of why variability dominates over mean glucose deserves consideration. In 563 
the pre-diabetic state, compensatory hyperinsulinemia maintains near-normal mean glucose while glucose 564 
excursion dynamics, reflecting the interplay of hepatic glucose output and peripheral uptake kinetics 565 
become dysregulated. Variability metrics may therefore capture this dynamic dysregulation that remains 566 
invisible to static measures like HbA1c or mean glucose 50.  567 

The most clinically consequential finding is the identification of a subpopulation whose visceral adiposity 568 
substantially exceeds what their BMI or HbA1c would predict and who harbor adverse metabolic profiles 569 
across lipid, hepatic, vascular, and sleep domains, yet remain below both screening thresholds that would 570 
trigger clinical attention. These individuals (1.2% of the cohort on the VAT-BMI axis meeting both BMI 571 
< 25 and HbA1c < 5.7% criteria simultaneously) represent the clinically occult end of the TOFI 572 
phenotype spectrum, first described by Thomas et al. 12 and formalized as the metabolically obese normal-573 
weight (MONW) phenotype 11. 574 

Our residual-based discordance framework extends prior categorical approaches (e.g., classifying 575 
individuals as MONW by fixed BMI and metabolic syndrome criteria) by quantifying the continuous 576 
degree of discordance between observed and expected visceral adiposity. The 57% overlap between 577 
VAT-BMI and VAT-HbA1c discordance suggests a shared underlying visceral-IR phenotype, while the 578 
43% disagreement indicates that each axis captures a partially distinct dimension of metabolic risk — 579 
reinforcing the need for multi-marker screening. A recent Nature Medicine study employing unsupervised 580 
clustering to subclassify obesity found that approximately 20% of the general population harbors 581 
discordant cardiometabolic profiles that improve risk prediction beyond BMI alone 51 consistent with our 582 
findings. Our data suggest that complementary markers, particularly waist circumference and lipid-583 
derived indices, substantially improve identification of this at-risk population. 584 

The NMR metabolomics analysis revealed that VLDL and HDL particle subfractions were the dominant 585 
discriminators of both IR surrogates and discordant VAT phenotypes. This aligns with the established 586 
pathophysiology of atherogenic dyslipidemia in insulin resistance, in which hepatic overproduction of 587 
large VLDL1 particles, driven by portal free fatty acid flux, initiates a cascade of lipoprotein remodeling 588 
that generates small dense LDL and depletes functional HDL particles 41 43). The consistent enrichment of 589 
the same VLDL/HDL subfraction discriminators across both discordance axes suggests that a compact 590 
targeted lipoprotein panel could identify at-risk individuals currently classified as low-risk by 591 
conventional markers, and supports the growing recognition that lipoprotein particle profiles carry 592 
metabolic information beyond standard lipid panels 52. 593 

Glycoprotein acetyls, a composite NMR-derived marker of systemic low-grade inflammation, contributed 594 
to adiposity-based predictions, consistent with the known role of chronic inflammation in linking visceral 595 
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adiposity to insulin resistance and cardiometabolic disease 53. The emergence of amino acids as predictors 596 
of adiposity-based IR targets aligns with the established association between branched-chain amino acid 597 
catabolism and insulin resistance 42, and suggests that NMR metabolomics captures both the lipid and 598 
proteomic dimensions of IR heterogeneity. 599 

Taken together, our findings argue for a shift from single-marker to multi-modal metabolic risk 600 
assessment. The current clinical paradigm in which BMI and HbA1c serve as primary gatekeepers for 601 
metabolic risk may be insufficient to detect a meaningful fraction of non-diabetic adults with visceral IR 602 
and multi-organ metabolic adversity. We propose that an extended screening strategy could integrate: (1) 603 
anthropometry-based VAT estimation (particularly waist circumference), which is free, universally 604 
available, and explained 73% of DEXA VAT variance in our data; (2) composite lipid-glucose indices 605 
such as METS-IR or TyG-BMI, which outperform individual markers and can be computed from routine 606 
blood work; (3) targeted NMR lipoprotein subfraction profiling, which discriminates discordant 607 
phenotypes with high specificity; and (4) CGM-derived glycemic variability metrics, which provide a 608 
non-invasive, wearable-based assessment of dynamic glucose regulation that captures metabolic 609 
information orthogonal to HbA1c. 610 

Several limitations warrant consideration. First, HOMA-IR was unavailable in the HPP cohort due to 611 
absent fasting insulin data, precluding direct comparison of surrogate rankings against this widely used 612 
reference. However, validation in the PPT cohort, where HOMA-IR was available, confirmed surrogate 613 
rankings and the additive variance structure. Second, the cross-sectional design precludes causal analyses; 614 
whether the discordant phenotypes identified here progress to diabetes or cardiovascular disease at 615 
differential rates requires prospective follow-up. Third, the cohort is drawn from an Israeli population 616 
aged 35–75, and generalizability to other ethnicities and age ranges requires confirmation. Finally CGM 617 
discriminative performance for discordant phenotypes, while statistically significant and replicable, 618 
yielded modest AUCs (0.55–0.63) insufficient for standalone screening, and should be interpreted as 619 
complementary input within a multi-modal framework.  620 

In Summary, this study establishes population-level reference data for non-insulin-based IR surrogates, 621 
demonstrates that these surrogates capture complementary facets of a multi-organ condition, and 622 
identifies a clinically silent subpopulation with elevated visceral adiposity that escapes detection by 623 
conventional BMI and HbA1c screening. CGM-derived glycemic variability and NMR lipoprotein 624 
subfractions emerge as promising complementary tools for early metabolic risk stratification, supporting a 625 
multi-modal approach to identifying insulin resistance before diagnostic thresholds are crossed. As 626 
wearable CGM technology becomes increasingly accessible and NMR metabolomics costs continue to 627 
decline, integrating these modalities into preventive medicine frameworks may enable earlier, more 628 
precise intervention in the trajectory from metabolic health to type 2 diabetes. 629 
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Supplementary Figures 845 

846 
Supplementary Figure S1. Cohort Selection Flowchart - flowchart showing sequential exclusion criteria from847 
11,529 CGM participants to the final cohort of 10,114 non-diabetic adults aged 35-75. 848 

849 
Supplementary Figure S2. Distributions of BMI, waist circumference, and fasting glucose. 850 
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851 
Supplementary Figure S3. Age- and sex-specific progression of IR surrogate measures. LOWESS-smoothed852 
percentile curves (3rd, 10th, 50th, 90th, 97th) with Huber robust regression equations shown by sex. Continuous age853 
x-axis (35-75 years). Adiposity-based and lipid-derived surrogates show consistent age-related increases, with854 
steeper male trajectories for VAT-based measures. Glycemic surrogates show more modest age effects. 855 
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857 
Supplementary Figure S4. Full CGM-IR correlation heatmap showing all 29 IGLU-derived metrics and their858 
Spearman correlations with IR surrogates. Cell annotations show rho and sample size (N). Extends Figure 2A to the859 
complete set of CGM features available in both HPP and PPT cohorts. 860 
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 861 
Supplementary Figure S5. CGM-based prediction of VAT mass. Cross-validated predicted vs actual DEXA 862 

VAT mass using gradient boosting regression (N = 6,799; R2 = 0.276, Spearman rho = 0.524).  863 
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864 
Supplementary Figure S6. CGM-IR correlation heatmaps stratified by BMI and HbA1c showing all 29 IGLU-865 
derived metrics. Computed within BMI (normal, overweight, obese) and HbA1c (normal, prediabetic) subgroups.866 
CGM-IR associations strengthen with increasing metabolic burden, consistent with CGM metrics becoming more867 
informative as underlying IR severity increases. 868 
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871 
Supplementary Figure S7. Discordance group metabolic profiles. Raw group-mean bar charts for clinical872 
features across residual-based discordance groups on (A) the VAT-BMI axis and (B) the VAT-HbA1c axis. VAT873 
Above BMI-Expected individuals show significantly worse metabolic profiles across all features examined; VAT874 
Above HbA1c-Expected individuals show adverse lipid, hepatic, and adiposity profiles despite normal glycemic875 
classification. Z-scored small-multiples forests are shown in Figure 3C-D. All between-group comparisons876 
significant at FDR < 0.05 (Kruskal-Wallis test 877 

878 
Supplementary Figure S8. Discordance analysis using ±2 SD residual threshold showing that even when879 
restricted to the residual extremes, metabolic profile differences between discordance groups in (A) the VAT-BMI880 
axis and (B) the VAT-HbA1c axis and remain significant at FDR < 0.05, confirming that findings are robust to881 
threshold choice. 882 
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884 
Supplementary Figure S9. CGM discrimination of discordant VAT phenotypes. (A) Top six CGM metric885 
discriminators per contrast - AUC with 95% bootstrap CIs (1000 iter, stratified resample); colour by axis (orange =886 
VAT-BMI, blue = VAT-HbA1c); dashed line at AUC = 0.5. (B) Logistic-regression AUC for variability-only vs887 
variability and glucose mean (5-fold CV, bootstrap 95% CI). For VAT Above HbA1c-Expected vs VAT HbA1c-888 
Expected, adding mean glucose adds Delta AUC = +0.003. 889 
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