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ABSTRACT
Aim: To investigate whether common disturbances of glucose and lipid metabolism can be automatically identified from mag-
netic resonance signatures of the pancreas and liver.
Methods: In this proof-of-principle study, 100 individuals with a history of pancreatitis—a relatively homogeneous population at 
risk for metabolic derangements—underwent magnetic resonance assessment on the same 3.0 Tesla scanner. Automated meas-
urements of fat fraction and water proton transverse relaxation time (R2 water) in the pancreas and liver were obtained. Fasting 
blood samples were analysed for high-density lipoprotein (HDL) cholesterol, low-density lipoprotein (LDL) cholesterol, triglyc-
erides, glucose and insulin. Associations between magnetic resonance signatures and blood metabolic measures were assessed 
using generalised additive models adjusted for age, sex and body mass index.
Results: In fully adjusted models, HDL dyslipidaemia was significantly associated with intra-pancreatic fat (p = 0.015) and intra-
hepatic fat (p = 0.047), LDL dyslipidaemia with pancreas R2 water (p = 0.009), and triglyceride dyslipidaemia with intra-hepatic 
fat (p = 0.046). Lower HOMA-β was significantly associated with intra-pancreatic fat (p = 0.001), intra-hepatic fat (p = 0.004), 
pancreas R2 water (p = 0.031) and liver R2 water (p = 0.014). Higher HOMA-IR was significantly associated with pancreas R2 
water (p = 0.016).
Conclusions: Automated magnetic resonance signatures of pancreatic and hepatic tissue composition were significantly asso-
ciated with clinically relevant disturbances in lipid metabolism and indices of glucose homeostasis. These findings support the 
feasibility of opportunistic, automated detection of abnormal blood metabolic parameters using high-resolution cross-sectional 
imaging.

1   |   Introduction

The global burden of derangements in glucose and lipid metab-
olism, such as diabetes, prediabetes and dyslipidaemias, has 
increased substantially over the past decades [1, 2]. Abnormal 
glucose and lipid metabolism often underlies several highly 
prevalent diseases, including cardiovascular diseases and non-
alcoholic fatty liver disease [3, 4]. The pancreas and liver–both 

developed from the embryonic endoderm–regulate glucose and 
lipid metabolism through intricate inter-organ cross-talks [5–7]. 
Disruption of these inter-organ pathways can drive a spectrum 
of metabolic phenotypes, ranging from isolated dyslipidaemia 
to insulin resistance and overt type 2 diabetes. Mechanistically, 
hepatic insulin resistance promotes increased hepatic gluconeo-
genesis and de novo lipogenesis, leading to hyperglycaemia and 
hypertriglyceridaemia, whereas altered hepatic lipid handling 
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contributes to ectopic fat accumulation and inflammatory sig-
nalling that further impairs insulin action [1, 2]. Conversely, 
pancreatic β-cell dysfunction and reduced insulin secretion ex-
acerbate hepatic glucose production and alter lipid partitioning, 
reinforcing a maladaptive cycle between glucose intolerance 
and dyslipidaemia [2, 5]. In line with these mechanisms, he-
patic steatosis is strongly associated with type 2 diabetes, insu-
lin resistance, insulin deficiency and dyslipidaemias, and type 
2 diabetes independently predicts progression from steatosis 
to non-alcoholic steatohepatitis and cirrhosis [8, 9]. Excessive 
intra-pancreatic fat deposition has likewise been linked to in-
creased risk of diabetes mellitus [6, 10, 11]. Beyond fat, abnormal 
tissue iron deposition in the liver and pancreas has also been as-
sociated with increased risk of metabolic derangements [12, 13].

Modern high-resolution imaging enables comprehensive, non-
invasive characterisation of the pancreas and liver, and quan-
titative imaging biomarkers are increasingly being evaluated 
as tools for risk stratification and treatment monitoring [14]. 
Quantitative magnetic resonance provides biophysical paramet-
ric measurements, enabling mapping of pancreatic and hepatic 
tissue properties even in the absence of visually apparent pa-
thology [15]. Recent studies have begun to explore associations 
between quantitative abdominal magnetic resonance biomark-
ers and metabolic outcomes such as glycaemic status, insulin 
resistance and dyslipidaemia [16, 17]. These reports suggest 
that magnetic resonance-derived measures of ectopic fat and 
iron are related to metabolic risk and may complement labora-
tory testing. Compared with traditional blood tests that provide 
systemic, time-varying snapshots of metabolic state, magnetic 
resonance-derived signatures offer the potential to quantify 
organ-specific morphology and tissue composition (e.g., fat and 
iron content) that may reflect longer-term pathophysiology, sup-
port phenotyping and provide mechanistic context for abnormal 
laboratory results. In addition, once standardised acquisition 
and automated post-processing are in place, magnetic reso-
nance biomarkers could be generated with reduced operator de-
pendence, improved reproducibility and scalability across large 
cohorts.

However, despite the widespread availability of magnetic res-
onance scanners across healthcare settings, few studies have 
assessed whether recent advances in quantitative imaging and 
automated analysis can be translated into accurate identification 
of common derangements of glucose and lipid metabolism [18]. 
Previous approaches have often been labour-intensive—requir-
ing manual post-processing with an increased risk of measure-
ment error—time-consuming and therefore costly, and/or poorly 
standardised, limiting their generalisability. To our knowledge, 
the performance of fully automated, high-throughput, stan-
dardised quantitative magnetic resonance assessment of both 
the pancreas and liver for identifying abnormalities in blood 
glucose and lipid profiles has not been evaluated. If validated 
across sites and populations, such approaches could enable op-
portunistic metabolic risk assessment from routine imaging, fa-
cilitate earlier identification of at-risk individuals and support 
personalised prevention and monitoring strategies.

The present study aimed to investigate whether common met-
abolic derangements—including diabetes/prediabetes, insu-
lin resistance, insulin deficiency, triglyceride dyslipidaemia, 

high-density lipoprotein (HDL) dyslipidaemia and low-density 
lipoprotein (LDL) dyslipidaemia—can be automatically identi-
fied from standardised quantitative magnetic resonance signa-
tures of the pancreas and liver.

2   |   Methods

2.1   |   Study Design and Participants

This cross-sectional study was conducted as part of the COSMOS 
programme and approved by the New Zealand Health and 
Disability Ethics Committee (13/STH/182). Adults aged 18 years 
or older with a history of acute or chronic pancreatitis were eli-
gible to participate, representing a relatively homogeneous pop-
ulation at high risk for new-onset disturbances in glucose and 
lipid metabolism. Participants were included no earlier than 
3 months after clinical resolution of their pancreatitis episode. 
Exclusion criteria were: pancreatic lipomatosis or lipomatous 
pseudohypertrophy, pancreatic cysts, hereditary pancreatitis, 
autoimmune pancreatitis, cystic fibrosis, pancreatic trauma, 
congenital pancreatic anomalies, post-endoscopic retrograde 
cholangiopancreatography pancreatitis, intra-operative diagno-
sis of pancreatitis, any prior pancreatic interventions (surgical, 
endoscopic or radiologic), ascites, severe chronic obstructive 
pulmonary disease limiting breath-holding, systemic steroid 
therapy, malignancy, implanted metallic or electronic devices, 
cognitive impairment or pregnancy. All participants provided 
written informed consent prior to enrollment.

2.2   |   Magnetic Resonance Signatures

All participants underwent abdominal imaging at the Centre 
for Advanced Magnetic Resonance Imaging (CAMRI) at the 
University of Auckland, New Zealand, specifically for the 
COSMOS programme, using a 3.0 Tesla MAGNETOM Skyra 
scanner VE 11A (Siemens Healthineers, Erlangen, Germany). 
The high-speed T2-corrected multi-echo (HISTO) magnetic 
resonance spectroscopy sequence was employed using a single 
voxel during a single breath-hold. This sequence, part of the 
standard commercial product LiverLab (Siemens Healthineers), 
is designed for quantitative assessment of fat fraction and trans-
verse relaxation time of water protons (R2 water) in target 
tissues.

Data were acquired from voxels in the liver and in the pancreas, 
positioned by an experienced medical imaging technologist. 
Following automated shimming, stimulated echo acquisition 
mode proton spectroscopy was performed with a repetition 
time of 3000 ms to minimise T1 weighting. Five spectra were 
collected at spin-echo times of 12, 24, 36, 48 and 72 ms during a 
single breath-hold without water suppression. Sequence param-
eters were: true-form abdomen shim mode, flip angle 90°, water 
saturation bandwidth 50 Hz, acquisition bandwidth 1200 Hz, 
acquisition duration 853 ms, 2D spatial mapping, and a 430 mm 
field of view.

Magnetic resonance spectroscopy data were processed in-
line using the AI-enabled Siemens Syngo software (Siemens 
Healthineers) by integrating the water and lipid components 

 14631326, 0, D
ow

nloaded from
 https://dom

-pubs.pericles-prod.literatum
online.com

/doi/10.1111/dom
.70606 by Y

onsei U
niversity M

ed L
ibrary, W

iley O
nline L

ibrary on [29/03/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



3Diabetes, Obesity and Metabolism, 2026

of each spectrum with T2-relaxation correction. The post-
processing output included a T2-corrected spectrum and 
a table reporting quantitative measures (fat fraction %, R2 
water [s−1], and fit error) (Figure  1). Data were exported as 
DICOM files and viewed using MicroDicom DICOM Viewer 
(MicroDicom Ltd., Bulgaria). Reporting of this study adhered 
to the Minimum Reporting Standards for in  vivo Magnetic 
Resonance Spectroscopy [19].

2.3   |   Metabolic Assessments

Fasting venous blood samples (≥ 8 h overnight) were collected at 
the time of the CAMRI visit for analysis of glucose and lipid me-
tabolism biomarkers at the tertiary referral medical laboratory 
of Auckland City Hospital. Glucose was measured using an en-
zymatic colourimetric assay (F. Hoffmann-La Roche Ltd., Basel, 
Switzerland), insulin using a chemiluminescence sandwich 

FIGURE 1    |    Measurement of fat signal and R2 water using the T2-corrected multi-echo single-voxel (HISTO) sequence. Pancreas (upper panel) 
and liver (lower panel) fat signal and R2 water acquired in a 66-year-old woman. (A) Voxel location within the tissue. (B) Colour bars depicting fat 
signal and R2 water values within the single voxel for the entire tissue volume. (C) Fat and water spectra at T2 = 12 ms and the T2 decay curve of wa-
ter, used to estimate the equilibrium signal.
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immunoassay (Roche Diagnostic, Auckland, New Zealand), and 
glycated haemoglobin using a boronate affinity chromatogra-
phy assay (Trinity Biotech, Wickow, Ireland) on fresh, never-
frozen blood.

The lipid panel included high-density lipoprotein (HDL) cho-
lesterol, triglycerides, and total cholesterol, with low-density 
lipoprotein (LDL) cholesterol calculated using the Sampson 
formula [20]. The Sampson equation was used because it pro-
vides more accurate estimates of LDL cholesterol than older 
equations, particularly in individuals with elevated triglyceride 
levels [20]. Homeostasis model assessment of insulin resistance 
(HOMA-IR) and homeostasis model assessment of pancreatic 
beta cell function (HOMA-β) were calculated using the HOMA2 
calculator (version 2.2.3 Diabetes Trails Unit, University of 
Oxford, Oxford, UK). Anthropometric measurements (weight, 
height, waist circumference) and demographic data (age, sex) 
were obtained by trained personnel using standardised tech-
niques at the time of the CAMRI visit [21].

Metabolic outcomes were derived as binary variables from the 
above continuous measures. Individuals with glycated hae-
moglobin ≥ 39 mmol/L were classified as having prediabetes/
diabetes [22]. Insulin resistance was defined arbitrarily as 
HOMA-IR above the cohort median (1.4), and insulin deficiency 
as HOMA-β below the cohort median (86.4). These cut-off points 
were used as operational, study-specific groupings to facilitate 
comparisons (e.g., lower HOMA-β vs. higher HOMA-β) and 
should not be interpreted as established clinical categories or as 
implying clinical diagnoses. Triglyceride dyslipidaemia was de-
fined as triglycerides ≥ 1.7 mmol/L, HDL cholesterol dyslipidae-
mia as HDL ≤ 1.2 mmol/L, and LDL cholesterol dyslipidaemia as 
LDL ≥ 3.4 mmol/L [23].

2.4   |   Statistical Analysis

Analyses were performed using R statistical software (version 
4) with the packages mgcv, CatPredi and ggplot2, as well as SAS 
for Windows (version 9.4; SAS Institute, Cary, NC). Two-tailed 
p-values of less than 0.05 were considered statistically signifi-
cant. Continuous variables were presented as median (inter-
quartile range, IQR), and categorical variables as counts and 
percentages.

Data analyses were conducted in two steps. First, associations 
between four magnetic resonance signatures (log-transformed) 
and six measures of glucose and lipid metabolism were explored 
using generalised additive models with P-spline smoothers, both 
univariable and multivariable (adjusted for age, sex and body 
mass index). Generalised additive models were chosen for their 
ability to detect non-linear relationships that linear models may 
miss. Associations were visualised as partial dependence plots.

Second, the optimal cut-off values for dichotomising contin-
uous imaging biomarkers in multivariable logistic regression 
models were determined using the R package CatPredi [24]. 
This method identifies cut-off points that maximise the dis-
criminative ability of the model, measured by the area under the 
receiver operating characteristic curve (AUC), whereas account-
ing for non-linear relationships of predictive variables (the four 

magnetic resonance signatures) with the dependent variable 
(the six metabolic outcomes) in a logit model. Analyses were ad-
justed for age, sex and body mass index.

3   |   Results

3.1   |   Participant Characteristics

A total of 100 adults (35 women) with a median (IQR) age of 59 
(48–66) years were included. Other characteristics of the study 
participants are summarised in Table 1.

3.2   |   Identification of Blood Glucose 
Derangements

HOMA-β was significantly associated with intra-pancreatic fat 
in the adjusted model only (p = 0.025). HOMA-IR was signifi-
cantly associated with intra-pancreatic fat in the unadjusted 
model only (p = 0.037) and with pancreas R2 water in both the 
unadjusted (p = 0.033) and adjusted (p = 0.048) models (Table 2). 
Glycated haemoglobin showed no significant associations with 
any imaging biomarkers. These non-linear relationships are il-
lustrated in Figure 2.

TABLE 1    |    Characteristics of participants.

Characteristic n = 100

Age (year) 59 (48–66)

Sex

Men 65 (65%)

Women 35 (35%)

Body mass index (kg/m2) 27.2 (24.7–32.7)

Intra-hepatic fat (%) 6.7 (3.8–12.5)

Intra-pancreatic fat (%) 20.5 (10.6–29.1)

Liver R2 water (sec-1) 38.3 (35.4–41.8)

Pancreas R2 water (sec-1) 23.0 (21.5–24.6)

Fasting plasma glucose (mmol/L) 5.4 (5.1–6.5)

Fasting insulin (mU/L) 12.1 (7.3–18.5)

Glycated haemoglobin (mmol/mol) 39 (36–46)

HOMA-β 86.3 (67.1–120.3)

HOMA-IR 1.4 (0.9–2.2)

Triglyceride (mmol/L) 1.4 (1.0–2.1)

High-density lipoprotein cholesterol 
(mmol/L)

1.3 (1.0–1.6)

Low-density lipoprotein cholesterol 
(mmol/L)

2.8 (2.0–3.5)

Total cholesterol (mmol/L) 4.6 (3.9–5.5)

Note: Data are median (interquartile range) or count (percent).
Abbreviations: HOMA-β, Homeostasis model assessment of β-cell function; 
HOMA-IR, Homeostasis model assessment of insulin resistance.
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Insulin deficiency (lower HOMA-β) was significantly associ-
ated with intra-hepatic fat in both the unadjusted (p = 0.003) 
and adjusted models (p = 0.004), intra-pancreatic fat in both 
the unadjusted (p = 0.003) and adjusted models (p = 0.001), liver 
R2 water in both the unadjusted (p = 0.017) and adjusted mod-
els (p = 0.014), and pancreas R2 water in the adjusted model 
only (p = 0.031) (Table  3, Figure  3). Insulin resistance (higher 
HOMA-IR) was significantly associated with pancreas R2 
water in both the unadjusted (p = 0.012) and adjusted models 
(p = 0.016), as well as with intra-hepatic fat (p = 0.017) and intra-
pancreatic fat (p = 0.026) in the unadjusted model only (Table 3, 
Figure 3).

Prediabetes/diabetes was significantly associated with intra-
pancreatic fat in the unadjusted model (p = 0.037), but this as-
sociation was not observed after adjustment. No significant 
associations were observed between prediabetes/diabetes and 
other imaging biomarkers (Table 3, Figure 3).

In summary, HOMA-β was associated with intra-pancreatic 
fat only after adjustment, whereas HOMA-IR was associated 
with intra-pancreatic fat only unadjusted but remained associ-
ated with pancreas R2 water in both unadjusted and adjusted 
models; HbA1c showed no significant associations. Lower 
HOMA-β showed consistent associations with intra-hepatic/
intra-pancreatic fat and liver R2 water (and pancreas R2 water 
only adjusted), whereas higher HOMA-IR was consistently 
linked only to pancreas R2 water, and prediabetes/diabetes lost 
its intra-pancreatic fat association after adjustment.

3.3   |   Identification of Blood Lipid Derangements

LDL cholesterol was significantly associated with pancreas R2 
water in both the unadjusted (p = 0.031) and adjusted (p = 0.027) 
models. HDL cholesterol was significantly associated with intra-
hepatic fat in the unadjusted model only (p = 0.040), whereas 
triglycerides were significantly associated with intra-hepatic 
fat in both the unadjusted (p = 0.021) and adjusted (p = 0.046) 

models (Table 2). These non-linear relationships are depicted in 
Figure 2.

LDL dyslipidaemia was associated with intra-pancreatic fat in 
the unadjusted model only (p = 0.026) and with pancreas R2 
water in both the unadjusted (p = 0.046) and adjusted (p = 0.009) 
models (Table  3, Figure  4). HDL dyslipidaemia was signifi-
cantly associated with intra-hepatic fat in both the unadjusted 
(p = 0.015) and adjusted (p = 0.047) models, and with intra-
pancreatic fat in both the unadjusted (p = 0.009) and adjusted 
(p = 0.015) models. HDL dyslipidaemia was also significantly 
associated with pancreas R2 water in the unadjusted model only 
(p = 0.026) (Table  3, Figure  4). Triglyceride dyslipidaemia was 
significantly associated with intra-hepatic fat in both the unad-
justed (p = 0.002) and adjusted (p = 0.046) models. Additionally, 
it was associated with intra-pancreatic fat (p = 0.031), liver R2 
water (p = 0.051), and pancreas R2 water (p = 0.035) in the unad-
justed models only (Table 3, Figure 4).

In summary, LDL cholesterol was consistently associated with 
pancreas R2 water in both unadjusted and adjusted models, 
whereas HDL cholesterol was linked to intra-hepatic fat only 
in unadjusted analyses and triglycerides were associated with 
intra-hepatic fat in both models (with non-linear patterns). 
Across dyslipidaemia categories, LDL dyslipidaemia remained 
associated with pancreas R2 water after adjustment, whereas 
HDL and triglyceride dyslipidaemia showed the most consistent 
adjusted associations with intra-hepatic and/or intra-pancreatic 
fat, with several additional biomarker links present only before 
adjustment.

4   |   Discussion

To the best of our knowledge, this was the first study to iden-
tify six common metabolic derangements with the use of four 
automated and standardised magnetic resonance signatures. 
1H-magnetic resonance spectroscopy, a technique that yields 
information on chemical components by separating the water 

TABLE 2    |    Associations of glucose and lipid metabolism parameters with magnetic resonance signatures.

Parameter

Intra-hepatic fat Intra-pancreatic fat Liver R2 water Pancreas R2 water

Unadjusted Adjusted Unadjusted Adjusted Unadjusted Adjusted Unadjusted Adjusted

Glycated 
haemoglobin

0.092 0.419 0.430 0.578 0.585 0.924 0.112 0.052

HOMA-IR 0.193 0.641 0.037* 0.248 0.600 0.316 0.033* 0.048*

HOMA-β 0.521 0.442 0.052 0.025* 0.811 0.878 0.667 0.319

Triglyceride 0.021* 0.046* 0.671 0.837 0.182 0.199 0.241 0.495

LDL 
cholesterol

0.746 0.725 0.935 0.681 0.482 0.565 0.031* 0.027*

HDL 
cholesterol

0.040* 0.301 0.293 0.346 0.435 0.654 0.065 0.666

Note: Data are p values for generalised additive models for the relationship between the magnetic resonance signatures as independent variables and glucose and lipid 
metabolic parameters as dependent variables in univariate and multivariate (adjusted for age, sex and body mass index) models.
Abbreviations: HDL, high-density lipoprotein cholesterol; HOMA-β, Homeostasis model assessment of β-cell function; HOMA-IR, Homeostasis model assessment of 
insulin resistance; LDL, low-density lipoprotein cholesterol.
*Indicates p < 0.05.
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resonance from confounding proton resonance (T2-correction), 
was employed for its high accuracy in quantifying tissue fat frac-
tion and R2 of water [25, 26]. The standardised single breath-
hold HISTO sequence at 3.0 Tesla used in the present study has 
considerable advantages over other imaging techniques, such 

as computed tomography and ultrasounds. These advantages 
include high speed, reproducibility, automated postprocess-
ing–eliminating the potential for human error, and offline auto-
mation enabling the simultaneous provision of spectral images 
of voxel fat fraction and R2 of water with high speed [27]. The 

FIGURE 2    |    Associations of (A) glucose metabolism and (B) lipid metabolism parameters with magnetic resonance signatures. Each y-axis dis-
plays partial residual plots of continuous magnetic resonce signatures. The grey shaded areas represent 95% confidence intervals from generalised 
additive models with P-spline smoothing, adjusted for age, sex and body mass index. Abbreviations: HbA1c, glycated haemoglobin; HOMA-β, 
Homeostasis model assessment of β-cell function; HOMA-IR, Homeostasis model assessment of insulin resistance; HDL, high-density lipoprotein 
cholesterol; LDL, low-density lipoprotein cholesterol.
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TABLE 3    |    Associations of the studied metabolic derangements with magnetic resonance signatures.

Metabolic 
derangement Signature

Univariable logistic regression parameters Multivariable logistic regression parameters

Cut-
off 

value Estimate SE p AUC

Cut-
off 

value Estimate SE p AUC

Prediabetes/
diabetes

Intra-
hepatic fat

2.93 0.97 0.55 0.080 0.57 1.89 −2.09 1.14 0.068 0.66

Intra-
pancreatic 

fat

14.54 0.89 0.43 0.037* 0.60 45.52 −1.46 0.88 0.098 0.66

Liver R2 
water

40.09 −0.48 0.43 0.264 0.55 48.61 −15.77 818.51 0.985 0.65

Pancreas 
R2 water

22.34 0.63 0.42 0.131 0.58 25.30 −1.48 0.67 0.055 0.69

Insulin 
resistance 
(higher 
HOMA-IR)

Intra-
hepatic fat

6.36 1.03 0.43 0.017* 0.62 7.51 −1.58 1.45 0.991 0.77

Intra-
pancreatic 

fat

11.82 1.06 0.48 0.026* 0.61 11.82 0.95 0.53 0.073 0.73

Liver R2 
water

43.28 −0.80 0.59 0.179 0.55 43.28 −0.88 0.62 0.157 0.67

Pancreas 
R2 water

22.64 1.11 0.44 0.012* 0.63 22.64 1.16 0.48 0.016* 0.67

Insulin 
deficiency 
(lower 
HOMA-β)

Intra-
hepatic fat

6.74 1.29 0.44 0.003* 0.66 12.84 1.74 0.61 0.004* 0.72

Intra-
pancreatic 

fat

14.54 1.37 0.46 0.003* 0.65 14.54 2.04 0.60 0.001* 0.73

Liver R2 
water

37.96 1.03 0.43 0.017* 0.62 37.96 1.10 0.45 0.014* 0.70

Pancreas 
R2 water

21.75 0.72 0.46 0.119 0.58 25.30 1.58 0.73 0.031* 0.70

Triglyceride 
dyslipidaemia

Intra-
hepatic fat

7.13 1.36 0.44 0.002* 0.66 2.93 1.67 0.83 0.046* 0.75

Intra-
pancreatic 

fat

11.82 1.11 0.52 0.031* 0.60 8.56 1.16 0.70 0.098 0.74

Liver R2 
water

38.81 0.83 0.42 0.051 0.60 30.92 −16.10 592.22 0.978 0.72

Pancreas 
R2 water

23.82 0.92 0.44 0.035* 0.61 20.26 1.11 0.82 0.175 0.72

HDL 
dyslipidaemia

Intra-
hepatic fat

12.08 −1.15 0.47 0.015* 0.61 3.70 −1.32 0.66 0.047* 0.78

Intra-
pancreatic 

fat

11.82 −1.42 0.55 0.009* 0.63 9.10 −1.99 0.82 0.015* 0.80

Liver R2 
water

35.61 −0.62 0.48 0.198 0.56 41.58 0.84 0.56 0.134 0.77

Pancreas 
R2 water

23.23 −0.96 0.43 0.026* 0.62 26.19 −1.21 0.87 0.162 0.77

(Continues)
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observation that triglyceride dyslipidaemia was identifiable by 
intra-hepatic fat on imaging confirms the validity of our mea-
surements, as this associaiton is physiologically expected [6, 28]. 
Although the link between ectopic fat (e.g., hepatic steatosis) and 
metabolic disorders is well established, our study extends this 
literature by using standardised, automated magnetic resoance 
signatures and by incorporating R2 water (a quantitative relax-
ometry measure) alongside fat fraction, enabling assessment of 
both lipid- and iron-related tissue characteristics. Importantly, 
prediabetes/diabetes was significantly associated with intra-
pancreatic fat in the unadjusted model but this association was 
not observed after adjustment for age, sex and body mass index. 
This may reflect confounding by adiposity and related factors, 
as well as heterogeneity within the prediabetes/diabetes group 
(e.g., variation in disease duration, treatment and extent of gly-
caemic control). In addition, glycated haemoglobin is a compos-
ite marker of average glycaemia and may be less closely aligned 
with tissue-level compositional changes captured by magnetic 
resoance (i.e., fat fraction and R2 water), particularly in early 
or well-controlled disease. Taken together, these findings sug-
gest that the magnetic resonance signatures investigated in the 
present study may be more sensitive to underlying insulin traits 
and dyslipidaemias than to a glycaemia-defined diagnosis in 
this cohort.

One of the key findings of the present study was that lower 
HOMA-β (as a binary variable) was statistically significantly 
associated with all four imaging signatures (intra-hepatic fat, 
intra-pancreatic fat liver R2 water, pancreas R2 water). Further, 
HOMA-β (as a continuous variable) had statistically significant 
associations with intra-pancreatic fat in the analyses adjusted 
for age, sex and body mass index. This finding highlights the 
importance of intra-pancreatic fat in diagnosing or predict-
ing metabolic derangements, as postulated in the PANDORA 
hypothesis  [4]. The hypothesis posits that increased intra-
pancreatic fat is an early morphological change in the organ 
and a contributing factor to new-onset diabetes (among other 
diseases of the pancreas) [29]. These findings reinforce the no-
tion that intra-pancreatic fat holds potential as a noninvasive 

biomarker of insulin deficiency, which could be the key to en-
abling the monitoring of the progression of diabetes and the 
progressive decline of pancreatic β cell mass [30]. Various 
morphological changes of pancreatic β cells lead to insulin de-
ficiency (including β cell hypertrophy, hyperplasia and early β 
cell dedifferentiation), occurring during β cell compensation 
to increase β cell mass in response to hyperglycaemia [31, 32]. 
Therefore, even within a normal range of fasting plasma glu-
cose, β cell function may begin to decline before a diagnosis 
of diabetes mellitus [30]. It is conceivable that intra-pancreatic 
fat as a magnetic resonance signature could be used in clinical 
practice in addition to the routinely used blood biomarkers to 
identify early morphological changes of β cells. Previous studies 
observed that increased intra-pancreatic fat deposition was as-
sociated with indices of pancreatic β cell dysfunction in health, 
obesity, glucose intolerance state, and non-alcoholic fatty liver 
disease [33–35]. Though insulin-producing β cells cannot be 
differentiated from non-insulin-producing pancreatic cells by 
means of imaging in vivo, animal studies have established that 
increase in intra-pancreatic fat deposition parallels the develop-
ment of pancreatic β cell dysfunction [36]. In addition, evidence 
from randomised controlled trials showed that β cell function 
was restored by decreasing intra-pancreatic fat through energy 
restriction or exercise interventions [37, 38]. In contrast, some 
studies found no association between intra-pancreatic fat depo-
sition and insulin deficiency [39–41]. The contradictory findings 
may be due to methodological differences in measuring intra-
pancreatic fat and insulin deficiency and differences in ethnic-
ity and age. Also, previous studies used linear analyses, possibly 
missing the non-linear relationship we found between intra-
pancreatic fat and HOMA-β.

Another key finding was that LDL dyslipidaemia (as a binary 
variable) was significantly associated with pancreas R2 water. 
Further, the association between LDL cholesterol (as a continu-
ous variable) and pancreas R2 water was statistically significant. 
The above findings, coupled with the significant association be-
tween insulin resistance and pancreas R2 water, underscore the 
important role of pancreas R2 water as a possible indicator for 

Metabolic 
derangement Signature

Univariable logistic regression parameters Multivariable logistic regression parameters

Cut-
off 

value Estimate SE p AUC

Cut-
off 

value Estimate SE p AUC

LDL 
dyslipidaemia

Intra-
hepatic fat

8.27 −0.31 0.46 0.496 0.54 5.98 −0.58 0.53 0.272 0.71

Intra-
pancreatic 

fat

4.75 −1.94 0.87 0.026* 0.57 4.75 −1.74 0.93 0.062 0.72

Liver R2 
water

42.22 −1.23 0.67 0.065 0.59 43.07 −1.17 0.81 0.146 0.71

Pancreas 
R2 water

24.71 1.02 0.5 0.046* 0.59 25.90 2.08 0.80 0.009* 0.74

Note: Multivariable model was adjusted for age, sex and body mass index.
Abbreviations: AUC, Area under the curve; HDL, high-density lipoprotein cholesterol; HOMA-β, Homeostasis model assessment of β-cell function; HOMA-IR, 
Homeostasis model assessment of insulin resistance; LDL, low-density lipoprotein cholesterol; SE, standard error.
*Indicates p < 0.05.

TABLE 3    |    (Continued)
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glucose and lipid metabolism. Regulations of glucose and lipid 
metabolism are vital for maintaining health whereas dysreg-
ulation can lead to various disorders, including diabetes, fatty 
liver and atherosclerosis [3]. Elevated LDL cholesterol is a well-
known risk factor for developing atherosclerotic cardiovascu-
lar disease [42]. LDL cholesterol is also the primary target for 
statins, which competitively inhibit 3-hydroxy-3-methylglutaryl 

coenzyme A (HMG-CoA) reductase—the enzyme that catal-
yses the rate-limiting step in cholesterol biosynthesis [43, 44]. 
The findings that LDL cholesterol was significantly associated 
with pancreas R2 water opens up an opportunity for assessing 
metabolic outcomes resulting from the interaction of iron and 
cholesterol metabolisms. Experimental model and clinical re-
search studies have revealed links between the two metabolic 

FIGURE 3    |    Associations of glucose metabolism derangements with magnetic resonance signatures. Associations were modelled using logistic 
generalised additive models adjusted for age, sex and body mass index. The dotted line indicates the optimal cut-off value identified using CatPredi. 
Tick marks on the x-axis represent observed data points. The y-axis shows the partial effect of each variable, and shaded areas denote 95% confidence 
intervals.
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pathways [45]. In addition, our 2023 study showed that pancreas 
R2 water was significantly associated with the iron-regulating 
hormone hepcidin [46]. Hepcidin is upregulated in response to 
increased body iron stores to prevent iron overload by inhibiting 
iron absorption from gut enterocytes, reducing iron recycling by 
macrophages, and promoting iron sequestration in hepatocytes 
[47]. Reduced levels of hepcidin lead to an over-expression of fer-
roportin (the transmembrane iron exporter in cells), resulting in 

iron deposition in the pancreas and other organs [48]. Changes 
in iron metabolism are associated with changes in cholesterol 
synthesis pathways [43]. Iron is an integral part of enzymes, 
transporters and transcription factors that control cholesterol 
biosynthesis involved in lipid metabolism and may exert a di-
rect effect on the intra-pancreatic fat load [49]. There is evidence 
that elevated iron levels were correlated with increased mRNA 
expression of several genes involved in cholesterol biosynthesis 

FIGURE 4    |    Associations of lipid metabolism derangements with magnetic resonance signatures. Associations were modelled using logistic gen-
eralised additive models adjusted for age, sex and body mass index. The dotted line indicates the optimal cut-off value identified using CatPredi. Tick 
marks on the x-axis represent observed data points. The y-axis shows the partial effect of each variable, and shaded areas denote 95% confidence 
intervals.
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[49]. Furthermore, statins induce haem oxygenase-1 (the rate-
limiting enzyme in haem catabolism) and suppress hepcidin 
expression by inhibiting HMG-CoA reductase [50]. Haem oxy-
genase-1 is key to the clearance of haemoglobin-derived iron by 
macrophages, reducing non-transferrin-bound iron and oxida-
tive damage that adds to cardiovascular disease [50]. Given that 
the pancreas is relevant to both iron and cholesterol metabolism, 
further research is warranted to establish the mechanisms of 
these links and how pancreas R2 water may be used as a mag-
netic resonance signature of these interactions.

In addition to LDL dyslipidaemia, we also observed that HDL 
dyslipidaemia was significantly associated with intra-pancreatic 
fat in both unadjusted model and after taking into account body 
mass index, age and sex. This finding is biologically plausible as 
HDL particles are thought to preserve β-cell function and pro-
mote insulin sensitivity, and lower HDL cholesterol may there-
fore accompany (or contribute to) intra-pancreatic fat deposition 
and impaired glucose homeostasis [51–54]. However, given the 
cross-sectional design of the present study, the directionality of 
the association cannot be established and future studies should 
investigate whether HDL cholesterol (and HDL functionality) 
is independently linked to intra-pancreatic fat and subsequent 
changes in insulin traits [55].

Future research should prioritise external validation of the 
automated, standardised magnetic resonance signatures in-
vestigated in the present study across different vendors and pop-
ulations. Prospective and longitudinal studies are also needed to 
determine whether pancreas and liver fat fraction and R2 water 
measurements can predict incident dyslipidaemia, progression 
to clinically meaningful endpoints (e.g., MASLD and cardio-
vascular events), and responses to lifestyle or pharmacological 
interventions, ideally compared directly with models based on 
routinely collected clinical variables and blood biomarkers. In 
parallel, future work should evaluate the incremental value 
and interpretability of combining magnetic resonance-derived 
organ-specific signatures with laboratory measures and med-
ication data, including calibration, clinically relevant decision 
thresholds, and subgroup performance, to mitigate the risk of 
bias in real-world application. Finally, translational studies 
should assess workflow feasibility and health-economic impli-
cations, including whether opportunistic metabolic phenotyp-
ing from routine abdominal magnetic resonance imaging can be 
implemented cost-effectively, with appropriate reporting stan-
dards, governance and quality control.

The present study has several limitations. First, the study popu-
lation consisted of individuals with a history of pancreatitis [29], 
potentially limiting generalisability to broader populations who 
do not have a history of pancreatitis. However, this enabled in-
vestigation of a relatively homogeneous, high-risk cohort long 
after hospital discharge. As a proof-of-principle investigation 
conducted in an at-risk cohort, the present study did not include 
a healthy control group. Accordingly, future studies should in-
corporate healthy controls and independent external validation 
in dedicated type 2 diabetes cohorts to confirm robustness and 
clinical usefulness of our findings. Second, although insulin 
traits were not verified using in  vivo gold-standard methods 
such as a hyperglycaemic clamp or intravenous glucose tol-
erance test, HOMA-β served as a useful noninvasive tool for 

estimating β-cell function in the present study. Future research 
may need to explore the use of these gold-standard techniques to 
validate our findings. Third, the labelling of our participants as 
insulin-deficient and non-insulin-deficient may be suboptimal. 
For operational purposes, participants were dichotomised using 
cohort-specific median cut-offs. We acknowledge that, in a 
pancreatitis-only cohort without a control group, these median-
based thresholds should not be interpreted as clinical definitions 
of insulin deficiency and are not directly comparable with pro-
posed cut-offs in general populations. Fourth, insulin dosing 
and other glucose-lowering therapies, which provide import-
ant information on insulin deficiency and resistance, were not 
collected systematically in this proof-of-principle study. Future 
investigations should incorporate medication type, dose and 
duration to improve metabolic phenotyping and clinical inter-
pretability [56]. Fifth, although LDL cholesterol was calculated 
rather than directly measured, this approach reflects standard 
laboratory practice [52, 54]. Nevertheless, calculated values may 
introduce some estimation error, which could affect the preci-
sion of associations with metabolic outcomes [57–59]. Future 
studies could include directly measured LDL cholesterol to fur-
ther validate our findings. Sixth, histological data from the pan-
creas and liver quantifying intra-pancreatic and intra-hepatic 
fat were unavailable. In addition, the magnetic resonance signa-
tures used in this study (fat fraction and R2 water) do not enable 
characterisation of hepatic inflammation (e.g., steatohepatitis). 
However, carrying out biopsies would be unethical and unnec-
essary in our study population. Moreover, biopsies also have 
several limitations, including sampling errors, inter-observer 
variability, and risk of complications due to their invasive na-
ture. Seventh, using a single voxel to determine the imaging bio-
markers in the whole pancreas might have introduced sampling 
error. However, an earlier study found that intra-pancreatic fat 
deposition did not differ in the head, body and tail of the organ 
[10]. Eighth, the relaxometry signal R2* of the pancreas could 
be viewed as a more representative biomarker of iron than the 
pancreas R2 water used in the present study. However, there 
is currently no standardised automated imaging protocol for 
pancreatic iron measurements, and T2 and T2* values of the 
pancreas have not been validated against biopsy for the quanti-
fication of iron in the pancreas [60]. Last, implementation of this 
magnetic resonance-based protocol at scale may be challenging 
in some healthcare settings because of cost or limited access to 
magnetic resonance examinations. However, though computed 
tomography is more widely available, it does not provide the 
same standardised quantitative signatures and involves ionising 
radiation.

In conclusion, while associations between ectopic fat and met-
abolic disorders have been reported previously, the novelty of 
the present work lies in moving beyond the general concept of 
‘fat–metabolic risk’ by leveraging standardised, automated mag-
netic resonance quantitative signatures of both the pancreas and 
liver (fat fraction and R2 water). This approach enables the iden-
tification of multiple metabolic derangements using modelling 
strategies that accommodate non-linear relationships. Together, 
these findings support the use of standardised magnetic reso-
nance signatures of the pancreas and liver as complementary 
markers of metabolic dysfunction, offering a scalable and re-
producible framework for metabolic risk phenotyping in at-risk 
populations.
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