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Abstract

Background:

["8F]NaF positron emission tomography (PET) can quantify coronary calcification activity before
coronary calcium score (CCS) progression, which is a surrogate measure of cardiovascular disease risk.
It remains uncertain whether advanced PET quantification, including radiomics, improves prediction of
CCS progression.

Participants with type 2 diabetes underwent baseline ['8F]NaF PET/CT, baseline CCS and a follow-up
CCS after 2 years. CCS progression was evaluated on a per-patient and a per-artery level. ['8F]NaF
activity was evaluated using the TBR,,,,,, and radiomics features. Logistic regression models were used
to determine the features most associated with CCS progression.

Results:

In total, 91 participants (median age [interquartile range]: 66 [60 — 70], 71.4% male) were examined. In
total, 68 patients (74.7%) demonstrated CCS progression. Clinical variables and baseline CCS
discriminated CCS progressors and non-progressors modestly (AUC 0.72, 95% Cl 0.55-0.86). The
TBRax demonstrated good discrimination (AUC 0.83, 95% Cl 0.73-0.92), while multi-feature radiomics
models achieved the highest discrimination performance (AUC 0.90, 95% Cl 0.80-0.97). A total of 211
coronary arteries (58.0%) demonstrated CCS progression. The combined CCS and TBR,,,,, model

discriminated CCS progressors and non-progressors modestly (AUC of 0.67, 95% Cl 0.60—-0.73), while
the multi-feature radiomics demonstrated good discrimination (AUC 0.77,95% CI: 0.70-0.84).

Conclusions:

["8F]NaF PET radiomics improves prediction of CCS progression compared with baseline CCS, clinical
features, and the TBR,,,,.

Key Points

* Question: Can coronary [18F|NaF PET radiomics identify patients with type 2 diabetes likely to
develop coronary calcium score progression before macroscopic calcification advances?

 Findings: Model discrimination improved from clinical variables plus baseline CCS (AUC 0.72) to
["®FINaF TBR,,,, (0.83), with multi-feature ['8F]NaF PET radiomics performing best (0.90).

» Relevance: Radiomics analyses can be reliably performed on coronary PET studies and may be a
reliable quantitative metric in future studies using coronary PET as a prognostic tool, or as an
endpoint for trials of novel anti-atherosclerotic therapies.
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Background

The computed tomography (CT) coronary calcium score (CCS) remains a highly effective non-invasive
technique for cardiovascular disease (CVD) risk stratification in asymptomatic individuals [1]. As a
reliable indicator of coronary atherosclerotic burden, serial assessment of CCS enables the estimation of
disease progression and provides incremental risk stratification information beyond baseline CT CCS
alone [2]. However, the change in CT CCS can only be evaluated after irreversible calcifications have
developed [2]. Improved imaging techniques are needed to identify early calcification activity before
macroscopic disease is established.

["8F]NaF positron emission tomography (PET) is a unique molecular imaging modality that can detect
active coronary microcalcification activity (CMA) within the vasculature before they manifest as
macrocalcific deposits detectable by CT [3]. Atherosclerotic plaques with increased CMA demonstrate
other microscopic features of active atherosclerotic disease [4, 5]. In cohorts of people with diabetes,
['8F]NaF has demonstrated independent predictive capabilities for rate of vascular calcification
progression [6, 7], and the burden of CMA has been shown to be an independent predictor of cardiac
death or non-fatal myocardial infarction [8].

PET imaging of the coronary arteries is an evolving technique to examine molecular components of
atherosclerosis. With advances in the sensitivity of PET camera technologies [9], motion correction
software [10] and emerging radiotracers for coronary artery disease imaging [11, 12], there is an ongoing
need to optimise approaches to coronary PET analysis and molecular disease-specific quantification
techniques.

Current approaches to coronary PET quantification use simple uptake metrics, such as single measure
standardised uptake value (SUV), tissue-to-background ratio, or whole coronary vessel activity measures
[13]. PET radiomics approaches quantify voxel-level intensity distributions and texture patterns [14].
These allow for a more detailed characterisation of PET images, integrating spatial and intensity
information, some of which may be imperceptible to visual assessment [15]. These approaches have
demonstrated reproducibility [16] though, in the context of CCS progression or coronary-specific PET
analyses, their clinical relevance remains unknown.

Therefore, in a cohort of individuals without a history of coronary heart disease but with established
coronary artery calcification, we aimed to evaluate the predictive value of ['F]NaF PET radiomics,
including traditional measures such as the TBR,,,,,, for CCS progression, and to compare performance
with baseline CCS and clinical measurements.

Material and Methods
Study design
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This study is a post-hoc analysis of the VikCoVac trial [17] that was a double-blind 2x2 factorial placebo-
controlled trial of the effect of vitamin K1 and colchicine on arterial calcification activity, as measured
with ['8F]NaF PET. The trial is registered under ACTRN12616000024448 in the Australian New Zealand
Clinical Trials Registry and approved by the Royal Perth Hospital Human Research Ethics Committee
(REG14-095). The study cohort and detailed inclusion and exclusion criteria have been previously
described [17]. In brief, individuals aged 50 to 80 with type-1 or type-2 diabetes, and without a history of
clinical coronary heart disease, were enrolled between August 2015 and May 2018. All individuals
underwent CT CCS screening and those with a CCS above 10, along with ten individuals with a CCS of
zero, were invited to participate in the trial [6, 17]. Written informed consent was obtained from all
participants.

Baseline assessment, imaging and follow-up

At baseline, all individuals were reviewed clinically, and had their medical history, medication history and
CVD risk scores assessed. Bloods samples were taken for lipid analyses and HbA1%. Participants
underwent electrocardiogram (ECG)-gated CT CCS imaging using either a Philips iCT system (128
detector rows, 256 slices, 120 kV, 40 mAs) or a Siemens Definition AS+ scanner (64 detector rows, 128
slices, 120 kV, 60 mAs). Shortly after enrolment, subjects underwent ['8F]NaF PET/CT imaging on a
Siemens mCT64 PET/CT scanner following intravenous administration of 250 MBq ['F]NaF and a 60-
minute rest period. Participants were treated with oral beta blocker or ivabradine therapy to target a
heart rate < 60 bpm. Two years after the trial's conclusion, participants were recruited for repeat medical
review and CT CCS.

CCS calculation and image processing

The CCS was calculated using the Agatston method, for each coronary artery at both timepoints, using
Osirix MD (version 9.5.1, Pixmeo, Switzerland) [18]. ['"8F]NaF PET coronary images were manually
segmented using a customised workflow in MIM (version 6.8.3, MIM Software, Inc.) from diastolic phase
ECG-gated PET studies co-registered with CT CCS images. The segmentations were performed by
placing two-dimensional regions of interest (ROIs) on sequential axial slices, around the major coronary
arteries including left circumflex (LCx), left main (LM), left anterior descending (LAD), and right coronary
artery (RCA). The segmented structures were converted into binary masks in NIfTI format using
Plastimatch (Version 0.4.3).

PET normalisation

PET images were converted to SUV normalised to the patient’s body weight. Voxel intensities of the PET
image were further normalised by dividing each voxel value by the SUV/,,.4, Of the blood pool (from the

right atrium) prior to feature extraction (see Supplementary Methods) [13]. Radiomic features derived
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from voxel-normalised ['8F]NaF PET images for both patient- and artery-level analyses are reported.
Analyses of non-normalised features are reported in the Supplementary Methods and Results.

Feature extraction

Feature extraction was performed at both patient and arterial levels from both non-normalised and voxel-
normalised PET images using the PyRadiomics library (Version 3.0.1), which implements feature
calculation in alignment with the Image Biomarker Standardisation Initiative (IBSI) guidelines [14]. A total
of 93 radiomic features were extracted from each coronary artery without post processing filters,
excluding shape features. These included first-order statistics (n = 18), and various texture features, such
as grey level co-occurrence matrix (GLCM, n = 24), grey level dependence matrix (GLDM, n = 14), grey
level run length matrix (GLRLM, n = 16), grey level size zone matrix (GLSZM, n = 16), and neighbourhood
grey tone difference matrix (NGTDM, n = 5). Detailed IBSI reporting guidelines are presented in
Supplementary Tables S1-S3. Individual radiomic features are described in Supplementary Table S4.

CCS progression interpretation

CCS progressor was defined as a change in square root-transformed CCS greater than 2.5 for per-patient
analysis and greater than 1.25 for per-coronary analysis, based on established thresholds that account
for measurement variability [19, 20]. Further details on analyses utilising alternative thresholds are
provided in Supplementary Figure S1.

Conventional PET analysis

The conventional per-coronary approach utilised artery-specific TBR,,,, thresholds [6] to classify arteries
with values above the threshold as PET-positive. These were compared between progressing and non-
progressing arteries, and precision, recall, and F1 scores were calculated to assess the validity of the
dichotomous thresholds. The conventional per-patient approach summarised the number of PET-positive
coronary arteries (0-4) [6], reported as proportions across the cohort. The distribution of progressing
and non-progressing patients across each category of PET-positive arteries was examined.

Furthermore, the TBR,,,,, was assessed as a continuous variable from each coronary artery, and the

entire coronary tree. Given the routine use of this measure in vascular PET analyses, this was used as a
conventional standard for comparison with radiomic analyses. Building upon this conventional
framework, single-feature logistic regression models evaluated whether individual radiomic features
outperformed TBR,,,,, While multi-feature models assessed whether combining radiomic features

improved predictive performance beyond both TBR,,,,, and the baseline CCS. These analyses aimed to
determine whether radiomics offers enhanced predictive performance for CCS progression.

Prediction modelling

Page 6/22



To assess predictors of CCS progression, CCS, TBR,,,,, radiomics features, and clinical parameters were
evaluated using both single-feature and multi-feature logistic regression models. Multi-feature models
used logistic regression with least absolute shrinkage and selection operator [21] regularisation [22].
Model development included hyperparameter optimisation via randomised search within a five-fold
cross-validation framework. Feature scaling was applied within each fold to prevent data leakage. Multi-
feature models were tested across various input configurations, including individual and combined data
sources from voxel-normalised and non-normalised PET radiomics, clinical parameters (Table 1), and
CCS. The time interval between CT CCS scans was accounted for as a model input, with inclusion
determined by LASSO regularisation. Model performance was evaluated using ROC-AUC (Area Under the
Receiver Operating Characteristic Curve), precision, recall, and F1 score, with 95% confidence intervals
(CI) estimated from 1,000 patient-level bootstrap samples [23]. As ROC-AUC, a threshold-independent
metric, may underestimate performance in the presence of class imbalance, PR (Precision-Recall)-AUC
was also reported alongside. Comparative analysis of single-feature and multi-feature models was
performed based on cross-validation metrics and their 95% Cls. Feature importance methods and
results are provided in the Supplementary Figure S2. Sensitivity analyses stratified models by statin use
(Supplementary Materials).
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Table 1
Patient Characteristics

Patient Population (n =91)

Female sex, n (%) 26 (28.6)
Antihypertensives, n (%) 66 (72.5)
Statins, n (%) 67 (73.6)
Antiplatelets, n (%) 32 (35.2)
Insulin, n (%) 26 (28.6)
Vascular disease History, n (%) 9 (9.9)

Smoking History, n (%) 39 (42.9)

Age (years), median [25th to75th percentile] 66 [60-70]

BMI Baseline, median [25th to75th percentile] 29.8 [26.6—32.8]
EGFR mL/(min-1.73 m2), median [25th to75th percentile] 86.0[76.0-90.0]
Cholesterol (mmol/L), median [25th to75th percentile] 4.1 [3.6-4.8]
Triglyceride (mmol/L), median [25th to75th percentile] 1.6 [1.3-2.3]
HDL cholesterol (mmol/L), median [25th to75th percentile] 1.1[1.0-1.3]
LDL cholesterol (mmol/L), median [25th to75th percentile] 2.0[1.6-2.7]
CRP (mg/L), median [25th to75th percentile] 1.8[1.0-3.8]
Diabetes duration (years), median [25th to75th percentile] 11 [5.0-20.0]
HbA1c (%), median [25th to75th percentile] 7.1[6.6-7.9]
CCS Baseline (patient level), median [25th to75th percentile] 218 [91-609]
CCS Follow-up (patient level), median [25th to75th percentile] 398 [178-1,018]
Time interval between CCS scans (years), median [25th to75th percentile] 3.1[2.8-3.4]

BMI = body mass index, eGFR = estimated glomerular filtration rate, HDL = high-density lipoprotein,
LDL = low-density lipoprotein, CRP = C-reactive protein, HbA1c = glycated haemoglobin, CCS =
coronary calcium score

Results

Patient Characteristics

From 154 participants in the original VIKCOVAC study, 91 were included in this analysis (Fig. 1). The
characteristics of the 91 patients included in this study are summarised in Table 1. The majority of the
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cohort was male, comprising 71.4% (65/91) of the participants. The median age of the cohort was 66
years (25th to 75th percentile: 60-70). The cohort had a median total baseline CCS of 218 (25th to 75th
percentile: 91-609) and a median total follow-up CCS of 399 (25th to 75th percentile: 179-1,018). The
median duration of time between CT CCS was 3.1 (25th to 75th percentile: 2.8-3.4) years.

Per-coronary analysis

A total of 211 coronary arteries (58.0%) demonstrated CCS progression over the follow-up period, as
presented in Fig. 2. In predicting CCS progression, baseline CCS yielded an ROC-AUC of 0.70 (95% ClI:
0.63-0.77), and the TBR,,,4« Yielded an ROC-AUC of 0.64 (95% Cl: 0.58—-0.70). Using the dichotomised

TBRax thresholds [6], classification performance yielded a similar ROC-AUC of 0.63 (95% Cl: 0.58-

0.67). Additional metrics such as sensitivity, specificity, precision, and recall are detailed in Table 2.
Alternative threshold for CCS progression as described in Supplementary Figure.S1.
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Table 2

Performance of Single- and Muti-feature Models Summary of median AUC, F1 score, precision, recall,
and corresponding 95% confidence intervals for conventional clinical variables, baseline CCS, TBR,4x,

dichotomous TBR,,,, threshold [6] and the top-performing voxel-normalised radiomic features, alone and
in combination.

Model
Single-feature - Per artery

Baseline CCS

TBRax

First Order Total Energy

First Order Energy

Gray Level Run Length Matrix (GLRLM)
Long Run High Gray Level Emphasis

GLRLM Run Entropy
First Order Range

Single-feature - Per patient

Baseline CCS

HbA1c%

Baseline BMI

eGFR mL/ (min-1.73 m2)
TBR1ax

First Order 90th Percentile
First Order Root Mean Squared

First Order Mean

ROC-AUC

0.70 (0.63-
0.77)

0.64 (0.58-
0.70)

0.72 (0.66-
0.76)

0.71 (0.65-
0.76)

0.69 (0.64-
0.74)

0.69 (0.64-
0.74)

0.69 (0.64-
0.74)

0.58 (0.32-
0.78)

0.65 (0.39-
0.78)

0.56 (0.35-
0.71)

0.55 (0.33-
0.70)

0.83 (0.73-
0.92)

0.80 (0.69-
0.89)

0.80 (0.69-
0.89)

0.80 (0.68-
0.88)
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F1

0.74 (0.58-
0.79)

0.72 (0.62-
0.79)

0.73 (0.64-
0.80)

0.73 (0.62-
0.80)

0.74 (0.62-
0.80)

0.75 (0.67-
0.80)

0.74 (0.64-
0.80)

0.86 (0.85-
0.86)

0.86 (0.83-
0.87)

0.86 (0.83-
0.86)

0.86 (0.83-
0.87)

0.86 (0.83-
0.91)

0.86 (0.82-
0.90)

0.86 (0.83-
0.90)

0.86 (0.83-
0.90)

Precision

0.61 (0.55-
0.79)

0.62 (0.57-
0.67)

0.71 (0.65-
0.77)

0.69 (0.62-
0.75)

0.69 (0.63-
0.74)

0.67 (0.61-
0.73)

0.67 (0.61-
0.72)

0.75 (0.74-
0.76)

0.75 (0.74-
0.79)

0.75 (0.74-
0.76)

0.75 (0.74-
0.80)

0.82 (0.76-
0.89)

0.81 (0.75-
0.87)

0.80 (0.75-
0.86)

0.80 (0.75-
0.85)

Recall

1.00 (0.47-
1.00)

0.88 (0.65-
1.00)

0.74 (0.59-
0.93)

0.76 (0.56-
0.98)

0.80 (0.58-
0.96)

0.85 (0.74-
0.90)

0.83 (0.67-
0.93)

1.00 (0.97-
1.00)

1.00 (0.93-
1.00)

1.00 (0.96~
1.00)

0.99 (0.93-
1.00)

0.91 (0.87-
0.97)

0.93 (0.88-
0.97)

0.93 (0.88-
0.97)

0.93 (0.88-
0.99)




Model ROC-AUC F1 Precision Recall

Single-feature - Per artery

First Order 10th Percentile 0.75(0.62- 0.85(0.82- 0.78 (0.74- 0.93 (0.90-
0.86) 0.90) 0.86) 0.97)

First Order Median 0.75(0.61- 0.85(0.82- 0.78(0.74- 0.94 (0.88-
0.85) 0.89) 0.84) 1.00)

Multi-feature - Per artery

CCS+TBR. .. 0.67 (0.60- 0.72(0.62- 0.65(0.59-  0.80 (0.61-
0.73) 0.79) 0.72) 0.99)

PET Radiomics 0.75(0.68- 0.76 (0.68— 0.74 (0.65-  0.79 (0.69-
0.82) 0.83) 0.81) 0.89)

Baseline CCS + PET Radiomics 0.77(0.70- 0.77(0.71- 0.75(0.67-  0.80 (0.71-
0.83) 0.84) 0.82) 0.89)

Multi-feature - Per patient

Clinical Features 0.72 (0.54- 0.85(0.79- 0.81(0.74- 0.90 (0.79-
0.86) 0.91) 0.90) 1.00)

Baseline CCS + Clinical Features 0.72 (0.55- 0.86(0.79- 0.81(0.74- 0.90 (0.79-
0.86) 0.92) 0.91) 1.00)

CCS + TBRy,ax 0.83(0.72- 0.87(0.83- 0.82(0.76- 0.93 (0.88-
0.92) 0.92) 0.89) 0.97)

CCS + TBR,,,4 *+ Clinical Features 0.88 (0.77- 0.90(0.85- 0.88(0.75- 0.94 (0.85
0.97) 0.96) 0.96) -1.00)

PET Radiomics 0.90 (0.80- 0.91(0.85- 0.90(0.76- 0.93 (0.87-
0.97) 0.96) 0.97) 1.00)

PET Radiomics + Baseline CCS + 0.91(0.82- 0.92(0.86—- 0.91 (0.76- 0.94 (0.87-

Clinical Features 0.98) 0.96) 0.97) 1.00)

Dichotomous Threshold - Per artery

TBR,5x dichotomous Threshold 0.63 0.54 0.78 0.41

CCS = coronary calcium score, TBR, 5, = maximum target-to-background ratio, GLRLM = gray level

run length matrix, HbA1c = glycated hemoglobin, BMI = body mass index, eGFR = estimated
glomerular filtration rate.

Note: Several first-order statistics (e.g., mean, median, percentiles, RMS, and range) are often highly
correlated, and feature selection methods such as LASSO was used in multi-feature model to reduce
redundancy.

Among radiomics features, the most predictive single-feature for CCS progression was first-order total
energy (ROC-AUC: 0.72,95% Cl: 0.66—0.76), followed by first-order energy (ROC-AUC: 0.71, 95% Cl: 0.65-
0.76). The multi-feature model combining baseline CCS and TBR,, Yielded an ROC-AUC of 0.67 (Cl:
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0.60-0.73). The multi-feature model using PET radiomics, which included TBR,,,,, demonstrated the
highest performance with an ROC-AUC of 0.77 (95% CI: 0.70-0.84), representing a significant
improvement (p < 0.001) over models using TBR,,,,x Oor baseline CCS alone. The addition of baseline CCS
to the PET radiomics multi-feature model did not result in further performance gains (ROC-AUC: 0.77,
95% Cl: 0.70-0.83, p > 0.05 for comparison of ROC-AUCs). Performance metrics for individual features
are summarised in Table 2. Comparison of model ROC-AUCs and their corresponding 95% Cl are
presented in Table 2 and Fig. 3.

Per-patient analysis

A total of 68 patients (74.7%) demonstrated CCS progression at the patient level. For the prediction of
CCS progression HbA1c% achieved the highest ROC-AUC at 0.65 (95% Cl: 0.39-0.78) amongst all
clinical variables from Table 1. Baseline CCS achieved high recall (1.00, 95% CI: 0.97-1.00) and
moderate precision (0.75, 95% Cl: 0.74-0.76), reflected in a PR-AUC of 0.77 (95% Cl: 0.65-0.90),
although the ROC-AUC was lower at 0.58 (95% CI: 0.32-0.78) due to class imbalance and overlapping
probability distributions. TBR,,,,, demonstrated excellent predictive capabilities, with a median ROC-AUC
of 0.83 (95% CI: 0.73-0.92). TBR,,, was also the most predictive among radiomic features, followed by
first-order 90th percentile (ROC-AUC: 0.80, 95% Cl: 0.69-0.89). While Cl overlapped, TBRmax showed
significantly better performance than the other top radiomic features (p < 0.05) (Table 2). The overall top
performing features are demonstrated in Fig. 4b). Univariate and multivariate regression models are
described in Supplementary Table S4 and full feature importance rankings and the top contributing
features from the multi-feature model are shown in Supplementary Figure S2.

In multi-feature models, the combination of clinical variables and baseline CCS achieved an ROC-AUC of
0.72 (95% Cl: 0.55-0.86). The addition of TBR,,,, in this model significantly enhanced performance,
yielding an ROC-AUC of 0.88 (95% CI: 0.77-0.97; p < 0.05). A multi-feature model incorporating PET
radiomic features, which included TBR,,,,, achieved superior predictive performance (ROC-AUC: 0.90,
95% Cl: 0.80-0.97), over the model combining clinical variables, baseline CCS and TBR,;,x (p <0.001).
The addition of clinical features and baseline CCS to the PET radiomics model yielded a marginal
increase in performance compared with the radiomics multi-feature model alone (ROC-AUC: 0.91, 95%
Cl: 0.82-0.98, p < 0.05) (Table 2, Fig. 4).

Non-normalised PET feature analyses were less predictive of CCS progression than the voxel-normalised
analyses, with full results in Supplementary Figures S2-S5. In a sensitivity analysis, there was no
significant difference in radiomics models in people being treated with, and not being treated with, statin
therapy (supplementary material, and Supplementary Figure S6). Odds radio analysis are presented in
Supplementary Tables S5-S7.

Discussion
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In this post-hoc analysis of a primary prevention cohort of people with diabetes mellitus, we observed
that baseline ['8F]NaF activity on PET predicts subsequent CCS progression when measured using
traditional analysis methods (TBR,,,x)- We describe robust approach to applying radiomics analyses in
the examination of coronary PET, and radiomics models improved prediction of CCS progression when
compared with the TBR,,,,, baseline CT CCS, and clinical variables. These findings highlight the

promising utility of a radiomics approach to coronary PET analyses, and in the context of ['8FINaF PET,
demonstrate the predictive capabilities of radiomics over traditional analytical methods in CCS
progression.

Radiomics models improved prediction of CCS progression compared with TBR,,,,,x and baseline CCS,
supporting the value of quantitative ['®F]NaF PET assessment in this cohort. Only one other study has
examined the utility of radiomics in coronary ['8F]NaF PET. In a cohort of 293 patients with established
coronary artery disease, CMA predicted fatal or non-fatal myocardial infarction with an AUC of 0.76 [24].
In the present study, PET-derived signal performed exceptionally well for discriminating subsequent CT-
detected CCS progression, and adding clinical variables and baseline CCS did not provide incremental
value, suggesting that radiomics captured most of the discriminative information beyond traditional
measures of risk.

Radiomics has been increasingly explored across cardiovascular imaging modalities beyond ['8F]NaF
PET (CT CCS [25], CTA [26], MRI [27] and ['8F]FDG [28]), where radiomic features have been
demonstrated discriminative capabilities beyond traditional measures for various hard clinical outcomes
or surrogate measures of clinical outcomes. Despite these advances, there has been limited uptake of
radiomics in clinical practice, possibly due to only modest improvements of radiomics models over
established methods of disease quantification and prognostication. In our study, the radiomics model of
["8F]NaF PET was superior to clinical and CT CCS models (ROC-AUC: 0.91, 95% Cl: 0.82-0.98 v 0.72. 95%
Cl: 0.55-0.86, p < 0.05) for predicting patient level CCS progression. Coronary PET imaging continues to
advance through improved scanner sensitivity, motion correction tools, and the development of more
plaque-specific radiotracers. In the continued absence of an agreed upon method of coronary PET
analysis and quantification, radiomics may present a promising approach for a prognostically important
and standardised assessment of coronary PET signal.

In this cohort, ['8F]NaF uptake was strongly predictive of CCS progression. Prior work has linked
coronary ['®F]NaF activity to clinically meaningful endpoints, supporting the broader prognostic
plausibility of this imaging signal. In a 704-patient post-myocardial-infarction cohort, prevalent CMA

("8F]NaF activity at baseline) was independently associated with cardiac death or non-fatal myocardial
infarction (HR 1.82,95% Cl: 1.07-3.10; p = 0.03) and all-cause mortality (HR 2.43,95% CIl: 1.15-5.12; p =

0.02) [8]. Furthermore, ['8F]NaF PET has demonstrated independent prognostic utility for CCS
progression, a reliable surrogate for CVD risk [19]. In a study of 183 patients with multivessel coronary

atherosclerosis, coronary segments with CMA on ['8F]NaF PET (TBR,,., threshold 1.25) progressed in
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CCS over 12 months, whereas segments without CMA did not [7]. Mechanistically, ['®F]NaF binding
depends on hydroxyapatite surface area and local delivery of radiotracer [29], associates with
histomorphometric indices of bone turnover [30] and ['®F]INaF-avid plaques show microscopic
calcification, inflammation, and cholesterol crystals on high-resolution invasive imaging. While our
findings indicate that radiomics could strengthen the value of ['8F]NaF PET for identifying CCS
progression, future work should test whether these radiomic measures improve prediction of definitive
clinical endpoints.

This study has several limitations. The analyses were post hoc and based on a modest sample size,
limiting generalisability and the ability to assess long term clinical outcomes such as myocardial
infarction or death. This study's radiomic analyses lack external validation and are influenced by image
preprocessing parameters, segmentation variability, and possible unconsidered clinical confounders.
The most predictive single feature was TBR,,,,, @ traditional PET metric, underscoring that incremental
gains from multi-feature models require rigorous confirmation. These limitations highlight the need for
prospective, adequately powered studies with external validation, harmonised pipelines, extended follow
up, and clinical outcome data. Loss to follow-up for repeat CCS may have introduced selection bias if
follow-up was non-random. This cohort comprised individuals with diabetes mellitus, which restricts
translation to broader populations. Nonetheless, the present work advances coronary PET, and

specifically ['®F]NaF, quantification by demonstrating that multi feature radiomic modelling can augment
predictive performance for CCS progression, a surrogate imaging endpoint that has been linked to
definitive clinical endpoints.

Conclusions

Radiomics analyses can be reliably applied to the analysis of coronary ['8F]NaF PET, where it provides
improvement in prediction performance for CCS progression compared with conventional clinical, PET
and CT measures. Future research is needed to understand whether radiomics analyses can
demonstrate similar prognostic benefits in other radiotracers used in coronary PET imaging, or whether

radiomics can improve prediction of CVD events in studies using ['®F]NaF PET.
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Figure 1

Patient cohort flow diagram. Flow diagram showing participant inclusion from the original VIKCOVAC
cohort to the final analytic cohort with baseline [18F]NaF PET/CT and follow-up coronary calcium
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scoring. NaF = sodium fluoride; PET = positron emission tomography; CT = computed tomography.

Baseline CT CCS Baseline PET/CT || Follow-up CT CCS

TBRmax 1.52

ccS218 TBRmax 1.14 CCS23

Figure 2

Representative coronary ['8F]NaF PET/CT images and CT coronary calcium score progression. Baseline
noncontrast CT CCS images (left), fused baseline ['®F]sodium fluoride (['®F]NaF) PET/CT images
(middle), and follow-up noncontrast CT CCS images (right) in three representative participants. Focal
coronary ['®F]NaF uptake with elevated maximum target-to-background ratio (TBR,,) is shown at
baseline, with corresponding interval progression of CT-detected coronary calcification on follow-up
imaging. PET images are windowed to highlight coronary ['®F]NaF activity (row i: standardized uptake
value [SUV], 1.2-1.8; row ii: SUV, 1.8—-2.5). CCS = coronary calcium score; CT = computed tomography;
NaF = sodium fluoride; PET = positron emission tomography; SUV = standardized uptake value; TBR,,,, =
maximum target-to-background ratio.
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Figure 3

Artery-level analysis of ['8F]NaF PET quantification methods.

a) Median ROC-AUC values with 95% confidence intervals from 1000 bootstrap iterations for single- and
multi-feature artery-level models. Models included baseline CCS, TBR,,,, combined CCS + TBR;,,,, PET

radiomics alone, and combined CCS + TBR,,,, + PET radiomics. b) Boxplot showing change in CCS from

€}

Hurrber of PET-positive areries

baseline to follow-up in PET-positive and PET-negative arteries. c) Percentage of patients with CCS
progression according to the number of PET-positive arteries. CCS = coronary calcium score; NaF =

sodium fluoride; PET = positron emission tomography; ROC-AUC = receiver operating characteristic area

under the curve; TBRmax = maximum target-to-background ratio.
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Figure 4

Patient-level analysis of ['®F]NaF PET quantification methods.

a) Median ROC-AUC values with 95% confidence intervals from 1000 bootstrap iterations for single- and
multi-feature patient-level models. Models without PET features included clinical features alone, CCS
alone, and combined clinical features + CCS. Models incorporating PET features included TBR,,, alone,

combined CCS + TBR,,,,, combined clinical features + CCS + TBR,,,,,, PET radiomics alone, and
combined clinical features + CCS + TBR,,,,x + PET radiomics. All PET-based models used voxel-

normalised PET features. b) Scatter plot showing feature importance for the combined clinical and PET
radiomics multi-feature model. The x-axis represents the mean absolute coefficient for features
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assigned a non-zero coefficient during bootstrap iterations, and the y-axis represents selection
frequency, defined as the proportion of bootstrap iterations in which each feature received a non-zero
coefficient. Circle size represents the feature importance score, calculated as the product of mean
absolute coefficient and selection frequency. Numbers in the legend indicate the calculated importance
scores. CCS = coronary calcium score; NaF = sodium fluoride; PET = positron emission tomography;
ROC-AUC = receiver operating characteristic area under the curve; TBRmax = maximum target-to-
background ratio.
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