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Abstract 

Objectives  To investigate the prognostic value of computed tomography fractional flow reserve (CT-FFR) in patients 
with diabetes and to establish a risk stratification model for major adverse cardiac event (MACE).

Methods  Diabetic patients with intermediate pre-test probability of coronary artery disease were prospectively 
enrolled. All patients were referred for coronary computed tomography angiography and followed up for at least 
2 years. In the training cohort comprising of 957 patients, two models were developed: model1 with the inclusion of 
clinical and conventional imaging parameters, model2 incorporating the above parameters + CT-FFR. An internal vali-
dation cohort comprising 411 patients and an independent external test cohort of 429 patients were used to validate 
the proposed models.

Results  1797 patients (mean age: 61.0 ± 7.0 years, 1031 males) were finally included in the present study. MACE 
occurred in 7.18% (129/1797) of the current cohort during follow- up. Multivariate Cox regression analysis revealed 
that CT-FFR ≤ 0.80 (hazard ratio [HR] = 4.534, p < 0.001), HbA1c (HR = 1.142, p = 0.015) and low attenuation plaque 
(LAP) (HR = 3.973, p = 0.041) were the independent predictors for MACE. In the training cohort, the Log-likelihood 
test showed statistical significance between model1 and model2 (p < 0.001). The C-index of model2 was significantly 
larger than that of model1 (C-index = 0.82 [0.77–0.87] vs. 0.80 [0.75–0.85], p = 0.021). Similar findings were found in 
internal validation and external test cohorts.

Conclusion  CT-FFR was a strong independent predictor for MACE in diabetic cohort. The model incorporating CT-
FFR, LAP and HbA1c yielded excellent performance in predicting MACE.
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Introduction
According to World Health Organization, the preva-
lence of diabetes have increased exponentially world-
wide over the past few decades, from 108 million (4.7%) 
in 1980 to 425 million (8.5%) in 2017 [1]. Cardiovascu-
lar disease is one of the common complications of dia-
betes, including coronary artery disease (CAD), heart 
failure, arrhythmia and sudden cardiac death [1]. Com-
pared with non-diabetic patients, diabetes shows a higher 
incidence of coronary atherosclerosis and greater prob-
ability of obstructive CAD [2, 3]. It is of clinical signifi-
cance for precise risk stratification in diabetic patients to 
guide proper treatment strategy and therefore improve 
prognosis.

For invasive test, clinical evidence regarding the risk 
stratification in CAD patients with diabetes has been 
cumulated based on the plaque imaging by optical coher-
ence tomography (OCT) or coronary microvascular 
function evaluated by pressure guidewire. In COMBINE 
OCT-FFR study, the thin-cap fibroatheroma detected 
by OCT was a strong predictor of major adverse clinical 
events (MACE) [4]. Meanwhile, microvascular dysfunc-
tion confirmed by index of microcirculatory resistance 
was also an independent predictor of MACE among 
diabetic patients with suspected CAD [5]. However, the 
invasiveness and high medical cost of the above tests sig-
nificantly limit their clinical application in the general 
diabetic population.

For non-invasive imaging, coronary computed tomog-
raphy angiography (CCTA) is recommended as the 
first-line test for CAD diagnosis [6, 7], which has high 
negative predictive value to safely rule out obstructive 
CAD. In addition to stenosis evaluation, CCTA is able 
to characterize high-risk plaque (HRP) features, such as 
low attenuation plaque (LAP), positive remodeling (PR), 
spotty calcification (SC) and napkin-ring sign (NRS) [8–
10]. According to previous studies, higher stenotic grade 
as assessed by Coronary Artery Disease Reporting and 
Data System (CAD-RADS) [11] as well as the presence of 
HRP features are associated with poor prognosis [12, 13]. 
However, conventional CCTA data lacks functional eval-
uation regarding hemodynamic significance of coronary 
stenosis, which has become increasingly important in the 
diagnosis and treatment of CAD patients with diabetes 
over the years [14, 15].

Computed tomography angiography-derived fractional 
flow reserve (CT-FFR) is a non-invasive physiological test 
that enables functional assessment of flow-limiting ste-
nosis based on CCTA data [16, 17]. This novel method 
is able to guide optimal treatment strategy with reduced 
unnecessary invasive procedures [18]. In multiple stud-
ies enrolling patients with suspected CAD, subjects with 
lesion-specific CT-FFR value > 0.8 have better prognosis 

than those with lesion-specific CT-FFR value ≦  0.8 [19, 
20]. However, there is a lack of evidence on the prognos-
tic value of this promising approach in diabetic patients, 
which has high incidence of hemodynamic significant 
CAD as revealed by CT-FFR.

In light of the above findings, we hypothesized that CT-
FFR might be a strong independent predictor for MACE 
in diabetic patients and has incremental value over other 
clinical and imaging parameters for risk stratification of 
diabetes. Thus, the aims of this study were to investigate 
the prognostic value of CT-FFR in patients with diabe-
tes and to establish a risk stratification model for MACE 
by combining clinical risk factors, CT-FFR and HRP 
features.

Materials and methods
Study population
The hospital ethic committee approved this post-hoc 
analysis of a prospective cohort and all patients gave 
informed consents. We consecutively enrolled dia-
betic patients with intermediate pre-test probability of 
CAD (defined as pre-test probability between 15 and 
85% according to updated Diamond–Forrester score 
[21]) from two hospitals from January, 2016 to Decem-
ber, 2019. All patients were referred for CCTA and fol-
lowed up for at least 2 years. The exclusion criteria were: 
(1) severe renal dysfunction or allergic to CT contrast 
medium; (2) severe aortic stenosis or pulmonary hyper-
tension; (3) any conditions that causing hemodynamic 
instability; (4) patients with history of coronary revascu-
larization or myocardial infarction; (5) patients with non-
ischemic cardiomyopathy disease or valvular disease; (6) 
impaired image quality of CCTA (insufficient to perform 
CT-FFR or plaque analysis); (7) patients underwent early 
revascularization (within 3 months after baseline CCTA) 
for lesions revealed by index CCTA; (8) lost clinical 
follow-up.

Participants in this study were divided into three sep-
arate cohorts: a training cohort, an internal validation 
cohort and an external test cohort. Specifically, patients 
from one hospital were randomly assigned to either the 
training cohort or the internal validation cohort at a 7:3 
ratio. The external test cohort consisted of patients from 
another hospital.

CCTA acquisition
A third-generation dual source CT (SOMATOM Force, 
Siemens Healthineers, Germany) or a 256-slice wide 
detector CT scanner (Revolution HD, GE Healthcare, 
USA) was used for scanning. Coronary Agatston calcium 
score (CACS) was firstly performed to assess the overall 
calcification burden of coronary vasculature. For CCTA 
acquisition, prospective ECG triggered technique was 



Page 3 of 13Lan et al. Cardiovascular Diabetology           (2023) 22:65 	

employed in all patients, covering 35%–75% of the R–R 
interval. Automated tube voltage and current modula-
tion (CAREKv, CAREDose 4D, Siemens Healthineers, 
Germany; or KV Assist, Smart mA, GE Healthcare, USA) 
was applied to reduce radiation exposure. More details 
regarding acquisition parameters are given in the online 
appendix.

CCTA‑based plaque analysis
All CCTA data were transferred to an offline worksta-
tion (syngo.via, version VB20A, Siemens Healthineers, 
Germany) and the images with best quality were selected 
for manual diameter stenosis (DS) quantification. DS was 
defined as (reference diameter – minimal lumen diam-
eter) / reference diameter. Patient-based stenosis severity 
was assessed according to the Coronary Artery Disease-
Reporting and Data System (CAD-RADS) [11] while 
patients with CAD-RADS grade 3 or higher were consid-
ered having obstructive CAD.

Further plaque analysis was performed using a research 
software (Coronary Plaque Analysis, version 2.0, Siemens 
Healthineers, Germany), which allows semi-automatic 
plaque quantification [22, 23]. For all atherosclerotic 
lesions, four HRP features were characterized according 
to the following definitions: (1) PR, defined as any lesion 
with a remodeling index ≥ 1.1; (2) LAP, defined as any 
voxel < 30 HU within a coronary plaque; (3) SC, defined 
by an intra-plaque calcium < 3  mm in length that com-
prises < 90 degrees of the lesion circumference; (4) NRS, 
defined as a plaque core with low CT attenuation sur-
rounded by a rim-like area of hyper-density [8–10, 24]. 

Any lesion with 2 or more HRP features were considered 
vulnerable plaque [25].

Two cardiovascular radiologists (with 3-years and 
12-years experience of cardiac imaging), who were 
blinded to the clinical history and outcomes, indepen-
dently analyzed the lesions. Any disagreement between 
two observers were resolved by consensus.

CT‑FFR simulation
CT-FFR simulation was performed on a research soft-
ware package (Cta-Plus; version 2.0, Pulse Medical Imag-
ing Technology, China) based on quantitative flow ratio 
(CT-QFR) technology. The diagnostic performance of 
this novel algorithm has been validated in previous stud-
ies using invasive FFR as the reference standard [26, 27]. 
The details regarding the computation and how onsite 
processing was performed are provided in the online 
appendix. Lesion-specific CT-FFR value was measured 
1–2  cm distal to the lesion for all coronary stenosis on 
major epicardial vessels with diameter ≥ 2 mm [28]. Ves-
sel-specific CT-FFR was defined as the CT-FFR value for 
the most distal lesion. For vessels without significant ste-
nosis, the CT-FFR value was recorded at the most distal 
site where vessel diameter was ≥ 2 mm. The lowest ves-
sel-specific CT-FFR value of major epicardial arteries was 
used for patient-based analysis and the presence of any 
vessel-specific CT-FFR ≤ 0.80 was considered hemody-
namically significant.

Two cardiovascular radiologists (with 3-years 
and 12-years experience of cardiac imaging), who 
were blinded to the clinical history and outcomes, 

Fig. 1  Flow chart of inclusion and exclusion criteria. CAD = coronary artery disease; CCTA = coronary computed tomography angiography;
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independently analyzed the lesions. The mean CT-FFR 
value of measurement by two observers was recorded for 
further analysis.

Clinical follow‑up and study endpoints
All enrolled patients were followed up for at least 2 years, 
or until the occurrence of MACE. Patients were followed-
up every 6  months via outpatient visits. MACE was 
defined as all-cause mortality, cardiac death, non-fatal 

myocardial infarction, late revascularization (occurred 
three months after index CCTA), and rehospitalization 
due to heart failure or aggravated angina. The primary 
endpoint of this study was to determine the predictive 
value of CT-FFR for MACE in patients with diabetes. The 
secondary endpoint was to establish a risk stratification 
model for MACE by combining clinical risk factors, CT-
FFR and HRP features.

Table 1  Demographic data

BMI, body mass index; CACS, Coronary Artery Calcium Scoring; CAD, Coronary artery disease; CAD-RADS, Coronary Artery Disease—Reporting and Data System; 
CT-FFR, computed tomography fractional flow reserve; HbA1c, hemoglobin A1c; HRP, high-risk plaque; LAP, low-attenuation plaque; MACE, major adverse cardiac 
events. NRS, napkin-ring sign; PR, positive remodeling; SC, spotty calcification

P#: the p between Training set and Internal validation set, P*: the p among the three cohorts

Values are mean ± SD, n (%), or median (IQR). SD, standard deviation

Training set Internal validation set p# External test set p*
(n = 957) (n = 411) (n = 429)

Age (years) 62.0 [55.0–69.0] 61.0 [54.0–69.0] 0.723 61.0 [54.0–68.0] 0.162

Males, n (%) 536 (56.0) 243 (59.1) 0.314 252 (58.7) 0.456

BMI, kg/m2 24.4 [22.5–26.8] 24.2 [22.3–26.4] 0.126 25.0 [22.6–27.3] 0.010

Course of diabetes (years) 10.0 [4.00–16.0] 10.0 [3.00–15.0] 0.147 10.0 [3.00–16.0] 0.310

Hypertension, n (%) 533 (55.7) 218 (53.0) 0.398 242 (56.4) 0.571

Dyslipidemia, n (%) 543 (56.7) 249 (60.6) 0.207 312 (72.7)  < 0.001

Current smoking, n (%) 300 (31.3) 122 (29.7) 0.584 128 (29.8) 0.766

Fast glucose (mmol/L) 7.00 [5.50–9.55] 6.80 [5.50–9.49] 0.484 7.67 [6.00–10.8]  < 0.001

HbA1c (%) 8.40 [7.20–10.0] 8.40 [7.10–10.1] 0.463 8.50 [7.20–10.3] 0.525

Radiation dose, mSv 1.92 [1.24–2.60] 1.86 [1.21–2.52] 0.375 2.49 [1.70–4.85]  < 0.001

CT-FFR ≤ 0.80, n (%) 73 (7.63) 41 (9.98) 0.182 26 (6.06) 0.103

Obstructive CAD, n (%) 286 (29.9) 127 (30.9) 0.756 90 (21.0) 0.001

CAD-RADS, n (%): 0.191 0.001

 0 238 (24.9) 96 (23.4) 139 (32.4)

 1 219 (22.9) 75 (18.2) 101 (23.5)

 2 214 (22.4) 113 (27.5) 99 (23.1)

 3 172 (18.0) 75 (18.2) 59 (13.8)

 4A 103 (10.8) 43 (10.5) 27 (6.29)

 4B 9 (0.94) 8 (1.95) 2 (0.47)

 5 2 (0.21) 1 (0.24) 2 (0.47)

CACS 0.415 0.800

 0 427 (44.6) 167 (40.6) 191 (44.5)

 0–100 343 (35.8) 164 (39.9) 157 (36.6)

 100–400 120 (12.5) 55 (13.4) 54 (12.6)

  > 400 67 (7.00) 25 (6.08) 27 (6.29)

HRP, n (%) 272 (28.4) 118 (28.7) 0.966 101 (23.5) 0.131

LAP, n (%) 277 (28.9) 120 (29.2) 0.977 97 (22.6) 0.034

PR, n (%) 505 (52.8) 226 (55.0) 0.487 225 (52.4) 0.706

SC, n (%) 58 (6.06) 27 (6.57) 0.814 23 (5.36) 0.759

NRS, n (%) 96 (10.0) 46 (11.2) 0.583 28 (6.53) 0.047

Microvascular complications, n (%) 694 (72.5) 288 (70.1) 0.392 330 (76.9) 0.072

MACE, n (%) 65 (6.79) 35 (8.52) 0.313 29 (6.76) 0.489
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Statistical analysis
Continuous data were presented as mean ± standard 
deviation (SD) or median and interquartile range (IQR) 
depending on whether it conformed to a normal distribu-
tion, which was tested with Kolmogorov–Smirnov test. 
Categorical data were presented as absolute frequen-
cies and proportions. Student’s t-test or Mann–Whitney 
U-test (for two groups or ANOVA (for three groups) was 
used for continuous variables. Chi-square test or Fisher’s 
exact test was used to compare the frequency distribu-
tion of categorical and binary data between subgroups, 
according to the size of data cells. Inter-observer and 
intra-observer agreement of CTA-derived parameters 
was assessed by intra-class correlation coefficient (ICC).

Cumulative incidence rates of MACE were estimated 
using Kaplan–Meier method and compared with the log-
rank test, and using the following cut-off values: presence 

of HRP, CAD-RADS ≧ 3, and CT-FFR ≦ 0.8, whereas 
CACS groups were reclassified as CACS 0, CACS of 0 to 
less than 100, CACS of 100–400, and CACS greater than 
400. In the training cohort, univariate and multivariate 
Cox proportional hazards regression models were used 
to analyze the prognostic value of various clinical and 
imaging parameters for MACE and to identify the inde-
pendent predictors accordingly.

We built the base prediction model (model 1) with 
the inclusion of selected parameters (obstructive CAD, 
CACS, HRP, LAP, PR, SC and NRS, which were consid-
ered the known risk factors for MACE [8–11]. To dem-
onstrate the incremental predictive value of CT-FFR, we 
used the nest model to build a new model (model 2) by 
overlaying CT-FFR on top of the base model. All mod-
els were adjusted for predefined sociodemo-graphic 
variables (age, sex, BMI) and cardiovascular risk fac-
tors (hypertension, diabetes, dyslipidemia, current-
smoking, fast glucose, HbA1c). Incremental prognostic 
values of models were compared using Harrell’s C-sta-
tistics (C-index), log-likelihood test and time-dependent 
receiver operator characteristic (ROC) curve analysis. 
The goodness of fit of models was assessed by the cali-
bration curve with Brier and score the Akaike informa-
tion criterion (AIC). In addition, decision curve analysis 
was used to assess the clinical usefulness of the model 
by quantifying the net benefit at different threshold 
probabilities.

In the training set, a nomogram was developed based 
on model 2 (incorporating all significant independent 
predictors as revealed by multivariate Cox regression 
analysis) and obtained MACE probability estimates. This 
nomogram was further validated by C-index analysis in 
three cohorts. The score of each patient according to the 
nomogram was calculated and the median of the scores 
in the training cohort was selected as cutoff. It was fur-
ther validated for the risk stratification performance 
in two validation cohorts. Kaplan–Meier curves with 
log-rank test were applied to compare patient survival 
between different groups. Two-sided p < 0.05 was consid-
ered statistically significant. Statistical analyses were per-
formed using SPSS statistical package (version 26.0, IBM, 
Armonk, New York, USA) and the R statistical package 
(version 4.2.1).

Results
Patient characteristics
A total of 2346 diabetic patients with intermediate pre-
test probability of CAD were referred for CCTA from 
January, 2016 to December, 2019 and initially enrolled. 
Among them, 549 patients were excluded due to pre-
specified criteria (Fig. 1). Eventually, there were 1797 sub-
jects (mean age: 61.0 ± 7.0  years, 1031 males) included 

Fig. 2  Representative cases of diabetic patients with and without 
MACE. (A) CCTA of a 63-year-old male with stable angina showed 
multiple obstructive stenosis at proximal and middle LAD. Plaque 
characterization revealed the presence of LAP for the proximal 
lesion (blue content) and the distal CT-FFR value was 0.63. The 
total points of the proposed nomogram were 185. This patient 
underwent late revascularization of proximal LAD lesion 2.29 years 
later due to aggravated angina symptom. (B) CCTA of a 79-year-old 
male with stable angina showed mild stenosis at proximal LAD. 
Plaque characterization revealed the absence of any HRP feature and 
the distal CT-FFR value was 0.97. The total points of the proposed 
nomogram were 55. The patient did not develop MACE at a follow-up 
of 2.72 years. CCTA = coronary computed tomography angiography; 
CT-FFR = computed tomography fractional flow reserve; 
HRP = high-risk plaque; LAP = low-attenuation plaque; LAD = left 
anterior descending; MACE = major adverse cardiac events



Page 7 of 13Lan et al. Cardiovascular Diabetology           (2023) 22:65 	

in the present study. As previously mentioned, patients 
were subsequently divided into training cohort (n = 957), 
internal validation cohort (n = 411), and external test 
cohort (n = 429). More details of demographic character-
istics are given in Table 1 and Additional file 1: Table E1.

The dose-length products (DLP) for CCTA were 
141.7  mGy × cm (93.6–215.4) mGy × cm and the mean 
effective dose of radiation for CCTA was 1.98 mSv (1.31–
3.02) mSv when using 0.014 as the conversion coefficient. 

The median amount of contrast agent used for CCTA was 
50 mL (45 mL, 55 mL). There were good Intra-observer 
and Inter-observer agreements in the measurement of all 
parameters (ICC > 0.75, p < 0.001 for all) (details shown in 
Additional file 1: Tables E3, E4).

Clinical outcomes
All patients were followed-up for a median time of 
3.14 years (2.58 years, 4.03 years). MACE occurred in 7.18% 

Fig. 3  Kaplan–Meier curves for cumulative event rate of MACE according to (A) CT-FFR; (B) CAD-RADS classification; (C) HRP; (D) CACS. 
CACS = coronary artery calcium score; CAD-RADS = Coronary Artery Disease—Reporting and Data System; CT-FFR = computed tomography 
fractional flow reserve; HRP = high-risk plaque; MACE = major adverse cardiac event
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(129/1797) patients. Of these 129 patients who developed 
MACE, 97 patients were re-hospitalized due to heart fail-
ure (n = 3) or aggravated angina (n = 94), 18 patients expe-
rienced myocardial infarction, 11patients underwent late 
percutaneous coronary intervention, 3 patients died of car-
diac death (n = 1) or noncardiac death (n = 2).

Comparison of clinical and imaging parameters 
between patients with and without MACE
In both internal and external sets, patients with MACE 
had significantly higher incidence of having CT-
FFR ≤ 0.8 or the presence of HRP compared to patients 
without MACE. Similar findings were also observed 
for obstructive CAD and higher CACS (Table 2; Fig. 2). 
Other clinical factors, such as age, gender, diabetes 
course, fast glucose level and HbA1c level, demon-
strated discrepant results between different patient sets 
(Table 2). In addition, the medication did not show sig-
nificant difference between patients with and without 
MACE in the training cohort, whereas more frequent 
use of some types of antihypertensive agents were 
noted in the internal and external validation cohorts 
(Additional file 1: Table E2).

According to Kaplan–Meier survival curves, patients 
with CT-FFR ≤ 0.8 or the presence of HRP had mark-
edly higher MACE rate compared to patients without 
flow-limiting lesions or vulnerable plaques (Fig. 3). Simi-
lar findings were also noted for patients with obstructive 
CAD or CACS > 400.

Development and validation of prediction models
In the training set, all clinical and imaging param-
eters were screened as potential predictors for MACE. 
According to univariate analysis, age, CACS, HbA1c, 
CT-FFR ≤ 0.80, CAD-RADS ≥ 3, HRP features and 
Alpha-glucosidase inhibitor were all predictors for 
MACE (p < 0.05), which were subsequently included 
into further multivariate Cox regression analysis. Multi-
variate Cox regression analysis found that CT-FFR ≤ 0.80 
(HR = 4.534, p < 0.001), HbA1c (HR = 1.142, p = 0.015) 
and LAP (HR = 3.973, p = 0.041) remained the independ-
ent predictors for MACE. These three factors in model 2 
were used to construct a nomogram at 1-, 2-, and 3-year 
to predict the probability of MACE (Fig. 4). The details of 
univariate and multivariable Cox regression analyses are 
presented in Table 3.

We further tested the predictive performance of estab-
lished models for MACE in diabetes in internal validation 
and external test sets. The Log-likelihood test showed sta-
tistical significance between model 1 and model 2 in all 
the three cohorts (p < 0.001, respectively). In the training 
cohort, the C-index of model 2 was significantly larger 
than that of model 1 (C-index = 0.82 (95%CI = 0.77–
0.87) vs. C-index = 0.80 (95%CI = 0.75–0.85), p = 0.021). 
Similar findings were revealed in internal validation and 
external test cohorts (Table  4). Moreover, the AUCs of 
model 2 for predicting 1- and 3-year MACE were sig-
nificantly larger than those of model 1 in the training 
cohort. For the validation of the nomogram, the C-index 
was 0.80 (95% CI 0.75–0.86), 0.78 (95% CI 0.70–0.87) and 
0.82 (95% CI 0.75–0.89) in the internal training, inter-
nal validation and external test cohorts respectively. The 
Kaplan–Meier curves in all three cohorts demonstrated 
that there were significant differences regarding the sur-
vival of patients in each risk group (Additional file 1: Fig. 
E1). The results were further validated in the internal 
validation and external test cohorts (Table  4). However, 
it is also notable that the C-index of the proposed model 
dropped to 0.621 (95% CI 0.45–0.80) in diabetic patients 
with CT-FFR value between 0.75 and 0.80.

Based on model 2, the calibration curves showed excel-
lent consistency between prediction and observation in 
all three cohorts (Fig. 5). In addition, the model 2 outper-
formed model 1 with a lower Brier score for 1- and 3-year 
outcomes in the training, internal validation and external 
test cohorts (Table  4). The model 2 also had lower AIC 
results than did model 1 in all three cohorts (Table 4).

In the present study, the clinical benefits of model 2 
were compared with model 1 in three cohorts by using 
the decision curve for 1- and 3-year events (Addi-
tional file  1: Fig. E2). Accordingly, model 2 provided 

Fig. 4  Nomogram for 1-, 2-, and 3-year probability of MACE. 
HbA1c = hemoglobin A1c; CT-FFR = computed tomography 
fractional flow reserve; LAP = low-attenuation plaque
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incremental net benefits within a reasonable threshold 
probability compared to Model 1 in all three cohorts.

Discussion
The major finding of the present study is to confirm CT-
FFR as the strong independent predictor for MACE in 
patients with diabetes. Moreover, incorporating CT-FFR 
into risk stratification model provided incremental value 
over conventional clinical and anatomical parameters for 
prediction of MACE.

Patients with diabetes are two times more likely to 
develop MACE compared with those without diabetes 
[29]. Accurate risk stratification is a fundamental step to 
guide proper therapeutic decision [30]. Previous predic-
tion models for MACE in diabetic patients are mainly 
based on clinical variables [31, 32], without taking the 
coronary imaging findings into consideration. However, 
previous studies have confirmed that diabetes is associ-
ated with higher incidence of vulnerable plaques, coro-
nary calcification and higher atherosclerotic burden [33]. 

Table 3  Univariate and multivariable Cox regression analysis of clinical and imaging predictors for MACE in the training cohort

ACEI, angiotensin-converting enzyme inhibitors; ARB, angiotensin receptor antagonist; BMI, body mass index; CACS, Coronary Artery Calcium Scoring; CAD-RADS, 
Coronary Artery Disease—Reporting and Data System; CT-FFR, computed tomography fractional flow reserve; DPP-4, dipeptidyl peptidase 4; GLP-1 RA, glucagon-like 
peptide 1 receptor agonist; HbA1c, hemoglobin A1c; HRP, high-risk plaque; LAP, low-attenuation plaque; MACE, major adverse cardiovascular event; NRS, napkin-ring 
sign; PR, positive remodeling; SC, spotty calcification; SGLT-2, sodium-glucose cotransporter 2; TZDs, Thiazolidinedione drugs
* Multivariate analysis 1 was used for constructing model 1 and multivariate analysis 2 was used for constructing model 2

Univariate analysis Multivariate analysis 1* Multivariate analysis 2*

HR 95%CI p value HR 95%CI p value HR 95%CI p value

Age (per + 1 year) 1.034 1.010–1.059 0.006 1.016 0.991–1.042 0.214 1.020 0.994–1.048 0.131

Male 1.520 0.909–2.541 0.110

BMI, (per + 1 kg/m2) 0.994 0.926–1.066 0.859

Course of Diabetes (per + 1 year) 1.018 0.990–1.047 0.202

Hypertension 1.682 1.000–2.829 0.050 1.202 0.700–2.063 0.504 1.078 0.621–1.869 0.790

Dyslipidemia 0.991 0.607–1.616 0.970

Current smoking 1.042 0.623–1.744 0.875

fast glucose (per + 1 mmol/L) 1.037 0.983–1.094 0.186

HbA1c (per + 1%) 1.127 1.015–1.252 0.025 1.133 1.017–1.263 0.024 1.142 1.026–1.272 0.015

CACS (per + 1) 1.002 1.001–1.002  < 0.001 1.001 1.001–1.002  < 0.001 1.001 1.000–1.001 0.089

CT-FFR ≤ 0.8 10.865 6.627–17.814  < 0.001 4.534 2.468–8.330  < 0.001

CAD-RADS ≥ 3 6.109 3.579–10.429  < 0.001 2.192 1.117–4.299 0.022 1.856 0.932–3.697 0.078

Any HRP 4.530 2.737–7.499  < 0.001 0.567 0.146–2.206 0.413 0.375 0.090–1.564 0.178

Any LAP 5.075 3.035–8.485  < 0.001 3.667 1.031–13.048 0.045 3.973 1.060–14.893 0.041

Any PR 5.138 2.619–10.079  < 0.001 1.571 0.624–3.954 0.338 1.661 0.652–4.231 0.288

Any SC 2.667 1.319–5.395 0.006 1.046 0.492–2.225 0.908 0.907 0.419–1.961 0.804

Any NRS 3.104 1.739–5.540  < 0.001 1.311 0.681–2.524 0.418 1.209 0.624–2.344 0.573

Microvascular complications 1.250 0.710–2.200 0.439

Insulin secretagogues 0.638 0.353–1.152 0.136

TZDs 1.698 0.415–6.941 0.461

Insulin 0.887 0.540–1.456 0.634

Biguanides 0.925 0.568–1.507 0.755

α-Glucosidase inhibitors 1.718 1.053–2.805 0.030 1.516 0.915–2.512 0.107 1.626 0.975–2.713 0.063

DPP-4 inhibitors 1.498 0.895–2.507 0.124

SGLT-2 inhibitor 1.623 0.508–5.192 0.414

GLP-1 RAs 1.402 0.439–4.474 0.568

β-blockers 1.143 0.416–3.145 0.795

ACEI 1.344 0.580–3.112 0.491

ARB 1.106 0.648–1.888 0.712

Ca2 + channel blockers 0.986 0.578–1.682 0.958

Statins 1.678 0.896–3.141 0.106
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These pathological features are strongly related to unfa-
vorable outcomes and can be non-invasively evaluated by 
CCTA. Therefore, it is of clinical importance to develop a 
prediction model incorporating clinical factors as well as 
coronary imaging features.

CCTA is a valuable non-invasive imaging modality to 
detect coronary atherosclerosis and follow-up plaque 
progression in patients with diabetes [34]. Previous 
studies using CCTA have demonstrated that obstruc-
tive stenosis and HRP features are two independent pre-
dictors for MACE in diabetic cohorts [35, 36] and help 
to enhance risk stratification. However, CT-FFR, as an 
advanced functional imaging approach, has not been 
investigated for its prognostic value in diabetes.

In the present study, we successfully developed a novel 
prediction model, consisting of both clinical variable 

and imaging parameters. According to multivariate Cox 
regression analysis, it was CT-FFR rather than obstruc-
tive CAD (CAD-RADS ≥ 3) that served as the independ-
ent predictor for MACE. This result could be ascribed 
to the advantages of CT-FFR over conventional stenotic 
extent to identify true flow-limiting lesions [37]. In this 
regard, the ischemic stenosis, which can be diagnosed by 
CT-FFR, tends to result in unrelieved symptom or late 
revascularization, despite of its stenotic severity. On the 
other hand, LAP was an independent imaging predictor 
for MACE in the present cohort. This HRP feature cor-
relates to the large necrotic core in vulnerable plaque and 
is strongly associated with acute coronary syndrome [9]. 
It represents the high-risk lesion that is prone to rupture 
if not intensively treated. HbA1c was another independ-
ent predictor for MACE in the present cohort. Higher 

Table 4  Prediction accuracy and risk reclassification of each model

AIC, Akaike information criterion; C-index, Harrell’s C-statistics

Model 1 included age, sex, BMI, hypertension, diabetes, dyslipidemia, current-smoking, fast glucose, HbA1c, Obstructive CAD, CACS, HRP, LAP, PR, SC and NRS

Model 2 = Model 1 + CT-FFR

Models P Value by the Log-
likelihood test

C-index (95%CI) P Value Time-dependent AUC​ AIC Brier score

1-year 3-year 1-year 3-year

Training set

Model 1  < 0.001 0.80 (0.75–0.85) 0.021 0.82 0.82 801.08 0.011 0.026

Model 2 0.82 (0.77–0.87) 0.85 0.84 786.25 0.011 0.024

Internal validation set

Model 1  < 0.001 0.80 (0.73–0.87) 0.022 0.80 0.84 384.64 0.025 0.039

Model 2 0.84 (0.77–0.90) 0.83 0.87 371.56 0.021 0.035

External test set

Model 1  < 0.001 0.82(0.74–0.90) 0.027 0.89 0.82 328.27 0.017 0.031

Model 2 0.85(0.77–0.93) 0.92 0.87 313.06 0.015 0.025

Fig. 5  Calibration curves of the nomogram for 1-, 2-, and 3-year of MACE. Nomograms (A) for training cohort; (B) for internal validation cohort; and 
(C) for external validation cohort. MACE = major adverse cardiac event
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baseline HbA1c levels were found in this study. A previ-
ous study found that HbA1c levels at baseline were sig-
nificantly associated with baseline plaque burden [38]. 
There is substantial evidence that increased chronic mean 
high blood glucose levels (usually HbA1c) are associated 
with a variety of diabetic complications including micro-
vascular and macrovascular events [39, 40], particularly 
when levels are substantially elevated [41, 42]. Moreover, 
to test its generalizability, the current prediction model 
was further validated via an independent external data-
set, which also exhibited excellent performance for pre-
dicting MACE. Therefore, the proposed model provided 
a comprehensive approach for cardiovascular risk strati-
fication in diabetic patients with intermediate pre-test 
probability of CAD, who are the candidates for CCTA 
imaging as recommended by the present guidelines [6, 7].

In light of the above findings, the clinical implication of 
the present study lies in the following aspect. The appli-
cation of CT-FFR is more favored than CT-based steno-
sis assessment for risk stratification. Compared to using 
CT-based anatomical evaluation, adding CT-FFR further 
improves the model performance for identifying diabetic 
patients at high risk of MACE. It consequently helps to 
guide appropriate therapeutic strategy and reduce unfa-
vorable outcomes.

Despite the aforementioned promising results, the 
current study has several limitations. First, CT-FFR is a 
parameter that indicates the hemodynamic significance 
of epicardial coronary arteries. However, diabetes may 
also result in microvascular dysfunction (MVD), which 
can only be evaluated by other additional functional 
imaging modalities, such as cardiac magnetic resonance 
imaging [43]. Therefore, the risk of diabetic patients with 
MVD might be underestimated by the present model. 
In addition, the current cohort in majority consisted of 
diabetic patients with intermediate pre-test probability 
of CAD. Thus, the model cannot be directly applied to 
other diabetic cohorts, either with low or high pre-test 
probability. Finally, the nomogram score had significantly 
decreased predictive performance in diabetic patients 
with CT-FFR value between 0.75 and 0.80. It can be 
ascribed to the impaired diagnostic accuracy of CT-FFR 
for “grey-zone” lesions [44].

In conclusion, vessel-specific CT-FFR was a strong 
independent predictor for MACE in diabetic cohorts. 
The model incorporating CT-FFR, LAP and HbA1c 
yielded excellent performance in predicting MACE.
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