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Background: Coronary heart disease is a leading cause of death worldwide, making early risk identification essential. This study
compares the predictive performance of FINDRISC and the Framingham model in the Kharameh Cohort.

Methods: This prospective cohort study included 9,469 participants aged 40—70 years from the Kharameh cohort (a branch of the
PERSIAN study) who were free of CHD at baseline and were followed for 6 years to identify incident CHD events. Data on
FINDRISC components, as well as laboratory and demographic variables, were collected at enrollment. Logistic regression models
were developed using the total FINDRISC score and its individual items, and their predictive performance was compared with the
Framingham non-laboratory risk score using 10-fold cross-validation and metrics including AUC-ROC, sensitivity, and specificity.
Results: During a six-year follow-up of 9,469 participants (mean age 51.6 years, 55.6% female), 540 incident CHD events (5.7%)
were identified. The total FINDRISC score was significantly higher in individuals who developed CHD (11.35 vs. 9.59, P<0.001).
However, the total FINDRISC score alone showed weak discriminatory power (AUC=58.6%, 95% CI: 55.9-61.3%). An item-based
FINDRISC model demonstrated improved performance (AUC=71%, 95% CI: 68.9-73%), and further enhancement with gender,
systolic blood pressure, and total cholesterol yielded the highest predictive accuracy (AUC=75.2%, 95% CI: 73%—77%). The
non-laboratory Framingham risk score (AUC=73.3%, 95% CI: 71.4-75.1%) showed similar discriminatory performance compared
with the enhanced item-based FINDRISC models.

Conclusion: The enhanced item-based FINDRISC model, incorporating gender and systolic blood pressure showed comparable
performance to the Framingham non-laboratory model, providing a simple, accessible screening tool for the Iranian population.
Keywords: coronary heart disease, risk prediction, FINDRISC, Framingham risk score

Introduction

Cardiovascular diseases (CVDs), particularly coronary heart disease (CHD), remain the leading cause of mortality
worldwide with deaths increasing from 12.1 million in 1990 to 18.6 million in 2019."* According to global reports,
CVD have been responsible for about 17.7 million deaths worldwide in recent years, of which about 7.4 million cases
were due to coronary artery disease.” In Iran, the disease pattern is similar to the global trend. According to national
reports, approximately 160,000 deaths from heart disease are recorded annually, and approximately 40% of the country’s
total mortality is related to this group of diseases.* Evidence also shows that Iran, as a middle-income country in the
region, has a high incidence rate of cardiovascular disease mortality, and information on risk prediction models in

regional populations is still limited.” Early identification of individuals at high risk is therefore a critical component of
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preventive medicine and public health strategies, especially given that many major risk factors such as hypertension,
smoking, dyslipidemia, and metabolic disorders are modifiable.®

Risk prediction models have been widely developed to estimate the likelihood of cardiovascular events and support
clinical decision-making. Traditional approaches such as the Framingham risk model incorporate established clinical and
biochemical variables to estimate long-term cardiovascular risk and have been extensively validated in diverse popula-
tions. These models rely on known determinants including blood pressure, cholesterol levels, and lifestyle behaviors,
reflecting the multifactorial etiology of atherosclerosis and CHD.® Nevertheless, their performance may vary across
populations due to demographic, genetic, and environmental differences, highlighting the need for evaluation and
recalibration in regional cohorts.”* Although the Framingham Risk Score has been widely used as a practical and
clinically relevant tool for predicting cardiovascular risk, its accuracy may be limited in certain populations and it does
not incorporate some established risk factors, highlighting the need for further validation and refinement in different
populations.’ In Iranian populations, differences in lifestyle, prevalence of risk factors, and baseline cardiovascular risk
may influence the predictive accuracy of international models, highlighting the importance of evaluating these tools in
local cohort studies. '’

Alongside classical cardiovascular risk models, non-invasive screening tools developed for metabolic risk assessment
have gained attention for their potential utility in cardiovascular prediction.'' The Finnish Diabetes Risk Score
(FINDRISC) is a questionnaire-based instrument originally designed to identify individuals at risk of type 2 diabetes
using anthropometric and lifestyle indicators.'? Although FINDRISC was initially developed for diabetes risk assess-
ment, several studies have suggested that it may also predict cardiovascular outcomes because many of its components
are closely related to cardiometabolic risk."" Since metabolic disorders share common pathophysiological pathways with
cardiovascular disease, including obesity, insulin resistance, and dyslipidemia.'’> Metabolic syndrome and related
metabolic abnormalities have been consistently associated with a significantly higher risk of cardiovascular disease.
Such tools may offer accessible and cost-effective alternatives for early risk identification, particularly in resource-
limited settings. Previous longitudinal studies have shown that higher FINDRISC scores are associated not only with
incident diabetes but also with increased risk of coronary heart disease, stroke, and all-cause mortality.'" Their simplicity
and reliance on self-reported or easily obtainable measures make them attractive for large epidemiological studies and
primary care screening programs.

Population-specific studies allow comparison of predictive tools and their applicability. However, evidence comparing
a simple questionnaire-based metabolic risk score with a traditional cardiovascular prediction model in Iranian popula-
tions remains limited. This study evaluates the performance of FINDRISC versus the Framingham model for predicting
CHD risk in the Iranian Kharameh Cohort, aiming to inform tailored prevention strategies.

Methods
Study Design and Population

This prospective cohort study utilized data from the Kharameh cohort, a branch of the Prospective Epidemiological
Research Studies in Iran (PERSIAN).'* The design and objectives of the PERSIAN cohort have been previously
described. Baseline enrollment was conducted in 2014, and a total of 10,663 individuals aged 40-70 years from
Kharameh, southern Iran, were recruited (participation rate: 97.3%).

For the present analysis, participants with a self-reported history of coronary heart disease (CHD) at baseline—
including prior myocardial infarction or angina—were excluded (n = 1,194). The final study population comprised 9,469
individuals free of CHD at baseline. Participants were followed for a median of 6 years, and incident CHD events were
recorded over six follow-up phases. During the follow-up period, participants were contacted annually and invited to
attend follow-up assessments. Information on hospital admissions, physician diagnoses, and major health events was
collected through interviews and review of medical records. Loss to follow-up was minimal due to the structured
follow-up system of the PERSIAN cohort. All participants had complete information for the key variables used in the
analysis; therefore, no exclusions were made due to missing data.
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Ethics and Inclusion Criteria

The study protocol was approved by the Ethics Committee of Shiraz University of Medical Sciences, and written
informed consent was obtained from all participants. Inclusion criteria were age 40—70 years and residence in Kharameh
for at least 9 months before enrollment. Exclusion criteria at baseline included diagnosed CHD, mental disorders,
untreated acute illnesses, and unwillingness to participate or attend clinical examinations.

Data Collection and Measurements

Data were obtained from the Kharameh Cohort Study records. Demographic information (age, gender, marital status,
occupation), lifestyle factors (smoking, opium use, alcohol consumption, physical activity, fruit/vegetable intake), and
medical history (hypertension, diabetes, family history of CHD and diabetes) were extracted from standardized ques-
tionnaires completed at baseline.

Anthropometric data, including height, weight, and waist circumference, were recorded at baseline. Body mass index
(BMI) was calculated as weight (kg) divided by height squared (m?). Blood pressure measurements, taken twice in
a seated position after 10 minutes of rest, were also retrieved from the cohort records.

Fasting blood glucose (FBS), total cholesterol (CHOL), and triglycerides (TG) values were collected from baseline
laboratory data. All laboratory analyses had been performed at the central laboratory of the Kharameh Cohort using
standard enzymatic methods.

Definition of Outcomes and Key Variables
CHD incidence was defined as the first occurrence of coronary heart disease, including myocardial infarction or angina,
during follow-up. Incident CHD events were identified during follow-up through participant interviews, review of
hospital records, and physician diagnoses recorded in the cohort database. Reported events were verified by trained
physicians based on available medical documentation, including hospital discharge summaries, diagnostic tests, and
clinical records.

Diabetes mellitus was defined as a self-reported physician diagnosis, use of antidiabetic medication, or FBS >
126 mg/dL.

Hypertension was defined as SBP > 140 mmHg, DBP > 90 mmHg, or use of antihypertensive medication.

FINDRISC Score and Its Components

The Finnish Diabetes Risk Score (FINDRISC) questionnaire was used to assess the baseline risk profile. This instrument
comprises eight items: age, BMI, waist circumference, physical activity, daily consumption of fruits/berries/vegetables,
history of antihypertensive drug treatment, history of high blood glucose, and family history of diabetes. Each item
contributes a weighted score, and the total score ranges from 0 to 26. The FINDRISC score is divided into five
categories:

Very low: score <7, individual predicted to have a 1% probability of developing the disease.

Low: score 7-11, individual predicted to have a 4% probability of developing the disease.

Moderate: score 12—14, individual predicted to have a 16% probability of developing the disease.

High: score 15-20, individual predicted to have a 33% probability of developing the disease.

Very high: score >20, individual predicted to have a 50% probability of developing the disease.

Two Modeling Approaches Were Employed
Model 1 (Total Score): The total FINDRISC score was used as a single predictor in logistic regression.

Model 2 (Item-based): The eight individual FINDRISC items were entered as separate predictors in a multivariable
logistic regression, allowing estimation of population-specific coefficients.

The candidate variables considered for model extension were prespecified based on prior epidemiological evidence and
clinical relevance to cardiovascular disease risk. Established cardiovascular risk factors such as systolic blood pressure, smoking
status, lipid levels, and glucose have been consistently associated with CHD in previous studies. In addition, lifestyle exposures
such as opium use and alcohol consumption were examined due to their relatively high prevalence in Iranian populations and
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previously reported associations with cardiometabolic outcomes in regional epidemiological studies. Subsequently, demographic
and laboratory variables—gender, smoking, SBP, CHOL, FBS, opium use, alcohol consumption, and TG—were added one by
one to both models in a stepwise manner to assess incremental predictive value. Variables that did not materially improve model
performance (ie, no increase in AUC or F1-score) were excluded from the final models. Variable selection was guided by changes
in model performance metrics (particularly AUC and F1-score) during cross-validation in order to reduce unnecessary model
complexity and minimize the risk of overfitting. Based on this process, gender, CHOL, and SBP were retained in the extended
models, whereas smoking, opium use, alcohol consumption, and FBS were removed.

Framingham Non-Laboratory Risk Score

In addition to the FINDRISC-based models, we evaluated the performance of the non-laboratory Framingham risk score
for predicting incident CHD. This score is designed to estimate 10-year coronary heart disease risk without requiring
blood lipid measurements and is based on the following variables: age, gender, systolic blood pressure, smoking status,
BMI, diabetes status, and treatment for hypertension. The total score for each participant was calculated using the
published algorithm for the non-laboratory-based Framingham model. Its predictive performance was then assessed using
logistic regression, first as a total score and then by comparing its components to the enhanced FINDRISC models.

Statistical Analysis

Descriptive statistics were expressed as mean + standard deviation for continuous variables and frequencies (percentages)
for categorical variables. Comparisons between participants with and without incident CHD were performed using
independent t-tests or chi-square tests, as appropriate.

Logistic regression analysis was used to assess the association between the total FINDRISC score and CHD
incidence, with odds ratios (OR) and 95% confidence intervals (CI) reported. For the item-based model, multiple logistic
regression was applied to estimate the independent contribution of each FINDRISC component. Logistic regression was
used to model the probability of incident CHD during the follow-up period. Although Cox proportional hazards models
are commonly applied in longitudinal cohort studies, the primary objective of this study was to compare the predictive
discrimination of different risk scores for CHD occurrence by the end of the follow-up period rather than to analyze
time-to-event dynamics. Because follow-up completion was high (~97%) and censoring was minimal, logistic regression
was considered an appropriate approach for comparing the predictive performance of the evaluated risk models.

Model Development and Validation

All models were developed using logistic regression. To address class imbalance (only 5.7% incident cases), the
Synthetic Minority Over-sampling Technique (SMOTE) was applied to the training data during cross-validation.
SMOTE was applied only to the training datasets within each cross-validation fold to address class imbalance while
preserving the original distribution of the validation data. This approach helps reduce potential bias and limits overfitting
that could occur if oversampling were applied to the entire dataset. Model performance was always evaluated using the
original non-resampled validation folds. This strategy was used to prevent information leakage between training and
validation datasets and to ensure that model performance estimates were not artificially inflated by oversampling
procedures. Model performance was evaluated using 10-fold stratified cross-validation repeated on the entire dataset.
In each fold, the model was trained on the balanced training set and tested on the original (imbalanced) validation fold.

For the item-based model, the linear predictor (logit score) for each individual was calculated as:

score = —7.441 4+ 0.068 x Age — 0.086 x BMI 4 0.030 x WaistCircumference + 0.083 x EatingVegetable + 0.040 x
PhysicalActivity + 0.271 x AntiHTNDrug + 0.650 x HistoryHighBloodGlucose + 0.029 x FamilyHistoryDiabetes
FirstDegree 4+ 0.011 x FamilyHistoryDiabetesSecondDegree

The predicted probability of CVD was then obtained via the logistic function:

exp(score)

P ity = ————~ 7
mbablllly [1 + exp(score)]
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Model Evaluation Metrics

For each model, we computed the confusion matrix elements (true positives [TP], true negatives [TN], false positives
[FP], false negatives [FN]), accuracy, precision (positive predictive value), recall (sensitivity), specificity, F1-score, and
the area under the receiver operating characteristic curve (AUC-ROC). The 95% confidence intervals for AUC were
estimated using 1,000 bootstrap resamples of the cross-validated predictions. Pairwise comparisons of AUC values
between competing models were conducted using bootstrap resampling based on the cross-validated prediction prob-
abilities, and statistical significance was assessed using two-sided tests.

Software
All analyses were performed using Python version 3.9 (Anaconda Navigator, Jupyter Lab) with the library’s pandas,
NumPy, scikit-learn, imbalanced-learn, matplotlib, and seaborn.

Results

Among the 9,469 participants free of CHD at baseline, 542 incident CHD events occurred during the six-year follow-up
period, corresponding to an incidence of 5.7%. The mean age of participants was 51.56 + 8.05 years, and 55.6% were
women. Compared with participants who remained free of CHD, those who developed CHD were older, had a larger
waist circumference, higher blood glucose and lipid levels, higher blood pressure, a higher prevalence of diabetes, and
a more frequent family history of cardiovascular disease. High-risk behaviors such as smoking, opium use, and alcohol
consumption were also more common among CHD cases, whereas physical activity was less frequent in this group. The
demographic and clinical characteristics of the participants are presented in Table 1.

Table 1 Demographic and Clinical Characteristics of Participants with and without CHD

Variable Total (9469) CHD Patients (542) Without CHD (8927) P-value
M = SD

Age (years) 51.56 + 8.05 56.68 + 7.69 5125 +£797 <0.001
Body mass index (kg/m?) 25.98 + 4.42 25.75 £ 4.24 25.99 + 443 0.21
Waist circumference (cm) 95.16 £ 11.99 96.34 + 11.43 95.08 + 12.02 0.01
Fasting blood glucose (mg/dL) 98.44 + 32.38 113.10 + 49.89 97.54 £ 30.78 <0.001
Total cholesterol (mg/dL) 188.12 + 41.06 198.10 + 47.72 187.52 + 40.55 <0.001
Triglycerides (mg/dL) 129.23 + 76.32 148.86 + 90.32 128.04 + 75.23 <0.001
Systolic blood pressure (mmHg) 11432 £ 17.49 122.56 = 19.67 113.82 + 17.23 <0.001
Diastolic blood pressure (mmHg) 71.97 £10.20 7531 £ 11.29 71.77 £ 10.09 <0.001

Frequency (Percent)

Gender
Male 4201(44.4) 326(60.1) 3875(43.4) <0.001
Female 5268(55.6) 216(39.9) 5052(56.6)

Marital status

Single 165(1.8) 1(0.3) 163(1.8) <0.001
Married 8447(89.7) 476(87.8) 8017(89.8)
Other 857(8.5) 65(11.9) 747(84)

(Continued)
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Table 1 (Continued).

Variable Total (9469) CHD Patients (542) Without CHD (8927) P-value
Occupation
Unemployed 4412(46.6) 220(40.6) 4182(46.9) <0.001
Employed 5057(53.4) 322(59.4) 4745(53.1)
Family history of heart disease in first-degree relatives
No 6433(67.9) 345(63.7) 6088(68.2) 0.02
Yes 3036(32.1) 197(36.3) 2839(31.8)
Family history of myocardial infarction in first-degree relatives
No 7597(80.2) 408(75.3) 7189(80.5) 0.003
Yes 1872(19.8) 134(24.7) 1738(19.5)
Family history of stroke in first-degree relatives
No 8131 (85.9) 452 (83.4) 7679 (86.0) 0.08
Yes 1338 (14.1) 90 (16.6) 1248 (14.0)
Hypertension
No 7629(80.6) 353(65.1) 7276(81.5) <0.001
Yes 1840(19.4) 189(34.9) 1651(18.5)
Family history of hypertension in first-degree relatives
No 4541(48) 284(52.4) 4257(47.7) 0.03
Yes 4928(52) 258(47.6) 4670(52.3)
History of diabetes
No 8194(86.5) 389(71.8) 7805(87.4) <0.001
Yes 1275(13.5) 153(28.2) 1122(12.6)
Family history of diabetes in first-degree relatives
No 6060(64) 336(62) 5724(64.1) 0.31
Yes 3409(36) 206(38) 3203(35.9)
Antihypertensive medication use
No 8043(84.8) 399(73.6) 7644(85.6) <0.001
Yes 1426(15) 143(26.4) 1283(14.4)
Statin use
No 8676(91.4) 478(88.2) 8198(91.8) 0.003
Yes 793(8.4) 64(11.8) 729(8.2)
Physical activity
No 2201(23.2) 171(31.5) 6897(77.3) <0.001
Yes 7268(76.8) 371(68.5) 2030(22.7)

(Continued)

6 https:

Vascular Health and Risk Management 2026:22



Hamedi et al

Table | (Continued).

Variable Total (9469) CHD Patients (542) Without CHD (8927) P-value
Fruit and vegetable consumption

No 5043(53.3) 295(54.4) 4748(53.2) 0.57
Yes 4426(46.7) 247(45.6) 4179(46.8)

Smoking

No 7099(75) 340(62.7) 6759(75.7) <0.001
Yes 2370(25) 202(37.3) 2168(24.3)

Opium Use

No 7976(84.2) 419(77.3) 7557(84.7) <0.001
Yes 1493(15.8) 123(22.7) 1370(15.3)

Alcohol Use

No 9117(96.3) 510(94.1) 8607(96.4) 0.006
Yes 352(3.7) 32(5.9) 320(3.6)

The mean FINDRISC score in the overall population was 9.69 + 4.90. Among participants free of CHD, the mean
FINDRISC score was 9.59 + 4.84 (n = 8927), whereas among those who developed CHD, it was 11.35 = 5.55 (n = 542);
this difference was statistically significant (P < 0.001).

The distribution of CHD across FINDRISC risk categories is illustrated in Figure 1. The results clearly show that as
the FINDRISC score increases, the proportion of individuals developing CHD also rises, with a markedly different

35 A

25 1

20 A

Percentage (%)

15 |

10 A

35.3%

25.8%

<7

31.2%

7-11

12-14
FINDRISC Category

15-20

>20

Figure | Distribution of CHD Incidence by FINDRISC Score Categories. Green bars represent participants with CHD (Yes CHD), while blue bars represent participants
without CHD (No CHD).
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distribution pattern between affected and unaffected individuals. In the group without CHD, the frequency was
concentrated in the lower score categories. Specifically, 35.3% of individuals had a score below 7, and 31.2% had
scores between 7 and 11. In contrast, only 2% of those without CHD fell into the highest risk category (score >20),
indicating a low probability of disease in these groups. Among participants who developed CHD, the distribution was
completely different. The highest percentages were observed in the higher score categories: 21.2% of cases had scores
between 15 and 20, and 19.9% had scores between 12 and 14. Only 25.8% of cases had a score below 7.

To investigate the contribution of each component of the FINDRISC tool in predicting CHD, multiple logistic
regression analysis was performed. The results are presented as odds ratios (OR) with 95% confidence intervals
(Table 2). Overall, variables such as age, increased waist circumference, use of antihypertensive medication, and
a history of high blood glucose were identified as independent risk factors for CHD. In contrast, certain behavioral
factors, including physical activity and vegetable consumption, as well as BMI and family history of diabetes, showed
non-significant trends toward increased risk.

The model’s overall accuracy based on the FINDRISC score was 59.31%. The area under the ROC curve (AUC-
ROC) was 58.81%, indicating that the discriminative power of the model was only marginally better than random
guessing. We then incorporated demographic and laboratory variables to predict CHD. The results are presented in
Table 3.

Table 2 Results of Multiple Logistic Regression Analysis for FINDRISC Tool Components in Predicting CHD Incidence

Variable Categories B SE | Exp(B) | 95% Cl | P-value
Age <45 |
45-54 083 | 0.17 23 1.64-3.24 | <0.001
55-64 1.51 | 0.17 453 3.24-6.32 | <0.001
>64 1.79 | 0.19 6.02 4.13-8.77 | <0.001
Body Mass Index <25 |
25-30 022 | 0.12 1.24 0.97-1.59 0.07
>30 0.12 | 0.17 1.13 0.80-1.60 0.46
Waist Circumference <94 cm (men), <80 cm (women) |
94-102 cm (men), 80-88 cm (women) | 0.56 | 0.15 1.76 1.31-2.36 | <0.001
>102 cm (men), >88 cm (women) 047 | 0.12 1.61 1.25-2.07 | <0.001
Physical Activity Yes |
No 0.18 | 0.l 1.2 0.98-1.46 0.07
Fruit and Vegetable Consumption Daily |
Not daily 0.09 | 0.09 1.09 0.91-1.30 0.31
Antihypertensive Medication Use No |
Yes 036 | 0.11 |.44 1.15-1.79 0.001
History of High Blood Glucose No |
Yes 073 | 0.11 2.09 1.68-2.60 | <0.001
Family History of Diabetes No |
Yes, second-degree relatives -0.28 | 0.17 0.75 0.53-1.05 0.1
Yes, first-degree relatives 0.002 | 0.09 1.002 | 0.82-1.21 0.98
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Table 3 Performance of FINDRISC Score and Extended Risk Models

Model TN FP FN TP Accuracy Precision Recall Fl AUC-ROC

FINDRISC 5329 3598 255 287 59.31 741 52.95 12.99 58.81(56.37-61.25)
FINDRISC + Gender 5672 3255 216 326 63.34 9.10 60.18 15.80 66.81(64.44-69.18)
FINDRISC + Gender + Smoke 5616 3311 206 336 62.86 9.2 62.01 16.02 67.40(65.04-69.76)
FINDRISC + Gender + Smoke + SBP 5833 3094 193 349 65.29 10.15 64.4 17.54 69.42(67.09-71.75)
FINDRISC + Gender + Smoke + SBP +CHOL 5827 3100 186 356 65.30 10.31 65.70 17.82 70.05(67.73-72.37)
FINDRISC + Gender + Smoke + SBP +CHOL + FBS 6050 2877 188 354 67.63 10.97 65.32 18.79 71.69(69.40-73.98)

Notes: Models trained on SMOTE-balanced data.

In this stepwise process, other demographic and laboratory variables such as opium use, alcohol consumption, and
triglycerides were also evaluated; however, adding them to the model did not significantly improve any of the
performance metrics. Notably, the AUCs of these models did not increase compared to the previous step and, in some
cases, even decreased slightly. Therefore, these variables were excluded from the final model.

A second model was developed based on the individual components of the FINDRISC questionnaire using logistic
regression with population-specific coefficient estimation. Overall, the item-based model demonstrated substantially
better performance compared to the model based on the total FINDRISC score. Nevertheless, the model required further
improvement or combination with other variables for screening applications. Therefore, we incorporated demographic
and laboratory variables to predict CHD incidence. The variables were added sequentially in a stepwise manner to
evaluate both non-laboratory and laboratory-enhanced models. Particular attention was given to models that relied solely
on easily obtainable non-laboratory variables to enable a fair comparison with the non-laboratory Framingham risk score.
In this framework, the model including FINDRISC questionnaire items plus gender and systolic blood pressure (SBP)
was considered the primary non-laboratory enhanced FINDRISC model. The results are presented in Table 4. Based on
this analysis, variables that had a positive and significant impact on predicting CHD were retained in the final model,
including gender, systolic blood pressure (SBP), and total cholesterol (CHOL). However, it should be noted that the
cholesterol-containing model represents a laboratory-enhanced version of the FINDRISC-based model. The improvement
in discrimination compared with the non-laboratory model (Questions + Gender + SBP) was relatively modest. In
contrast, smoking, opium use, alcohol consumption, and fasting blood glucose (FBS) were excluded from the final model
due to a lack of substantial improvement in evaluation metrics (particularly AUC) (Table 4).

In addition to the FINDRISC-based models, we evaluated the performance of the non-laboratory-based Framingham
risk score (based on BMI) for predicting incident CHD. The mean Framingham risk score in the overall population was
8.92 + 4.70. Among participants free of CHD, the mean score was 8.69 + 4.60 (n = 8927), whereas among those who
developed CHD, it was 12.70 £ 4.58 (n = 542); this difference was statistically significant (P < 0.001).

The performance of the logistic regression model based on the non-laboratory Framingham score shows 68%
accuracy. The area under the ROC curve (AUC) was 0.73 (95% CI 0.71-0.75), indicating moderate discriminative

Table 4 Performance of Questions Included in the FINDRISC Risk Assessment Score and Extended Risk Models

Model TN FP FN TP Accuracy Precision Recall Fl AUC-ROC-

Questions included in the FINDRISC 5936 2991 185 357 66.46 10.66 65.87 18.35 71.07(68.99-73.04)
Questions included in the FINDRISC + Gender 6006 2921 171 371 67.35 11.27 68.45 19.35 73.47(71.51-75.42)
Questions included in the FINDRISC + Gender + SBP 6102 2825 166 376 6841 11.75 69.37 20.00 74.45(72.46-76.27)
Questions included in the FINDRISC + Gender + SBP + CHOL 6140 2787 165 377 68.82 11.92 69.56 20.35 75.21(73.25-76.99)

Notes: Models trained on SMOTE-balanced data.
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Figure 2 Comparison of Predictive Performance: Framingham Non-Laboratory Score vs. FINDRISC Total Score and Its Components.

ability. These findings indicate that the non-laboratory Framingham risk score (AUC = 0.73, 95% CI 0.71-0.75) shows
a discrimination capacity comparable to that of the non-laboratory enhanced FINDRISC model consisting of question-
naire items plus gender and systolic blood pressure (AUC = 0.74). The similarity in predictive performance is largely
attributable to the presence of systolic blood pressure as a key predictor in both models (Figure 2). The non-laboratory
Framingham model, therefore, performs very similarly to the FINDRISC + Gender + SBP model, both of which rely
exclusively on non-laboratory variables (AUC 0.73 vs. 0.74). This similarity is largely due to the presence of blood

pressure as a common variable in both models.

Discussion
The present cohort-based analysis evaluated the performance of the FINDRISC tool and compared it with the non-
laboratory Framingham model for predicting incident CHD. Over six years of follow-up, the cumulative incidence of
CHD reached 5.7%, and individuals who developed CHD were characterized by an adverse metabolic and behavioral
profile, including older age, higher central adiposity, dysglycemia, dyslipidemia, hypertension, and unhealthy lifestyle
behaviors. These findings are consistent with the established multifactorial risk profile of coronary disease, in which
metabolic, hemodynamic, and behavioral factors commonly cluster and are associated with higher CHD risk."”

Age and waist circumference emerged as strong independent predictors in the FINDRISC component analysis,
consistent with extensive epidemiologic evidence showing that vascular aging and visceral adiposity are strongly
associated with cardiometabolic risk. The observed associations between antihypertensive medication use, elevated

10 https: Vascular Health and Risk Management 2026:22



Hamedi et al

glucose history, and CHD incidence further underscore the predictive relevance of cardiometabolic dysregulation-related
variables in this cohort. Machine-learning analyses derived from large cardiovascular datasets have similarly identified
glycemia and blood pressure variables as dominant contributors to mortality and coronary outcomes prediction, high-
lighting their consistent predictive relevance across analytical approaches.'®

Additionally, lifestyle exposures such as smoking and physical inactivity were more prevalent among CHD cases in
our cohort, supporting the importance of behavioral risk modification. Evidence from population-scale cohorts shows that
adherence to healthy lifestyle factors markedly reduces cardiovascular mortality, particularly when combined with
pharmacologic prevention strategies, reinforcing the clinical relevance of behavioral risk profiling in prediction
models.'” Although FINDRISC was originally developed for type 2 diabetes screening, its components overlap with
cardiometabolic risk determinants; hence, its extension to cardiovascular prediction has been explored in several settings.
In our analysis, score distribution patterns demonstrated clear risk stratification across categories. However, discrimina-
tion was modest (AUC = 0.59), indicating limited standalone screening utility. This is not unexpected because
FINDRISC was not calibrated for cardiovascular outcomes and omits key hemodynamic and lipid parameters. Studies
examining the application of diabetes and cardiovascular risk scores across populations similarly emphasize that
instruments developed for one outcome or population often show reduced predictive value when transferred without
recalibration.'®

Importantly, when demographic and laboratory variables were incorporated, predictive performance improved sub-
stantially (AUC =~ 0.72). This improvement illustrates the importance of integrating metabolic and clinical measurements
with questionnaire-based tools. Comparable research shows that hybrid or machine-learning—enhanced models consis-
tently outperform simple score-based tools in cardiovascular prediction due to their capacity to incorporate nonlinear
relationships and multi-dimensional risk features.'” Importantly, when restricting the comparison to models that rely
exclusively on non-laboratory variables, the FINDRISC-based model, including questionnaire items, gender, and systolic
blood pressure, demonstrated a discrimination ability that was very similar to that of the non-laboratory Framingham
model. This finding suggests that a simplified FINDRISC-based approach using readily obtainable clinical variables may
provide predictive performance comparable to established non-laboratory risk scores.

Within the framework of predictive performance evaluation, the area under the receiver operating characteristic curve
(ROC-AUC) serves as a key measure of discrimination, enabling comparison between clinically based and question-
naire-based risk assessment tools. Evidence indicates that classical risk-factor—based models such as the Framingham
score generally demonstrate moderate to good discriminative ability across diverse populations, and they retain
acceptable performance even after recalibration in non-Western settings.?’ Furthermore, studies developing CHD
prediction models have reported that multivariable clinical models typically yield AUC values around 0.70; for example,
a nomogram-based CHD prediction model reported AUCs ranging from 0.703 to 0.706, indicating moderate discrimina-
tion comparable to standard approaches.?' These observations are consistent with the findings of the present study, in
which the Framingham model exhibited superior discrimination compared with the crude FINDRISC score. It should
also be noted that the Framingham model was originally developed to estimate 10-year CHD risk, whereas the outcome
in the present study was assessed over approximately 6 years of follow-up. Therefore, the comparison presented here
should be interpreted as a comparison of discriminative performance within this cohort rather than a direct validation of
equivalent absolute risk predictions across identical time horizons. External validation studies have similarly reported

1.2 Nevertheless, research has shown that

AUC ranges of approximately 0.63—0.83 for the Framingham mode
Framingham models may overestimate cardiovascular risk in certain populations and therefore require population-
specific recalibration.”> Heterogeneity in predictive performance across outcome types and gender has also been
documented, with discrimination often stronger for fatal than nonfatal events.** This observation aligns with the present
findings, where incorporating gender and systolic blood pressure into FINDRISC-based models substantially improved
discriminative performance.

In this research, the questionnaire-based FINDRISC model demonstrated measurable predictive capacity for incident
CHD, and its performance improved substantially when individual components and limited clinical variables were
incorporated. Importantly, the predictive performance of the item-based FINDRISC model approached that of the non-

laboratory Framingham risk score. The Framingham risk score has long been regarded as a benchmark cardiovascular
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prediction model because it was explicitly designed around coronary endpoints and incorporates hemodynamic and
demographic determinants such as blood pressure, age, and gender. Consequently, its stronger odds ratio and moderate
discrimination in this study were expected. Nevertheless, the enhanced FINDRISC item-based model achieved compar-
able AUC values after incorporating key demographic and clinical parameters, suggesting that much of the predictive
advantage of Framingham stems from shared core variables rather than structural differences in modeling approach. This
interpretation aligns with validation studies demonstrating that simplified non-laboratory cardiovascular risk models
relying on anthropometric and behavioral variables can achieve discrimination comparable to classical scores when
applied to large community populations and appropriately calibrated.”> Importantly, questionnaire-based tools offer
several practical advantages. They require minimal resources, are suitable for primary screening, and allow rapid
implementation in population-level epidemiologic surveillance. Evidence from comparative risk-score research indicates
that non-invasive screening instruments can function effectively as first-stage stratification tools, identifying higher-risk
individuals who may then undergo more comprehensive clinical assessment. This tiered approach is particularly relevant
in low-resource or large-scale cohort contexts where laboratory testing may not be feasible for all participants. Our
findings further suggest that predictive convergence between FINDRISC and Framingham arises from overlapping
cardiometabolic constructs embedded in both tools. Variables such as age, central adiposity, and blood pressure likely
capture overlapping cardiometabolic processes that are closely associated with both diabetes and coronary disease.*®
When these constructs are explicitly modeled rather than aggregated into a single summary score, their predictive signal
becomes more apparent, improving discrimination and narrowing the performance gap with cardiovascular-specific
models.

Collectively, these findings suggest that while FINDRISC may provide an accessible preliminary screening approach
in resource-limited settings, its use alone for CHD prediction is insufficient. Incorporating blood pressure, lipid measures,
and demographic factors substantially enhances predictive accuracy and brings performance closer to established
cardiovascular models. The comparable performance observed between the enhanced FINDRISC and non-laboratory
Framingham models highlights an important practical implication: population-specific recalibration of simple tools may
achieve acceptable discrimination without full reliance on complex laboratory-based frameworks.

This study has several notable strengths. First, it is based on a prospective cohort design with longitudinal follow-up,
allowing temporal assessment of baseline risk factors in relation to incident CHD and strengthening the validity of the
predictive analysis. Second, the simultaneous evaluation of two conceptually distinct risk assessment approaches—a
questionnaire-based tool (FINDRISC) and a non-laboratory clinical model (Framingham)—enabled a comprehensive
comparison of prediction strategies relevant to both community screening and clinical settings. Third, predictive
performance was assessed not only through ROC-AUC but also using the F1 score, which is particularly informative
in datasets with class imbalance. Because incident CHD events represented a minority outcome in this cohort, reliance on
AUC alone could overestimate model utility; incorporating the F1 metric provided a more application-oriented evalua-
tion by balancing precision and recall and better reflecting classification performance in real-world screening scenarios.

Despite these strengths, several limitations should be acknowledged. The follow-up duration, although sufficient to
capture incident cases, may still be relatively short for fully characterizing long-term cardiovascular risk trajectories.
Residual confounding remains possible, especially from unmeasured socioeconomic or behavioral determinants. Some
predictors were derived from self-reported questionnaire data, introducing potential reporting bias that may have
attenuated effect estimates. In addition, fasting glucose did not remain statistically significant in the final multivariable
model and was excluded during model selection. This finding should be interpreted cautiously rather than as evidence of
a lack of biological relevance. Several methodological and epidemiologic factors may explain this result, including
collinearity with related metabolic variables, mediation through anthropometric or blood pressure parameters, limited
variability within the study population, or insufficient statistical power to detect independent effects after adjustment.
Moreover, glycemic status is partly captured indirectly through other cardiometabolic constructs embedded in both
FINDRISC and Framingham variables. Similar observations have been reported in risk modeling studies where glucose-
related predictors lose independent significance once correlated metabolic factors are included. Future analyses incorpor-
ating repeated glycemic measurements, alternative glycemic markers, or larger event counts may clarify its independent
contribution.
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In addition, model evaluation in the present study primarily focused on discrimination metrics, and calibration
assessment and external validation in independent populations were beyond the scope of the current analysis, which
may limit the generalizability of the findings. Another methodological consideration is that logistic regression was
used to evaluate predictive performance, whereas survival analysis methods such as Cox proportional hazards models
may provide additional insights into time-to-event relationships in longitudinal cohort data. Furthermore, although
several models demonstrated acceptable predictive performance, the discriminative ability of some models was
moderate, which should be considered when interpreting their clinical applicability. Future studies incorporating
calibration analyses, external validation in independent cohorts, survival-based modeling approaches, and longer
follow-up periods or pooled multi-cohort datasets could enhance the robustness, generalizability, and clinical utility
of these prediction models.

Conclusion

The total FINDRISC score alone demonstrated limited predictive value for CHD risk in the Iranian population. However,
modeling the individual FINDRISC questionnaire components substantially improved predictive performance. Notably,
a simplified non-laboratory FINDRISC-based model that incorporated questionnaire items together with gender and
systolic blood pressure achieved a discriminative ability comparable to that of the non-laboratory Framingham model.
The addition of laboratory variables such as total cholesterol provided only modest further improvement in model
performance. These findings suggest that a simplified non-laboratory FINDRISC-based approach using readily obtainable
clinical variables may have potential as a preliminary CHD risk assessment strategy, particularly in settings with limited
access to laboratory testing. However, because calibration assessment and external validation were not performed in the
present study, further research in independent populations is required before considering broader clinical or public health
implementation of the proposed model.
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