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Abstract
There is limited information on predicting incident cardiovascular outcomes among high- to very high-risk populations 
such as the elderly (≥ 65 years) in the absence of prior cardiovascular disease and the presence of non-cardiovascular multi-
morbidity. We hypothesized that statistical/machine learning modeling can improve risk prediction, thus helping inform 
care management strategies. We defined a population from the Medicare health plan, a US government-funded program 
mostly for the elderly and varied levels of non-cardiovascular multi-morbidity. Participants were screened for cardiovascular 
disease (CVD), coronary or peripheral artery disease (CAD or PAD), heart failure (HF), atrial fibrillation (AF), ischemic 
stroke (IS), transient ischemic attack (TIA), and myocardial infarction (MI) for a 3-yr period in the comorbid history. They 
were followed up for up to 45.2 months. Analyses included descriptive approaches in terms of incidence rates and density 
ratios, and inferential in terms of main effect statistical/complex machine learning modeling. The contemporary risk factors 
of interest spanned across the domains of comorbidity, lifestyle, and healthcare utilization history. The cohort consisted 
of 154,551 individuals (mean age 68.8 years; 62.2% female). The overall crude incidence rate of CVD events was 9.9 new 
cases per 100 person-years. The highest rates among its component outcomes were obtained for CAD or PAD (3.6 for each), 
followed by HF (2.2) and AF (1.8), then IS (1.3), and finally TIA (1.0) and MI (0.9).
Model performance was modest in terms of discriminatory power (C index: 0.67, 95%CI 0.667–0.674 for training; and 0.668, 
95%CI 0.663–0.673 for validation data), equal agreement between predicted and observed events for calibration purposes, 
and good clinical utility in terms of a net benefit of 15 true positives per 100 patients relative to the All-patient treatment 
strategy. Complex models based on machine learning algorithms yielded incrementally better discriminatory power and 
much improved goodness-of-fitness tests from those based on main effect statistical modeling. This Medicare population 
represents a highly vulnerable group for incident CVD events. This population would benefit from an integrated approach to 
their care and management, including attention to their comorbidities and lifestyle factors, as well as medication adherence.
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Introduction

Cardiovascular diseases (CVD) remain the leading cause of 
disease burden in the world and in non-high income coun-
tries rates of morbidity and mortality continue to increase 
[1]. Consequently, there remains a global need to focus on 
implementing cost-effective strategies via integrated care 
policies and interventions to improve CVD diagnosis, risk 
assessment and aid management decision-making.

Current algorithms used to predict CVD risk are usually 
designed for the general populations who are free of prior 
CVD risk and with median age mostly < 50 years [2–8]. These 
algorithms also typically target future CVD risk of 5 to 10 yr. 
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A major drawback of these algorithms is that they tend to over-
estimate the CVD risk, and age limits were mostly around 
75 years and were represented in relatively smaller propor-
tions compared to the general population [9]. Importantly, lim-
ited information is available when applied to the 75–84 age 
limit and non-existent for the 85–94 age limit. Another major 
drawback is the lack of data on non-cardiovascular multi-
morbidity (e.g., chronic kidney disease, chronic obstructive 
pulmonary disease/bronchiectasis), and healthcare utilization 
such as emergency room visits. The latter is usually regarded 
as a proxy for healthcare use and a key determinant of disease 
burden. Finally, CVD risk equations do not include CVD out-
comes such as incident atrial fibrillation which is associated 
with a high risk of mortality and morbidity, particularly from 
stroke and heart failure [10].

With the above in mind, there are limited insights into the 
evolution of CVD and cardiovascular risk prediction in special 
populations such as the elderly without prior CVD history in 
the presence of non-cardiovascular multi-morbidity. Recently, 
Neuman et al. [9] studied an elderly population without prior 
CVD events and dementia/physical disability but with limited 
information on any prior non-cardiovascular co-/multi-morbid-
ity. They reported 594 major adverse cardiovascular events in 
a median follow-up of 4.7 years involving 18,548 participants 
aged 70 years and above. The risk factors for CVD events 
included age, gender, smoking, systolic blood pressure, high-
density lipoprotein cholesterol (HDL-c), non-HDL-c, serum 
creatinine, diabetes mellitus, and intake of anti-hypertensive 
agents [9]. These results are limited by the smaller sample 
for the elderly populations and model performance validation 
metrics, and cannot be extrapolated to Medicare cohorts in the 
US which are mostly elderly and typically have higher preva-
lence rates of non-cardiovascular multi-morbidity relative to 
the general population [11–15]. Therefore, the development of 
contemporary risk tools would benefit an integrated approach 
customized to their care management, including attention to 
their current comorbidities and lifestyle factors.

The specific aims of this study are: (i) to examine the inci-
dence of CVD and its components i.e., coronary or peripheral 
artery disease (CAD or PAD), heart failure (HF), atrial fibril-
lation (AF), ischemic stroke (IS), transient ischemic attack 
(TIA), and myocardial infarction (MI)) in a multi-morbid 
Medicare population without prior CVD history; and (ii) to 
develop and validate an algorithm to predict incident CVD 
outcomes/components in Medicare populations using statisti-
cal and machine learning algorithms.

Methods

Population description and criteria for participation

The participant patients are derived from the Medicare 
health plan which is funded by the US government for 
individuals aged 65 years and above, as well as including 
those with some level of disability for those age > 18 years. 
In essence, Medicare provides medical insurance to about 
60 million of the US population who are 65 years and 
above as well as younger populations under age 65 receiv-
ing Social Security Disability Insurance and those diag-
nosed with end-stage renal disease and amyotrophic lateral 
sclerosis. Details of the Medicare health plan characteris-
tics are provided elsewhere [16].

Plan participants have both medical and pharmacy ben-
efits, and their information was extracted from administra-
tive databases between January 1, 2016 and September 
30, 2022, with the criterion of having at least 48 months 
of continuous enrollment or more for each individual 
participant.

The plan participants did not have any cardiovascu-
lar conditions in the comorbid history for the first three 
years of the study. For the fourth year, at least one year 
of follow-up or more was dedicated to detect any inci-
dent cardiovascular outcomes. No cardiovascular con-
ditions were allowed in the comorbid history period of 
three years including coronary or peripheral artery disease 
(CAD or PAD), heart failure (HF), atrial fibrillation (AF), 
ischemic stroke (IS), transient ischemic attack (TIA), and 
myocardial infarction (MI). The outcomes tracked during 
the follow-up time consisted of incident cardiovascular 
disease (CVD), i.e., composite outcome including any of 
the individual seven cardiovascular outcomes and its com-
ponent outcomes.

Risk factors and cardiovascular outcomes

The risk factors included medical conditions in the comor-
bid history, lifestyle/personal factors, healthcare utilization 
variables, and demographic attributes. Description of these 
factors and their codes in the administrative databases are 
provided in Suppl Tables S1 and S2. This comprehensive 
array of risk factors was based on prior published literature 
[11–15].

The above risk factors were treated as binary variables 
with “1” for the condition presence and “0” for its absence. 
The healthcare utilization factors were nominal categori-
cal variables and are described in Suppl Table S2. Gen-
der was treated as a binary variable with “1” for females 
and “0” for males. Age was analyzed as a continuous 
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variable in years and categorical in groups (i.e., nominal 
variable). The age brackets included 18–44 years or “0”, 
45–54 years or “1”, 55–64 years or “2”; 65–74 years or 
“3”; 75–84 years or “4”; and 85–94 years or “5”.

Analysis of variables

The analysis of variables included descriptive and inferential 
statistics as well as model prediction using statistical and 
machine learning (ML) algorithms. The statistical analy-
ses were performed using the Statistical Analysis Software 
(SAS) Enterprise, with the ML computations conducted 
using the SAS Enterprise Miner. The descriptive analyses 
included calculation of individual counts (%) for demo-
graphic parameters and co-morbid history, with the excep-
tion of mean (SD) for age as a continuous variable. The 
clinical outcomes were analyzed in terms of incidence rates 
in new cases/100 person-years by age groups, gender, and 
overall population.

Prediction modeling was performed using statistical (i.e., 
main effect modeling via logistic regression analysis) to 
examine the independent effects of co-morbid, lifestyle/per-
sonal history, healthcare utilization, and demographic vari-
ables. The incident cardiovascular outcomes were binary and 
8 in total (one for composite outcome or CVD and 7 for its 
component outcomes, that is, CAD, PAD, HF, AF, IS, TIA, 
and MI). The analyses were performed for all 8 outcomes.

The ML techniques were pursued for complex relation-
ships using two parametric (i.e., neural network and logis-
tic regression) methods. The ML-based logistic regression 
algorithm included main effects, interaction terms and 
polynomial effects, with the model selection based on the 
stepwise method. Only quadratic terms were included in 
the polynomial formulation to ensure proper conversion in 
a timely fashion of the optimization algorithm from numeri-
cal analysis perspective. Neural network used a multilayer 
perceptron architecture with direct connection for a feed-
forward multilayer network architecture composed of several 
layers of neurons (i.e., input, output, and hidden layers). Five 
hidden layers were deemed appropriate to handle the model 
complexity in this study.

Model validation was based on calibration, discrimination 
and clinical utility. Each model was trained on 67% of the 
data, with the remaining 33% data used for external valida-
tion. The training and validation samples were extracted at 
random. Discriminant validity was assessed using C-indices 
for both training and validation samples, separately. Clinical 
utility of each model was evaluated using decision curve 
analysis, with the net benefit calculated for the prediction 
model at hand in comparison to default strategies of treating 
all or no patients [17, 18].

In decision curve analysis, the net benefits of the model 
predicting patients at risk are compared against treating 

all patients or not treating any patient. Furthermore, the 
comparison between the prediction model and all patients 
is made for a given probability threshold. In general, net 
benefit is calculated across a range of threshold probabili-
ties, defined as the minimum probability of disease at which 
further intervention would be warranted, as net benefit = true 
positive rate – (false positive rate x weighting factor) where 
the weighting factor = threshold probability / (1—threshold 
probability). As such, it is a measure of true positive events 
after accounting for false positives. Indeed, the risk model 
use would then provide a more clinically effective care strat-
egy via reduction of potential harm or false positive if the 
induced net benefit is higher than one produced by treating 
all patients. Model calibration was assessed as described 
elsewhere for assessing the degree of agreement between the 
predicted probabilities and actual values [19].

Results

The Medicare cohort consisted of 154,551 individuals (mean 
age 68.8 years; 62.2% female) (Table 1). About 81% of the 
population was aged ≥ 65 years (with 70.6% of those in the 
65–74 year age bracket), with 9.3% and 9.8% for the 18–54 
and 45–54 age groups, respectively. The highest prevalence 
rates in the comorbid history (i.e., ≥ 25%) were observed 
for hypertension, diabetes mellitus, hyperlipidemia, spon-
dylosis, and osteoarthritis (Table 1). In terms of lifestyle 
factors, obesity and tobacco use/dependency had the highest 
prevalence rates (21% and 10%, respectively). In terms of 
healthcare utilization, the rates of ER visits and hospitaliza-
tions in the last 6 months of the 3-yr period of the comorbid 
history were 9.8% and 2.8%, respectively. The rate of spend-
ing 1 day or longer in the last 30 days in the 3-yr period of 
the comorbid history prior to the incidence of CVD events 
was 0.51%.

Incidence of CVD events and its component 
outcomes, and their survival times

The overall crude incidence rate of CVD events was 9.9 new 
cases per 100 person-years (Suppl. Table S3). The highest 
rates among its component outcomes were CAD or PAD 
(3.6), followed by HF (2.2) and atrial fibrillation (1.8), then 
ischemic stroke (1.3), and finally transient ischemic attack 
(1.0) and myocardial infarction (0.9). The incidence density 
ratio followed a similar path, that is, CVD (29%) and its 
component outcomes (CAD, 11.9%; PAD, 12.2%; HF, 7.6%; 
AF, 6.2%; IS, 4.4%; TIA, 3.4%; MI, 3.0%).

Incidence rate or density ratio increased steadily with 
an increase in age; however, there was a plateau between 
the 55–64 and 65–74 age groups (Suppl Table S3). Males 
had slightly higher incidence rates and density ratios for 
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Table 1   Frequency and prevalence of baseline characteristics for participant population

Baseline characteristic Level Frequency/Prevalence

Age group, n (%) 18–44 5792 (3.8)
45–54 8491 (5.5)
55–64 15,097 (9.8)
65–74 88,338 (57.2)
75–84 31,480 (20.4)
85–94 5242 (3.4)

Age in years (mean, SD) 68.8 (10.3) 68.8 (10.3)
Gender, n (%) Males 58,450 (37.8)

Females 95,990 (62.2)
Overall, n (%) 154,551 (100.0)
Comorbid condition history, n (%) Hypertension 97,087 (62.8)

Diabetes mellitus 38,697 (25.0)
Hyperlipidemia 96,631 (62.5)
Low high-density lipoprotein (HDL) 512 (0.3)
Hyperthyroidism 3292 (2.1)
Chronic obstructive pulmonary disease/bronchictasis 16,051 (10.4)
Asthma 12,586 (8.1)
Sleep apnea 9923 (6.4)
Chronic kidney disease 12,795 (8.3)
Liver disease 13,492 (8.7)
Anemia 24,178 (15.6)
Spondylosis/intervertebral disks 56,093 (36.3)
Osteoarthritis 48,042 (31.1)
Depression 20,208 (13.1)
Major bleeding 10,753 (7.0)
Cognitive impairment 3566 (2.3)

Lifestyle/personal history, n (%) Obesity 31,808 (20.6)
Tobacco use and dependency 15,233 (9.9)
Alcohol use and dependency 2690 (1.7)
Inappropriate diet 3743 (2.4)
Inadequate physical exercise 400 (0.3)
Life stresses 84 (0.1)
Family history of diseases 9705 (6.3)

Healthcare utilization history, n (%) ER usage in last 6 months, count/nominal scale
0 139,354 (90.2)
1 11,851 (7.7)
2 2209 (1.4)
3 637 (0.4)
4 or more (4) 500 (0.3)
Hospital inpatient admissions in last 6 months, count/nominal scale
0 150,218 (97.20)
1 3790 (2.45)
2 434 (0.28)
3 71 (0.05)
4 or more (4) 38 (0.02)
Length of hospital stay in last 30 days, total days/nominal scale
0 153,766 (99.49)
1 94 (0.06)
2 157 (0.10)
3 131 (0.08)
4–6 (4) 223 (0.14)
7–13 (5) 133 (0.09)
14–30 (7) 47 (0.03)
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CVD events and its component outcomes. The survival 
times for the incident CVD events and component out-
comes averaged from 21 to 24 months, with the median 
values similarly spanning from 21 to 26 months past the 
3-yr period of comorbid history (see Suppl Table S4).

Derivation and validation of an algorithm to predict 
CVD risk using statistical/ML algorithms

Several individual risk variables were statistically significant 
in predicting incidence cardiovascular disease events and its 
component outcomes and produced good performance meas-
ures (see Table 2 and Figs. 1, 2, 3; Tables S5, S6, S7, S8, 
S9, S10, S11, S12 and Figs. S1, S2, S3) at the 0.001 level.

Table 1   (continued)
Values are in count (n) and percent except where noted
Note: ER emergency room

Table 2   Odds ratios (PE point estimate; CI confidence interval; LL lower limit; UL upper limit) for incident cardiovascular disease using indi-
vidual risk/protective variables

Incident cardiovascular event

Training data Validation Data

PE LL UL Pr > ChiSq PE LL UL Pr > ChiSq

Comorbid condition history
Hypertension 1.44 1.40 1.49  < .0001 1.41 1.34 1.48  < .0001
Diabetes mellitus 1.24 1.20 1.28  < .0001 1.21 1.16 1.27  < .0001
Hyperlipidemia 1.10 1.06 1.13  < .0001 1.13 1.08 1.18  < .0001
Low high-density lipoprotein (HDL)
Hyperthyroidism 1.13 1.03 1.24 0.0137 1.17 1.03 1.33 0.0167
Chronic obstructive pulmonary disease/bronchiectasis 1.63 1.55 1.70  < .0001 1.58 1.48 1.68  < .0001
Asthma 1.11 1.05 1.17  < .0001 1.17 1.09 1.26  < .0001
Sleep apnea 1.27 1.21 1.35  < .0001 1.23 1.14 1.34  < .0001
Chronic kidney disease 1.21 1.16 1.27  < .0001 1.18 1.10 1.26  < .0001
Liver disease 1.07 1.02 1.13 0.0053 1.07 1.00 1.15 0.0435
Anemia 1.21 1.17 1.26  < .0001 1.20 1.14 1.26  < .0001
Spondylosis/intervertebral discs 1.25 1.21 1.29  < .0001 1.28 1.23 1.34  < .0001
Osteoarthritis 1.22 1.18 1.26  < .0001 1.25 1.20 1.31  < .0001
Depression 1.12 1.07 1.17  < .0001 1.13 1.06 1.20 0.0001
Major bleeding 1.19 1.13 1.26  < .0001 1.20 1.11 1.29  < .0001
Cognitive impairment 1.43 1.31 1.56  < .0001 1.29 1.14 1.46  < .0001

Lifestyle history
Obesity 1.17 1.13 1.21  < .0001 1.15 1.09 1.21  < .0001
Tobacco use and dependency 1.35 1.28 1.42  < .0001 1.38 1.28 1.48  < .0001
Alcohol use and dependency
Inappropriate diet
Inadequate physical exercise
Life stresses
Family history of diseases 1.30 1.23 1.37  < .0001 1.29 1.19 1.39  < .0001

Healthcare utilization history
ER usage in last 6 months 1.12 1.09 1.16  < .0001 1.20 1.15 1.25  < .0001
Hospital inpatient admissions in last 6 months
Length of hospital stay in last 30 days 1.09 1.03 1.14 0.0015 1.05 0.98 1.12 0.184

Demographics Gender 0.81 0.78 0.83  < .0001 0.79 0.75 0.82  < .0001
Age (years) 1.04 1.04 1.05  < .0001 1.04 1.04 1.05  < .0001

C index 0.669 0.669
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The validation data showed comparable performance 
measures to the training data for the various incident car-
diovascular outcomes. The models for the incident com-
posite CVD outcomes showed good performance values for 
both training and validation data, with similar c indexes for 
the training and validation data, as follows: 0.67 (95%CI 
0.667–0.674) and 0.668 (95%CI 0.663–0.673), respectively 
with the ROC curves shown in Fig. 1.

The performance of main effect modeling in terms of 
clinical utility is shown in Fig. 2 for the validation data of 
incident CVD events using decision curve analysis. The pre-
dicted outcomes produced much higher true positives (after 
accounting for false positives) than those obtained on the 
basis of the strategy of treating all patients for the entire 
spectrum of probability thresholds. For example, if one is 
to adopt a 20% probability threshold to predict an incident 
CVD event, the model can detect 25.4 true positives per 100 
patients in comparison to treating all patients which can tar-
get only about 11.3% of the patients. The prediction model 
provides a clear benefit over and above treating all patients 
by 14.1 cardiovascular cases per 100 patients after adjusting 
for any false positives.

The calibration curves in Fig. 2 showed good accuracy 
agreements between the observed and predicted events for 
the widest range of probability levels (0–60%), with slight 
overestimation in the higher probability thresholds. Calibra-
tion of the training and validation models for various out-
comes showed comparable predicted and observed events in 
the allowable range (Suppl Fig. S2).

Among the individual factors, a number of influential con-
ditions were associated with the onset of incident compos-
ite CVD events (see Table 2). The most common included 
hypertension, diabetes mellitus, chronic kidney disease, sleep 

Fig. 1   Discriminant validity performance of incident cardiovascular disease outcome model with individual risk/protective factors for training 
and validation data
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apnea, spondylosis, osteoarthritis, COPD, anemia, major 
bleeding, and cognitive impairment. Obesity, tobacco use and 
dependency, and family history were significant predictors in 
the lifestyle/personal history index. ER utilization in the last 
6 months of the 3-year comorbid history period as well as days 
of hospitalizations in the last 30 days of the 3-yr comorbid his-
tory were also associated with CVD events. Females were at 
a lesser risk than males. Inching up one year of age at a time 
increased the risk of cardiovascular onset by 4%.

Building complex models using ML-based formulations 
yielded slightly higher discriminatory power (c index values 
for neural network: 0.68 for training data and 0.68 for vali-
dation data; c index values for logistic regression: 0.674 for 
training data and 0.68 for validation data) than the main effect 
modeling based on logistic regression (see Suppl Figs. S4, S5, 
S6). The goodness-of-fit tests for the ML formulations were 
much better than those for the main effect models therefore 
reducing the misspecification errors. The two parametric-
based ML algorithms produced very similar results.

Discussion

The main findings from this study are as follows: (1) the 
overall crude incidence rate for CVD events was high 
amounting to 9.9 new cases/100 person-years and an inci-
dence density equaling 29%; (2) the highest incidence 
rates and density ratios were obtained for CAD and PAD; 
(3) the model developed to predict incident CVD events 
demonstrated good performance in terms of discrimi-
nation, calibration, and clinical utility; (4) a number of 
important contemporary individual risk factors emerged 
from the comorbid (e.g., COPD), lifestyle/personal (e.g., 
tobacco use/dependency) and healthcare utilization (e.g., 
ER visit counts) history; and (5) the more complex ML-
based algorithms yielded slightly better discriminatory 
performance than those based on traditional main effect 
statistical modeling, yet it produced a better model with a 
goodness-of-fit test thus reducing misspecification errors.

Fig. 3   Calibration performance of incident cardiovascular disease outcome model with individual risk/protective factors for training and valida-
tion data
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The crude overall incidence density ratio of 29% was 
much higher than those recently reported in 2019 for the 
general population in the US [20]. For the adult population 
aged 18 years and above, the prevalence rate of self-reported 
heart disease (i.e., coronary heart disease, angina or angina 
pectoris, and myocardial infarction) was 6.4% [18]. For an 
age group equal to 65 years and above, the prevalence rate 
was 18.3%. Based on an American Heart Association report, 
[21] the prevalence of CVD (defined as comprised of CAD, 
HF and stroke) was equal to 9.3% overall in adults ≥ 20 years 
of age. The 29% incidence ratio was much higher than the 
prevalence rate of 7.9% for CVD for the general population 
we previously reported [11] and was slightly lower than that 
of 35.1% for the age ≥ 65-year group.

In this study, the crude overall incidence rate was 9.9 
cases/100 person-years, a value that is higher than the over-
all rates of 0.66 and 0.95 cases/100 person-years previously 
reported for the UK women and men, respectively [2]. Fur-
thermore, the 85–94 year age group studied in the present 
study had an incidence rate that is almost double the overall 
rate (18.3); indeed, almost 1 in 2 end up having an incident 
CVD event based on the incidence density ratio of 48%. This 
age bracket has limited prior data and demonstrates that it is 
extremely vulnerable for incident CVD events.

The overall incidence rate obtained for MI was 0.9 
events/100 person-years, which was higher than our prior 
report for the general population across three health plans 
(i.e., Medicare, Medicaid, Commercial) and a comparable 
age spectrum [11]. Hence, the MI incidence rate for this 
Medicare cohort without CVD in the comorbid history is 
almost 38% to 104% of the incidence rate for the general 
population. The overall incidence rate of AF was 1.8 new 
events/100 person-years, much higher than that reported by 
Lip et al. [12] for a Medicaid cohort typified by a lower 
socio-economic status (relative to those participating in this 
study), high disability status, presence of cardiovascular 
conditions in comorbid history, and a much younger aver-
age age. In our prior study [12], the incidence rate was 0.49 
cases/100 person-years. Furthermore, the overall rate in the 
present study was much higher than that reported by Lip 
et al. [13] for the general population (incidence rate = 0.33 
cases/100 person-years) with the presence of cardiovascular 
conditions in the comorbid history.

Lip et  al. [14] reported that the incidence rate for 
stroke (i.e., ischemic stroke, transient ischemic attack, and 
thrombo-embolic events) is 0.95 cases/100 person-years in 
a general population across three health plans (Commercial, 
Medicare, and Medicaid). The population had 3.4 million 
participants and had cardiovascular conditions in the comor-
bid history including stroke. Yet, the value obtained in the 
present study for ischemic stroke was higher and equal to 
1.3 new events/100 person-years, although the incidence 
rate for ischemic stroke alone is lower than that for stroke at 

large. Indeed, adding TIA events to those for ischemic stroke 
would yield even higher incidence rates [15].

The incidence statistics in the present study suggest that 
the cohort may represent a high to very high CVD risk 
population. Therefore, because of the lack of information in 
the published literature, a simple model predictive of inci-
dent CVD events and consisting of individual risk factors 
was devised, demonstrating good performance metrics and 
good model calibration. The clinical utility of the model 
also showed good results by truly detecting 15 true posi-
tive events (after accounting for the false positives) per 100 
patients over and above those produced by the all-patient 
treatment strategy at a probability threshold of 20%.

Collectively, this predominantly elderly population with a 
varied mix of disability and non-cardiovascular multi-mor-
bidity and the absence of cardiovascular disease in comorbid 
history therefore represents a high- to very high-risk group 
for CVD events. This suggests that significant non-cardio-
vascular illnesses put excessive overload on the cardiovascu-
lar system and weaken the general immune system. Indeed, 
these effects would make these cohorts vulnerable for any 
kind of cardiovascular illness as well as the easier path for 
the effects of external factors on the cardiovascular system 
due to reduced immunity (e.g., COVID-19).

In light of the above, it appears that these subpopula-
tions would benefit from an integrated approach to their care 
management, including attention to their comorbidities and 
lifestyle factors. From a practicing clinician standpoint, such 
an integrated care management approach can be devised to 
manage comorbid history symptoms or disorders [22–24]. 
This would be in a way similar to (a) the ABC (Atrial fibril-
lation Better Care) strategy to manage AF [25], which has 
been associated with improved outcomes in AF patients [26] 
and has been recommended in guidelines [27] and (b) other 
integrated approaches reported by researchers and clinicians 
in the medical literature for chronic long term conditions 
[24, 28]. The lifestyle/personal variables can be modified to 
reduce the future CVD risk in a comprehensive manner con-
sistent with the guidelines [29]. For example, the American 
Heart Association introduced “Life’s Simple 7 initiative” 
including three cardiovascular risk factors (glucose, blood 
pressure, and cholesterol) and four lifestyle behaviors (body 
mass index, smoking, physical activity, and diet), and the 
majority of these factors have been associated with longevity 
in prospective observational studies [30–33]. In addition to 
an integrated care management approach, it will be essen-
tial to find ways to improve medication adherence given the 
likely polypharmacy in such patients [34].

With respect to the statistical methods and ML algorithms 
utilized in this study, it appears that ML algorithms provide 
better solutions than the traditional statistical techniques, 
given that the ML formulations provide complex non-linear 
equations, thereby, exploiting the detailed interactions and 
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non-linear effects within and across the classes of clinical 
and non-clinical parameters utilized in the built-in models. 
Parametric ML techniques were utilized with the aim to pro-
vide detailed equations for use by clinicians, and neural net-
work algorithms provided comparable results to the complex 
logistic regressions equations. Therefore, the latter solution 
was utilized due to their explicit mathematical formulations.

Indeed, there is a potential economic value of integrating 
ML in usual care, for detecting patients at higher risk for an 
integrated, personalized approach. This is particularly vital 
for the patients at risk of serious CVD (e.g., ischemic heart 
disease, stroke, and heart failure) with important co-morbid-
ities. For example, Szymanski et al. [35] examined the use 
of an AF risk prediction algorithm in improving AF detec-
tion compared with regular screening in primary care and 
assessed the associated budget impact, potentially saving 
millions in the UK healthcare system. Other examples are 
also reported for other cardiovascular conditions [36–39].

Limitations

The findings of this study were based on observational 
research derived from administrative databases with poten-
tial subject and methodological biases compared to the well-
controlled clinical trials. The use of observational studies 
using administrative data may be subject to confounding bias 
by unadjusted factors (e.g., disease severity, blood pressure 
control, exact estimated glomerular filtration rate, adverse 
drug effect, and reasons for ceasing medication) or by a 
residual channeling bias. Finally, residual bias is still pos-
sible, especially with regard to unmeasured variables related 
to disease severity and clinical data.

Despite the above-mentioned limitations, the methodo-
logical procedures deployed in this investigation are based 
on best available practices. Additionally, the potential biases 
may have been lessened by the truly diversified population 
utilized in this study with large numbers. Despite the biases 
to which observational studies are subject, these stud-
ies complement clinical trial via generalization of results 
through the use of real world data.

Conclusions

This Medicare population represents a high- to very high-
risk group for CVD events and would benefit from an inte-
grated care approach to their management, including atten-
tion to their comorbidities, lifestyle factors, and healthcare 
utilization patterns.
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