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Machine learning models for assessing risk factors affecting health care costs: 12-month exercise-based cardiac rehabilitation
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Introduction: Exercise-based cardiac rehabilitation (ECR) has proven to be effective and cost-effective dominant treatment option in health care. However, the contribution of well-known risk factors for prognosis of coronary artery disease (CAD) to predict health care costs is not well recognized. Since machine learning (ML) applications are rapidly giving new opportunities to assist health care professionals’ work, we used selected ML tools to assess the predictive value of defined risk factors for health care costs during 12-month ECR in patients with CAD.

Methods: The data for analysis was available from a total of 71 patients referred to Oulu University Hospital, Finland, due to an acute coronary syndrome (ACS) event (75% men, age 61 ± 12 years, BMI 27 ± 4 kg/m2, ejection fraction 62 ± 8, 89% have beta-blocker medication). Risk factors were assessed at the hospital immediately after the cardiac event, and health care costs for all reasons were collected from patient registers over a year. ECR was programmed in accordance with international guidelines. Risk analysis algorithms (cross-decomposition algorithms) were employed to rank risk factors based on variances in their effects. Regression analysis was used to determine the accounting value of risk factors by entering first the risk factor with the highest degree of explanation into the model. After that, the next most potent risk factor explaining costs was added to the model one by one (13 forecast models in total).

Results: The ECR group used health care services during the year at an average of 1,624 ± 2,139€ per patient. Diabetes exhibited the strongest correlation with health care expenses (r = 0.406), accounting for 16% of the total costs (p < 0.001). When the next two ranked markers (body mass index; r = 0.171 and systolic blood pressure; r = − 0.162, respectively) were added to the model, the predictive value was 18% for the costs (p = 0.004). The depression scale had the weakest independent explanation rate of all 13 risk factors (explanation value 0.1%, r = 0.029, p = 0.811).

Discussion: Presence of diabetes is the primary reason forecasting health care costs in 12-month ECR intervention among ACS patients. The ML tools may help decision-making when planning the optimal allocation of health care resources.
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1 Introduction

The impact of cardiovascular diseases extends far beyond mere statistics, directly correlating with elevated rates of mortality, morbidity, and frailty among those affected. These consequences, in turn, contribute significantly to the overall health care costs (1). Therefore, health care providers worldwide are required to target resources within the accessible and effective health services for the management of cardiovascular diseases especially coronary artery disease (CAD) (2).

Exercise-based cardiac rehabilitation (ECR) is recognized as a key component of comprehensive CAD management in international guidelines (3, 4). For example, the recent meta-analysis with 85 randomized controlled trials of 23,430 CAD patients showed that ECR reduced the risk of cardiovascular mortality, recurrent cardiac events, and hospitalizations, and improved health-related quality of life (5). Importantly, there is evidence showing that ECR is a dominant treatment option in comparison to usual care only in economic data analysis approaches (4, 5). Demonstrating the cost-effectiveness of ECR in operational planning and decision-making can assist decision-makers in allocating resources to treatments that offer patients the highest attainable health benefits while maintaining reasonable costs.

The implementation of machine learning (ML) techniques in clinical practice holds significant promise for optimizing health care resource utilization, ensuring both effectiveness and cost-efficiency (6). Recently, we utilized specific feature importance analysis to assess the predictive power of treated causal and modifiable risk factors at baseline in forecasting health care costs over a 12-month follow-up period for patients recovering from acute coronary syndrome (ACS) under usual care within the Finnish health care system. Our findings highlighted that a higher depression score emerged as the leading predictor of health care costs, succeeded by elevated levels of low-density lipoprotein (LDL) cholesterol and a reduced left ventricular ejection fraction (7).

Since the applicability of chosen ML tools was tested in the previous study and the ECR has shown marked improvements in risk factors among ACS patients, we tested if the primary predictive risk variables will be different when ACS patients in addition to usual care participate to the ECR intervention. We hypothesized that ECR in addition of usual care will modify the order of risk marker models compared to the usual care only. The specific aim of present study is to utilize ML tools to evaluate the predictive significance of specific risk factors for health care costs in patients with ACS who, in addition to receiving usual care, participated in a 12-month ECR program.



2 Methods


2.1 Study population

This research is a component of the EFEX-CARE (Effectiveness of Exercise Cardiac Rehabilitation) study, which has been officially registered with the Identifier Record NCT01916525 on ClinicalTrials.gov. The participants in the EFEX-CARE study were drawn from a consecutive series of ACS patients in the Division of Cardiology at the Oulu University Hospital. All the measurements were performed at the Oulu University Hospital. Each participant underwent coronary angiography to confirm the presence of CAD. A comprehensive description of the EFEX-CARE study population has been previously provided (8); however, to summarize, individuals with NYHA class ≥III, those scheduled for or undergoing emergency by-pass surgery, individuals with unstable angina pectoris, severe peripheral atherosclerosis, diabetic retinopathy or neuropathy, or those unable to engage in independent daily physical activities due to musculoskeletal issues were excluded from the study.

In the present study, we will show the health care costs for a 12-month follow-up and baseline risk marker data measured approximately two to 3 weeks after their hospital discharge for patients receiving usual care and participating to international guideline prescribed ECR. Originally the EFEX-CARE study was a randomized controlled trial, where the ACS patients were randomized to the usual care or ECR groups. In the original EFEX-CARE study 109 participants from the exercise training group were involved in the study. Finally, 78 individuals completed the study as planned. Drop-outs from the study were due to a lack of motivation, loss of interest, logistic problems, loss of time mainly because of work duties or health-related problems. Since data from all measured risk markers were needed for the present analysis, data for a total of 71 ECR patients was available. The research adhered to the CONSORT guidelines and was conducted in accordance with the Declaration of Helsinki. The local committee of research ethics for the Northern Ostrobothnia Hospital District approved the study protocol, and all participants provided written informed consent.



2.2 Assessment of patient characteristics, risk markers and health care costs

We gathered a range of health-related data through different methods. Briefly, body weight and height were measured to assess body composition. Blood pressure was measured in a supine position after a 10-min resting period, following current guidelines. Self-rated depression was assessed using the Depression Scale (DEPS) questionnaire (9). Data on smoking status, alcohol use disorders identification (AUDIT-C) (10), medication, history of acute myocardial infarction, and revascularization were obtained from hospital records and standard questionnaires. Left ventricular systolic function was assessed using 2-D echocardiography (Vivid 7, GE Health care, Wauwatosa, WI, United States). Blood samples were collected after a 12-h overnight fast to analyze plasma glucose, glycated hemoglobin (HbA1c), blood lipids, insulin, and high-sensitivity C-reactive protein using consistent methods at the Oulu University Hospital, Finland. An incremental symptom-limited maximal exercise test was conducted at the Oulu University Hospital using a bicycle ergometer (Monark Ergomedic 839 E, Monark Exercise AB, Vansbro, Sweden) to assess maximal physical exercise capacity (measured in metabolic equivalents: METs). Health-related quality of life was assessed using the 15D questionnaire (11) and completed by patients at the hospital before discharge.

For estimating health care costs, we considered specialized and primary health care services, as well as occupational health care services. Social security ID numbers were used to determine ambulatory care visits, treatment days, and external service usage, with costs calculated based on the Diagnosis Related Groups (DRG) classification. Data for primary health care services, including doctor visits, examinations, and in-ward treatment days, were obtained from electronic health registries using unique social security ID numbers. Information on home care and institutional care (e.g., assisted care homes) was gathered from registries. Additionally, we utilized the report of the Social Insurance Institute of Finland (KELA) (12) to estimate occupational health care service costs. All costs were considered in 2015 values, and no discounting was applied due to the one-year time horizon of the analysis.



2.3 Exercise-based cardiac rehabilitation

The ECR program started as soon as possible after hospital discharge, as suggested earlier (13). The 12-month ECR was planned according to the guidelines (14, 15) consisting of aerobic (30–40 min) and strength exercises (30–40 min) 3 to 5 times per week. The ECR group were invited to the Verve Rehabilitation Center in Oulu, Finland to begin a 12-month ECR program. During the initial 6 months, they attended the Cardiac Rehab gym equipped with aerobic and strength exercise devices (Smart Card system, Ab HUR Oy, Kokkola, Finland), once a week, where they received individual guidance from a physical therapist on both gym and the other exercises performed home-based. After 6 months, home-based ECR continued and only checkpoint visits to monitor the progression of exercise training were scheduled at 9 and 12 months. The intensity of the exercises was stated using the perceived ratings of exertion (RPE) scale from 6 to 20 (16) and targeted to the level between 12 and 15 RPE. Realized training load was calculated from the diaries (RPE x duration of each exercise session) (17). We refer interested readers to Hautala et al. (8) for a detailed intervention description.



2.4 Definition of predictive models

In predictive modeling, feature importance scores indicate the significance of input features in predicting the target variable (18). These scores guide feature selection, helping reduce computational costs and potentially enhance model performance. They offer valuable insights for improving predictive models through feature selection (19, 20) and dimensionality reduction (21, 22). Various methods exist, such as those based on statistical correlations and variances, but the choice of method should align with the specific variables and data types, necessitating the evaluation of multiple techniques for suitability. Based on our previous study (7), we performed the feature importance analysis including Cross Decomposition (23), Partial Least Squares Canonical Analysis (PLSC), Partial Least Squares based on Singular Value Decomposition (PLSSVD), Partial Least Square Regression (PLSRegression), Canonical Correlation Analysis (CCA), and Analysis of Variance (ANOVA) test relying on p-values for ranking.

Following the ranking of health care cost risk factors, we conducted a linear regression analysis to predict costs. This involved starting with the top-ranking risk marker and gradually adding the following best markers, resulting in the creation of 13 predictive models. Descriptive statistical analyses, including means, standard deviations (SDs), and proportions where relevant, were performed. We utilized the SPSS software (version 28, SPSS Inc., Chicago, IL, United States) for these predictive data analyses. Statistical significance was established with a p-value threshold of <0.05 for all tests.




3 Results

Table 1 displays the fundamental demographic features, clinical attributes, and medication usage patterns of the individuals included in the study. Interestingly, the monthly realized training volume, averaging at 15870 ± 7,758, surpassed the prescribed training volume of 10,740 ± 507 by a significant 51% (p < 0.0001). Furthermore, the average total cost per ACS patient over a 12-month follow-up period stood at 1624 ± 2,139 € for all causes.



TABLE 1 Baseline characteristics, health care costs and medication use (n = 71).
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Figure 1 illustrates the hierarchy of risk factors utilized for forecasting health care costs. On the right side, a color scheme indicates the ranking (1–13) of these risk factors within each feature selection technique. In this heat map, a lower rank value is associated with a darker color, signifying the increased significance of the respective risk factor. The numbers enclosed in parentheses (1–13) present the overall ranking of each risk factor, considering its positions across multiple selection methods.

[image: Figure 1]

FIGURE 1
 The rank aggregation process involves consolidating risk factors calculated using various methods, with each column representing a different feature selection method. In the heatmap, a lower rank value (indicated by a darker color) signifies a higher level of importance for the respective risk factor. The risk factors considered include LDL (low-density lipoprotein), PLSC (partial least squares canonical analysis), PLSR (partial least square regression), CCA (canonical correlation analysis), PLSSVD (partial least squares based on singular value decomposition), and F value obtained from the analysis of variance.


Table 2 provides an overview of the predictive models and their respective contributions to health care costs. It also illustrates the direction of each independent risk factor’s impact (positive or negative) through correlation values. Notably, diabetes emerged as the most influential predictor with a value of r = 0.406, attributing to 16% of the costs (p < 0.001). Upon incorporating the subsequent two highest-ranked markers, namely body mass index (r = 0.171) and systolic blood pressure (r = −0.162), the predictive capacity of the model increased to 18% for the costs (p = 0.004). On the other hand, the depression scale exhibited the lowest independent explanatory power among all 13 risk factors, contributing 0.1% (explanation value, r = 0.029, p = 0.811) to the overall model.



TABLE 2 Linear regression analysis models according to risk markers for prognosis of coronary artery disease at baseline for prediction of health care costs in exercise-based cardiac rehabilitation during one-year intervention.
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4 Discussion

The results shown in the present study provide insights into the well-known risk factors collected from health care registries that influence health care costs predicted by ML algorithms, specifically in the context of patients with ACS in a 12-month ECR intervention. We found that diabetes is the primary contributing factor to health care costs followed by a higher body mass index. These findings highlight the significance of various demographic and clinical attributes in predicting health care expenditures, which can have important implications for health care providers, policymakers, and researchers.


4.1 Diabetes forecasting health care costs

Diabetes is one of the fastest-growing global health emergencies of the 21st century. The combination of diabetes with ACS enhances the risk for cardiovascular events emphasizing an interdisciplinary approach for a personalized treatment strategy including exercise training (24) to reduce each patient’s disease burden (25). Diabetes is one of the most influential predictors of health care costs associated with a myriad of complications, including cardiovascular issues, neuropathy, and kidney disease, all of which can substantially increase health care costs. For example, the total estimated cost of diagnosed diabetes in the U.S. in 2022 was 414$ billion, including 307$ billion in direct medical costs and 106$ billion in indirect costs attributable to diabetes (26). We found diabetes as the primary contributing risk factor for the health care costs, followed by body mass index and systolic blood pressure with our ACS patients, although they obeyed carefully exercise training prescriptions and exceeded their prescribed training volume by a significant 51%. It is also important to mention that blood glucose level in terms glycated hemoglobin (HbA1c) and fasting plasma glucose were well balanced according to treatment targets in our patients. Nevertheless, diabetes itself showed to be the main contributor for the health care costs.



4.2 Exercise intervention changes the risk marker profile for health care costs

In our previous study we tested the applicability of ML tools to predict health care costs in a group of ACS patients treated with usual care only. The chosen methods for feature importance demonstrated their effectiveness in ranking established risk markers, determining the most critical primary targets among them. This aids in identifying key contributors to healthcare costs. We observed that depression, expressed as the higher DEPS score, was the primary contributing factor of health care costs in a 12-month follow-up (7). Interestingly, for the ECR group in the present study, the DEPS score had the lowest explanatory power in predicting health care costs without practically no contribution (0.1%). This is interesting an finding, since not only in terms of health care costs, but understanding that psychosocial risk factors, such as depression, have shown their significance in affecting cardiovascular prognosis, treatment adherence, quality of life, and even sudden cardiac death (27, 28). We also confirmed that the ACS patients involved in usual care did not differ from the ECR group in the present study at baseline in any clinical variables such as diabetes, DEPS score, or any other risk factor, or medications (Supplementary Table S1). Furthermore, it is notable that all ACS patients in the EFEX-CARE study were willing to participate and were at baseline randomized into the ECR and usual care groups.

In addition to medical treatment, exercise is a key component of comprehensive CAD management (5, 14). It is also well-documented that exercise is efficacious in treating depression and depressive symptoms. Therefore, it should be offered as an evidence-based treatment option to individuals with a diagnosis of a major depressive disorder or those with depressive symptoms (29) and similarly with cardiovascular disease patients suffering from mental health disorders (30). It is important to note that the DEPS scale we used in this study is a self-report scale that assesses the severity of depressive symptoms, and it should not be used as the sole basis for diagnosing depression (31). However, it seems that the ECR changes markedly the important risk marker profile measured at baseline compared to the group of patients treated in usual care only when predicting health-care costs in a 12-month time course (Figure 2).

[image: Figure 2]

FIGURE 2
 Risk analysis algorithms (cross-decomposition algorithms) to rank risk factors in exercise-based cardiac rehabilitation (A) and usual care (B). A darker color signifies a higher level of importance for the respective risk factor. *Usual care group ranking has been published earlier by Hautala et al. (7).


In the present study, we used the selected feature importance methods to find the most preferred first-order targets of risk markers to contribute to health care costs. We also assessed if the order of the leading predictive risk marker will change if we remove one-by-one the risk markers ranked from 6 to 13. Despite excluding the risk markers from the feature importance analysis, the order of the five leading markers remained the same. Therefore, in addition to selected feature importance analysis tools, the selected risk markers included were relevant and valid to the performed analysis.



4.3 Strengths and limitations

We believe that the strength of this study lies in its utilization of hospital records to determine the use of health care services, as opposed to relying on patient self-reports, thus minimizing recall bias. Furthermore, the study conducted a comprehensive assessment of baseline patient characteristics, encompassing clinical status, medication usage, thorough laboratory analysis and realized exercise training analysis from diaries. However, it is important to acknowledge a limitation in the study, namely the small and possibly selectively chosen patient sample in the EFEX-CARE study, which may restrict the generalizability to a broader population of ACS patients with significant co-morbidities. Nevertheless every participant in the EFEX-CARE study expressed a willingness to take part and was subsequently randomized into either the ECR or usual care groups.

Our findings demonstrated that when all 13 markers were combined, this model could only predict 31% of the costs. While this may initially appear low, it is worth noting that the proprietary nature of economic data and the diverse sources of health care cost components may partly account for these results. For instance, we were able to analyze direct health care costs but not indirect costs stemming from reduced work productivity due to health issues. An open question remains: can the predictive value be enhanced by incorporating additional variables? This question presents a potential avenue for future research. Additionally, although we assessed various feature importance methods to establish their stability, the relatively small sample size and multicollinearity among risk factors raise some caution in interpreting and generalizing the results. However, we believe that the proposed methodology holds promise for application in medical and health care settings where patient risk profiles and health care costs over a specific period need to be evaluated.




5 Conclusion

The study’s findings contribute to the growing body of knowledge on risk factors influencing health care costs in ACS patients who participated in guideline-prescribed exercise training intervention. The results highlight the importance of patient engagement, the impact of diabetes, and the significance of modifiable risk factors like BMI and blood pressure in health care costs.

This information can guide risk assessment in clinical practice and help identify high-risk patients who may benefit from targeted interventions. By understanding the relative importance of different risk factors, health care providers can tailor their care plans to address specific patient needs, potentially reducing health care costs while improving patient outcomes. These insights can inform health care policies, clinical guidelines, and interventions aimed at improving patient care and reducing the economic burden of ACS. However, further research and validation of these findings in diverse patient populations are needed to enhance their generalizability and utility in clinical practice.



Data availability statement

The original contributions presented in the study are included in the article/Supplementary material, further inquiries can be directed to the corresponding author.



Ethics statement

The studies involving humans were approved by the local committee of research ethics for the Northern Ostrobothnia Hospital District, Oulu, Finland. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.



Author contributions

AH: Conceptualization, Data curation, Formal analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Supervision, Validation, Visualization, Writing – original draft, Writing – review & editing. BS: Conceptualization, Data curation, Formal analysis, Investigation, Methodology, Project administration, Software, Validation, Visualization, Writing – original draft, Writing – review & editing. BA: Conceptualization, Data curation, Formal analysis, Investigation, Methodology, Project administration, Software, Validation, Visualization, Writing – original draft, Writing – review & editing. MT: Conceptualization, Data curation, Formal analysis, Investigation, Methodology, Project administration, Supervision, Validation, Visualization, Writing – original draft, Writing – review & editing. KM: Conceptualization, Data curation, Formal analysis, Investigation, Methodology, Project administration, Software, Supervision, Validation, Visualization, Writing – original draft, Writing – review & editing.



Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. This study was partly funded by the Academy of Finland (grant no. 322221).



Acknowledgments

The EFEX-CARE study group’s exceptional contributions and support throughout the EFEX-CARE study are greatly appreciated by the authors. This research is aligned with the thematic research area of Decision Analytics employing Causal Models and Multiobjective Optimization (DEMO, jyu.fi/demo) at the University of Jyvaskyla.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpubh.2024.1378349/full#supplementary-material



References

 1. Rodgers, JL, Jones, J, Bolleddu, SI, Vanthenapalli, S, Rodgers, LE, Shah, K , et al. Cardiovascular risks associated with gender and aging. J Cardiovasc Dev Dis. (2019) 6:19. doi: 10.3390/jcdd6020019


 2. Virani, SS, Newby, LK, Arnold, SV, Bittner, V, Brewer, LC, Demeter, SH , et al. 2023 AHA/ACC/ACCP/ASPC/NLA/PCNA guideline for the management of patients with chronic coronary disease: a report of the American heart association/american college of cardiology joint committee on clinical practice guidelines. Circulation. (2023) 148:e9–e119. doi: 10.1161/CIR.0000000000001168 

 3. Taylor, RS, Dalal, HM, and McDonagh, STJ. The role of cardiac rehabilitation in improving cardiovascular outcomes. Nat Rev Cardiol. (2022) 19:180–94. doi: 10.1038/s41569-021-00611-7 

 4. Dibben, G, Faulkner, J, Oldridge, N, Rees, K, Thompson, DR, Zwisler, AD , et al. Exercise-based cardiac rehabilitation for coronary heart disease. Cochrane Database Syst Rev. (2021) 2021:CD001800. doi: 10.1002/14651858.CD001800.pub4


 5. Dibben, GO, Faulkner, J, Oldridge, N, Rees, K, Thompson, DR, Zwisler, AD , et al. Exercise-based cardiac rehabilitation for coronary heart disease: a meta-analysis. Eur Heart J. (2023) 44:452–69. doi: 10.1093/eurheartj/ehac747 

 6. van Smeden, M, Heinze, G, Van Calster, B, Asselbergs, FW, Vardas, PE, Bruining, N , et al. Critical appraisal of artificial intelligence-based prediction models for cardiovascular disease. Eur Heart J. (2022) 43:2921–30. doi: 10.1093/eurheartj/ehac238 

 7. Hautala, AJ, Shavazipour, B, Afsar, B, Tulppo, MP, and Miettinen, K. Machine learning models in predicting health care costs in patients with a recent acute coronary syndrome: a prospective pilot study. Cardiovasc Digit Health J. (2023) 4:137–42. doi: 10.1016/j.cvdhj.2023.05.001


 8. Hautala, AJ, Kiviniemi, AM, Makikallio, T, Koistinen, P, Ryynanen, OP, Martikainen, JA , et al. Economic evaluation of exercise-based cardiac rehabilitation in patients with a recent acute coronary syndrome. Scand J Med Sci Sports. (2017) 27:1395–403. doi: 10.1111/sms.12738 

 9. Salokangas, RK, Poutanen, O, and Stengard, E. Screening for depression in primary care. Development and validation of the depression scale, a screening instrument for depression. Acta Psychiatr Scand. (1995) 92:10–6. doi: 10.1111/j.1600-0447.1995.tb09536.x


 10. Saunders, JB, Aasland, OG, Babor, TF, de la Fuente, JR, and Grant, M. Development of the alcohol use disorders identification test (AUDIT): WHO collaborative project on early detection of persons with harmful alcohol consumption‐II. Addiction. (1993) 88:791–804. doi: 10.1111/j.1360-0443.1993.tb02093.x 

 11. Sintonen, H. The 15D instrument of health-related quality of life: properties and applications. Ann Med. (2001) 33:328–36. doi: 10.3109/07853890109002086 

 12. Hujanen, T, and Mikkola, H. Työterveyshuollon palvelujen kustannusten alueelliset erot. Kelan tutkimusosaston julkaisuja. The Social Insurance Institution of Finland: Publication Series Nettityöpapereita, (2013). 42.


 13. Pack, QR, Mansour, M, Barboza, JS, Hibner, BA, Mahan, MG, Ehrman, JK , et al. An early appointment to outpatient cardiac rehabilitation at hospital discharge improves attendance at orientation: a randomized, single-blind, controlled trial. Circulation. (2013) 127:349–55. doi: 10.1161/CIRCULATIONAHA.112.121996 

 14. Corra, U, Piepoli, MF, Carre, F, Heuschmann, P, Hoffmann, U, Verschuren, M , et al. Secondary prevention through cardiac rehabilitation: physical activity counselling and exercise training: key components of the position paper from the cardiac rehabilitation section of the European Association of Cardiovascular Prevention and Rehabilitation. Eur Heart J. (2010) 31:1967–74. doi: 10.1093/eurheartj/ehq236 

 15. Fletcher, GF, Ades, PA, Kligfield, P, Arena, R, Balady, GJ, Bittner, VA , et al. Exercise standards for testing and training: a scientific statement from the American Heart Association. Circulation. (2013) 128:873–934. doi: 10.1161/CIR.0b013e31829b5b44 

 16. Borg, GA. Psychophysical bases of perceived exertion. Med Sci Sports Exerc. (1982) 14:377–81. doi: 10.1249/00005768-198205000-00012 

 17. Foster, C. Monitoring training in athletes with reference to overtraining syndrome. Med Sci Sports Exerc. (1998) 30:1164–8. doi: 10.1097/00005768-199807000-00023 

 18. Kuhn, M, and Johnson, K. Feature engineering and selection: a practical approach for predictive models. Taylor & Francis Group, CRC Press (2019).


 19. Chandrashekar, G, and Sahin, F. A survey on feature selection methods. Comput Electr Eng. (2014) 40:16–28. doi: 10.1016/j.compeleceng.2013.11.024


 20. Li, J, Cheng, K, Wang, S, Morstatter, F, Trevino, RP, Tang, J , et al. Feature selection: a data perspective. ACM Comput Surveys. (2017) 50:1–45. doi: 10.1145/3136625


 21. Fodor, IK. A survey of dimension reduction techniques (no. UCRL-ID-148494). Livermore, CA: Lawrence Livermore National Lab (2002).


 22. Van Der Maaten, L, Postma, E, and Van den Herik, J. Dimensionality reduction: a comparative. J Mach Learn Res. (2009) 10:66–71.


 23. Wegelin, JA. A survey of partial least squares (PLS) methods, with emphasis on the two-block case. Available at: https://www.stat.washington.edu/research/reports/2000/tr371.pdf Department of Statistics, University of Washington (2000).


 24. Kanaley, JA, Colberg, SR, Corcoran, MH, Malin, SK, Rodriguez, NR, Crespo, CJ , et al. Exercise/physical activity in individuals with type 2 diabetes: a consensus statement from the American College of Sports Medicine. Med Sci Sports Exerc. (2022) 54:353–68. doi: 10.1249/MSS.0000000000002800 

 25. Marx, N, Muller-Wieland, D, Verket, M, and Schutt, K. Management of cardiovascular diseases in patients with diabetes: ESC guidelines 2023. Herz. (2023) 49:15–8. doi: 10.1007/s00059-023-05218-x


 26. Parker, ED, Lin, J, Mahoney, T, Ume, N, Yang, G, Gabbay, RA , et al. Economic costs of diabetes in the U.S. in 2022. Diabetes Care. (2022) 47:26–43. doi: 10.2337/dci23-0085


 27. Lahtinen, M, Kiviniemi, AM, Junttila, MJ, Kaariainen, M, Huikuri, HV, and Tulppo, MP. Depressive symptoms and risk for sudden cardiac death in stable coronary artery disease. Am J Cardiol. (2018) 122:749–55. doi: 10.1016/j.amjcard.2018.05.006 

 28. Pogosova, N, Saner, H, Pedersen, SS, Cupples, ME, McGee, H, Hofer, S , et al. Psychosocial aspects in cardiac rehabilitation: from theory to practice. A position paper from the cardiac rehabilitation section of the European Association of Cardiovascular Prevention and Rehabilitation of the European Society of Cardiology. Eur J Prev Cardiol. (2015) 22:1290–306. doi: 10.1177/2047487314543075 

 29. Heissel, A, Heinen, D, Brokmeier, LL, Skarabis, N, Kangas, M, Vancampfort, D , et al. Exercise as medicine for depressive symptoms? A systematic review and meta-analysis with meta-regression. Br J Sports Med. (2023) 57:1049–57. doi: 10.1136/bjsports-2022-106282 

 30. Singh, B, Olds, T, Curtis, R, Dumuid, D, Virgara, R, Watson, A , et al. Effectiveness of physical activity interventions for improving depression, anxiety and distress: an overview of systematic reviews. Br J Sports Med. (2023) 57:1203–9. doi: 10.1136/bjsports-2022-106195


 31. Almeida, OP, and Almeida, SA. Short versions of the geriatric depression scale: a study of their validity for the diagnosis of a major depressive episode according to ICD-10 and DSM-IV. Int J Geriatr Psychiatry. (1999) 14:858–65. doi: 10.1002/(SICI)1099-1166(199910)14:10<858::AID-GPS35>3.0.CO;2-8 


Copyright
 © 2024 Hautala, Shavazipour, Afsar, Tulppo and Miettinen. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fpubh-12-1378349-t001.jpg
Variable Exercise-based cardiac

rehabilitation

Men, n 53 (75%)
Patients with T2D, n 15 (21%)
Age, year 61412
Weight, kg 82£15
BMI, kg/m® 271442
Systolic BP, mmHg 136221
Diastolic BE, mmHg 76410
Exercise capacity, MET 6117
Quality of life, 15-D. 092008
AUDIT-C for alcohol use 32124
Depression scale 48249
Current smokers, n 7(10%)
Cost for all reasons, (€) 162442139
History of AMI

NSTEMI n 33 (46%)

STEMI, 1 29(41%)

Revascularization

PCLn 61 (86%)
Earlier CABG, n 4(6%)
Cardiac function
LVEE % 628
CCSclass 14206

Laboratory analyses

HbALG, % 59+06
Fasting plasma glucose, mmol/l 5909
Total cholesterol, mmol/l 3808
HDL cholesterol, mmol/l 12403
LDL cholesterol, mmol/l 22:07
Triglycerides, mmol/l 15413
hs-CRP, g/l 18£33
Medication
Beta blockers, 63 (89%)
ACEI or ARB, n 62(87%)
Lipids, n 70 (99%)
Anticoagulants, n 71 (100%)
Calcium antagonists, n 12 (17%)
Nitrates, 1 16 (23%)
Diuretics, n 11 (15%)

Values are means: SD or the number of subjects (proportion); T2D, type 2 diabetes; BMI,
body mass index; BP, blood pressure; MET, metabolic equivalent; 15-D, health-related
quality oflfe; AUDIT-C, identifies at-risk drinkers for alcohol use; AMI, acute myocardial
farction; NSTEMI, non-ST segment elevation myocardial infarction; STEMI, ST segment
elevation myocardial infarction; PCI, percutancous coronary intervention; CABG, coronary
artery by-pass grafting; LVE, leftventricular ejection fraction; CCS, Canadian
Cardiovascular Society grading of angina pectoris; HbAI, gycated hemoglobin; HDL,
high-density lipoprotein; LD, low-density lipoprotein; hs-CRR, high-sensitivity C-reactive
protein; ACEI angiotensin conversion enzymes inhibitor; ARB angiotensin receptor blocker.
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Diabetes 0.406 1 0.164

Body mass index 0171 2 0.166

Systolic blood pressure ~0.162 3 0.182 0.004
Age 0.144 4 0.185 0.008
Smoking ~0.138 5 0.188 0016
Maximal exercise capacity ~0.094 6 0.189 0032
AUDIT-C for alcohol use 0.085 7 0.221 0.022
Ejection fraction 0.061 il 0.240 0.023
HbAlc 0070 9 0.283 oon
LDL cholesterol ~0.054 10 0.283 0019
Quality of life, 15-D. 0.045 1 0.300 0.020
Gender ~0.039 2 0.300 0033
Depression scale 0.029 3 0.307 0.044

The models were defined according to ranking analysis for well addressed causal and modifiable sk markers for prognosis of coronary artery disease at baseline. The Model 1 includes top one
ranking risk marker Diabetes. The models from 2 to 13 are defined by entering the top second parameter (Body mass index) to the model. Accordingly, the next isk markers were added
one-by-one to the defined models (3. Systolic blood pressure, 4. Age, 5. Smoking, 6. Maximal exercise capacity; 7. AUDIT-C for alcohol use, 8. Ejection fraction, 9. HbALC, 10. LDL cholesterol,
11. Quality of lfe, 12. Gender and 13. Depression Scale).
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