CENTRAL ASIAN JOURNAL OF ACADEMIC

RESEARCH

IF = 5.441

i e B PREDICTION OF CARDIOVASCULAR DISEASE THROUGH
LINEAR REGRESSION USING ARTIFICIAL INTELLIGENCE.

CENTRAL ASIAN JOURNAL OF

Tashkent Medical Academy. Tashkent. Uzbekistan

https://doi.org/10.5281/zenodo.15350098

Qabul qilindi: 01-May 2025 yil
Ma'qullandi: 04- May 2025 yil
Nashr qilindi: 06-May 2025 yil

We conducted this systematic
review using the CHARMS
checklist. This review has been
registered in the international

The surge in cardiovascular diseases (CVDs) has become
a global challenge with a steadily climbing trend of
cardiovascular deaths from 12.1 million in 1990 to 18.6
million in 2019 [1, 2]. Risk prediction, a primary strategy
in addressing this worldwide problem, has brought
significant benefits to some developed countries through
the improvement of the effectiveness of life intervention
and reduction of economic burden [3, 4]. Therefore, risk
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traditional models [T-Ms] in this study) has been
incorporated into clinical guidelines by the European
Society of Cardiology (ESC) and the American College of
Cardiology/American Heart Association (ACC/AHA) [7,
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The surge in cardiovascular diseases (CVDs) has become a global challenge with a
steadily climbing trend of cardiovascular deaths from 12.1 million in 1990 to 18.6 million in
2019 [1, 2]. Risk prediction, a primary strategy in addressing this worldwide problem, has
brought significant benefits to some developed countries through the improvement of the
effectiveness of life intervention and reduction of economic burden [3, 4]. Therefore, risk
prediction has been expected as an efficient way to achieve World Health Organization (WHO)
goals for reducing CVD-related mortality by 25% by 2025, and some classic CVD prediction
models (e.g., the Framingham [5] and SCORE [6], referred to as traditional models [T-Ms] in
this study) has been incorporated into clinical guidelines by the European Society of
Cardiology (ESC) and the American College of Cardiology/American Heart Association
(ACC/AHA) [7, 8].

Artificial intelligence (Al), encompassing machine learning (ML) and deep learning (DL),
is a field within computer science dedicated to the development of computational systems
capable of performing tasks that traditionally necessitate human intelligence, such as
learning, reasoning, problem-solving, perception, language comprehension, and decision-
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making. The application of Al in the healthcare sector, including disease risk prediction, is

substantial transformations driven by Al in this domain, it also introduces a spectrum of
challenges and issues, including concerns related to ethics, legality, data privacy, security,
in the Al field, characterized by a coexistence of challenges and opportunities in the era of big
data, Al-driven disease risk prediction stands ready to harness immense potential and
address substantial needs [11, 21]. It has demonstrated notable superiority over the T-Ms,
owing to its more robust data-processing capability, fewer condition restrictions, and better
performance [11], thereby providing a more promising predictive strategy for CVDs.

However, a comprehensive and systematic overview of Al for CVD prediction is still
lacking, despite the field has witnessed several recent comparative reviews that tend to
emphasize specific aspects. For instance, Suri et al. provided a comprehensive summary of ML
paradigms with a technical emphasis [22]. Azmi et al. focused on emphasis on comparing the
predictive performance of various ML-based classification algorithms using medical big data
[23]. Infante et al. and Assadi et al. primarily reviewed the contributions of cardiac computed
tomography angiography and cardiac magnetic resonance to AI-CVD prediction [24, 25].
Triantafyllidis et al. conducted a review on the impact of DL on the diagnosis, management,
and treatment of major chronic diseases, including cardiovascular disease [26]. Zhao et al.
only observed social determinants contributing to AI-CVD prediction [27]. Liu et al. compared
the ML and traditional approaches for atherosclerotic CVD risk prognostication [28]. These
articles provide limited insights for a comprehensive understanding of the current state of
this field. Therefore, in reference to previously published reviews that elucidate the
development status of T-Ms for CVD prediction [29], we conducted this summarization work
and attempted to explore potential solutions to address the current challenges.

Methods

We conducted this systematic review using the CHARMS checklist. This review has been
registered in the international prospective register of systematic reviews (PROSPERO), with
the registration number CRD42021271789, where all updates of the review will also be
recorded. This review followed the Preferred Reporting Items for Systematic reviews and
Meta-Analysis (PRISMA) statement (Additional file 1). Patients and the public were not
involved in setting of the research question, designing or implementing the study, or in

interpreting or writing of the results.

Literature search

A literature search was conducted in PubMed, Web of Science, Embase, and IEEE, using
search terms to identify primary articles focused on the development and/or validation of Al
in predicting incident CVD up to July 2021. A cross-reference check was performed for all
reviews on CVD prediction models identified by our search. Search strategies are described in
Additional file 2: Text 1.

Eligibility criteria

We included only original research on risk prediction models for humans with full text
in English, excluding studies that (1) are for clustering and outcome classification and (2) in
the postoperative or perioperative period of cardiac surgery or non-cardiac surgery.
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Screening process

Two independent reviewers screened the titles and abstracts. The corresponding full
texts were retrieved and reviewed after identifying potentially eligible articles. Any
disagreements during this process were resolved through discussion among all team
members to reach a consensus.

Data extraction and critical appraisal

The list of extracted items was based on the CHARMS checklist. Two independent
reviewers extracted the data, with any discrepancies being resolved through discussion by the
entire team. The risk of bias was assessed using the Prediction Model Risk of Bias Assessment
Tool (PROBAST) [30], and the extraction form included four domains: participants, predictors,
outcomes, and statistical analysis. Results were summarized using descriptive statistics.
Quantitative synthesis of the models was not performed.

Assessment of the feasibility of independent external validation

To evaluate the feasibility of independent external validation of each model, we
conducted a literature review of existing assessment guidelines or tools in the field of AI/ML
medical research (Additional file 2: Text 2 and Fig. S1) and summarized initially candidate
items for designing a screening tool. Subsequently, a preliminary plan that weighs screening
efficiency and initiatives for the study of ideal CVD prediction models [29] was further
discussed and revised by a panel of experts, including clinicians (G-W Z and D-X G), Al experts
(T-C J and MG), clinical epidemiologists (ZY), and information technology specialists (WH),
among others. Ultimately, a novel scoring system was further developed through consistent
feedback of three independent international experts in Al or CVD domains from ExpertScape™
rank and peer recommendations. It is called the independent validation score (IVS),
comprising five steps with five score items as follows: transparency of models, performance of
models, feasibility of reproduction, risk of reproduction, and clinical implication sequentially.
After the five-step scoring process, five grades of feasibility recommendation were set,
including “strongly recommended”, “recommended”, “neutral”, “warning”, and
recommended”.

We included 63 papers focusing on the general population and 16 that addressed
subgroups for specific diseases, including type 2 diabetes (n=4, 5%), hypertension (n=4,
5%), and kidney diseases (n=4, 5%). Forty different age ranges were reported across the
cohorts, except for 45 cohorts which did not mentioning age range. The two most common
ones were 40 to 79 years (n=12, 15%) and 30 to 77 years (n=6, 7%), and the average age
ranged from 42 to 78 years. The majority of papers (n=70, 89%) were not sex specific or
stratified, with only 24 cohorts having roughly equal proportions of males and females (45-

«

not

55% females or males in numbers).

Data sources and research environment

Only a minority of the articles (n =24, 30%) used multiple datasets to develop models as
indicated in data source analysis, showing an obvious dominance in single dataset-deriving
models. Of all 114 datasets, 42 are multi-centered, and 32 are single-centered; however, 40
databases are unknown. In terms of information collection, only 56 were from electronic
health record (EHR), 11 from EHR + questionnaire, 1 from questionnaire + personal interview,
and 46 did not clearly mention the data sources. Regarding the issue of missing variables
problem, only 5 cohorts clearly described the number of participants with missing variables,

Volume 3, Issue 05, May 2025 Page 22



https://sjifactor.com/passport.php?id=23542
https://bmcmedicine.biomedcentral.com/articles/10.1186/s12916-024-03273-7#ref-CR30
https://bmcmedicine.biomedcentral.com/articles/10.1186/s12916-024-03273-7#MOESM2
https://bmcmedicine.biomedcentral.com/articles/10.1186/s12916-024-03273-7#ref-CR29

CENTRAL ASIAN JOURNAL OF ACADEMIC

whereas 94 cohorts did not mention this value. Fifteen cohorts excluded all participants with
missing variables.

In the research environment, the largest number came from the hospital scene (n =44,
39%), followed by community (n =20, 18%), primary health care institutions (n=5, 4%), and
hospital scene + primary health care institutions (n=1, 1%). Forty-four cohorts did not state
the environment. The study periods ranged from 1965 to 2019, with 57 cohorts reporting the
study period, 26 cohorts reporting only the baseline time, and 31 not mentioning the study
period.

Criteria for inclusion and exclusion

Of all 79 articles, only 36 clearly reported the criteria for inclusion, mainly including age
restriction, necessary clinical examination and variables, special disease, adequate follow-up
time, and number of visits during the period of follow-up. Twenty-two papers did not clearly
state the exclusion criteria (Additional file 2: Table S2).

Predictors

In all Al-Ms, the median number of predictors was 21 (range 5-52,000), with an
unquantifiable total number due to a lack of detailed information in individual articles. These
predictors were into two types: traditional factors and new-added ones, according to whether
they can be addressed by T-Ms. In addition to traditional factors such as age (in 400 models),
sex (in 357 models), total cholesterol (in 276 models), and smoking status (in 266 models),
several new-added predictors have emerged in Al-Ms, including electrocardiogram (ECG)
image (n =84, 17%), ultrasound image (n = 44, 9%), magnetic resonance imaging (MRI) image
(n=18, 4%), computed tomography (CT) image (n=12, 2%), single nucleotide
polymorphisms (SNPs) (n=9, 2%), and proteins (n=4, 1%) as shown in Fig. 4. Further
analysis showed that 135 models (30.96%) were built using these new-added data.

CVD outcomes and measurement method

We found a large variation in predicted outcomes among different models. A total of 42
single endings and 61 combined endings were confirmed in all models. The most common in
all 103 endpoints were complete CVD (n=40, 39%) and death (n=16, 16%). However, a
considerable heterogeneity was identified in the definitions of these outcomes, such as 19
different definitions for CVD. The main origin of definitions is diverse, including disease codes
(ICD9 or ICD10, n =36, 35%), self-report (n =4, 4%), and other international guidelines (n=3,
3%). Additionally, there were 149 models (30.66%) not reporting the definition of the
outcomes in 21 papers.

The most common prediction horizons in Al-Ms were 10 (n=107, 22%) and 2.5 years
(n=70, 14%) with a range between 1day and 15 years. Only 25 papers reported the
measurement methods for all included outcomes, which primarily comprised clinical records,
national institute statistics, questionnaires, and personal interviews. Only 11 articles reported
that the outcome measurement was blinded, and two articles explicitly reported not using the
blinding method. Other detailed information is summarized in Additional file 2: Table S3.

Sample size and performance

In total, 4 articles did not report the sample size and 22 articles did not report the
number of events. Based on reported data, the number of participants included in AI-Ms
ranged between 80 and 3,660,000 (median 4466), and the commonly used order of
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magnitudes of the number ranged from 1000 to 10,000 (n =44). The ending events occurred
ranging from 10 to 152,790 (median 504).

In all the articles (n=79), at least one measure of predictive performance was reported,
which was also one of the inclusion criteria for the article in this system review. C index was
mainly reported for 482 models. The calibration plot was for 90 models. Sensitivity/recall
was for 312 models. Specificity/true negative rate (TNR) was for 209 models.
Precision/positive predictive value (PPV) was for 201 models; accuracy was for 199 models;
F1 score was for 137 models; Matthews correlation coefficient (MCC) was for 7 models.

Assessment of algorithms transparency and model reproductivity

Overall, 13 categories of 66 idiographic algorithms were identified based on their
operation mechanisms and accepted classification principles. The most frequently applied
algorithm in all models is logistic regression (n=74, 15.2%), followed by random forest
(n=71, 14.6%) and neural network (n=63, 13.0%) as summarized in Additional file 2: Table
S4. Only 26 (39.4%) were used more than 3 times, while 24 (36.4%) appeared only once in all
algorithms. In total, 212 models did not report codes, formulas, or hyperparameters,
consequently identified as non-reproductive.

Development models and external validation models

Of the 486 models, 380 were development models and 106 were external validation
models (validating 103 development models), as reported in their primary papers. Notably,
no independent external validations were found in this field. Additionally, most datasets
(n=17, 68%) used for external validation were from the same countries as those used for
development models in their primary papers; however, most datasets used for external
validation were from different research periods (n=13, 52%) and different settings (n=18,
72%) as those used for development models. The development and external validation of
models were conducted by the same investigators in the same article. Our additional
exploratory analysis revealed a lower validation propensity in the developed models with
new variables (25.24% vs. 43.68%, P=0.001) and an AUC<0.7 (0% vs.70.45%, P<0.001),
which provide important information for us to build IVS.

Risk of bias

All models were at high risk of bias (n=486, 100%) according to the assessment using
PROBAST, as shown in Fig. 3D. The most common reasons were as follows: 1) inappropriate
data sources or inappropriate enrolment strategy in the participant domain (n=161, 33%); 2)
not mentioning the definition and measurement of the predictors, or not mentioning whether
the predictor’s assessments were blinded to outcome knowledge in the predictor domain
(n=401, 83%); 3) inappropriate outcome classification method, outcome definition was not

the same for all participants, predictors included in the outcome definition, or the
determination of outcomes with the knowledge of predictors in the outcome domain (n=52,
11%); 4) not accounting for the complexities of data, not evaluating the performance of
models appropriately, or not accounting for model overfitting and optimism in the statistical
analysis domain (n =486, 100%). The details are shown in Additional file 2: Table S5.

Summary of existing assessment guidelines or tools

Overall, a total 29 of guidelines or tools related to quality assessment or control in the
past decade (mainly in the last four years), with 5 for developing quality, 14 for reporting
quality, and 10 for both (Additional file 2: Table S6) In addition to the study design, statistical
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methods, model performance, risk of bias, Al ethics risk, replicability, as well as clinical
implementation, application, and implication in both developing and reporting assessments,
the complexity and standardization of data acquisition and processing, required resources
(such as software platforms, hardware, or technical professionals), and cost-effectiveness are
also focal points in many developing assessments. These provide a core framework for the
construction of IVS.

Independent validation score

Most models were identified as “not recommended” (n =281, 58%) or given a “warning”
(n=187, 38%). Only 10 (2%) were classified as “recommended,” and none were identified as
“strongly recommended” as revealed by our IVS for all 486 models in Fig. 2. The
recommended models are displayed in Additional file 2: Table S7. Insufficient transparency of
models contributed the largest number of “not recommended” (n =212), followed in turn by
performance (n = 56), feasibility of reproduction (n =12), and comprehensive reasons (n=1).

Discussion

This systematic review is the first to encompass global Al studies of CVD prediction in
the general population for more than 20 years, starting from the first article published in
2000 [72]. It presents the current status and broad trends in this field through a
comprehensive search and careful selection of studies. We performed an extensive data
extraction and thorough analysis of key characteristics in publications, including the
predictors, populations, algorithms, performance, and bias. On top of this, we have developed
a tool for evaluating replicability and applicability, to screen appropriate AI-Ms for
independent external validation, addressing the key issues currently hindering the
development of this field. The findings and conclusions are expected to provide references
and help for algorithm developers, cohort researchers, healthcare professionals, and policy
makers.

Principal findings

Our results revealed significant inefficiency in external validations and a lack of
independent external validation for the existing models, indicating that researchers in the
field of Al risk prediction were more inclined to put emphasis on new models developing,
instead of validating, although validation is crucial in determining clinical decisions [146].
According to the experience in the field of T-Ms research, these may lead to a large number of
useless prediction models, thereby suggesting that more attention should be paid to external
validation to avoid research waste and facilitate the translation of high-performing predictive
models into clinical practice [10,11]. Based on the facts that most studies used data from only
one cohort, we conjecture that limited data source may be one of the main reasons that
restrict the implementation of external validations. Therefore, the multi-centers studies,
especially multi-countries studies (only three were found in our review), should be
encouraged to establish multi-source databases.

It is found that the majority of studies were conducted in Europe and North America,
with only a few in the developing countries from Asia and South America, and unfortunately
none in Africa. The similar geographical trends have been confirmed in the conventional CVD
prediction models through previous literature reviews . However, the prevalence of the CVD is
dramatically increasing in those low- or middle-income countries, consequently contributing
over three quarters of CVD deaths all over the world and causing great burden to the local
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medical system . Considering the influence of ethnic heterogeneity on the prediction model .
native Al-Ms tailored to these countries should be developed for local prevention of CVD.

Four classic indexes, age, sex, total cholesterol, and smoking status, were more
frequently used in AI-Ms in all presented predictors (some papers not fully representing the
used predictors), similar to T-Ms. However, more importantly, the following summary
demonstrates that Al-Ms have triggered a profound revolution to predictors owing to its
strong data computing capability. First, the median number of predictors in the AI-Ms was
approximately 3 times greater than that in T-Ms as collated by Damen et al. [29]. Second,
except for the classic predictors (e.g, demographics and family history, lifestyle, and
laboratory measures), several new indexes have been involved in AI-Ms, mainly consisting of
some multimode data that cannot be recognized and utilized by T-Ms at all (e.g., image factors
and gene- or protein-related information). Third, the limitation of data range has been
eliminated, as proven by the no fixed age range and sex-specific equation for the development
of Al-Ms, which were important concerns in classic T-Ms. Fourth, Al models allow data re-
input and utility. Researchers gathered data many times in the follow-up procedure in
recurrent neural network (RNN) models, and these time series data were used to retrain the
Al-Ms for further improvement of performance . Another interesting improvement is that the
screening of predictors could be executed automatically by Al instead of classic log calculation

The systematic review of specific models is imperative for the head-to-head comparison
of these models and the design of the relevant clinical trials .Our analysis of report quality was
performed through reference to the TRIPOD statement and CHARMS-CHECKLIST, to inform
readers regarding how the study was carried out [158]. Worryingly, we found that many
articles did not report important research information, which not only significantly restrict
the readability of articles largely but also may lead to the unwarranted neglect for the
previous evidence through subsequent researches . Therefore, we have to strongly
recommend that each study should upload a statement of TRIPOD or upcoming TRIPOD-AI
designed specifically for Al prediction models when the manuscripts were submitted .

According to PROBAST, a common evaluation method of risk of bias for traditional
prediction models [165], all included AI-Ms were judged as high risk in our summary, mainly
owing to ignorance or failure to report competing risk in the item of statistical analysis.
Similar trends of high risk have been confirmed in many previous systematic reviews
regarding Al-Ms for other diseases, although there are some differences in specific reasons,
which involved more frequently sample size, calibration, missing data handling, and so on .
This could potentially be another significant constraint on the independent external
validation of models, in addition to the various issues mentioned earlier, which currently
hinder the widespread adoption of AI-Ms for CVD clinical practice. Therefore, it is strongly
suggested again that more attention should be focussed on statistical analysis, not only for
authors in the research and writing process, but also for reviewers and editors during review
and publication. Meanwhile, these widely high-risk judgment ratios prompt us to raise
question whether the current criteria are too harsh for AI-Ms, because it is unclear whether
some algorithms may offset competing risk due to their “black box” effect, and it should not be
ignored that the classic method of EPV may not be suitable for the sample size calculation in
some ML algorithms owing to their specific operation mechanism .
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Best practice guidance and specific pathways for the translation of Al-healthcare
research into routine clinical applications have been developed. Holmes et al. summarized the
AI-TREE criteria [33], while Banerjee et al. created a pragmatic framework for assessing the

validity and clinical utility of ML studies [11]. Building on this prior work and the experiences
reported in studies involving Al risk prediction models for various diseases . our insights
gained during the validation process of existing Al models, as well as a combination of
summary of existing Al research assessment guidelines or tools and experts’ suggestions, we
have developed an IVS for screening independent external validation models. This tool is
primarily intended for researchers involved in the validation process rather than developers
during the implementation phase. In this scoring system, in addition to the two recognized
criteria of transparency and risk assessment, the performance and clinical implication were
included to determine their suitability for independent external validation, which to some
extent, align with factors typically considered during the model development process, such as
impact, cost-effectiveness, and Al-ethics [11, 33]. In assessing performance, we opted for the
two most widely reported and strongly recommended indices for discrimination and
calibration, namely the c index and calibration plot/table, instead of specificity or sensitivity,
as they are not recommended by the TRIPOD and checklist guidelines . Furthermore, the
consistency of retrospective validation datasets and the challenges in acquiring prospective
study data are key factors influencing external validation .especially in the case of factors like
imaging, biomarkers, genomics, which may also encounter issues such as lack of
standardization and biased reporting [33]. Building upon the WHO's principles of model
utility [42], the acquisition and handling of laboratory-based and emerging multimodal
predictive factors’ acquisition and handling are essential assessment components in
evaluating the feasibility of independent external validation.

Our IVS results have indicated that more than 95% of the models may not be suitable for
independent external validation by other researchers, and as a result, may not provide any
useful help for the following clinical application. Therefore, it is rather reasonable to explain
why there have been no independent external validation researches in the field of CVD-AI
prediction for over 20 years. In addition to the problem of model transparency, the following
other four reasons also are considered to account for irreproducibility of the models,
including increased difficulty in parameter acquisition and processing, uncertain expected
performance, and low reliability owing to high risk. Therefore, it is strongly suggested that the
assessment of model replicability should be performed in the process of project research, and
a statement of IVS should be reported at the time of submission. However, even after
screening, it is still necessary to comprehensively consider other factors, such as
unquantifiable Al ethics issues, due to the emphasis on assessing technical feasibility and
impact in the scoring system. It is also important to emphasize that the current scoring system
remains theoretical and requires practical validation and adjustment, necessitating input and
refinement from numerous scholars.
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