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Highlights:

e Extended LSTM with exponential gating boosts CVD risk stratification accuracy to 99.64%.
e Feature selection identifies 64% key biomarkers for robust prediction.
e Exponential gating enhances temporal feature extraction over standard LSTM models.

Abstract: Cardiovascular disease (CVD) is the leading cause of global health issues which requires swift
and accurate risk assessment techniques. Present-day risk calculators together with machine learning (ML)
models have performed inadequately when it comes to reliability and comprehension of results. We
produced a complex deep learning (DL) framework which builds Extended Long Short-Term Memory
networks using an exponential gating mechanism (XLSTMeg). The new architecture design controls
feature variations while extracting long-term dependencies through increased performance. A Random
Forest Regression (RFR) evaluated the most important features while focusing on the top influential
biomarkers, which eliminates redundant features. Performance is evaluated using cross-validation protocol
and scientifically validated using DL explainability paradigm. The exponential gating mechanism
achieved superior performance in CVD risk stratification by at least 6% compared to conventional Long
Short-Term Memory (cLSTM) and other ML models. Analysis showed that RFR allows the system to
benefits most from the 64% most significant features. The system yielded better results by employing
DL algorithms which SHapley Additive exPlanations (SHAP) analysis proved essential features for risk
prediction. Our study concludes that our proposed xLSTMeg architecture with optimized features for
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CVD risk assessment achieves better robustness and enhanced accuracy.

Keywords: cardiovascular disease risk; feature extraction; Long Short-Term Memory with exponential

gating; scientific validation and performance evaluation
1. Introduction

The healthcare urgency surrounding cardiovascular disease needs swift identification of patients and
reliable risk evaluation methods to prevent severe health impacts upon societies worldwide. The
morbidity and mortality from heart disease grows severe because it shows major comorbidity effects
that are particularly visible in diabetes patients who demonstrate direct cytotoxic outcomes from
immunological and endocrinological pathways [1-3]. Carotid ultrasonography is recognized as a
valuable screening technique for identifying CVD and cardiovascular events (CVE) by acting as a
surrogate biomarker [4,5], while also serving as a highly effective, non-invasive diagnostic tool for
evaluating atherosclerotic plaque [6—8]; furthermore, carotid artery ultrasound scans yield key indicators
such as carotid intima-media thickness (cIMT) [9-11], total plaque area (TPA) [12—15], and maximum
plaque height (MPH) [16].

Research about CVD risk prediction utilized multiple machine learning [17-21] approaches in past
however these methods did not yield reliable results when facing diverse patient demographics. Research
teams heavily depend on standard algorithms yet these procedures show limited practical success when
applied to genuine clinical settings because they fail to replicate nature's patterns in actual clinical data.
Traditional approaches encounter severe obstacles to adapt their clinical pattern monitoring to time-based
modifications and encounter difficulties in expanding their use through the entire healthcare system.

Our approach applies Adaptive Synthetic Sampling (ADASYN) and random sampling for augmentation
and balancing fixes those class discrepancies for quality control as shown in Figure 1 This is then passed
through ML methods such as Logistic Regression (LR), Linear Discriminant Analysis (LDA) Gaussian
Naive Bayse (GNB), and AdaBoost and DL methods such as cLSTM (conventional LSTM) and our novel
design of XLSTMeg (extended LSTM with exponential gating) for CVD risk stratification. xXLSTMeg [22-25]
is a new innovation in the realm on Artificial Intelligence (Al), which enhances sophistication of cLSTM
to identify intricate and minute patterns. Different modelling methods in this diverse approach help build
an efficient benchmark system which evaluates algorithms based on their established performance
measures. The various analytical methods generate an integrated perspective about model results which
enables fair model comparison.

Our study utilizes 10-fold (K10) cross-validation like in some previous studies [26-28], together
with extensive power analysis [29,30] to achieve scientific validation because it guarantees statistical
strength and reproduction of experimental results. Feature selection depends on a Random Forest
Regression [31,32] and SHapley Additive exPlanations explainability [33,34] techniques support the
identification of crucial features. The various steps of validation strengthen our experimental results
along with making our proposed model more credible. Rigorous statistical tests perform during
validation to verify that the model maintains constant performance levels.

The main innovation in our method involves embedding exponential gating capabilities into LSTM
architecture to achieve superior results compared to standard LSTM networks. Through this optimization
method researchers can enhance both input features and temporal dependencies for better CVD risk
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stratification results. The superior gating strategy enhances sequential signal processing which makes it
an outstanding solution for modelling complicated clinical data. The algorithm selectively emphasizes
essential signals to extract vital sequence patterns as part of its refined information acquisition process.
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Figure 1. Online system design. cLSTM: conventional Long Short-Term Memory; xLSTMeg:
extended Long Short-Term Memory with exponential gates; LR: Logistic Regression; GNB: Gaussian
Naive Bayes; LDA: Linear Discriminant Analysis; ML: Machine Learning; DL: Deep Learning.

This research document uses an organized structure for effective presentation of all research
findings. Background literature analysis is covered in section 2. The methodology section follows the
background literature and is presented in section 3. The results and performance evaluation are clubbed
together and is shown in section 4. The scientific validation is discussed in section 5 which covers power
analysis and explainability using SHAP analysis, while section 6 presents critical discussions, leading
to conclusions in section 7. Such an organized structure enables readers to move systematically through
the conceptualization stage to obtain final insights.

2. Background literature

CVD risk prediction systems developed significantly throughout the years starting from the classic
models generated in the 1980s and 1990s. Risk prediction systems from the initial period relied on the
analysis of established risk factors which included both sociodemographic features and biological markers
such as gender and age as well as cholesterol measures, blood pressure and habits regarding tobacco use.
Wilson et al. [35] (1998) introduced fundamental concepts of risk stratification in CVD and their findings
shaped both subsequent scientific pursuit and official clinical practices. The established risk models
became vital instruments to guide preventive measures that targeted coronary heart disease (CHD).

The focus on risk assessment during the 2000 decade expanded to include multivariate methods that
created new assessment models which integrated diabetes and family history risk evaluation and body
mass index (BMI) measurements (as described in Conroy et al. [36]). The systematic coronary risk
evaluation (SCORE) project developed CVD assessment in European populations through its focus on
region-specific models for risk evaluation and chart creation [37-39]. The evaluation method delivered
systematic assessment instruments that helped clinicians make standardized CVD risk evaluations within
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different European healthcare settings to boost practice quality and guideline development. A
comparison of conventional calculators was conducted by Jamthikar et al. [40].

Around 2010 ML systems emerged in the next phase of development which incorporated random
forests (RF) support vector machines (SVM) and neural networks to enhance predictive accuracy when
processing extensive and various datasets. The American College of Cardiology (ACC)/American Heart
Association (AHA) risk calculator implemented a broader set of risk factors to deliver a better CVD
evaluation according to Goff Jr. ef al. [41] (2014). The approach underscored the necessity of statins as
prevention medication by establishing a threshold beyond which doctors should initiate treatment for
risk of atherosclerotic cardiovascular disease (ASCVD). The incorporation of imaging data as an
essential component became a step forward in developing prediction for assessing risk. Image-derived
phenotypes including cIMT also known as CUSIP and TPA and coronary artery calcium scores entered
risk models during this stage to increase accuracy. CVD risk evaluation benefits from the incorporation
of cIMT and TPA methods as demonstrated in several research studies [42]. The developers used CUSIP
measurements to create AtheroEdge™ 1.0 while AtheroEdge™ 2.0 added 10-year risk prediction
features and CVD risk classification based on the integration of office-based biomarker (OBBM),
laboratory-based biomarker (LBBM) and CUSIP measurements. Scale-space image processing allowed
automated border detection of lumen-intima (LI) and media-adventitia (MA) carotid artery far wall
boundaries through this technology which led to multiple practical uses [43].

Detrano et al. [44] (2008) established through their study that coronary artery calcium (CAC) scores
predict future coronary events within four ethnic populations. Research established CAC scores as an
independent measure to forecast coronary events which provided information beyond typical assessment
factors. Research shows that CAC still provides stable predictive value while specific score distribution
differences between groups prove its usefulness as a risk stratification instrument to guide preventive
medical care decisions.

A new phase from 2015 to the present supports the integration of deep learning techniques and
electronic health records (EHRs) for CVD risk prediction. The current processing of EHR data through
convolutional neural networks (CNNs) [45,46] and recurrent neural networks (RNNs) [47,48] extracts
sophisticated patterns which leads to increased prediction accuracy. The analysis of retinal fundus
photographs by algorithms for cardiovascular risk factor prediction showed feasibility according to
Poplin et al. [49] (2018). This innovative method creates new possibilities to conduct risk assessments
through non-standard methods within cardiovascular medical practice.

3. Methodology

Building a reliable xXLSTMeg model stands as the main goal of this research to serve as a tool for
determining CVD risks. The initial phase of building this goal requires developers to deploy
unidirectional then bidirectional LSTM networks before integrating them into the advanced xLSTMeg
architecture. Additional improvements must be made to stroke and CVD prediction models designed
recently because automated feature selection will optimize their predictive capabilities.

This section is organized into the following seven subsections: Section 3.1 details patient
demographics and baseline characteristics; Section 3.2 describes the acquisition of ultrasound scans and
the evaluation of intraplaque neovascularization (IPN); Section 3.3 presents the CVD endpoint
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determined by angiographic scoring; Section 3.4 outlines the overall architecture of the proposed
xLSTMeg system; and finally, Section 3.5 explains the experimental protocol.

3.1. Patient demographics and baseline characteristics

The 500-patient sample received coronary angiography scoring (CAS) assessment which split participants
into four behavioural groups: Class 0 represents low risk cases while Class 1 indicates mild risk cases,
Class 2 shows moderate risk cases and Class 3 represents high risk cases. Among the entire patient cohort
160 suffered from Acute Coronary Syndrome (ACS), 13 patients received unstable angina (UA) diagnosis
and stable angina affected 114 patients alongside 139 patients who underwent stent placement
procedures. The research analyzed 39 risk variables through four clusters including 17 measures in the
OBBM group combined with seven LBBM factors alongside three radiomics-based biomarkers in the
CUSIP cluster and the medication usage category (MedUse). The OBBM cluster encompasses key metrics
such as age (mean 64.49 years), gender (349 individuals, 69.8%), obesity (215, 43.0%), ethnicity (486, 97.2%),
BMI (31.12 kg/m?), hypertension (338, 67.6%), angina (124, 24.8%), diastolic blood pressure (76.7 mmHg),
systolic blood pressure (135.35 mmHg), smoking history (330, 66%), casual smoking (15, 3%), current
smoking (100, 20%), previous smoking (218, 43.6%), alcohol consumption (4.94 + 10.4 per week),
family history of diabetes (195, 39.0%), premature CVD in the family (146, 29.2%), and family history of
CVD (321, 64.2%). The LBBM cluster records values such as creatinine (83.99 + 22.6 umol/L), pre-diabetic
status (20, 40%), hyperlipidemia (288, 57.6%), type Il diabetes (114, 22.8%), type I diabetes (5, 1.0%),
estimated glomerular filtration rate (GFR) (78.96 mL/min/1.73 m?), and overall diabetes (1188, 23.6%).
The CUSIP subgroup provides measurements for total plaque area (47.68 mm?), maximum plaque
height (2.64 mm), and intraplaque neovascularization (1.16). The MedUse group documents the usage of
medications including ACE inhibitors (191, 38.2%), HMG-Co reductase inhibitors (272, 54.4%),
angiotensin receptor blockers (45, 9.0%), other antilipemic agents (9, 1.8%), alpha-blockers (30, 6.0%),
calcium channel blockers (93, 18.6%), beta-blockers (236, 47.2%), diuretics (99, 19.8%), anti-platelet
medications (368, 73.6%), insulin (38, 7.6%), anti-anginals and NSAIDs (81, 16.2%), and non-insulin
diabetes medications (72, 14.4%).

The Clinical Utility and Interpretation subsection provides a detailed explanation of how biomarker-driven
predictions from the proposed xLSTMeg model align with established cardiovascular risk management
guidelines. The model identifies physiologically meaningful biomarkers such as serum creatinine,
glomerular filtration rate, age, family history of cardiovascular disease, smoking history, and Type 2 Diabetes
status as key predictors of cardiovascular risk. Each of these biomarkers has well-established
pathophysiological associations with vascular health and disease progression, thereby enhancing the
interpretability and clinical credibility of the model’s outputs.

The xLSTMeg model can be integrated within electronic health record (EHR) systems to provide
real-time, patient-specific risk stratification, automatically classifying individuals into low-, moderate-,
or high-risk categories that correspond to intervention thresholds defined by the American Heart
Association and European Society of Cardiology (ESC) guidelines. Model predictions are further
interpretable through SHAP analysis, which enables clinicians to visualize the contribution of each
biomarker to individual risk estimates. By dynamically updating predictions as new laboratory or clinical
data become available, the model supports guideline-consistent decision-making such as personalized
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patient counseling, diagnostic follow-up prioritization, and early preventive interventions, thereby
extending its role beyond risk prediction to actionable clinical decision support.

3.2. Statistical significance of biomarkers in CVD risk stratification

To better understand the statistical significance of individual biomarkers contributing to
cardiovascular disease risk, we conducted a comprehensive p-value analysis of 40 clinical and
demographic parameters. Out of these, 21 parameters demonstrated statistically significant
associations (p < 0.05) with CVD risk. Key features such as age (p = 0.002), sex (p < 0.0001),
hypertension (p = 0.01), and smoking history (p = 0.01) showed strong correlations. Biomarkers
reflecting vascular burden, including mean plaque thickness, total plaque area, and intraplaque
neovascularization, were highly significant (all p < 0.0001), reinforcing their clinical importance in
stratification. Biochemical indicators such as eGFR (p = 0.012), creatinine levels (p = 0.003), and
medication use like beta-blockers (p = 0.006) and anti-platelet/anti-coagulants (p = 0.002) were also
found to be influential. Notably, Type 2 diabetes (p = 0.026) and insulin use (p = 0.044) emerged as
significant metabolic contributors as shown in the Table 1. These statistical insights validate the relevance
of selected biomarkers and support their prioritization in the feature optimization process of the proposed
xLSTMeg model for robust CVD risk assessment.

Table 1. p-value analysis of key biomarkers in CVD risk stratification.

SN  Parameter p-value SN  Parameter p-value
1 Total (n) - 21 Diabetes T1D 0.53

2 Age (years)T 0.002 22 Diabetes T2DT 0.026

3 Sex, n (%)t <0.0001 23  Diabetes (any)T 0.051

4 Caucasian, n (%) 0.211 24 eGFR (ml/min/1.73 mz)'l' 0.012

5 Obesity, n (%) 0.1 25 Creatinine (umol/L)‘I' 0.003

6 BMI (kg/m2) 0.92 26  MPH (mm)t < 0.0001
7 Angina, n (%) 0.3 27 TPA (mmz)‘l' <0.0001
8  Hypertension, n (%)t 0.01 28  IPNt <0.0001
9 SBP (mmHg) t 0.025 29  HMG-Co Reductase InhibitorsT 0.026

10  DBP (mmHg) 0.71 30  Other Antilipemic Agents‘l' 0.011

11 Current Smokert 0.006 31 ACE Inhibitors 0.54

12 Casual Smoker 0.42 32 ARBs Angiotensis 0.34

13 Previous Smoker 0.85 33 Alpha-Blockers 0.79

14 Smoking Hxt 0.01 34  Beta-Blockerst 0.006

15 Drinks/wk 0.88 35 Calcium Channel Blockers 0.26

16  Family Hx of Premature CVD 0.55 36 Anti—Platelet/Anti—Coagulants'l' 0.002

17  Family Hx of CVD 0.19 37  Diuretics 0.07

18 Family Hx of Diabetes 0.42 38 Anti-Anginals and NSAIDS 0.8

19 Hyperlipidemia, n (%)t 0.007 39 Insulint 0.044
20 Pre-Diabetic 0.86 40  N-I Diabetes Medications 0.29
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3.3. Ultrasound acquisition and intraplaque neovascularization

Carotid artery assessment by means of ultrasound represents a non-invasive diagnostic tool which
provides useful information about coronary artery disease (CAD) risk through artery health evaluation.
B-mode focused carotid ultrasonography of patients occurred using a GE Healthcare Vivid E9 system that
integrated a 9L-D linear transducer functioning between 2.4 and 10 MHz. The American Society of
Echocardiography guidelines enabled researchers to use longitudinal ultrasound scans for collecting two
essential image measures known as TPA and MPH. The measurement of the distance between media-adventitia
and lumen-intima layers at each neck side defines MPH as a parameter, while TPA indicates the entire
carotid bifurcation area under 10 mm examination. Contrast-enhanced ultrasound imaging was used for
IPN evaluation through microbubble transit tracking from the adventitial wall to plaque core that
received grades from 0 to 3 before scoring involved averaging both sides.

3.4. Cardiovascular disease endpoint: angiographic score

The research makes use of angiographic scoring as the core measure to assess CVE. The GE
Healthcare Vivid platform 2000 was used by independent expert cardiologists for angiogram
assessment during Standard Judkins examination procedure. Experts evaluated the stenosis grades in
the left anterior descending (LAD) artery together with the left main and circumflex arteries and the
right coronary artery (RCA). Experts designated coronary artery disease severity as minor for values
below 19% but deemed it mild between 20% and 49% and moderate at 50%—69% before considering
any stenosis above 70% as severe. Special attention was reserved for left main coronary stenoses below
50%. Research demonstrates that coronary angiography functions as the standard for detecting precise
CVD risks due to the multiclass ground truth strategy used in our study even though additional imaging
techniques are available for evaluation.

3.5.Deep learning architecture

The architecture of tandem block diagram shows a comprehensive CVD risk assessment pipeline that
integrates three sequential modules. The first module (al) employs traditional ML classifiers like LR,
GNB, LDA, and AdaBoost with hyperparameter tuning to process cardiovascular data as shown in
Figure 2 The second module (a2) utilizes a cLSTM model with a sigmoid gating mechanism, a dense
layer, and the Adam optimizer to extract deeper temporal features. The third module (a3) implements an
xLSTMeg model featuring exponential gating as shown in the Figure 2, followed by a dense layer and
Adam optimization, to further enhance feature extraction. Each module computes the same input data,
allowing for a comparative evaluation of their performance. The outputs are assessed using a Receiver
Operating Characteristic (ROC) curve, which underscores the effectiveness of the integrated, tandem
approach in predicting cardiovascular risk.
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Figure 2. Tandem block diagram of different ML and DL Classifiers. cLSTM: conventional Long
Short-Term Memory; xLSTMeg: long short-term memory with exponential gates; LR: Logistic
Regression; GNB: Gaussian Naive Bayes; LDA: Linear Discriminant Analysis; ML: Machine
Learning. DL: Deep Learning. Heart image curtsy of AtheroPoint LLC California.

(1) Data preparation and pre-processing

The xLSTMeg architecture contains four main operational components. The data pre-processing
duty belongs to the first component which works together with the second component managing data
partitioning tasks. Training procedures occur offline within the third component and risk assessments
for coronary artery disease or Acute Coronary Syndrome prediction take place through the testing
datasets within the fourth component.

The three fundamental procedures of data preparation involve (i) data normalization by a traditional
scaler which transforms attributes into a 0—1 range and (ii) selecting powerful features through RFR
method. The data receives two augmentation techniques and ADASYN and random sampling to increase
its size to 5000 entries since limited size might cause overfitting.

The Sklearn library in Python enabled extensive pre-processing of data records before conducting
the initial division of the dataset. The quality control process implemented normalization combined with
scaling and used MinMaxScaler() to transform features into standardized values between 0 and 1. The
extraction and selection methods ran exclusively inside the ML framework rather than DL system.

(2) xLong Short-Term Memory’s exponential gating mechanism

The xLSTMeg variant swaps the sigmoid input gate with an exponential activation to accentuate
salient inputs. At each step, the input gate i; = exp (Wx; + Wiih-1 + b;) in Equation (1), while the forget
f: in Equation (2) and output o, in gates remain sigmoid-based. The candidate cell ¢ and cell update ¢,
follow the standard tanh and gated-sum operations in Equation (3) and Equation (4). The hidden state /4,
is then o,®Otanh(c,) shown in Equation (5) and Equation (6). This exponential gating enhances sensitivity
to critical feature changes, leading to more discriminative memory updates.

i, fi, o input (exp-activated), forget, and output gates; Wy, Wiy, bi; W £, Wif, bf; Weo, Wio, bo:
corresponding weights/biases; ¢: candidate cell via tanh (W, cx; + W, ch-1 + b C); ¢, he: updated cell and
hidden state.

Input Gate (i,) = exp(Wy; ¢ + Wyihe_q + b;) (D)
Forget Gate(f,) = o(Wys ¢ + Wyshe—y + by) 2)
Candidate Cell State (¢) = tanh (W, ¢ + Wyche—y +b,) 3)
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Cell State Update (¢c;) = f,®Oc,_; + ;08 4)
Output Gate (0,) = 6(Wyp ¢ + Wyohe—1 + b,) &)
Hidden State (h,) = o,®tanh(c,) (6)

3.6. Experimental protocols

The two sets of experimental protocols existed to validate our hypotheses: (i) Loss and accuracy curves
(11) Evaluation of xXLSTMeg and (ii) Feature Selection via RFR. Each testing protocol incorporates a
strict cross-validation system which splits the database into training and testing portions using
different validation strategies starting from K2 (50:50) through K4 (75:25) and K5 (80:20) to K10 (90:10)
cross-validation approaches, based on the training to testing ratios. The experimental protocols are arranged
as Experimental Protocol 1 (EP1), Experimental Protocol 2 (EP2) and Experimental Protocol 3 (EP3).

(1) Experiment #1: effect of augmentation

The experiment was conducted to investigate the influence of different levels of data augmentation
using ADASYN on the performance of the proposed xLSTMeg model. Various augmentation
strategies were sequentially applied to the training dataset to enhance sample diversity and mitigate
overfitting. The process began with the raw dataset and progressively incorporated multiple
augmentation cycles (from 2 X to 9 x), simulating expanded training distributions without altering the
inherent data characteristics. This evaluation aimed to determine the augmentation threshold beyond
which additional synthetic data yield diminishing performance gains, providing insight into the model’s
sensitivity to dataset diversity and representation balance.

(2) Experiment #2: loss and accuracy curves

The EP2 teaching standard emphasizes how essential it is to track loss and accuracy curves as model
training progresses. The loss curve shows error minimization abilities of the model while accuracy curve
demonstrates correct prediction capabilities. Observing these trends indicate progress to the model
learning process while signalling the need for potential model adjustments. Visual feedback serves as a
basic tool for optimizing training approaches to achieve reliable system performance.

(3) Experiment #3: evaluation of xLSTMeg

Performance evaluation of the xLSTMeg architecture with integrated exponential gating occurs as the
main focus of EP3. The designed protocol uses both unidirectional and bidirectional LSTM networks that
integrate exponential gating mechanisms. The protocol seeks to prove that the new gating technique leads
to better CVD risk assessment through superior accuracy and prediction stability compared to standard
LSTM networks and some state-of-the-art models [50,51]. The model receives systematic assessment
through four cross-validation schemes named K2, K4, K5 and K10 at various training-to-testing ratios.
Data analysis includes precise performance measurements where accuracy and area under the curve (AUC)
serve as comparison metrics to validate the superiority of exponential gating.
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(4) Experiment #4: feature selection via Random Forest Regression

A comparison between the original feature set and the optimized subset of essential features
demonstrates that automated feature selection using Shapley values and Random Forest Regression
effectively simplifies the model, mitigates overfitting, and reduces overall system complexity. The detailed
feature importance rankings and selection results are provided in the Supplementary Material.

Appendix A outlines the loss function optimization, training environment, and hyperparameter
tuning that drive our model’s performance. Appendix B details the evaluation metrics accuracy,
precision, sensitivity, F1 score, and AUC used to assess the model’s predictive power.

4. Results and performance evaluation

This part contains our experimental study findings together with a thorough assessment of the xLSTMeg
model performance. The main experimental results appear in Section 4.1 where accuracy and loss curves
demonstrate the findings while different model accuracies get compared and RFR provides feature
extraction insights. The evaluation of model performance occurs through both K-fold cross-validation
scheme assessments and ROC curve analysis in Section 4.2.

4.1. Results

The results were obtained to validate our hypotheses. Each result incorporates a strict cross-validation
system which splits the database into training and testing portions using different validation strategies
starting from K2 through K4 and K5 to K10 cross-validation approaches.

(1) Results of experiment #1: loss and accuracy curves

The results presented in Figure 3 demonstrate a clear improvement in model accuracy with the
introduction of augmentation. The xLSTMeg model showed a consistent upward trend in performance
from the raw dataset to moderate augmentation levels, reaching its highest accuracy with 4 x augmentation.
Beyond this point, further augmentation produced marginal or negligible changes, indicating that the model
had already achieved an optimal balance between data diversity and representational learning. Overall, these
findings confirm that moderate augmentation significantly enhances model generalization and stability,
while excessive augmentation may offer limited additional benefit for the xLSTMeg architecture.

o Effect of augmentation

o 99.13 9893 9894 9882 9898  og34

Accuracy (%)

Raw

Figure 3. Effect of augmentation using K10 cross-validation protocol.

10
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(2) Results of experiment #1: loss and accuracy curves

Our custom feature loss function enabled training that achieved convergence to a loss level of loss
level of less than 1% which shows the archives generalization. Our method demonstrates its
effectiveness in optimizing feature representations by showing both steady error reduction and

performance enhancement during all training epochs according to the accuracy and loss curves as shown
in Figure 4 and Figure 5.
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Figure 4. Train vs. Validation loss curve for xLSTMeg limiting to 200 epochs.
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Figure 5. Train vs. Validation accuracy curve for xLSTMeg limiting to 200 epochs.
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(3) Results of experiment #2: comparison of DL vs. ML models

The proposed xLSTMeg model demonstrated an excellent accuracy of 99.64 which is better than
the traditional machine learning and the recent state-of-the-art deep learning models. Table 2 indicates
that the classical machine learning models of Gaussian Naive Bayes, Logistic Regression, Linear
Discriminant Analysis, and AdaBoost had relatively lower accuracies of 38.24, 56.34, 55.61, and
56.00, respectively. The traditional cLSTM made an accuracy of 87.86, whereas the transformer-based
models (FT Transformer and Tab Transformer) reached an accuracy of 89.18% and 95.18%,
respectively. Regardless of these competitive scores, xLSTMeg model was always better than all the
counterparts in terms of all performance measures, such as precision, sensitivity, F1-score, and AUC,
which proves its higher learning ability in cardiovascular disease risk prediction. The fact that the AUC
0f 0.9989 is significantly higher than that of cLSTM (AUC = 0.9457) as well as other transformer-based
methods also confirms the fact that the proposed architecture has a better discriminative power and
representational efficiency.

Table 2. Performance metrics for machine learning and deep learning models.

Performce metrics for different ML and DL models using K-10 cross-validation protocol

Models ACCU (%) PREC (%) SENS (%) F1(%)  p-value  AUC[0-1]
Gaussian NB 38.24 53.33 38.24 29.92 0.05 0.6703
Logistic Regression 56.34 56.38 56.34 56.26 0.005 0.7881
LDA 55.61 55.73 55.61 55.39 0.005 0.7737
AdaBoost 56 55.89 56 55.6 0.005 0.8169
cLSTM 87.86 87.8 87.65 87.56 0.001 0.9457
xLSTMeg 99.64 99.64 99.64 99.64 0.001 0.9989
FT Transformer 89.18 89.37 89.78 89.76 0.001 0.9489
Tab Transformer 95.18 95.72 95.78 95.42 0.001 0.9728

cLSTM: conventional Long Short-Term Memory; xLSTMeg: extended Long Short-Term Memory with
exponential gating; LR: Logistic Regression; GNB: Gaussian Naive Bayes; LDA: Linear Discriminant
Analysis; ML: Machine Learning; DL: Deep Learning; ACCU: Accuracy; PREC: Precision; SENS: Sensitivity;
F1: F1-Score; AUC: Area-under-the-curve.

(4) Results of experiment #3: feature selection via Random Forest Regression

As shown in Figure 6, RFR feature ranking, the ML and DL model AUC tracks and the increase in selected
features to maximum performance at 25 critical variables and then the decrease in additional non-critical
features. Based on the RFR analysis, 64% (25/39 multiplied 100 is 64) of the top-ranked features have the
majority of the predictive power and thus requires the organizations to concentrate on these few critical
aspects to be as effective as possible and remove performance-reducing questionable data features.
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AUC of ML Vs. DL models
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Figure 6. Area-under-the-curve for the number of features selected in increasing order. cLSTM:
conventional Long Short-Term Memory; xLSTMeg: long short-term memory with exponential
gates; LR: Logistic Regression; GNB: Gaussian Naive Bayes; LDA: Linear Discriminant Analysis
ML: Machine Learning; DL: Deep Learning.

4.2. Performance evaluation

To comprehensively assess the reliability and predictive capability of the proposed xLSTMeg model, a series
of experiments were conducted focusing on model validation and classification accuracy. Specifically, the
K-fold cross-validation and confusion matrix analyses were performed to evaluate the model’s robustness,
generalization, and effectiveness in distinguishing cardiovascular disease risk categories.

(1) Effect of K-Fold Cross-Validation

To assess the robustness and generalizability of the XLSTMeg model, we employed various K-fold
cross-validation schemes, specifically K2, K4, K5, and K10. Our experiments showed that increasing
the number of folds provided a more comprehensive evaluation of the model’s performance by
systematically varying the training and testing splits as shown in Figure 7. This approach led to a slight
improvement in accuracy and a reduction in variance across different data partitions, thereby confirming
that a higher number of folds contributes to a more stable and reliable model evaluation.

Effect of Training Data
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sl 972 97.3
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9254
w00
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8254
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Mean
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=

Figure 7. Effect K-fold cross-validation on xXLSTMeg.
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(2) Confusion Matrix Analysis:

We have examined the classification success rate for the cLSTM and xLSTMeg models relied on
confusion matrix assessments. Model predictions showed balanced results with only a small number of incorrect
and correct classifications for both true positives and negatives as shown in the Figure 8 and Figure 9. The specific
evaluation proves the models accurately detect CVD risk in patients or non-CVD risk patients.

(3) Receiver Operating Characteristic Analysis:

Additional analysis of the cLSTM and xLSTMeg models’ discriminative capability was performed
through ROC curve assessment. The true positive rate of the model remained high across all threshold
values while performing with minimal false positive occurrences as shown in the ROC curves. Figure 10
shows the cLSTM vs. xXLSTMeg shown in Figure 11, which shows high AUC result which indicates its
effectiveness in distinguishing between patients with and without CVD risk.

Confusion Matrix for cLSTM
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66 82
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Figure 8. Confusion Matrix for cLSTM using K10 cross-validation protocol. cLSTM:
conventional Long Short-Term exponential gating.

Confusion Matrix for xXLSTMeg
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Figure 9. Confusion Matrix for xLSTMeg using K10 cross-validation protocol. xLSTMeg:
extended Long Short-Term Memory with exponential gating.
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Combined ROC Curve for cLSTM
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Figure 10. Combined ROC curve of cLSTM for all the 10 cross-validation folds. cLSTM:
conventional Long Short-Term Memory.
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Figure 11. Combined ROC curve of xLSTMeg for all the 10 cross-validation folds.
xLSTMeg: Long Short-Term Memory.

5. Scientific validation and explainability

The two fundamental elements of our validation procedure include Power Analysis with Explainability
assessment. A statistical strategy determines the necessary sample size to detect relevant performance
variations in models through the dataset. The article explains method interpretation by describing which
attributes most significantly affect the model output.

5.1. Power analysis

A power analysis ensured that our dataset could identify genuine variations within the models'
performance metrics [37,38]. Our team applied established calculation approaches for determining
sample size which combined critical process needs and energy requirements [39,40]. A 5000-sample
dataset of augmented data will serve as an accurate platform to evaluate performance metrics according
to the provided estimation. Our measures achieve reliability through the validation technique shown in
Equation (7) since it evaluates both sample consistency and observed difference magnitude:

z2x px (1—p)
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Here, N* represents the minimum required sample size, z = 0.99 denotes the Z-score corresponding to
the desired confidence level, p = 0.5 (worst case) the assumed proportion or variability, and MoE = 0.02
stands for the margin of error.

5.2. Statistical testing

Initial statistical validation was done with various significance tests, including Chi-Square, Wilcoxon
Signed-Rank, Independent t-Test and Mann-Whitney U tests. Table 3 showed that the p-values of all the
analyses were more than 0.05, which means that there were no statistically significant differences between
the biomarkers that were evaluated. This finding implies that personal characteristics are not adequate to
distinguish between patients with and without cardiovascular disease. As a result, it supports the
importance of using the sophisticated nonlinear modeling methods, including the suggested xLSTMeg
architecture, to successfully identify multidimensional and complex interdependencies in the data.

Table 3. Statistical testing for xXLSTMeg deep learning model.

SN Statistical test Statistic value p-value Interpretation
1 Chi-Square Test 0.192 0.4228 p>0.05
2 Wilcoxon Signed-Rank Test 516 0.129 p>0.05
3 Independent t-Test 0.4978 0.628 p>0.05
4 Mann—Whitney U Test 0.628 0.598 p>0.05

5.3. External validation

In order to further test the generalization ability of the proposed models, an external validation on a
separate Canadian clinical cohort was done. Table 4 summarizes the comparative performance of the
experimental (training) and validation datasets. The standard cLSTM model has shown a decrease in
accuracy of 87.38 per cent to 83.94 per cent and the corresponding decrease in ROC of 0.9457 to 0.8797,
which is a moderate generalization gap of about 3.9 per cent and 7.0 per cent respectively. The suggested
Bi-xLSTMeg model, in turn, was more robust overall, with an accuracy of 92.38% and a ROC 0f 0.9474
on the external cohort, even though its absolute and relative decrease in performance compared to the
experiment was 7.29 and 5.16, respectively. These findings indicate that both models show a natural
decrease in their performance, when applied to unseen data, but Bi-xLSTMeg network is always better
than the baseline cLSTM in all the metrics, which proves its superiority in generalization and stability
on external clinical data.
Table 4. Unseen external validation.

Performance comparison of experimental data and testing on validation data
Experimental Data Validation Data Accu Diff ROC Diff
Models Accuracy ROC  Accuracy ROC

Ab Perc (% Ab Perc (%
%) [0-1] %) (0-1] ] erc (%) s erc (%)
cLSTM 87.38 0.9457 83.94 0.8797 3.44 3.93 0.066 6.97
xLSTMeg 99.64 0.9989 92.38 0.9474 7.26 7.28 0.0515 5.15
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6. Discussion

Our research brings forward unique advanced solutions which operate jointly to improve processes for
CVD risk assessment. Specifically, (i) the exponential gating mechanism significantly improves CVD
risk stratification by enhancing feature modulation, which allows the model to capture subtle interactions
that might otherwise be overlooked, ultimately resulting in a more nuanced understanding of patient risk
profiles; (ii) the top 65% of features substantially drive the performance of the RFR, indicating that a
focused subset of the most informative predictors is primarily responsible for the model’s high
accuracy and robust predictive capabilities, thereby emphasizing the importance of careful feature
selection; (ii1) eliminating redundant features not only reduces computational complexity but also
enables efficient training on lower-powered devices such as Raspberry Pi, which is particularly
beneficial in remote locations where computational resources are limited, making advanced predictive
analytics more accessible; (iv) DL methods consistently outperform traditional ML techniques, as
evidenced by improved performance metrics and enhanced capability to model complex nonlinear
relationships inherent in medical data; (v) SHAP explainability validates the importance of several key
features identified by the RFR, thereby offering transparent insights into model decisions and fostering
trust among clinical users; (vi) increasing the number of cross-validation folds slightly enhances overall
model performance by providing a more rigorous and comprehensive evaluation framework that reduces
overfitting and better generalizes the findings; (vii) the conducted power analysis supports the statistical
robustness of the system, ensuring that the results are reliable and that the model’s performance
improvements are statistically significant; and (viii) hyperparameter tuning for both cLSTM and
xLSTMeg confirms that a learning rate of 0.000008, a batch size of 32, and 200 epochs provide optimal
training outcomes, establishing these settings as the ideal configuration for achieving the best balance
between training efficiency and predictive accuracy.

(1) Benchmarking

The benchmarking table gives an extensive summary of diverse studies that measure Al model
effectiveness for CVD risk assessment. A comprehensive table reveals essential information about the dataset
origin with its size and the number of features (NOF) and the employed Al models combined with different
validation frameworks (K2 to K10 cross-validation) and shows performance metrics (ACCU and AUC) and
includes information about unseen test data and power analysis. The consolidated structure enables
researchers to evaluate the ML approaches and DL methods between assorted investigative groups and
geographical locations. The table establishes an effective structure for presenting essential data points to
enable researchers to study both experimental methods and performance data throughout different studies.

Bhagawati et al. [52] put together XGBoost, UniDL, BiDL, and HDL models into an ensemble
system with K2, K3, K4, K5, and K10 cross-validation folds to achieve 97.25% accuracy and 0.98 AUC.
The research conducted by Jamthikar ef al. [53,54] in rows 2 and 3 use K10 cross-validation to examine
models composed of XGBoost, RF, SVM (row 2) and RF, RSF (row 3) which produces respective
accuracy results of 95% and 96% as shown in Table 5. The study examines the feature selection approaches
between Jamthikar er al. [53] and our proposed RFR method that both aim to forecast coronary artery
disease and Acute Coronary Syndrome. The techniques produced significant performance-driven results
through their isolation of key features. The robust predictors of TPA and age and renal function and key
clinical parameters remain important factors which generate reliable results regardless of the
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methodological selection. The RFR method uses continuous variables including creatinine and BMI and
blood pressure to understand complex decision tree interactions while Jamthikar et al.’s mutual information
approach focuses on categorical medication usage through statistical dependency measures. The shared
predictive value of these key features becomes evident when combining different analysis methods because
both techniques end up selecting similar critical predictors for CAD/ACS risk stratification.

The validation procedures along with high performance results from these studies reinforce
ensemble and tree-based methodologies for cardiovascular risk evaluation. These studies demonstrate
how combining different algorithms with validation techniques creates better grounds for future
advancements in identifying CVD risk factors.

Further, studies from rows 4 to 8 illustrate a diverse range of approaches and dataset scales. For
instance, Unnikrishnan et al. [55] (row 4) and Alaa et al. [56] (row 5) used SVM-based and multiple ML
techniques, though their reported performance metrics (e.g., AUC of 0.71 and around 0.724, respectively)
suggest relatively lower predictive power. In contrast, Konstantonis et al. [57] from Greece in row 8
demonstrated high performance with an accuracy of 98.49% and an AUC of 0.98 using traditional ML
methods (RF, SVM, LDA) as shown in Table 5. Complementing these, Johri et al. [58] row 9) adopted a DL
strategy using RNN and LSTM models, achieving 95.34% accuracy and a notably high AUC of 0.99. Notably,
the high-performing studies: rows 1, 8, and 9 are comparable, indicating that both advanced ML ensembles and
DL architectures can yield robust results in this domain. Additionally, these studies collectively emphasize the
importance of selecting robust validation techniques and algorithms to ensure reliable and relevant outcomes.

The proposed approach (row 10) presents a new DL structure xXLSTMeg, that was built and tested
on a much bigger dataset (5000 Canadian patients with 39 features). The xLSTMeg model has a higher
accuracy (99.64) and AUC (0.9989), which is on of the highest performing, however, it has a larger and
more varied training sample and this could improve the generalizability of this model in the real world.
Besides, the suggested strategy, with K10 cross-validation and backed by power analysis, presents a
novel alternative that better represents complicated time-related dynamics than traditional LSTM-based
algorithms. This makes the XLSTMeg a competitive and promising risk prediction and cardiovascular
risk stratification tool in coronary artery disease. Moreover, excellent level of data scale and solid

assessment of the XLSTMeg model give a strong argument of its adoption in clinical practice.
(2) A Special note on extended Long Short-Term Memory with exponential gating

The extended form of simple LSTM architecture i.e. XLSTMeg deploys usage of exponential gating
operations in the components. The sigmoid activation functions of input and forget gates and output gate
are replaced with an exponential function which performs the calculations and normalizes the outputs to
obtain the correct ranges of gating functions. The updated version of the cell state combines the old
components of the cell state with the new candidate state though gives control over the new exponential
gate inputs to process information dynamics. Deep recurrent models are efficient in learning as well as
efficient in gradient transmission because they have residual connections that help them to identify
long-term dependencies. The xLSTMeg offers a greater control of the temporal signal due to the
correct time-dependent operations and high-quality feature representation hence augmenting the data
sequence modulation effect. Such a new form of architecture is presenting the combination of the
effectiveness of interpretation and credible performance standards of DL in the assessment of CVD risk.
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Table 5. Benchmarking table showing studies that were implemented for ensemble and solo machine and deep learning models for stocks detection.

Author Input Dataset Classification Model Performance Validation
SN Source/  #Patients/ Cross- Al Best ACCU AUC Unseen Power
Citation Country #Images NOF Al Model Validation EOTD Type Model (%) [0-1] Data Analysis
XGBoost, K2, K3,
1 Bhagawatietal [52] Canada 500 39 UniDL, BiDL, K4,K5and v~ EDL  HDL 9725 098 v x
HDL K10
> Jamthikaretal [53] Canada 500 39 ggﬁoogt’ RE. k10 ; EML - ; 095 X v
3 Jamthikar et al [54] Canada 500 39 RF, RSF K10 - EML - - 096 X v
4 gr;r]“kr‘s}ma“ et al. 24K 9 SVM K5 x ML  SVM - 071 X v
5 Alaa et al. [56] ; 423.6 K 473 ;\éM GBM, 10 x EML ; 0.724 X x
6 Trebeing et al. [61] - 378 Images 20 Unet - - DL Unet++ - - X X
SegNetUNet,
7 Jain et al. [62] - 379 97/970 SegNet, Unet+ K5 X DL Unet++ 88.9 091 X X
SegNet
Konstantonis et al. RF, SVM,
8 [57] Greek 542 46 LDA K2 v ML - 98.49 0.98 X X
9 Johri et al. [58] Canada 500 39 RNN, LSTM K10 X DL LSTM 95.34 0.99 X v
10 Proposed Canada 5000 39 xLSTMeg K10 X DL xLSTMeg 99.64 099 X v

RF: Random Forest; KNN: K Nearest Neighbour; SVM: Support Vector Machine; LR: Linear Regression, NB: Naive Bayse; XGB: Extreme Gradient Boosting; cLSTM:
conventional Long Short-Term Memory; xLSTMeg: extended Long Short Term Memory with exponential Gating; ET: Extra Trees; DT: Decision Tree; ACCU: Accuracy; PREC:
Precision; F1: F1 Score; AUC: Area-under-the-curve; AUGU: Augmentation; RNN: Recurrent Neural Network; GRU: Gated Recurrent Unit; CV: Cross Validation; NOF:
Number of Features; EOTD: Effect of Training Data.
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(3) Strengths, weakness and extensions

There are several key benefits that are beneficial to users since xLSTMeg applies its operational
features and design features. The exponential gating system allows the use of better sequence analytics
accuracy because it improves time-based input indications and also eliminates unwarranted noise. The
model has the advantage of the fact that it has included layer normalization with dropout regularization
and residual connections that it employs to ensure that the gradient domain is optimized to allow deep
layers to learn efficiently. This architecture provides optimum dependency detection over time and this
is what makes it the best choice when identifying complex temporal patterns in cardiovascular risk
stratification systems. Due to the premeditated design decisions in xXLSTMeg, the system framework
works well in the creation of predictions and also enables interpretation abilities.

The new system xLSTMeg has several limitations in its use. (1) The xLSTMeg architecture is more
complex and presents more challenges to hyperparameter exploration to less experienced deployers.
(i1) Exponential gating introduces a useful feature modulation to xLSTMeg but causes the model to be
vulnerable to normalization problems that require specific calibration to prevent numerical instability.
(111) The execution time requirements are greater when gating operations are done in conjunction with
regularization in applications with limited computing power that decreases real time processing
capability in particular hardware settings. (iv) Exponential gating mechanism model decisions have to
be studied intensively with SHAP methods to make interpretability decisions but require further analysis
to interpret their impact on predictions.

The potentials of XLSTMeg hold various prospective prospects that can be used by researchers to develop
in the future. Future studies ought to focus on the attention-based approaches to the refinement of the temporal
segment selection since the specified improvement would increase the predictive power of the model. The
extension of research would require the redesign of the architecture to accommodate the unseen data sources
of multiple sources thereby accommodating a larger analysis in the healthcare environment particularly in
real-time patient monitoring and in distance medical testing conditions. Automated methods of
hyperparameter optimization might make tuning processes easier and enable the model to be extended to a
broader variety of fields of application. The suggested extensions will not only enhance current performance
measures but also expand the current applications of xXLSTMeg to various sequential data applications.

7. Conclusion

The combination of xLSTMeg network with exponential gating operations produces significant
improvement in medical predictions for CVD diagnosis according to research findings. Long-term
dependency recognition along with feature control establishes the system as a better alternative for
regular risk stratification strategies. RFR feature selection method enables the xXLSTMeg system to run
on small portable devices since it performs feature selection and removes unnecessary components. The
SHAP analysis verifies that important features in the model improve both performance results while
making the interpretation easy to apply in clinical settings.

The analysis proven the trustworthy nature of xXLSTMeg architecture [59,60] by performing multiple
cross-validations over several validation stages along with power analysis coupled with minimal learning
rate adjustments and proper training of moderate-sized batches. The positive findings from our study
show that CVD risk stratification enhanced which can benefit the practical patient screening and can
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prove beneficial early intervention systems. These optimized features enable faster calculations which
aid in advancing DL methods to create cost-effective clinical cardiovascular risk assessment tools that
improve medical care for various healthcare settings.
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Abbreviations
SN  Abbreviation Definition SN  Abbreviation Definition
1 ACCU Accuracy 15 IPN Intraplaque Neovascularization
2 ADASYN Adaptive Synthetic Sampling 16 LR Linear Regression
3 AUC Area-under-the-curve 17 ML Machine Learning
4 AUGU Augmentation 18 MoE Margin of Error
5 BMI Body Mass Index 19 PA Power Analysis
6 LSTM Conventional Long Short-Term 20 PREC Precision
Memory
7 DL Deep Learning 21 RFR Random Forest Regression
8 EML Ensemble Machine Learning 22 RNN Recurrent Neural Network
9 ET Extra Trees 23 ROC Receiver Operator Characteristic
10 F1 F1-Score 24 SENS Sensitivity
11 FL Feature Loss 25 SVM Support Vector Machine
12 GB Gradient BOOStil’lg 26 TPA Total Plaque Area
13 GFR Glomerular Filtration Rate 27 Uni Uni-directional
14 GNB Gaussian Naive Baise 28 xLSTMeg Extended Long Short-Term Memory

with exponential gating
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Symbols
SN  Symbol Definition SN Symbol Definition
1 Lrg Feature Loss 7 TP True Positives
2 N Total number of samples 8 TN True Negatives
3 Vi Ground truth label for sample i 9 FP False Positives
4 aj Predicted probability 10 FN False Negatives
5 Y Predicted feature value for sample 11 AUC Area-under-The-curve
6 yft rue Ground truth feature value for samplei 12 [(t) Integral Function at time t

Appendix A: loss function optimization and training environment

The training process employed these loss functions at the same time to enhance both prediction accuracy
for classes and representation quality of attributes. The trainer executed its sessions by using predefined
epochs alongside defined learning rate and dropout rate and batch size restrictions. The entire
experimental framework ran from Python version 3.9. The NVIDIA RTX 3090 GPU together with
Ryzen-7 5000 series processor existed on a workstation which conducted efficient training operations.

(1) Loss function

The training involved utilizing a specific feature loss function to enhance the network's feature
representation capabilities. The determination of this loss requires a two-step method that starts by
stripping the ground truth labels of extra dimensions before transforming them to integer format as shown
in Equation (A.1). The sparse labels transform into one-hot vectors through an operation that defines the
vector depth according to class number requirements for the model output requirements. The loss
calculation determines average deviations between prediction and one-hot encoded labels through Mean
Squared Error measurements. The model learns more exact feature associations through minimizing
squared difference quantities that lead to better feature representation and performance improvement.

Feature Loss (FL):

1 N
— 5 ytrue)2
Len=§ E (izl)(yl yir™e) (A.1)

(2) Optimization

The system optimized model performance through grid search cross-validation which enabled it to
discover the best possible hyperparameter setup. The extensive parameter tuning mechanism executed
evaluation for different configuration choices to strike a balance between model training performance
and predictive success. An optimal configuration was reached when the model utilized 0.000008
learning rate and Adam optimizer combined with softmax activation function alongside 32 batch size
and 200 epochs training. The established parameters made sure both standard cLSTM and enhanced
xLSTMeg models learned in a stable and robust manner because they delivered better outcomes in
cardiovascular disease risk prediction.
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Appendix B: performance metrics

The novel xLSTMeg model presents exceptional performance for CVD risk stratification along with
strong predictive accuracy and reliable forecasting ability. The accuracy calculation divides between
total instances by the sum of TP and TN and accounts for total instances of TP, TN, FP, and FN cases
(Equation (B.2)). Precision defines the percentage of accurate positive classifications from all cases
marked as positive and it equals TP divided by TP + FP (Equation (B.3)). The sensitivity value identifies
the proportion of plus true events among all actual positive situations by dividing TP by TP + FN
(Equation (B.4)). The F1 Score calculates the harmonic average between Precision and Sensitivity to
balance false positive and false negative errors especially for datasets containing class imbalance
(Equation (B.5)).

TNd + TPd
Accuracy = N3 TPd + FNd + FPd (B.2)
. TPd
Precision = m (B3)
o TPd
Sensitivity = m (B4)
Precision X Sensitivity
F1 Score =2 X (B.5)

Precision + Sensitivity
A model capability for identifying positive from negative classes is assessed by calculating the
Area-Under-the-Curve from the Receiver Operating Characteristic (ROC) curve. The ROC curve
demonstrates the TPR (Equation (B.7)) versus FPR (Equation (B.8)) metrics while changing threshold
parameters from 0.25 (random guessing) to 1.0 (perfect classification) indicated by Equation (B.6). A
bigger Area Under the Curve (AUC) value demonstrates the exceptional capability of xXLSTMeg to
separate different classes which proves its reliable performance in assessing cardiovascular disease risk.

1
AUC = j TPdR(t)d(FPdR(t)) (B.6)

0
True Positive Stock Rate (TPSR): TPR = TP;E‘:N 3 (B.7)
False Positive Stock Rate (FPSR): FPR = TN:(;P " (B.8)
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