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Abstract - Cardiovascular diseases(CVDs) are widespread
disease affecting heart as well as blood vessels, resulting in
various complications like heart attacks, strokes, and peripheral
artery disease. These diseases are extremely diverse as well as
lead to dissimilar kinds of difficulty to minimize quality of life as
well as even decease. Early detection and effective management
of risk factors play pivotal roles for preventing complications
and enhancing outcomes for individuals affected with
cardiovascular disease. Many machine learning techniques have
designed to solve heart problems, but higher prediction
accuracy level with minimal time and space complexity
remained challenging issues. To enhance cardiovascular disease
forecast accuracy, a novel method called Multivariate Radial
Interpolation based Ruzicka indexive censored regression (MRI-
RICR) is introduced. The proposed MRI-RICR method utilizes
the Multivariate radial basis interpolation method to estimate
missing information points depend on recognized data points.
Chauvinist’s criterion is employed for identifying and removing
outlier data from the dataset. MRI-RICR method utilizes the
Ruzicka indexive censored regression method to select relevant
features. This process improves the accuracy of cardiovascular
disease prediction through lesser time utilization. Experimental
assessment considers cardiovascular disease prediction
accuracy, precision, cardiovascular disease prediction time and
space complexity. The analyzed outcomes show which MRI-
RICR method attain effective performance results, containing
superior cardiovascular disease prediction accuracy, precision,
through reduced time utilization ,space complexity than the
existing techniques.

Keywords: cardiovascular disease prediction, data preprocessing,
Multivariate radial basis interpolation method, Chauvinist’s
criterion, Ruzicka indexive censored regression

L. INTRODUCTION

CVDs are collection of disorders influencing heart as well
as blood vessels, surrounding situation such as coronary
artery disease, and so on. CVDs remain the leading cause of
mortality posing significant health challenges on healthcare
systems. Early identification and intervention are critical in
mitigating the risk factors associated with CVDs and
preventing poor outcomes. There has been a variety of ML
methods to design accurate and reliable methods for
cardiovascular disease prediction and risk factors analysis.

QPSO method, combined with a SVM classification
method, known as QPSO-SVM, was developed in [1] to
examine as well as forecast heart disease danger. However,
designed model failed to perform the minimization of time
and space complexity during cardiovascular disease
prediction. ACVD-HBOMDL method was developed in [2],
aimed to improve accuracy of automated cardiovascular
disease forecast. However, it did not include outlier detection
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processes to enhance result of cardiovascular disease

forecast.

A robust, effectual, and effective ML algorithm was
presented in [3] for early prediction of CVD through the
selection of key features. However, it did not develop
additional precise and robust scheme for forecast as well as
premature diagnosis of heart diseases. The stochastic
gradient boosting method was designed in [4], aims to
recognize presence and deficiency of heart disease with
DTREF classifier through loss optimization.

Correlation-based Feature Subset Selection technique
was introduced in [5], aimed to select the most significant
factors for diagnosing heart disease. But, accuracy level of
diagnosing heart disease was not improved at the required
level. An ensemble-based approach was designed in [6] that
utilize ML and DL methods with aim of predicting
cardiovascular disease. However, the method did not
effectively identify the most relevant features for predicting
cardiovascular disease.

However, the outlier detection process was not included
to enhance the classification performance. The main
contribution of the study includes the following
e To improve cardiovascular disease prediction, MRI-

RICR method is developed, incorporating data

preprocessing and feature selection techniques.

e The Multivariate Radial Basis Interpolation method is
utilized in the MRI-RICR method for handling missing
data in the dataset. The Chauvenet's criterion is applied
for removing outlier data.

e The MRI-RICR method utilizes Ruzicka indexive
censored regression to select most pertinent aspect as of
the database, so enhancing accuracy of cardiovascular
disease prediction while minimizing time consumption.

e Finally, experimental assessment is conducted to
estimate result of MRI-RICR method using various
metrics and comparing it to other conventional methods.

This paper discusses recent technology and different
algorithms described in section 2; the proposed methodology
explains the liver tumor preprocessing approach in contrast
to limited adaptive equalization detail in section 3; the
analysis of liver tumor preprocessing approaches the result
in section 4; and finally, this proposed study method
concluded in section 5.

II. RELATED WORKS

ML, neuro-fuzzy, and statistical techniques were
developed [7] for early forecast of cardiovascular diseases.
However, the computational complexity analysis of the early
prediction in cardiovascular diseases was found to be high.
A hybrid 1D CNN was developed in [8] for CVD prediction
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using a large dataset as well as chosen aspect obtained support ence and moval and
through feature selection algorithms. However, it failed for scheme severity feature
robust as well as precise prediction of heart health situations. level of selection
Precise as well as effective decision support scheme depend CVD
on a machine learning method was designed in [9] to forecast Identificatio | Did not use
nonexistence or presence of CVD as well as its severity level. Gradient nof larger
However, outlier recognition as well as removal, as well as descent cardiovascul | datasets for
feature selection, were not incorporated, for enhancing the [10] NP .
detection and classification of disease severity levels. optimization | ar - dete.c.t ng
A gradient descent optimization algorithm and CNN were and CNN abnormalitie addltlonal. .
developed in [10] to identify cardiovascular abnormalities. § abnormalltles
However, a larger dataset was not utilized to enhance the Dl.d.noff
detection of additional cardiac abnormalities. CNN was ) minimize
developed [11] for cardiovascular disease prediction. Cardiovascul | computationa
However, it did not minimize computational difficulty of [11] CNN ar disease 1 difficulty
method with no compromising accuracy. LSTM-based DNN prediction without
was developed in [12] for early prediction of cardiovascular compromisin
disecases (CVDs) using regression analysis, aspiring to g accuracy
improve accuracy level of disease forecast. Early
Multi-class classifier was developed in [13] for forecast LSTM-based | prediction of
of various kinds of cardiovascular diseases. However, it [12] DNN with CVDs _
exhibits higher time complexity in context of cardiovascular regression aiming to
disease forecast. K-Nearest Neighbor Algorithm, designed in analysis 1mprove
[14], aimed to improve diagnostic accuracy of ischemic accuracy
cardiovascular disease. However, it did not succeed in Forecast of
developing efficient techniques for properly monitoring . various S
critical heart patients. An automated Cardiovascular Disease [13] Mul‘q—class kinds of High time
Diagnosis was developed with the Honey Badger classifier cardiovascul complexity
Optimization through a Modified DL approach [15]. A ar diseases
Hybrid Deep Neural Networks (HDNNs) was developed in Improve
[16] for robust heart dlsease prediction. However, a .novel KN diagnostic Inefficient for
apprpa(.:h was not applled to strepgthen and enhanfze disease B carest accuracy of | monitoring
prediction. A logistic regression (LR) technique was [14] Neighbor ischemic critical heart
employed in [17] to categorize cardiac disease depend on Algorithm cardiovascul atients
data preprocessing as well as feature selection. However, di p
time complexity of the heart disease classification remained - ar disease
unaddressed. Modified
DL with Automated
An effectual ensemble technique depend on RF method [15] Honey CVD —
was developed in [18] to improve accuracy of cardiovascular Badger diagnosis
disease forecast by integrating multiple feature selection Optimization
techniques. A predictive models depend on ML were . Did not apply
designed [19] for assessing risk of cardiovascular disease Hybrid Deep Robust heart | novel
(CVD). A hybrid ECG-based deep network was developed 16 Neural i ht
in [20] for early classification of cardiovascular disease in [16] Networks 15ease approach 1o
. . . . diction strengthen
hypertension patients. However, it consumed a longer time (HDNNGs) pre s
for cardiovascular disease prediction. DCNN was designed — prediction
[21] for early recognition of heart disease. However, the Logistic )
existing methods does not improve accuracy of heart disease R@gressmn Categorize Time .
risk forecast methods or in developing additional effectual [17] with ) cardiac complexny
strategies for protecting and handling heart disease. Table 1 Preprocessin. | 4. e remained
lists the various studies related to present study. g and feature unaddressed
Table 1 : Existing Studies in the literature selection
Ref No. Method Objective Limitation Improve
ML, neuro- | Early Hish accuracy of
[7] fuzzy, and forecast of corgn Ltationa Enserpble CVD
statistical cardiovascul 1 rﬁ lexit technique forecast by
techniques ar diseases compiextty [18] based on integrating —
CVD Random multiple
Hybrid 1D prediction Forest (RF) | feature
[8] CNN with using large {;ﬁgkiggggu“ select.ion
feature dataset and dp i techniques
selection selected prediction Assess risk
features [19] Predictive of o
[9] ML-based Forecast No outlier ML models | cardiovascul
decision presence/abs | recognition/re ar disease
[20] Hybrid Early Longer
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ECG-based | classification | prediction
deep of CVD in time
network hypertension
patients
Did not
improve
Deep . Early accuracy or
Convolution .. develop
211 | al Neural refcl‘l’griltt“’“ additional
Network giseSt:e effective
(DCNN) strategies for
managing
heart disease

There are many ML, DL and hybrid approaches
developed to predict cardiovascular disease and there are
some critical issues that have not been addressed. The vast
number of previous studies cannot be used by practitioners
because of computational complexity and time complexity,
meaning they cannot be performed in real time. There are
also no solid procedures for feature selection or outlier
removal, which misleads the predictive accuracy and
generalizability of the results, as well as a lack of viable
approaches to support scalability. Further, there has not been
a clear integrated framework that supports accurate and
efficient early diagnosis and simultaneously deals with the
wide breadth of cardiovascular diseases.

III. PROPOSED METHODOLOGY

CVD is important health concern including variety of
situation which influences heart as well as blood vessels.
Predicting risk of developing CVD is essential for preventive
healthcare strategies and early interventions. Various
predictive models and algorithms have designed to evaluate
individual’s danger of rising CVD depend on age, gender,
and so on. These predictive methods healthcare professionals
recognize high-risk individuals  with minimal time and
complexity remained a challenging issues. To meet these
gaps, in this work a method called, MRI-RICR method for
CVD prediction is designed.

CVD Dataset
Data acquisition

Data preprocessing

o Multivariate radial basis interpolation
based missing data handing

Y

Ruzicka indexive censored regression based feature

v

[l Accurate cardiovascular disease prediction

Figure 1 Architecture of MRI-RICR Techniques
Figure 1 shows the demonstrate architecture diagram of
MRI-RICR  technique for accurate prediction of
cardiovascular disease. The accurate detection method
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involves three fundamental steps namely data acquisition,
data preprocessing, and feature selection.

A. Data acquisition

Data acquisition is the fundamental step in the
preprocessing technique. It is the process of collecting the
numerous patient data from the cardiovascular disease
database taken as of https://www.kaggle.com/sulianova/
cardiovascular-discase-data set. By following these steps,
effectively acquire high-quality data for rising as well as
authenticating prognostic methods for cardiovascular disease
risk assessment. Major aim of this database is to find
presence and nonexistence of cardiovascular disease. The
dataset consists of 13 attributes and 70000 instances.

B. Data preprocessing

The next fundamental step of the MRI-RICR method is a
data preprocessing for cardiovascular disease (CVD) risk
assessment. It include cleaning, transforming, organizing
acquired information to organize it for CVD risk assessment
investigation. Major objective of data preprocessing is to
minimize time and space complexity of CVD risk prediction.
The data preprocessing of MRI-RICR method includes two
major processes namely missing data handling ad outlier
detection. These two processes of data preprocessing is
elaborated in following subsections.

Multivariate radial basis interpolation based missing
data handing: Missing data refers to the absence of values
in a dataset. It occurs when no data value is stored for a
variable in a particular observation. Handling missing data
is important in data analysis since it leads to inaccurate
disease prediction if not addressed properly. There are
several methods to contract through missing information.
Proposed MRI-RICR method utilizes the Multivariate radial
basis interpolation method for handling the missing data.
The interpolation-based methods offer a balance between
data maintenance, flexibility, and ease of implementation for
handling missing data. Raw input dataset ‘Ds’ is formulated
in form of matrix as below.

F; F, I
DP;; DPy, DP,
A = DPZI DP22 DPZn
DP,,, DP,, DPn

From the above input matrix ‘A’ formulation where ‘n’
denotes a column represents the features F;, F,, ... F;, and the
overall sample instances or patient data ‘DP,;,’ presented in
the ‘m’ row respectively.

From the input matrix ‘A’ where ‘n ‘denotes columns
representing features and ‘m’ denotes rows representing
overall sample instances or patient data ‘DP’. Multivariate
radial basis interpolation method is employed for handling
the missing data. The interpolation-based methods offer a
balance between data maintenance, flexibility, and ease of
implementation for handling missing data. Multivariate
having or involving a number of already known data points
for handling missing data. Interpolation is the process of
finding the unknown data values based on the known data
values. First, a weighted mean concept is applied to identify
the missing value in the respective feature. Weighted mean
is expressed as follows,

m
Yi=1 DPi*w;

m .
Zi=1 wi

DP, = WM = (1)



Where, WM denotes a weighted mean for finding the
missing value, DP; denotes an known data points, w; denotes
a weight assigned to data point ‘DP; °, DP,, denotes a missing
data. Thus, the multivariate radial basis interpolation offers a
method to assess whether the estimation of missing values is
appropriate or not.

¢ = exp (—€Q?) 2
Q = |DPy — DPp 3)

Where, ¢ denotes a radial basis interpolation, € denotes a
parameter used for avoiding overfitting. If € is too small, the
interpolation may capture noise in the data. Conversely, if €
is too large, the interpolation may over smooth the data. From
(4),DP,, denotes a missing data, DP,,,, denotes a non-missing
data available in the dataset. An interpolated value of ¢ =1
denotes determined missing value is accurate based on the
available data in the dataset. Like this, every missing data are
managed based on available data points in the dataset.

Ruzicka indexive censored regression based feature
selection Feature selection is performed in MRI-RICR
method. Feature selection, also called attribute selection,
helps to select most pertinent aspects for accurate
cardiovascular disease forecast. Main objective is to make
predicting cardiovascular disease faster through the relevant
features. The MRI-RICR method uses the Ruzicka indexive
censored regression method to choose pertinent aspect as of
database. It is ML method employed for measuring
association among the aspects in which dependent variable
i.e. features censored above or below a certain threshold. The
Ruzicka index is a similarity function used for measuring the
relationship between the features. The features with high
similarity are selected for accurate disease prediction. Other
less similarity features are removed from the dataset. This
process improves the accuracy of cardiovascular disease
prediction with minimal time consumption.

Figure 2 illustrates flow process of the Ruzicka indexive
censored regression for accurate cardiovascular disease
prediction. Let us consider the preprocessed cardiovascular
disease dataset as input for feature selection process. First,
number of features Fj, F,,...F, are collected as of given
database.

The features are given as input to the censored regression.
Censored regression is a statistical analysis when the exact
value of an output variable is observed, and other values are
removed due to specific constraints, referred to as censoring
points. A censoring point denotes a specific value or
threshold acting as a boundary, beyond which input are
censored. This regression process involves two types of
censoring. Left-censoring arises as the observed value of a
Ruzicka index output is known to be less than a certain
threshold, while right-censoring occurs when the Ruzicka
index output is known to be above a certain threshold. The
threshold defines lower and higher values of the Ruzicka
index coefficient.

The mathematical formula for calculating the Ruzicka
index between the features is shown below

_ [FinFj]
RC = ZF,:+Z F]'—[[FinF]']

“)

Where, ‘RC’ denotes a Ruzicka similarity coefficient, F;
and F; denotes the features, F; N F;denotes a mutual
dependence between the two features. The coefficient (RC)
provides the output ranges between 0 and 1. Then the Left-
censoring as well as right-censoring are two types of
censoring events that occur in statistical analysis, particularly
in censored regression
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Figure 2 Workflow-Ruzicka indexive censored regression
based feature selection

.Censored regression is a class of models in which the
Ruzicka similarity coefficient is censored above or below a
certain threshold.

4= RC > T ;relavant features
- {RC < T;irrelavant features ®)

Where, Z indicates a censored regression output, T
denotes a threshold, RC denotes a Ruzicka similarity
coefficient. If the coefficient value is greater than the
threshold i.e. right censoring, the relevant aspect is selected.
If similarity value is less than threshold i.e. left censoring,
the irrelevant feature and it is censored i.e. removed. In this
manner, the Ruzicka indexive censored regression identifies
relevant features. This relevant feature is used for accurate
cardiovascular disease prediction.

IV.RESULTS AND DISCUSSION

Performance of the MRI-RICR method and QPSO-SVM [1]
and ACVD-HBOMDL [2] are estimated through different
parameters with different number of patient data.

Cardiovascular disease prediction accuracy: It refers to
ratio of accurately forecasting presence or absence of
cardiovascular disease from total number of patient
information. Therefore, accuracy is computed below:

TP+TN * 100

CDPA = ——2T" (6)
TP+TN+FN+FP

Where, CDPA indicates an cardiovascular disease prediction
accuracy, TP represents true positive indicates correctly
identifying cardiovascular disease presence or absence, TN
indicates true negative denotes a properly identifying
cardiovascular disease , FP represents the false positive
represents incorrectly identifying cardiovascular disease
presence or absence, FN represents the false negative
indicates incorrectly predicts a absence of cardiovascular
disease. It is calculated in percentage (%).
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Figure 3: Performance Analysis of CDPA

Figure 3 depicts performance study of CDPA using
MRI-RICR, QPSO-SVM [1], and ACVD-HBOMDL [2].
Among the three techniques, result of the MRI-RICR method
is notably improved compared to conventional methods. For
instance, considering 5000 patient data for accuracy
calculation, the MRI-RICR method attained accuracy of 92%.
Furthermore, detection accuracy of conventional [1] and [2]
was 86% and 88%. Ten different results were observed for
each method with varying numbers of patient data. The
observed results of the MRI-RICR method are compared with
conventional methods. Overall comparative analysis denotes
which detection accuracy of the MRI-RICR method
improved considerably by 8% and 5% than the [1] , [2]
respectively.

This improvement is achieved owing to relevance of the
Ruzicka indexive censored regression to enhance accurate
cardiovascular disease prediction. For each feature in the
given dataset, Ruzicka similarity is measured. The censored
regression function analyzes the similarity coefficient and
distinguishes relevant and irrelevant features by setting a
threshold. The relevant features are used for cardiovascular
disease forecast, thus improving accuracy.

Precision: It is defined as ratio of detecting cardiovascular
disease presence or absence. It is expressed as,

PN =2 (7

= TP+FP

where, PNdenotes precision, TP indicates the true positive,
FP denotes false positive. Table 1 lists the precision values
for different methods.

Table 1 Precision

Number of PN
patient MRL | QPSO-SVM | ACVD-
data RICR HBOMDL
5000 0.927 0.884 0.898
10000 0.923 0.878 0.902
15000 0.918 0.865 0.895
20000 0.932 0.862 0.884
25000 0.924 0.874 0.895
30000 0917 0.865 0.887
35000 0.928 0.874 0.891
40000 0.932 0.863 0.895
45000 0.927 0.865 0.882
50000 0.918 0.852 0.875
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Figure 4 Performance Analysis of Precision

In Figure 4, performance results of precision are depicted
versus number of patient data. Three methods, namely MRI-
RICR, QPSO-SVM [1], and ACVD-HBOMDL [2], are
utilized to evaluate precision. Results demonstrate that the
MRI-RICR method achieves higher precision compared to
two conventional methods. The examined outcomes of MRI-
RICR method are compared to conventional methods.
Overall comparison reveals that the precision performance in
accurately detecting cardiovascular disease prediction is
enhanced by 7% compared to [1] and 4% compared to [2]
when applying the MRI-RICR method. To achieve this
improved performance, the MRI-RICR method utilizes
Ruzicka indexive censored regression for selecting more
relevant features, thereby enhancing detection through
improved TP and minimizing FP outcomes during
cardiovascular disease prediction.

Cardiovascular disease prediction time: It is calculated as
amount of time utilized through method for predicting
cardiovascular disease presence or absence. It is computed
as below,

CDPT = ¥, DP, « T(CDP) (8)

where, CDPT denotes a cardiovascular disease prediction
time depend on patient data ‘DP;’ and actual time utilized in
cardiovascular disease prediction indicated by ‘T(CDP). It is
calculated in milliseconds (ms). Table 2 provides the lists of
CDPT values.

, Table 2 CDPT
Number of CDPT (ms)
patient MRI- | QPSO-SVM ACVD-
data RICR HBOMDL
5000 26.5 30 28
10000 30.2 35.7 324
15000 32.5 40.5 36.7
20000 36.4 42.6 40.2
25000 40.7 45.7 43.5
30000 43.8 48.9 46.9
35000 46.7 52.5 50.1
40000 50.5 55.2 53.6
45000 52.7 58.5 55.7
50000 55.9 60.7 57.6
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Figure 5 Performance Analysis of the proposed method -
CDPT

Figure 5 depicts performance study of CDPT with
MRI-RICR, QPSO-SVM [1], and ACVD-HBOMDL [2].
The performance of CDPT for every three methods
enhances through number of patient data. Specifically,
the cardiovascular disease prediction time for the MRI-
RICR method is considerably minimized compared to
conventional [1],[2]. Let's consider initial iteration
through 5000 patient data, wherever CDPT for MRI-
RICR method was found to be 26.5ms. Likewise, time
consumption for [1] and [2] was 30 ms and 28 ms.
Overall outcomes attained as of MRI-RICR method are
compared to results of conventional methods.
Comparison results indicate which performance of
cardiovascular disease prediction time using the MRI-
RICR method is reduced by 12% and 7% than the [1],
[2]. This reduction is owing to MRI-RICR method
performing data preprocessing as well as relevant feature
selection. In data preprocessing step, missing data are
determined by applying Multivariate Radial Basis
Interpolation-based missing data handling. The
Chauvinist’s criterion is employed for outlier data
removal. Followed by, Ruzicka indexive censored
regression is employed for accurate feature selection to
enhance result of cardiovascular disease forecast. This
process also minimizes the time consumption of
cardiovascular disease prediction

Space complexity: It is calculated as amount of memory

space utilized through method for predicting
cardiovascular disease presence or absence. It is
computed as below,

SC =", DP; * Mem(CVD) Q)

Where, SC denotes a space complexity depend on the
patient data ‘DP;” and memory space utilized in
predicting cardiovascular disease presence or absence
denoted by ‘Mem(CVD)’. It is calculated in Kilobytes
(KB and is shown in table 3.

Table 3 Space Complexity
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Number of Space Complexity (KB)
1“‘;“‘}" MRI- | QPSO-SVM | ACVD-
data RICR HBOMDL
5000 165 210 190
10000 275 442 365
15000 365 502 425
20000 412 589 523
25000 528 678 625
30000 633 789 712
35000 745 925 856
40000 785 1032 912
45000 823 1152 978
50000 914 1245 1128
1400

2 1200 o— MRL

& 1000 RICR

Z

% 800

=

g 600 —&— QPSO-

S SVM

S 400

=

=

“ 200

—&— ACVD-
0 HBOMDL
2 s2822
ot N
paient data

Figure 6 Performance Analysis of Space Complexity
Figure 6 depicts performance results of SC versus the
number of patient data collected from dataset. As the
number of patient data increases, the space complexity of
every three techniques gradually enhances. Particularly,
space complexity for the MRI-RICR method significantly
decreases compared to [1] and [2]. Considering the results
from the first iteration with 5000 patient data, the space
complexity for the MRI-RICR method was 165 KB, while
for [1] and [2], it was 210 KB and 190 KB, respectively.
Consequently, entire outcomes of MRI-RICR method are
compared to conventional techniques. Average of ten
outcomes shows which result of SC is minimized by 26%
and 16% than the existing QPSO-SVM [1] , ACVD-
HBOMDL [2]. This reduction is achieved by minimizing the
dimensionality of the dataset through the feature selection
process. This method selects more relevant features while
removing others from the dataset, thereby minimizing
storage space in cardiovascular disease prediction.

This study shows encouraging predictive performance over
different algorithms; however, real-world use requires
optimization for computational efficiency, integration with
electronic health records, and prospective validation on
heterogeneous clinical cohorts. Extending utility to other
data will require rigorous preprocessing, standardized
feature selection, and continuous recalibrating of models to
preserve accuracy and clinical relevance.

V. CONCLUSION

Cardiovascular disease (CVD) prediction is a critical
endeavor aimed at identifying individuals at danger of rising
conditions such as heart disease and stroke. MRI-RICR
method facilitates early CVD prediction, thereby reducing
the overall risk associated with CVD. Initially, the MRI-
RICR method performs data preprocessing for addressing
missing data and removing outliers, which contributes to
minimizing the time complexity of CVD prediction.
Subsequently, the method conducts dimensionality reduction
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using Ruzicka indexive censored regression to select
significant features with higher accuracy and precision. A
comprehensive experimental evaluation is conducted,
incorporating various parameters. Analyzed outcomes show
that MRI-RICR method outperforms well existing
approaches in attaining superior accuracy and precision.
Moreover, MRI-RICR method proves to effective in reducing
time consumption and space complexity for CVD forecast
compared to conventional methods.
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