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AI-Based Prediction of Systolic Blood Pressure Using Biometric and 
Clinical Data

Early and accurate prediction of systolic blood pres-
sure (SBP) is essential for preventing cardiovascular 
complications and improving patient care. In this 
study, we examined whether a Multi-Layer Percept-
ron (MLP) model could effectively estimate SBP by 
combining several biometric and clinical factors. 
The dataset involved 128 adults visiting a cardiology 
clinic and included variables such as age, abdomi-
nal circumference, glucose, lipid profiles, creatinine, 
urea, hemoglobin, hematocrit, and diastolic blood 
pressure (DBP).
Before training, the data were carefully cleaned and 
normalized to ensure consistency. An MLP model 
with a single hidden layer was developed and evalu-
ated using two data-split scenarios (70/30 and 80/20 
for training and testing). Several activation functions 
were explored—sigmoid, hyperbolic tangent, and 
identity—to determine the most efficient setup. In-
terestingly enough, the model using sigmoid functi-
ons in both layers delivered the lowest testing error 

(MSE = 0.004) in the 80/20 split, suggesting strong 
predictive performance.
The analysis revealed that DBP, abdominal circumfe-
rence, and hemoglobin (HGB) played the most cri-
tical roles in prediction accuracy. In addition, urea, 
hematocrit (HCT), and creatinine showed consistent 
importance across models with testing errors below 
0.046.
Taken together, these results indicate that MLP-ba-
sed models can be valuable, practical, and interp-
retable tools for SBP prediction. Incorporating such 
approaches into clinical practice could support per-
sonalized cardiovascular risk assessment and more 
informed decision-making for patient care.
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1. Introduction
Cardiovascular diseases (CVD) remain one of the 
leading causes of mortality worldwide, highlighting 
the importance of early diagnosis and effective treat-
ment strategies (WHO,2021). In recent years, artifici-
al intelligence (AI) has brought a remarkable shift to 
this field, offering powerful tools that assist clinicians 
in various stages of patient care (Jiang, 2017; Topol, 
2019; Esteva,2019). While deep learning techniques 
have shown outstanding performance—particularly 
in handling complex data such as medical imaging 
and ECG signals—traditional machine learning al-
gorithms still play a critical role in assessing indivi-
dual risk factors and supporting patient classification 
(Shickel, 2017; Rajkomar, 2019).

Systolic blood pressure (SBP) is widely regarded as 
a key marker of cardiovascular health and an impor-
tant predictor of morbidity and mortality worldwide. 
Findings from large-scale epidemiological studies, 
including the well-known Framingham Heart Study, 
have consistently demonstrated that elevated SBP 
has a stronger association with adverse cardiovas-
cular outcomes than diastolic blood pressure (DBP), 
particularly in individuals over the age of 50 (Frank-
lin, 2005). Notably, even when DBP levels remain wit-
hin the normal range, increased SBP has been linked 
to a higher risk of myocardial infarction, stroke, he-
art failure, and chronic kidney disease (Chobanian, 
2003; Lewington, 2002). Consequently, recent clini-
cal guidelines place greater emphasis on identifying 
and managing isolated systolic hypertension, espe-
cially among older adults.

SBP is also a more sensitive indicator of vascular 
aging and long-term cardiovascular risk because it is 
more likely to rise with age as a result of arterial stif-
fening and decreased vascular compliance (Franklin, 
2005). As a result, precise and ongoing SBP estima-
tion has emerged as a key goal in remote patient 
monitoring and preventive cardiology.

The emergence of artificial intelligence and machine 
learning has opened up new opportunities in health-
care, particularly in the realms of predictive models, 
which can significantly improve patient care. One of 
the main areas of interest in recent years has been 
the use of neural networks for complex, non-linear 
data analysis and prediction of disease rates among 
healthcare professionals. Increasingly, they are used 
for various purposes, including aiding in the diagno-
sis of diseases and anticipating patient outcomes, 
while uncovering subtle patterns and relationships 
that are often not captured by conventional statisti-
cal methods (Jiang, 2017; Hannun, 2019; Shamshir-
band, 2021).

Predictive models that support early diagnosis and 
risk assessment have been made possible by the 

expanding availability of structured clinical and bio-
metric data in the healthcare industry, including blo-
od chemistry, anthropometric measurements, and 
vital signs (Shamshirband, 2021, Si, 2021). The Mul-
ti-Layer Perceptron (MLP) is still one of the most po-
pular and successful machine learning techniques, 
especially when dealing with structured, tabular da-
tasets (Saraswat, 2024; Dweekat, 2022; Riina,2024). 
Without requiring very large datasets or a lot of pro-
cessing power, MLP's adaptable architecture allows 
it to effectively capture intricate, non-linear relati-
onships between clinical variables.

MLPs are particularly well-suited for biomedical re-
search, where reproducibility and transparency are 
crucial, because they are comparatively easy to de-
sign, train, and interpret in contrast to many specia-
lized deep learning architectures. Furthermore, they 
have become a more viable and reliable choice in 
contemporary clinical decision support systems due 
to their versatility in solving various problem types, 
such as regression, classification, and feature impor-
tance estimation.

In this context, the Multi-Layer Perceptron (MLP), a 
type of feedforward artificial neural network, offers 
a flexible framework for modeling complex and 
non-linear interactions among physiological vari-
ables. This study explores the predictive capability 
of MLP for estimating systolic blood pressure (SBP) 
using biometric and clinical data. The objective is 
to develop an interpretable model that can assist 
in personalized cardiovascular risk assessment and 
support better clinical decision-making.

2. Material and Method
Ethical Statement: The anonymized dataset used 
in this research was obtained from a publicly acces-
sible source. Since the data are fully de-identified 
and freely available, formal ethical approval was not 
required. The dataset was originally collected as 
part of the author’s Master’s thesis (Pamukçu, 2010); 
however, this study applies different analytical tech-
niques and focuses on addressing additional resear-
ch objectives.

2.1. Multi-Layer Perceptron 
A multi-layer perceptron (MLP) is a type of feed-
forward artificial neural network. It is one of the most 
basic neural network types for performing a regres-
sion and a classification task. In this study, the MLP 
was used to predict the systolic blood pressure (SBP) 
with respect to multiple biometric and clinical para-
meters. An MLP has different layers of neurons and 
one input layer, one or more hidden layers and one 
output layer. 
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In more detail, any given layer has neurons (or no-
des) that are completely vital to and exclusive with 
neurons at the next levels of the layer. The MLP uses 
backpropagation to adjust the weight of the model 
to minimize the prediction error (Akın, 2024).

In this study, the architecture of the MLP has an input 
layer corresponding to the number of parameters 
(age, glucose etc.), one or more hidden layers with 
a user-defined number of neurons, and the output 
layer which is the model that predicts SBP values. 

Figure 1. A Multi-Layer Perceptron (MLP) Neural Network Architecture (Rozas-Rodrigez, 2024)

The components of a generic MLP architecture are 
explained in Figure 1. Each of the blue circles on the 
left corresponds to the model’s inputs. Each of the 
model inputs is associated with a hidden layer node 
to which it is connected via the links w_1,w_2,…
,w_n.  The nodes in the middle, illustrated with sig-
ma Σ symbols, act on the inputs via some activati-
on functions. Each node, within the limits of some 
activation function, computes the weighted sum of 
inputs connected to it. The blue node to the right is 
the model’s final output, y. Each hidden layer node 
is connected to the output node, with the output 
layer weights being v_1,v_2,…,v_n. The blue circ-
les on the left are the weights associated with the 
hidden inputs, and the blue circles on the  right are 
the weights associated with the output of the hid-
den layer inputs. The model refinements are made 
by optimizing these weights. The diagram illustrates 
a simple view of a neural network, which entails the 
movement of data from the inputs to the outputs. 
Each layer's nodes illustrate the different levels of 
processing within the model.

2.2. Study Design 
The study explored different activation functions in 
various MLP architectures with one neuron output 
layer, designed to predict both systolic and diastolic 
blood pressure. This approach aims to identify the 
optimal design for accurate estimation by capturing 
complex relationships between biometric and clini-
cal features. A dataset containing various biometric 

and clinical variables was used in the study. Data 
from patients who came to the cardiology clinic of 
Fırat University Hospital between October 1, 2009 
and December 22, 2009 were collected prospecti-
vely. 

The data are publicly available at: 

https://tez.yok.gov.tr/UlusalTezMerkezi/tezSorguSo-
nucYeni.jsp. 

The inclusion and exclusion criteria are as follows:

The inclusion criteria for this study required indivi-
duals 1) aged 18 years and older with essential bio-
metric and clinical parameters that were completely 
collected for the dataset. 2) participants with a his-
tory of hypertension or other cardiovascular disea-
ses were included, and the study encompassed both 
male and female individuals. 

Otherwise, the exclusion criteria were meticulous-
ly delineated in order to uphold the quality of the 
information as well as the accuracy of the model. 
1) Missing data on systolic and/or diastolic blood 
pressures, or any other of the primary parameters, 
resulted in exclusion. 2) Candidates in the study with 
physiologically unreasonable parameters, such as a 
systolic blood pressure of 250 mmHg, were likewise 
excluded. 3) Candidates with chronic renal failure or 
other terminal illnesses were excluded as well, due 
to the plausibility of independent effects these con-
ditions might have on blood pressure. 4) Pregnant 
women were also excluded due to the changes in 
blood pressure that tend to occur during pregnan-
cy. Moreover, 5) dataset integrity was jeopardized by 
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the inclusion of individuals who are in the advanced 
stages of any illness, such as febrile diseases or in-
fections, as well as those who take medications that 
have a direct effect on blood pressure control, for 
instance, beta- blockers and ACE inhibitors.

2.3. Data Set
The dataset consists of 128 participants, each rep-
resented by various biometric and clinical variables 
that are critical for predicting systolic blood pressu-
re (SBP). The variables include age (Age, in years), 
and height (Height, in meters). Abdominal circum-
ference (Abdominal Circumference, in meters) and 
biochemical markers such as glucose level (Glucose, 
in mg/dL), high-density lipoprotein cholesterol (HDL 
Cholesterol, in mg/dL), and low-density lipoprote-
in cholesterol (LDL Cholesterol, in mg/dL) are also 
included. Additional variables comprise urea level 
(Urea, in mg/dL), creatinine level (Creatinine, in mg/
dL), and potassium level (Potassium, in mEq/L). He-
moglobin concentration (Hemoglobin, in g/dL) and 
hematocrit percentage (Hematocrit, in %) provide 
further clinical insights. The dataset also records di-
astolic blood pressure (Diastolic Blood Pressure, in 
mmHg) and systolic blood pressure (Systolic Blood 
Pressure, in mmHg), which serves as the primary out-
come variables.

2.4. Data Preprocessing
Thorough and detailed data preprocessing was 
done so as to ready the dataset for modeling, and 
to also maximize the prediction performance of the 
Multi-Layer Perceptron (MLP) model for SBP pre-
diction. The steps for preprocessing included data 
cleaning, normalization, feature selection, and the 
division of the dataset into training, validation, and 
testing subsets. 

Data cleaning: the dataset in question was heavily 
scrutinized and suspected anomalous values were 
marked. The required variables were all complete, 
and therefore no imputation was necessary. Data 
consistency was maintained, and outliers were iden-
tified and managed.

Feature Normalization: All continuous predictor va-
riables were manually normalized using min–max 
scaling prior to neural network training. This step 
was conducted to ensure that variables measured 
on different scales contributed proportionally du-
ring model learning.

Feature Selection: The input features were age, he-
ight, abdominal circumference, glucose, HDL, LDL, 
urea, creatinine, potassium, hemoglobin, and hema-
tocrit. Systolic blood pressure were chosen as target 
variable. 

Data Splitting: Due to the limited sample size, k-fold 
cross-validation was not applied, as splitting the 

data into multiple folds would result in small training 
subsets and unstable estimations. Instead, two tra-
in–test configurations were used for model evalua-
tion:

(1) 70% of the data was used for training and 30% for 
testing, and

(2) 80% was used for training and 20% for testing.

These splits were selected to assess the generaliza-
tion ability of the MLP model under different trai-
ning-data proportions.

2.5. Performance Evaluation
The performance of the Multi-Layer Perceptron 
(MLP) model for predicting blood pressure was 
evaluated using multiple regression-based metrics 
to ensure a comprehensive understanding of the 
model's accuracy and reliability. The Mean Squared 
Error (MSE) was employed to measure the average 
squared differences between the actual and predic-
ted SBP values, providing a clear indication of error 
magnitude. 

3. Results
Blood pressure prediction was performed using a 
Multi-Layer Perceptron (MLP) architecture. The MLP 
model was designed with a single hidden layer to 
balance simplicity and effectiveness. Two activation 
functions, hyperbolic tangent (tanh) and sigmoid, 
were tested for the hidden layer to evaluate their 
impact on predictive performance. For the output 
layer, three different activation functions (identity, 
tanh, and sigmoid) were employed to assess their 
suitability for this regression task. The dataset was 
divided into training and testing sets using two dif-
ferent ratios: 70% training and 30% testing as well as 
80% training and 20% testing. These configurations 
were applied to investigate how varying the training 
set size affects model accuracy and generalization. 

The multilayer perceptron (MLP) model was imple-
mented using the Multilayer Perceptron procedure 
in IBM SPSS Statistics. The network consisted of an 
input layer including all predictor variables, one hid-
den layer with 5 neurons, and a single-neuron out-
put layer.

Training was carried out in batch mode (the gradient 
was computed on the whole training set at each 
iteration). The optimization algorithm was scaled 
conjugate gradient (SCG). The SCG training opti-
ons were set as follows: Initial Lambda = 0.0000005 
(5×10-⁷), Initial Sigma = 0.00005 (5×10-⁵), Interval 
Center = 0, and Interval Offset = ±0.5, meaning that 
the network weights were initialized from a uniform 
distribution in the range [-0.5, 0.5]. All other training 
settings (e.g. maximum number of iterations and 
stopping criteria) were kept at the IBM SPSS defa-
ult values. (IBM Corp.,2020). Predictor importance 
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was obtained from the “Independent Variable Im-
portance” output of the SPSS Multilayer Perceptron 
procedure, which is based on a sensitivity analysis 

of the trained network and reported as normalized 
importance values (0–100%). The results for these 
experiments are presented in Table 1 and Figure 2. 

Table 1. Mean Squares Errors (MSE) Values of the Multi-Layer Perceptron (MLP) Models for Systolic Blood Pressure Prediction Under 
Different Configurations

Figure 2. Performance of MLP Models Across Different Activation Function Configurations. 
The Bar Chart Illustrates the Training and Testing Error Values for Systolic Blood Pressure Prediction Using Various 

Combinations of Hidden and Output Layer Activation Functions

Activation Functions Training Testing Independent 
Variable 

Importance

Training Testing Independent 
Variable 

Importance
Output 
Layer Hidden Layer 70% 30% 80% 20%

Identity

Hyperbolic 
tangent 0,235 0,351

DBP, Creatinin, 
LDL

0,184 0,132 DBP, HCT, Urea

Sigmoid 0,217 0,167
DBP, Creatinin, 
Abd. Circ.

0,250 0,227
DBP, Creatinine, 
Urea

Hyperbolic 
tangent

Hyperbolic 
tangent 0,046 0,036

DBP, Creatinin, 
Urea

0,034 0,037
DBP, Creatinine, 
HGB

Sigmoid 0,030 0,065
DBP, Abd. Circ., 
HGB

0,035 0,028
DBP, HCT, 
Creatinine

Sigmoid

Hyperbolic 
tangent 0,010 0,013 DBP, HCT, HGB 0,009 0,008 DBP, HGB, Urea

Sigmoid 0,008 0,009
DBP, Urea, Abd. 
Circ.

0,011 0,004
DBP, Abd. Circ., 
HGB

The best-performing model was determined based 
on its lowest testing error. The configuration with a 
Sigmoid activation function for both the hidden and 
output layers achieved the best performance:

•	 70% Training / 30% Testing Split: Testing error 
= 0.009

•	 80% Training / 20% Testing Split: Testing error 
= 0.004

These results demonstrate that using the sigmoid 
function for both layers effectively minimizes pre-
diction error, making it the optimal choice for this 
analysis.
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 The final neural network architecture is illustrated in 
Figure 3. The model includes 13 predictor variables 
entered into the input layer, a single hidden layer 

with five sigmoid-activated neurons, and one sigmo-
id-activated output neuron predicting systolic blood 
pressure (SBP). 

Figure 3. MLP Architecture Used for Systolic Blood Pressure Prediction. The Diagram Illustrates the Configuration of the 
Multi-Layer Perceptron (MLP) Model With Sigmoid Activation Functions Applied to Both the Hidden and Output Layers

4. Discussion and Conclusion 
One of the most adaptable artificial neural network 
designs, Multi-Layer Perceptrons (MLP) models have 
found widespread applications across several fields 
because of their capacity to capture sophisticated, 
non-linear connections. Their predictive ability and 
adaptability make them absolutely vital for tackling 
practical issues.

MLP models are frequently employed in the healt-
hcare sector for diagnosis, disease prediction, and 
prognosis. For example, MLP models help to fore-
cast cardiovascular disorders by examining risk fa-
ctors including blood pressure, cholesterol levels, 
and patient history (Al Bataineh, 2022; Ali, 2023; 
Subramani, 2023). Medical image analysis also uses 
these to spot patterns in radiological scans, inclu-
ding tumors in MRI scans or abnormalities in X-rays 
(Yun, 2019; Yang, 2023). Furthermore in customized 
medicine, MLPs forecast treatment results based on 
patient-specific information (Qin, 2022). 

Due to the widespread use of MLP models in diver-
se clinical applications, this study employs an MLP 
architecture to predict systolic blood pressure — a 
key biomarker of cardiovascular health. To enable a 
methodological comparison with conventional sta-
tistical approaches, the predictive performance of 

the MLP model was evaluated using the same da-
taset previously analyzed by Pamukçu et al (2010). 
The study reported MSE values of 13,341 for Least 
Squares Regression-LSR (R2=0,6003); 13,515 for Rid-
ge Regression-RR (R2=0,5876), and 13,305 for Prin-
cipal Component Regression-PCR (R2=0,5994). In 
contrast, our MLP model achieved a lower MSE of 
0,004 and a higher R2 of 0,9552 , demonstrating a 
more accurate prediction of systolic blood pressure 
in this dataset. 

While the RR and PCR models produced more stab-
le predictions in response to multicollinearity and in 
line with theoretical expectations, they were limited 
in capturing the complex interactions between exp-
lanatory variables. According to variable significance 
analyses, all three methods (LSR, RR and PCR) consis-
tently highlighted the impact of classic cardiovascu-
lar risk factors such as diastolic blood pressure (DBP) 
and abdominal circumference on SBP. Furthermore, 
the creatinine was found to be significant in both the 
RR and PCR models (Pamukcu et al, 2010). The MLP 
model also highlighted other variables such as he-
moglobin (HGB), hematocrit (HCT), and urea as sig-
nificant contributing factors. This difference reflects 
MLP's ability to recognize nonlinear relationships.

The component-based structure of the PCR model, 
in particular, made interpretation difficult, while the 
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MLP model provided more applicable results with 
direct variable-based interpretations. This perfor-
mance improvement highlights the potential ad-
vantages of neural network-based approaches over 
conventional linear models for biomedical predicti-
on tasks, suggesting its better suitability for captu-
ring complex, nonlinear relationships in clinical data.

In conclusion, while classical regression metho-
ds provide a solid foundation for SBP estimation, 
they are limited by linear assumptions. The findin-
gs of this study demonstrate that artificial neural 
network-based models offer more flexible, sensitive, 
and highly accurate solutions, particularly when wor-
king with clinical data containing multicollinearity 
and complex structures. Therefore, the integration 
of modern methods capable of modeling nonlinear 
structures in clinical decision support systems can 
make significant contributions to applications such 
as SBP estimation.

Many of the predictors highlighted by our MLP mo-
dels (including diastolic blood pressure, hemoglo-
bin (HGB), hematocrit (HCT), urea, creatinine, and 
abdominal circumference) have well‑documented 
physiological and pathophysiological links to blood 
pressure regulation and cardiovascular risk, which 
supports the biological plausibility of our findings.

First, although SBP is often emphasized clinically, 
diastolic blood pressure (DBP) remains an indepen-
dent and robust predictor of cardiovascular events: 
large population‑based analyses have demonstra-
ted that chronic elevations in both SBP and DBP in-
dependently increase the risk of myocardial infarcti-
on, stroke, and other adverse outcomes (Flint, 2019).  
Thus, the strong weighting of DBP in our model alig-
ns with its known clinical relevance.

Second, elevated hemoglobin and hematocrit levels 
can increase blood viscosity and systemic vascular 
resistance, potentially contributing to higher systolic 
pressures. Observational data from adult populati-
ons have reported a significant association between 
higher HGB levels and hypertension (Taha, 2024).

Third, urea and creatinine reflect renal excretory 
function; impaired kidney function can disrupt sodi-
um‑water balance and impair vascular homeostasis, 
leading to increased blood pressure and hyperten-
sion. Epidemiological evidence has consistently 
shown that compromised renal markers are associ-
ated with higher incidence of hypertension and ad-
verse cardiovascular outcomes ( De Goeij, 2011; Liu, 
2024)

Finally, abdominal circumference is strongly linked 
to metabolic and hemodynamic derangements inc-
luding insulin resistance, sympathetic overactivity, 
endothelial dysfunction, and inflammation; these 
mechanisms are known to elevate both SBP and 
DBP (Koenen, 2021)

In summary, the variables identified by our neu-
ral‑network model are not only statistically signi-
ficant, but also biologically coherent with known 
mechanisms of blood pressure elevation and cardi-
ovascular risk.

5. Limitations
The institutional restrictions on data access and va-
riable inclusion were the primary obstacle this study 
faced. Due to limitations in hospital procedures, the 
need for extra resources, and the scarcity of equip-
ment, some clinically significant variables could not 
be gathered. The data collection process was made 
more difficult by issues with accessing biochemical 
results, distinguishing between primary and secon-
dary hypertension, and excluding patients taking 
antihypertensive medication. A secondary limitati-
on is that these restrictions ultimately led to a com-
paratively small sample size. This small sample size 
(n=128) inherently reduces the statistical power of 
the study and limits the generalizability of the fin-
dings to broader populations. Additionally, because 
SPSS applies normalization to the entire dataset be-
fore the automatic train–test split, complete preven-
tion of data leakage was technically not possible in 
this modeling environment.

Therefore, the results should be interpreted with ca-
ution, and future research is encouraged to validate 
the robustness of the model using larger and more 
heterogeneous samples. To improve the model's 
applicability in more clinical contexts, future studies 
should try to validate it using bigger, multi-center 
datasets with expanded clinical variable sets.

6. Transparency Statement
This study complies with the Transparency and 
Openness Promotion (TOP) guidelines to ensure re-
search quality, transparency, and openness in resear-
ch design, data, and materials.

Data Availability Statement: The data that support 
the findings of this study are openly available in The 
Higher Education Council National Thesis Center at 
https://tez.yok.gov.tr/UlusalTezMerkezi/tezSorguSo-
nucYeni.jsp, reference number 23.

Code and Methods: Python and IBM SPSS 27 were 
used to conduct the analyses. No custom code was 
created or shared because the study relied on stan-
dard statistical procedures that were implemented 
in these software environments.

Research Materials: The manuscript contains all 
pertinent methodological information.

Design and Analysis Transparency: The study pro-
cesses data and performs statistical analysis in ac-
cordance with accepted standards. The Methods 



8

Esra Pamukçu / Nurhan Halisdemir

section provides a thorough description of the rese-
arch methodology, including preprocessing proce-
dures and statistical methods.

Replication and Reproducibility: With access to 
the publicly accessible dataset and the standard 
statistical techniques outlined in the manuscript, the 
results can be replicated.

Ethical Considerations: The study used openly ac-
cessible data, and no human or sensitive data were 
involved. Therefore, ethical approval was not requ-
ired.

Conflicts of Interest: The authors declare no conf-
licts of interest 

References

Akın, E., & Şahin, M. E. (2021). Derin öğrenme ve yapay sinir ağı 
modelleri üzerine bir inceleme. EMO Bilimsel Dergi, 14(1), 27–38.

Al Bataineh, A., & Manacek, S. (2022). MLP-PSO hybrid algorithm 
for heart disease prediction. Journal of Personalized Medicine, 
12(8), 1208.

Ali, R., Hussain, J., & Lee, S. W. (2023). Multilayer perceptron-ba-
sed self-care early prediction of children with disabilities. Digital 
Health, 9, 20552076231184054.

Chobanian, A. V., Bakris, G. L., Black, H. R., Cushman, W. C., Gre-
en, L. A., Izzo Jr, J. L., ... & National High Blood Pressure Educa-
tion Program Coordinating Committee. (2003). Seventh report of 
the Joint National Committee on prevention, detection, evalua-
tion, and treatment of high blood pressure. Hypertension, 42(6), 
1206–1252.

De Goeij, M. C., Voormolen, N., Halbesma, N., De Jager, D. J., 
Boeschoten, E. W., Sijpkens, Y. W., ... & PREPARE-1 Study Group. 
(2011). Association of blood pressure with decline in renal functi-
on and time until the start of renal replacement therapy in pre-di-
alysis patients: a cohort study. BMC nephrology, 12(1), 38.

Dweekat, O. Y., & Lam, S. S. (2022). Cervical cancer diagnosis 
using an integrated system of principal component analysis, ge-
netic algorithm, and multilayer perceptron. Healthcare, 10(10), 
2002.

Esteva, A., Robicquet, A., Ramsundar, B., Kuleshov, V., DePristo, 
M., Chou, K., ... & Dean, J. (2019). A guide to deep learning in 
healthcare. Nature Medicine, 25(1), 24–29.

Franklin, S. S., Pio, J. R., Wong, N. D., Larson, M. G., Leip, E. P., Va-
san, R. S., & Levy, D. (2005). Predictors of new-onset diastolic and 
systolic hypertension: The Framingham Heart Study. Circulation, 
111(9), 1121–1127.

Flint, A. C., Conell, C., Ren, X., Banki, N. M., Chan, S. L., Rao, V. 
A., ... & Bhatt, D. L. (2019). Effect of systolic and diastolic blood 
pressure on cardiovascular outcomes. New England Journal of 
Medicine, 381(3), 243-251.

Hannun, A. Y., Rajpurkar, P., Haghpanahi, M., Tison, G. H., Bourn, 
C., Turakhia, M. P., & Ng, A. Y. (2019). Cardiologist-level arrhyt-
hmia detection and classification in ambulatory electrocardiog-
rams using a deep neural network. Nature Medicine, 25(1), 65–69.

IBM Corp. (2020). IBM SPSS statistics for Windows (Version 27.0) 
[Computer software]. IBM Corp.

Jiang, F., Jiang, Y., Zhi, H., Dong, Y., Li, H., Ma, S., ... & Wang, Y. 
(2017). Artificial intelligence in healthcare: Past, present and futu-
re. Stroke and Vascular Neurology, 2(4), 230–243.

Koenen, M., Hill, M. A., Cohen, P., & Sowers, J. R. (2021). Obe-
sity, adipose tissue and vascular dysfunction. Circulation research, 
128(7), 951-968.

Lewington, S., Prospective Studies Collaboration. (2002). 
Age-specific relevance of usual blood pressure to vascular morta-
lity: A meta-analysis of individual data for one million adults in 61 
prospective studies. The Lancet, 360(9349), 1903–1913.

Liu, H., Xin, X., Gan, J., & Huang, J. (2024). The long-term effe-
cts of blood urea nitrogen levels on cardiovascular disease and 
all-cause mortality in diabetes: a prospective cohort study. BMC 
Cardiovascular Disorders, 24(1), 256.

Pamukçu, E. (2010). Sistolik kan basıncını etkileyebilecek faktörle-
rin ridge regresyon analizi ile incelenmesi ve çoklu bağlantı prob-
lemi (Yayımlanmış yüksek lisans tezi). Fırat Üniversitesi, Elazığ.

Pamukçu, E., Çolak, C., Çalık, S., & Kuzu, Z. (2010). Sistolik kan 
basıncının tahmininde yanlı regresyon yöntemlerinin kullanılması. 
Journal of Turgut Ozal Medical Center, 17(4), 347–353.

Python Software Foundation. (2024). Python language reference 
(Version 3.11). https://www.python.org

Qin, Y., Li, C., Shi, X., & Wang, W. (2022). MLP-based regression 
prediction model for compound bioactivity. Frontiers in Bioengi-
neering and Biotechnology, 10, 946329.

Rajkomar, A., Dean, J., & Kohane, I. (2019). Machine learning in 
medicine. New England Journal of Medicine, 380(14), 1347–1358.

Ravì, D., Wong, C., Deligianni, F., Berthelot, M., Andreu-Perez, J., 
Lo, B., & Yang, G. Z. (2016). Deep learning for health informatics. 
IEEE Journal of Biomedical and Health Informatics, 21(1), 4–21.

Riina, N., Harris, A., Siesky, B. A., Ritzer, L., Pasquale, L. R., Tsai, J. 
C., ... & Guidoboni, G. (2024). Using multi-layer perceptron driven 
diagnosis to compare biomarkers for primary open-angle glauco-
ma. Investigative Ophthalmology & Visual Science, 65(11), 1–11.

Rozas-Rodriguez, W., Pastor-Vargas, R., Peacock, A. D., Kane, D., 
& Carpio-Ibañez, J. (2024). BESS reserve optimisation in energy 
communities. Sustainability, 16(18), 8017.

Saraswat, M., Wadhwani, A. K., & Wadhwani, S. (2024). Intelli-
gent deep model based on convolutional neural networks and 
multi-layer perceptron to classify cardiac abnormality in diabetic 
patients. Physical and Engineering Sciences in Medicine, 47(3), 
1245–1258.

Shamshirband, S., Fathi, M., Dehzangi, A., Chronopoulos, A. T., & 
Alinejad-Rokny, H. (2021). A review on deep learning approaches 
in healthcare systems: Taxonomies, challenges, and open issues. 
Journal of Biomedical Informatics, 113, 103627.

Shickel, B., Tighe, P. J., Bihorac, A., & Rashidi, P. (2017). Deep 
EHR: A survey of recent advances in deep learning techniques for 
electronic health record (EHR) analysis. IEEE Journal of Biomedi-
cal and Health Informatics, 22(5), 1589–1604.

Si, Y., Du, J., Li, Z., Jiang, X., Miller, T., Wang, F., ... & Roberts, K. 
(2021). Deep representation learning of patient data from Electro-
nic Health Records (EHR): A systematic review. Journal of Biome-
dical Informatics, 115, 103671.

Subramani, S., Varshney, N., Anand, M. V., Soudagar, M. E. M., 
Al-Keridis, L. A., Upadhyay, T. K., ... & Rohini, K. (2023). Cardiovas-
cular diseases prediction by machine learning incorporation with 
deep learning. Frontiers in Medicine, 10, 1150933.

Taha, Z., Elhag, H., Hassan, A. A., & Adam, I. (2024). Association 
between hemoglobin level, anemia, and hypertension among 
adults in Northern sudan: A Community-Based Cross-Sectional 
study. Vascular Health and Risk Management, 323-331.

Topol, E. J. (2019). High-performance medicine: The convergen-
ce of human and artificial intelligence. Nature Medicine, 25(1), 
44–56.

World Health Organization. (2021). Cardiovascular diseases 
(CVDs) fact sheet. https://www.who.int/news-room/fact-sheets/
detail/cardiovascular-diseases-(cvds)

Yang, Y., Zeng, N., Chen, Z., Li, W., Guo, Y., Wang, S., ... & Kang, 
Y. (2023). Multi-layer perceptron classifier with the proposed com-
bined feature vector of 3D CNN features and lung radiomics fe-
atures for COPD stage classification. Journal of Healthcare Engi-
neering, 2023, 3715603.

Yun, J., Park, J. E., Lee, H., Ham, S., Kim, N., & Kim, H. S. (2019). 
Radiomic features and multilayer perceptron network classifier: 
A robust MRI classification strategy for distinguishing glioblas-
toma from primary central nervous system lymphoma. Scientific 
Reports, 9(1), 5746.


