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Abstract: Blood pressure prediction is a critical task in healthcare, enabling proactive monitoring and intervention to prevent
cardiovascular complications. In this paper, we introduce a cutting-edge hybrid model that integrates Convolutional Neural Networks
(CNNs) and Long Short-Term Memory (LSTM) networks for accurate blood pressure prediction using time-series data. The CNN
component is leveraged for feature extraction and capturing spatial dependencies, while the LSTM component excels in learning
temporal patterns and long-range dependencies in sequential data. Our experimental results demonstrate that the CNN-LSTM hybrid
model outperforms the standalone CNN and LSTM models in terms of both accuracy and error metrics. Specifically, the hybrid model
achieved an R2 score of 0.9197, surpassing those of the CNN (R2 = 0.8965) and LSTM (R2 = 0.9125) models. The hybrid model also
exhibited a lower Mean Squared Error (MSE) of 0.0042 and Root Mean Squared Error (RMSE) of 0.0649 compared to the CNN (MSE =
0.0053, RMSE = 0.0727) and LSTM (MSE = 0.0045, RMSE = 0.0672) models. These results underscore the performance of the CNN-
LSTM hybrid model for predicting blood pressure from time-series data, offering a promising solution for improving predictive accuracy
in healthcare applications. The proposed model has the capability to enhance continuous monitoring systems, ultimately contributing to
better patient outcomes through timely intervention.

Keywords: Convolutional Neural Networks (CNNs), CNN-LSTM Hybrid Model, Long Short-Term Memory (LSTM), Predictive
Modeling, Temporal Pattern Recognition, , Time Series Data.

1. Introduction Traditional time-series models, such as ARIMA, have
been widely utilized in disease progression studies, and
are known for their ability to manage seasonal patterns
and non-stationary trends. However, it struggles with
noisy and sparse datasets that are often encountered in
health-related studies, particularly those focusing on
cardiovascular diseases. Moreover, ARIMA's reliance on
manual parameter tuning can hinder its performance,
particularly in dynamic environments, such as
cardiovascular interventions, where quick and precise
adjustments are crucial [10].

Blood pressure (BP), a critical physiological indicator of
cardiovascular health, has become a significant public
health challenge both globally and in the United States
[1], [2]. Projections indicate that by 2030, approximately
41.4% of U.S. adults will suffer from hypertension,
representing an 8.4% increase from the 2012 estimates.
Consequently, 43.9% of the U.S. population is expected
to be affected by various manifestations of
cardiovascular disease by 2030. The economic impact of
this growing burden is of equal concern, with the cost of
managing hypertension alone projected to escalate to With advancements in machine learning, more
$274 billion by 2030 [3], [4]. sophisticated techniques have been developed to improve
the prediction accuracy. These methods have the
potential to transform  sequences of clinical
measurements into valuable insights for characterizing
disease risk and progression, offering greater flexibility
than traditional statistical models by better accounting
for nonlinearities and interaction effects in predictors
[11], [12], [13]. For example, Decision Trees (DT),
Support Vector Machines (SVMs), and Random Forests
(RFs) have been utilized to predict blood pressure by
analyzing features extracted from time-series data.
Although these models offer better performance than
traditional methods, they still face challenges in
managing the high dimensionality and temporal
complexity of blood pressure data [14],[15],[16].

Accurate prediction of blood pressure plays a vital role in
preventing and  managing  hypertension-related
conditions, as timely and precise monitoring can help
reduce the risks associated with cardiovascular diseases
[5], [6]- However, traditional blood pressure monitoring
methods often rely on intermittent measurements, which
may not capture dynamic variations in blood pressure
over time. To address this challenge, leveraging time-
series data for continuous blood pressure prediction is a
promising approach to enhance patient care and
outcomes[7], [8], [9].
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Koshimizu et al. [17] introduced a deep learning model
to predict blood pressure variability, leveraging time
series data and medical examination records. This multi-
input, multi-output deep neural network demonstrated
moderate prediction accuracy, with root mean square
errors (RMSEs) ranging from 5.04 to 6.65 mmHg. A
notable strength of the model is its ability to manage
participants with high variability in blood pressure,
making it particularly useful for patients with erratic
blood pressure patterns. However, the study did not
include comparisons with other models, making it
challenging to thoroughly assess the novelty and
effectiveness of the approach [18], [19].

Among the various techniques used for blood pressure
prediction, Convolutional Neural Networks (CNNs) and
Long Short-Term Memory (LSTM) networks have
become prominent because of their capability to handle
complex data patterns. CNNs are particularly effective at
extracting spatial features, whereas LSTMs excel at
modeling  temporal  sequences and long-range
dependencies [20], [21]. Despite their strengths, the
standalone application of these models may not fully
capture the intricate relationships inherent in
physiological signals such as blood pressure[22], [23].
Therefore, hybrid models that combine the strengths of
CNNs and LSTMs have emerged as promising solutions
for more accurate and robust predictions.To overcome
the limitations of individual models, hybrid architectures
that combine the strengths of different neural networks
have emerged as a powerful solution. In this study, we
propose a CNN-LSTM hybrid model for blood pressure
prediction using time series data. The CNN component
effectively extracts spatial features, while the LSTM
component captures temporal dynamics, leading to more
accurate predictions.Our research demonstrates that this
hybrid approach outperforms both the standalone CNN
and LSTM models in key performance metrics, including
R2, Mean Squared Error (MSE), and Root Mean Squared
Error (RMSE). By integrating CNN and LSTM
architectures, the proposed model captures both the
spatial and temporal dependencies of blood pressure data
more effectively, resulting in improved prediction
accuracy.

This paper is structured as follows: Section 2 outlines the
methodology of the proposed CNN-LSTM hybrid model.
Section 3 presents the results. Finally, Section 4
concludes with future work directions.

2. Methodology
2.1 Long Short-Term Memory (LSTM) Network:

The LSTM model features a single LSTM layer followed
by two dense layers. The input data were organized into
sequences of five-time steps, each with one feature. The

architecture included 64 units in the LSTM layer, an
intermediate dense layer with eight units using ReLU
activation, an output dense layer with a single unit, and a
linear activation function. The model was trained using
the Mean Squared Error (MSE) loss function, and the
Adam optimizer with a learning rate of 0.0008 was used
for optimization. Hyperparameters, including the number
of LSTM units, learning rate, and training epochs, were
tuned to enhance the model accuracy, improve
generalization, and prevent overfitting. Dropout
regularization was applied at a rate of 0.2 is applied. The
model was trained for 50 epochs with a batch size of 32.
Early stopping with a patience of 10 epochs was
employed to monitor the training process, halting when
performance on the validation set ceased to improve,
thus avoiding unnecessary computations.

2.2 Convolutional Neural Network (CNN):

The CNN model was structured with a convolutional
layer, flattening layer, and two dense layers. The
convolutional layer employs 64 filters with a kernel size
of 2 to extract features from the time-series data. The
output from this layer was flattened and passed through a
dense layer with eight units and RelLU activation,
followed by a final dense layer with a single unit and a
linear activation function. The model was compiled
using the Mean Squared Error (MSE) loss function and
optimized using the Adam optimizer with a learning rate
of 0.0008. Hyperparameters, including the number of
filters, kernel size, and learning rate, were tuned to
optimize performance. Batch normalization was applied
following the convolutional layer to enhance the feature
extraction and mitigate overfitting. The CNN model was
trained for 50 epochs with a batch size of 32. Owing to
the sequential nature of the data, data augmentation is
not used; instead, L2 regularization is employed in the
dense layers to further improve the model generalization.

2.3 CNN-LSTM Hybrid Model:

The CNN-LSTM hybrid model combines Convolutional
and LSTM layers to capitalize on both spatial and
temporal feature extraction. The architecture starts with a
convolutional layer with 64 filters and a kernel size of
two, followed by a max-pooling layer with a pool size of
two. The output from these layers was then fed into an
LSTM layer of 64 units. A final dense layer with a single
unit and linear activation function produces the output.
The model was compiled using the Mean Squared Error
(MSE) loss function and the Adam optimizer with a
learning rate of 0.0008. Hyperparameters, including the
number of filters, kernel size, LSTM units, and learning
rate, were tuned to enhance the model performance and
effectively capture both short-term patterns and long-
term dependencies. To mitigate overfitting and improve
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robustness, dropout layers with a rate of 0.3 are applied
after both the Convolutional and LSTM layers. The
model was trained for 50 epochs with a batch size of 32,
and early stopping with a patience of 10 epochs was
employed to prevent overfitting and ensure that the
model generalized well to unseen data.

2.4 Validation Strategy

Validating the model's performance is necessary to
ensure its accuracy and reliability in predicting blood
pressure trends. This study employs a multi-dimensional
evaluation approach using metrics such as Mean Squared
Error (MSE), Root Mean Squared Error (RMSE), and R-
squared (R?). These metrics present a comprehensive
assessment of the predictive capabilities of the model
and facilitate comparisons with other similar models.

2.4.1 Evaluation Metrics:
2.4.1.1 Root Mean Squared Error (RMSE):

The RMSE is calculated as the square root of the average
squared differences between predicted and actual values;
thus, a lower RMSE signifies improved model
performance. Mathematically,

Ruse= FXLo-m @

2.4.1.2 Mean Squared Error (MSE):

The MSE is calculated as the average of the squared
differences between predicted and actual values, thus, a

lower MSE signifies improved model
performance.Mathematically,

1 ~
MSE =~ 37 (i — 9)? )

2.4.1.3 R-squared (R?):

R? measures the proportion of variance in the actual
values explained by the model's predictions, indicating
how well the model fits the data, with values closer to 1
signifying a better fit. R? provides insight into the
model's explanatory power rather than error magnitude.
Mathematically,

Y 0i-TD?

R2=1—
Y 0i-9)?

®)
Where J is the predicted value of y and y is the mean
value of y [24], [25].

3.Results and Discussion

The performance of the LSTM, CNN, and CNN-LSTM
hybrid models for continuous blood pressure prediction
was assessed using three key metrics: R-squared (R?),
Mean Squared Error (MSE), and Root Mean Squared
Error (RMSE). These metrics offer valuable perspectives

on each model's accuracy, ability to generalize, and
overall predictive performance.

As summarized in Table 1, the CNN-LSTM hybrid
model consistently surpassed both the standalone CNN
and LSTM models across all three-evaluation metrics
(R?, MSE, and RMSE). This demonstrates its superior
predictive accuracy compared to the other models.

METRIC/ LSTM CNN CNN-
MODEL LSTM
R? 0.9125 0.8965 0.9197
MSE 0.0045 0.0053 0.0042
RMSE 0.0672 0.0727 0.0649

Table 1. The Performance metrics of Blood Pressure
using CNN, LSTM and CNN-LSTM models

3.1 R-squared (R?):

The CNN-LSTM hybrid model achieved the highest R2
score of 0.9197, capturing nearly 92% of the variance in
the data. The LSTM model also performed well, with an
R2 of 0.9125, which is slightly below that of the hybrid
model. The CNN model, with the lowest R? score of
0.8965, still demonstrated solid explanatory power.

3.2 Mean Squared Error (MSE):

The CNN-LSTM hybrid model exhibited superior
performance with an MSE of 0.0042, followed by the
LSTM model with an MSE of 0.0045. The CNN model
exhibited a slightly higher MSE of 0.0053, reflecting its
comparatively lower prediction accuracy. These results
suggest that the CNN-LSTM hybrid model generates
more precise predictions than the standalone CNN and
LSTM models.

3.3 Root Mean Squared Error (RMSE):

The CNN-LSTM hybrid model exhibited superior
performance, achieving the lowest RMSE of 0.0649.
This was followed by the LSTM model, with an RMSE
of 0.0672, whereas the CNN model had the highest
RMSE of 0.0727. These results confirm that the CNN-
LSTM hybrid model provides more accurate predictions
with smaller deviations from the actual blood pressure
values than the other two models.

The results show that the CNN-LSTM hybrid approach
outperforms both the standalone CNN and LSTM models
in terms of forecasting blood pressure value. By
combining the CNN’s ability to extract spatial patterns
with the LSTM’s proficiency in handling temporal
dynamics, the hybrid model effectively captures complex
patterns in physiological signals. This leads to improved
overall accuracy, as shown by the improved R2 score and
lower MSE and RMSE values.
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The LSTM model performed well in capturing temporal
sequences but slightly lagged behind the hybrid model,
suggesting that incorporating convolutional layers can
further enhance the predictive power by identifying local
patterns in the data. Conversely, despite its relatively
strong performance, the CNN model struggled with
temporal aspects, reflected in its slightly lower accuracy
metrics, which underscores the value of integrating
different deep learning techniques for more prediction
precision in complex medical datasets. The notable
effectiveness of the CNN-LSTM combined approach
highlights its potential for practical application in
continuous blood pressure monitoring and cardiovascular
health management.

4. Concluding Remarks and Future Directions

This study introduced a novel approach for continuous
blood pressure prediction using sequential data by
integrating Long Short-Term Memory (LSTM) and
Convolutional Neural Networks (CNNs) into a combined
model. The CNN-LSTM hybrid model outperformed the
standalone CNN and LSTM models, achieving an R2
score of 0.9197, an MSE of 0.0042, and an RMSE of
0.0649. These findings highlight the potential of the
hybrid architecture for capturing both sequential and
spatial correlations, resulting in improved prediction
precision.

These findings indicate that combining CNNs and
LSTMs enhances the precision of predictions in
physiological temporal sequences, such as blood
pressure. The potential of the hybrid model to extract
complex structures makes it a promising tool for
continuous health monitoring, with the capacity to
enhance patient care through timely and precise
intervention.

Further studies could delve into improving the hybrid
model through hyperparameter fine-tuning, expanding it
to incorporate additional physiological data, and
exploring real-time clinical applications. This work
enriches the field of healthcare machine learning,
emphasizing the value of advanced predictive modeling
techniques to enhance cardiovascular health monitoring.

References

[1] Heidenreich, P. A., Trogdon, J. G., Khavjou, O. A.,
Butler, J., Dracup, K., Ezekowitz, M. D., ... & Woo,
Y. J. (2011). Forecasting the future of
cardiovascular disease in the United States: a policy
statement from the American Heart
Association. Circulation, 123(8), 933-944.

[2] Fuchs, F. D., &Whelton, P. K. (2020). High blood
pressure and cardiovascular disease. Hypertension,
75(2), 285-292.

[3] Bui, C., Pham, N., Vo, A,, Tran, A, Nguyen, A., &
Le, T. (2018). Time series forecasting for
healthcare diagnosis and prognostics with the focus
on cardiovascular diseases. In 6th International
Conference on the Development of Biomedical
Engineering in Vietham (BMEG6) 6 (pp. 809-818).
Springer Singapore.

[4] Staniek, M., Fracarolli, M., Hagmann, M.,
&Riezler, S. (2024). Early Prediction of Causes
(not Effects) in Healthcare by Long-Term Clinical
Time Series Forecasting. arXiv preprint
arXiv:2408.03816.

[5] Liang, Y., Wen, H., Nie, Y., Jiang, Y., Jin, M.,
Song, D., ... & Wen, Q. (2024, August). Foundation
models for time series analysis: A tutorial and
survey. In Proceedings of the 30th ACM SIGKDD
Conference on Knowledge Discovery and Data
Mining (pp. 6555-6565).

[6] Chang, P., Li, H., Quan, S. F., Lu, S., Wung, S. F.,
Roveda, J., & Li, A. (2024). A transformer-based
diffusion probabilistic model for heart rate and
blood pressure forecasting in Intensive Care
Unit. Computer Methods and Programs in
Biomedicine, 246, 108060.

[7]1 Chen, S., Reheman, T., Li, C., Wu, X,, Lin, H., Lin,
Z., ... & Zhang, J. (2023). Hypertension monitoring
by a real time management system for patients in
community and its data mining by vector
autoregressive  model. IEEE Access, 11, 12607-
12622.

[8] Kumar, M. T., & Rao, M. C. (2023). Studies on
predicting soil moisture levels at Andhra Loyola
College, India, using SARIMA and LSTM
models. Environmental Monitoring and
Assessment, 195(12), 1426.

[9] Pickering, T. G., Hall, J. E., Appel, L. J., Falkner,
B. E., Graves, J., Hill, M. N,, ... & Roccella, E. J.
(2005). Recommendations for blood pressure
measurement in humans and experimental animals:
part 1: blood pressure measurement in humans: a
statement for professionals from the Subcommittee
of Professional and Public Education of the
American Heart Association Council on High
Blood Pressure Research. Circulation, 111(5), 697-
716.

[10]Ni, H., Meng, S., Geng, X., Li, P., Li, Z., Chen, X.,
... & Zhang, S. (2024). Time Series Modeling for
Heart Rate Prediction: From ARIMA to
Transformers. arXiv preprint arXiv:2406.12199.

[11] Katarya, R., & Srinivas, P. (2020, July). Predicting
heart disease at early stages using machine
learning: a survey. In2020 International
Conference on Electronics and Sustainable

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(4), 4024-4028 | 4027



Communication Systems (ICESC) (pp. 302-305).
IEEE.

[12] Masum, S., Chiverton, J. P., Liu, Y., &Vuksanovic,
B. (2019). Investigation of machine learning
techniques in forecasting of blood pressure time
series data. In Artificial Intelligence XXXVI: 39th
SGAI International Conference on Artificial
Intelligence, Al 2019, Cambridge, UK, December
17-19, 2019, Proceedings 39 (pp. 269-282).
Springer International Publishing.

[13]Zheng, J., & Yu, Z. (2021). A novel machine
learning-based systolic blood pressure predicting

model. Journal of Nanomaterials, 2021(1),
9934998.

[14]Norrman, A., Hasselstrom, J., Ljunggren, G.,
Wachtler, C., Eriksson, J.,, Kahan, T., .. &

Carlsson, A. C. (2024). Predicting new cases of
hypertension in Swedish primary care with a
machine learning tool. Preventive  Medicine
Reports, 44, 102806.

[15] Shrivastava, A., Chakkaravarthy, M., & Shah, M.
A. (2023). A new machine learning method for
predicting systolic and diastolic blood pressure
using clinical characteristics. Healthcare
Analytics, 4, 100219.

[16]Dai, A., Zhou, Z., Jiang, F., Guo, Y., Asante, D. O.,
Feng, Y., .. & Zou, J. (2023). Incorporating
intraoperative blood pressure time-series variables
to assist in prediction of acute kidney injury after
type a acute aortic dissection repair: an
interpretable machine learning model. Annals of
Medicine, 55(2), 2266458.

[17] Koshimizu, H., Kojima, R., Kario, K., &Okuno, Y.
(2020). Prediction of blood pressure variability
using deep neural networks. International Journal of
Medical Informatics, 136, 104067.

[18] Sel, K., Mohammadi, A., Pettigrew, R. I., & Jafari,
R. (2023). Physics-informed neural networks for

modeling physiological time series for cuffless
blood pressure estimation. npj Digital Medicine,
6(1), 110.

[19] Lara-Benitez, P., Carranza-Garcia, M., &Riquelme,
J. C. (2021). An experimental review on deep
learning architectures for time series forecasting.
International journal of neural systems, 31(03),
2130001.

[20] Qin, K., Huang, W., Zhang, T., & Tang, S. (2023).
Machine learning and deep learning for blood
pressure prediction; a methodological review from
multiple perspectives. Artificial Intelligence
Review, 56(8), 8095-8196.

[21] Mahmoud, A., & Mohammed, A. (2021). A survey
on deep learning for time-series
forecasting. Machine learning and big data
analytics paradigms: analysis, applications and
challenges, 365-392.

[22]Lim, B., &Zohren, S. (2021). Time-series
forecasting with deep learning: a
survey. Philosophical Transactions of the Royal
Society A, 379(2194), 20200209.

[23]Sun, C., Hong, S., Song, M., & Li, H. (2020). A
review of deep learning methods for irregularly
sampled medical time series data. arXiv preprint
arXiv:2010.12493.

[24]Benidis, K., Rangapuram, S. S., Flunkert, V.,
Wang, Y. Maddix, D., Turkmen, C.,
&Januschowski, T. (2022). Deep learning for time
series  forecasting:  Tutorial and literature
survey. ACM Computing Surveys, 55(6), 1-36.

[25] Xie, F., Yuan, H., Ning, Y., Ong, M. E. H., Feng,
M., Hsu, W., ... & Liu, N. (2022). Deep learning for
temporal data representation in electronic health
records: A systematic review of challenges and
methodologies. Journal of biomedical
informatics, 126, 103980.

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(4), 4024-4028 | 4028



