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Abstract

Hypertension is a major global risk factor for cardiovascular disease and premature mortality, with
increasing public health implications in India. This study compares ARIMA, LSTM, and Hybrid ARIMA-
LSTM models for forecasting India’s hypertension burden using annual data from 1990-2025 across six
epidemiological indicators: prevalence, prevalence cases, ASPR, incidence, deaths, and DALYs. After
data pre-processing and stationarity testing, ARIMA captured linear trends, LSTM modeled nonlinear
patterns, and the hybrid model integrated both approaches. Model performance was evaluated using MAE,
RMSE, MAPE, R?, and residual diagnostics. The Hybrid ARIMA-LSTM model consistently achieved
superior forecasting accuracy, with lower errors and better goodness-of-fit than the standalone models.
Forecasts for 2026-2045 suggest that hypertension will remain a significant health challenge, with
prevalence reaching 30.87% and affecting approximately 350.11 million people by 2045, along with 13.83
million incident cases, 217.77 thousand deaths, and 5.54 million DALYs. The findings highlight the need
for strengthened prevention, early detection, disease management, and evidence-based health policies,
while supporting the Hybrid ARIMA-LSTM framework as a robust tool for long-term epidemiological
forecasting.

Keywords: Hypertension; Time-Series Forecasting; ARIMA; LSTM; Hybrid ARIMA-LSTM; Machine
Learning; Deep Learning; Epidemiological Forecasting; Public Health; India; Disease Burden; Healthcare
Planning.

1. Introduction

Hypertension is one of the most prevalent non-communicable diseases (NCDs) worldwide and a leading
modifiable risk factor for cardiovascular diseases (CVDs), stroke, chronic kidney disease, heart failure,
and premature mortality. Often referred to as the "silent killer," it frequently remains asymptomatic until
serious complications develop. Its growing prevalence is driven by population ageing, rapid urbanization,
unhealthy diets, physical inactivity, obesity, tobacco use, alcohol consumption, and psychosocial stress,
creating substantial clinical, social, and economic burdens globally[21].Advances in epidemiological data
availability have enabled the application of computational forecasting techniques for disease prediction.
Accurate forecasting supports healthcare planning, resource allocation, preventive interventions, and
policy development. Traditional statistical models such as the Autoregressive Integrated Moving Average
(ARIMA) effectively capture linear temporal patterns, whereas Long Short-Term Memory (LSTM)
networks model nonlinear dependencies. Hybrid ARIMA-LSTM frameworks combine these strengths,
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improving forecasting accuracy by simultaneously capturing linear and nonlinear characteristics of
epidemiological time-series data [4,5,7].

Hypertension is characterized by persistently elevated blood pressure (>140/90 mmHg) and substantially
increases the risk of myocardial infarction, stroke, heart failure, chronic kidney disease, retinopathy, and
vascular dementia (WHO)[21]. Its development is influenced by genetic, environmental, behavioural, and
metabolic factors, including obesity, excessive sodium intake, physical inactivity, tobacco and alcohol
use, diabetes, dyslipidaemia, unhealthy diets, and chronic stress. Because the condition often remains
undiagnosed for many years, it contributes significantly to preventable morbidity and mortality [11].
Globally, more than 1.3 billion adults are affected, and hypertension remains a major contributor to
cardiovascular mortality and disability-adjusted life years (DALY's) (WHO)[21].

India bears a particularly high hypertension burden due to its large ageing population, rapid urbanization,
nutritional transition, and changing lifestyles. National evidence indicates a sustained increase in
prevalence, incidence, mortality, prevalence cases, and DALYSs over the past three decades, trends
expected to continue with demographic ageing and increasing lifestyle-related risk factors (India State-
Level Disease Burden Initiative Collaborators, 2023; GBD 2021 Risk Factors Collaborators, 2024)[13].
The historical dataset analysed in this study similarly demonstrates a continuous increase in hypertension
burden indicators during 1990-2025, highlighting the need for accurate long-term forecasting.
Time-series forecasting has become an essential tool in epidemiology by enabling prediction of future
disease burden, healthcare demand, workforce requirements, and intervention outcomes. Although
ARIMA models provide robust linear forecasting, epidemiological data often exhibit nonlinear behaviour
arising from demographic, behavioural, policy, and environmental changes. LSTM networks effectively
capture these nonlinear relationships, while Hybrid ARIMA-LSTM models integrate both approaches to
improve predictive performance [4,5,14]. Such long-term forecasting is particularly important for chronic
diseases like hypertension, which require sustained healthcare investment.Despite extensive research on
hypertension prevalence and risk factors, relatively few studies have applied hybrid artificial intelligence
models for long-term forecasting. Existing research predominantly relies on standalone ARIMA or LSTM
models, each with inherent limitations, and comprehensive comparisons using multiple hypertension
burden indicators in India remain scarce. Consequently, there is a need for robust hybrid forecasting
methodologies capable of generating more reliable long-term projections.

This study develops and evaluates ARIMA, LSTM, and Hybrid ARIMA-LSTM models using annual
hypertension burden data for India from 1990-2025, with forecasts extending to 2045. Historical trends
and model performance are assessed using MAE, RMSE, MAPE, R?, AIC, and residual diagnostics,
alongside forecast validation, sensitivity analysis, and stability assessment. The proposed Hybrid
ARIMA-LSTM framework forecasts six major hypertension burden indicators—prevalence, prevalence
cases, age-standardized prevalence rate (ASPR), incidence, deaths, and DALYSs providing a long-term
forecast for India through 2045. The study offers an evidence-based decision-support framework for
prevention strategies, healthcare resource allocation, and non-communicable disease management.

2. Literature Review

Hypertension remains a major modifiable risk factor for cardiovascular disease, stroke, chronic kidney
disease, and premature mortality worldwide. The World Health Organization (WHO) estimates that
approximately 1.28 billion adults aged 30—79 years have hypertension, with nearly two-thirds residing in
low- and middle-income countries (World Health Organization [WHO], 2023)[21]. India has experienced
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a substantial increase in hypertension prevalence over the past three decades due to rapid urbanization,
population ageing, unhealthy dietary habits, physical inactivity, obesity, and metabolic disorders. Accurate
forecasting of hypertension burden is therefore essential for healthcare planning, resource allocation, and
evidence-based policymaking.

Time-series forecasting provides an effective approach for predicting future disease burden from historical
epidemiological data. The Autoregressive Integrated Moving Average (ARIMA) model is widely used
because of its strong theoretical foundation and ability to capture linear temporal relationships [7]. ARIMA
has demonstrated satisfactory performance in forecasting infectious diseases, cardiovascular mortality,
hospital admissions, and chronic disease trends [14]. However, its predictive accuracy may decline when
epidemiological data exhibit complex nonlinear patterns. In hypertension-related forecasting, Wang et al.
[12]reported satisfactory short-term forecasting accuracy for hypertension prevalence in China, while
Choi et al. [10] found that ARIMA effectively captured seasonal and long-term trends but performed less
accurately during nonlinear fluctuations.

Recent advances in artificial intelligence have introduced deep learning methods capable of modelling
nonlinear temporal relationships. Long Short-Term Memory (LSTM) networks are widely used in
healthcare time-series forecasting because they capture long-term temporal dependencies while addressing
the vanishing-gradient problem of conventional recurrent neural networks [4]. LSTM models have
demonstrated strong performance in forecasting cardiovascular diseases, diabetes prevalence, COVID-19
transmission, and healthcare utilization. For hypertension forecasting, Liu et al.[15] reported that LSTM
significantly outperformed conventional statistical models in long-term blood pressure prediction,
particularly under nonlinear temporal dependencies. Similarly, Khan et al.[17] found that deep learning
models achieved higher forecasting accuracy for chronic disease surveillance than traditional regression-
based approaches. However, standalone LSTM models generally require large datasets, have greater
computational complexity, and may not adequately preserve linear temporal structures.

Hybrid forecasting models address these limitations by combining statistical and deep learning
approaches. The Hybrid ARIMA-LSTM model decomposes time-series data into linear and nonlinear
components, using ARIMA to model the linear trend and LSTM to capture nonlinear residuals, thereby
exploiting their complementary strengths [5]. Zhang [5]established the theoretical foundation for
combining ARIMA with neural networks and demonstrated the superiority of hybrid models over
individual approaches. Fang et al. [16] reported substantial reductions in RMSE and MAE using Hybrid
ARIMA-LSTM for infectious disease forecasting, while Shastri et al. [19] found that hybrid deep learning
frameworks generated more accurate long-term forecasts for non-communicable disease indicators than
standalone statistical or deep learning models.

Despite these advances, relatively few studies have applied Hybrid ARIMA-LSTM to long-term
hypertension forecasting in India using multiple epidemiological indicators, including prevalence,
prevalence cases, age-standardized prevalence rate (ASPR), incidence, deaths, and disability-adjusted life
years (DALYSs). Existing research largely focuses on cross-sectional risk prediction or short-term
forecasting, with limited unified comparisons of ARIMA, LSTM, and Hybrid ARIMA-LSTM.
Comprehensive validation using residual diagnostics, sensitivity and robustness analysis, forecast stability
assessment, and projections beyond ten years also remains limited.

The present study addresses these gaps by developing and comparing ARIMA, LSTM, and Hybrid
ARIMA-LSTM models using annual hypertension burden data for India from 1990-2025. Model
performance is evaluated using MAE, RMSE, MAPE, and R?, together with residual diagnostics,
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robustness analysis, and long-term forecasts through 2045. The proposed Hybrid ARIMA-LSTM
framework integrates linear statistical modelling with nonlinear deep learning to improve forecasting
accuracy and reliability and support hypertension prevention, healthcare resource planning, and evidence-
based public health policymaking.

3. Materials and Methods

This section outlines the study design, data source, pre-processing, exploratory analysis, time-series
diagnostics, model development, validation, and forecasting procedures used to predict hypertension
burden in India. ARIMA, LSTM, and Hybrid ARIMA-LSTM models were developed and compared
using established statistical and deep learning approaches to ensure accurate and robust long-term
forecasting [3,4,5,9].

3.1 Study Design: This study employed a retrospective longitudinal time-series forecasting design to
analyze hypertension burden trends in India using annual data from 1990-2025 (36 observations). Three
forecasting models—ARIMA, LSTM, and Hybrid ARIMA-LSTM—were developed and compared to
identify the most accurate predictive framework. The hybrid model combines ARIMA for capturing linear
temporal patterns with LSTM for modeling nonlinear residual relationships, thereby improving long-term
forecasting performance[4,5,9]. The workflow included data pre-processing, exploratory analysis,
stationarity assessment, model development, validation, and forecasting for 2026—-2045.

3.2 Data Source, Study Variables, and Data Pre-processing: The annual hypertension dataset was
obtained from the Global Burden of Disease (GBD) project developed by the Institute for Health Metrics
and Evaluation (IHME) and validated using World Health Organization (WHO) reports and national
health statistics (GBD 2021 Diseases and Injuries Collaborators, 2024; World Health Organization,
2023)[13]. The dataset comprised 36 annual observations (1990-2025) covering six hypertension burden
indicators: prevalence (%), prevalence cases, age-standardized prevalence rate (ASPR), incidence cases,
deaths, and disability-adjusted life years (DALYS). Prior to modeling, the data were cleaned, validated,
normalized using Min—Max scaling, assessed for stationarity using the Augmented Dickey—Fuller (ADF)
test, and transformed through first-order differencing where necessary[3]. Outliers were evaluated using
the Interquartile Range (IQR) method, resulting in a reliable dataset for ARIMA, LSTM, and Hybrid
ARIMA-LSTM forecasting.

BOXMLOT OF HYPFERTENSION BUNRDEN VARIABLES (1990-2025%)
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3.5 Exploratory Data Analysis (EDA): Exploratory Data Analysis (EDA) was conducted to assess the
statistical characteristics, temporal trends, correlations, and distributions of the hypertension burden
dataset before model development. Descriptive statistics, time-series visualization, Pearson correlation,
and distribution analysis were used to evaluate data quality and identify underlying patterns, providing a
reliable foundation for statistical and machine learning forecasting [6].
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3.5.1 Dataset Overview and Descriptive Statistics: The dataset comprised 36 annual observations
(1990-2025) representing seven major indicators of hypertension burden in India. After data cleaning and
validation, it was prepared for statistical analysis and machine learning modeling. Descriptive statistics
indicated a steady increase in hypertension burden across the study period. Hypertension prevalence
averaged 23.14% (19.70-26.40%), prevalence cases averaged 163.8 million, the Age-Standardized
Prevalence Rate (ASPR) averaged 24,072.78 per 100,000 population, incidence cases averaged 7.99
million, annual deaths averaged approximately 122 thousand, and DALY's averaged 2.95 million. Overall,

the variables exhibited moderate variability, reflecting a progressively increasing disease burden.
™ . |
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3.5.2 Trend visualization: Time-series visualization demonstrated a consistent upward trend across all
hypertension burden indicators from 1990 to 2025. Hypertension prevalence, prevalence cases, ASPR,
incidence cases, deaths, and DALYSs all increased steadily, highlighting the growing public health burden
in India.
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3.5.3 Correlation Analysis and Distribution Analysis: Pearson correlation analysis revealed strong
positive correlations (r = 0.91-0.99) among all hypertension burden indicators, indicating that they evolve
together over time and support multivariate forecasting. Distribution analysis showed approximately
normal distributions with slight positive skewness and no significant outliers, confirming the dataset's
suitability for both statistical time-series and deep learning models after appropriate pre-processing.
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India’s hypertension burden increased steadily from 1990 to 2025, with strong temporal trends, high inter-
variable correlations, and reliable statistical patterns, confirming the dataset’s suitability for ARIMA,
LSTM, and Hybrid ARIMA-LSTM forecasting.
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3.6 Time-Series Characteristics and Stationarity Assessment: Time-series characteristics and
stationarity were evaluated using trend visualization, rolling statistics, ACF, PACF, trend decomposition,
and the Augmented Dickey—Fuller (ADF) test. Non-stationary series were transformed through first-order
differencing before ARIMA modeling. These analyses provided the statistical foundation for developing
and validating the ARIMA, LSTM, and Hybrid ARIMA-LSTM models [4,5,9].

3.6.1 Time-Series Structure and Autocorrelation Analysis of Hypertension Prevalence: The figure
shows that hypertension prevalence in India increased continuously from 1990-2025, with a rising rolling
mean and relatively stable rolling standard deviation, indicating a non-stationary series mainly driven by
trend. The slowly declining ACF and significant initial PACF lags suggest limited autoregressive
dependence, supporting first-order differencing and ARIMA model selection.
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3.6.2 Trend Decomposition and Stationarity Assessment: The figure shows trend decomposition,
stationarity testing, and first-order differencing of the hypertension prevalence series. The results indicate
that the long-term upward trend accounts for most variability, with minimal seasonality and randomly
fluctuating residuals. The ADF test confirmed that all six hypertension burden indicators were non-
stationary (p > 0.05). After first-order differencing, the prevalence series became stationary, supporting
the application of ARIMA and the subsequent Hybrid ARIMA-LSTM forecasting model.
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4. Methodology and Model

This study uses a Hybrid ARIMA-LSTM framework to forecast India’s hypertension burden from annual
data spanning 1990-2025. ARIMA captures linear temporal patterns, while LSTM models nonlinear
residuals, combining statistical and deep learning strengths to improve forecasting accuracy.

4.1 ARIMA Model-

4.1.1 Theory: The Autoregressive Integrated Moving Average (ARIMA) model is a widely used
statistical method for modeling and forecasting univariate time-series data. It captures linear temporal
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dependencies through autoregressive (AR), differencing (1), and moving average (MA) components,
making it suitable for non-stationary series after differencing removes trends and stabilizes the mean. The
general notation of the model is ARIMA(p,d,q), where p denotes the autoregressive order, d the order of
differencing, and g the moving-average order[7,14,20].Singh et al. and Singh [22,23,24,25,26] defined
multiple regression as an extension of simple linear regression that models the relationship between one
dependent variable and multiple independent variables.
Mathematically, a multiple linear regression model is expressed as:
Y =PBo+ Bixy+ Baxz+ i+ Bgxg + €

Where y= dependent variable, xi= independent variables p; =coefficients, € = random error.
4.1.2 Mathematical Formulation: Let Y; denote the observed time series.
The differenced series is: ¥, = (1 — B)?Y,, where B is the backward shift operator, d is the differencing
order.
The ARIMA(p,d,q) model is: @(B)(1 — B)4Y, = 6(B)s,
Where (B) =1 — @®,B — ®,B?> — §3B3 — -+ ... .......—@pB®

0(B) =1—6,B — 6,82 — 03B — - .........—0,BF
And @; are autoregressive coefficients, 6; are moving-average coefficients, &~N(0,6°) represents white-
noise errors, Box et al. (2015); Hyndman & Athanasopoulos (2021)[7,12,14,20].
4.1.3 Parameter ldentification:
The appropriate values of p, d, and q are identified through: Augmented Dickey—Fuller (ADF) test for
stationarity, Autocorrelation Function (ACF), Partial Autocorrelation Function (PACF).
The ADF regression is: AY, = a + St + YY1 + X5, §iAY,_; + &
The null hypothesis Ho:y=0 indicates a unit root (non-stationary series),Dickey & Fuller (1979)[3].
4.1.4 Model Selection-Candidate ARIMA models are compared using:
Akaike Information Criterion (AIC)
Bayesian Information Criterion (BIC)
The AIC is: AIC = 2k — 2In(L)
Where, k = number of parameters, L = likelihood. The model having the smallest AIC is generally
preferred (Akaike, 1974)[1].

4.2. LSTM (Long Short-Term Memory): Yadav, K. K., and Singh, D. P. [28,29,30,31,32] described the
Long Short-Term Memory (LSTM) model as a recurrent neural network architecture capable of learning
long-term temporal dependencies in sequential data, thereby improving the accuracy of population growth
forecasting.

Mathematical Structure- Let: x¢ = input, ¢ = hidden state, ct = cell state

Gates-

Forget Gate:f; = a(W[he—y, x¢] + by)

Input Gate: i; = a(W;[hs_q1, x¢] + b;)

Candidate Memory: ¢; = tanh(W_[h;_4,x:] + b.)

Cell State Update: ¢c; = f; O ci—1 + i O ¢

Output Gate: 0, = a(W, [hi—1, x¢] + b,)

Hidden State: h; = o © tanh(c;).
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4.3 Hybrid ARIMA-LSTM Model: The proposed hybrid model combines the forecasting strengths of
ARIMA and LSTM.

The procedure consists of: Fit ARIMA to the original series-?}ARl

. - ARIMA
Compute residuals: e; = Y; — Y,

Train the LSTM model using the residual series: é; = LSTM ( e;)

. ~ Hbrid —~
Generate the hybrid forecast: YtH = YtARIMA + é;

The hybrid framework assumes that the observed series is composed of both linear and nonlinear
components[31,32].

4.4. Model Performance Evaluation Matrices: Singh [25, 26,27] emphasized that the Mean Absolute
Error (MAE) is more interpretable and less sensitive to outliers than the Root Mean Square Error (RMSE),
making it a reliable measure of predictive performance. Accordingly, the following metrics were used to
evaluate the accuracy and effectiveness of the proposed forecasting models.

4.4.1Mean Squared Error: Mathematical Model of MSE is defined as:

MSE = %Z{Ll(lfi — 171-)2, Where: n is Total number of observations. Y; is the actual value.

MA

Y; is the predicted value. (Y; — ﬁ)zis Squared error for each observation
4.4.2Mean Absolute Error: The mathematical model for MAE is given by: MAE = %Z?’:lm - 7L| where:

N is the total count of data points, ¥; denotes the actual value of the i-th data point, ¥; represents the
predicted value of the i-th data point, |Yi - ?l| signifies the absolute error for each observation.
4.4.3 Rz Score: The R2 Score (Coefficient of Determination) is mathematically defined as: R?> = 1 —

Sres  where: SS,es (Residual Sum of Squares) is given by: SS,..s = X1, (y; — $:)?

tot

SS:o¢ (Total Sum of Squares) is given by: SS..; = Y™, (y; — %)%, where: y; = Actual values of the
dependent variable. ¥; = Predicted values from the regression model. ¥, = Mean of the actual values. N
= Number of data points.

4.4.4 Root Mean Squared Error (RMSE): RMSE = MSE

4.5 Residual and Statistical Diagnostics: Let the observed value at time t be y, and the predicted value
be ¥y,. The residual (forecast error) is defined as: e; = y; — y;, t=1,23........... , N,

where: e, = residual at time t, y,= actual observed value, y,= predicted value

A well-specified forecasting model should produce residuals that behave as white noise as white noise
(Box et al., 2016; Hyndman & Athanasopoulos, 2021)[18,23]:

E(e)=0, Var(e)) = 0,2 Cov=e,—e;_; =0

4.5.1 Mean Error (ME): ME = % Te:. A value close to zero indicates an unbiased forecasting model
(Hyndman & Athanasopoulos, 2021)[23].

4.5.2 Residual Standard Deviation (RSD): RSD = M, Where & = = e
n—-1 n

4.4.3 Residual Autocorrelation Function (ACF): pj, = 2t="+21n(et(_ee_)(gz"‘_é), where k is the lag. For an
t=1\°t"
adequate forecasting model, p;, = 0, ¥ k > 0. indicating that residuals are serially uncorrelated (Box et

al., 2016; Hyndman & Athanasopoulos, 2021)[18,23].
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4.5.4 Ljung-Box Test: The Ljung-Box statistic tests whether residuals are independently distributed
(Ljung & Box, 1978)[2].

Q=nn+2) Z}c’;lf—i, Where, n = sample size, m = number of lags, p, =residual autocorrelation at lag
k

4.5.5 Hypotheses: Hy:p1 = p2 = " e eceee.. = P = 0

H,; = At least one p;, # 0

If p > .05, the residuals are considered white noise (Ljung & Box, 1978)[2].

5. Results

The findings indicate a continuous rise in India’s hypertension burden from 1990-2025, including
prevalence, incidence, deaths, and DALYs. After achieving stationarity, the Hybrid ARIMA-LSTM
model outperformed standalone ARIMA and LSTM, delivering the highest accuracy and lowest errors.
Forecasts for 2026-2045 suggest a continued increase in hypertension burden, supporting the model’s
robustness for long-term forecasting and healthcare planning.

5.1 Descriptive Statistics: The annual Indian hypertension dataset comprised 36 observations (1990—
2025) covering six indicators: prevalence, prevalence cases, ASPR, incidence, deaths, and DALYSs.
Descriptive analysis indicated a sustained increase in hypertension burden, with mean prevalence of
26.09% (SD = 2.28%), 174.6 million prevalent cases, 7.72 million incident cases, an ASPR of 24,350 per
100,000 population, 123,047 annual deaths, and 2.95 million DALYS.
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5.2 Exploratory Data Analysis Results:EDA revealed a clear long-term increasing trend across all
hypertension indicators, with strong temporal dependence and positive associations among prevalence,
incidence, deaths, and DALYs. Boxplots indicated limited variability and no significant outliers, while
the heatmap confirmed progressive yearly increases. The absence of missing or duplicate values further
demonstrated the dataset’s suitability for reliable time-Series forecasting.
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5.3 Stationarity Test Results: The Augmented Dickey—Fuller (ADF) test showed that the original time
series were non-stationary due to strong upward trends. After first-order differencing (d = 1), all series
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became stationary (p < 0.05), with stabilized mean and variance, confirming their suitability for ARIMA
modeling.

S.3 Statiomnarity Test Results (ADF Te==t)
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5.4 ARIMA Model Results: Several ARIMA models were evaluated using AIC, BIC, and residual
diagnostics. The selected models effectively captured linear temporal trends and closely followed
observed trajectories, but showed slight deviations during nonlinear growth periods. Residual analysis
indicated remaining nonlinear patterns, highlighting the potential benefit of deep learning. Thus, ARIMA
provided a reliable baseline but had limitations in modeling complex nonlinear dynamics.

5.4 ARIMA Model Results
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5.5 LSTM Model Results: The LSTM model, trained on normalized time-series data using sliding-
window sequences, effectively captured nonlinear temporal dependencies and showed stable convergence.
Predictions closely matched observed hypertension burden, with consistently declining training and
validation losses indicating good generalization. Although LSTM outperformed ARIMA in capturing
nonlinear patterns, minor long-term forecasting errors remained due to its limited ability to model linear
temporal structures.
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5.6 Hybrid ARIMA-LSTM Results: The proposed Hybrid ARIMA-LSTM model combined ARIMA
for linear trends with LSTM for nonlinear residual patterns. Final forecasts were generated by integrating
predictions from both models. The hybrid approach closely matched historical observations across all
hypertension indicators and effectively captured long-term trends and short-term fluctuations. It produced
lower prediction errors than either standalone model, demonstrating improved forecasting accuracy for
complex epidemiological time series.
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5.6 Hybrid ARIMA -LSTM Results
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5.7 Model Performance Comparison: Model performance was evaluated using MAE, RMSE, MAPE,
and Rz Among the three approaches, the Hybrid ARIMA-LSTM model achieved the best predictive
performance, followed by LSTM, while ARIMA showed higher forecasting errors. The hybrid model
recorded the lowest RMSE, MAE, and MAPE and the highest R2, confirming that integrating linear and
nonlinear modelling provides superior forecasting accuracy and reliability.
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5.8 Residual Analysis: Residual diagnostics confirmed the adequacy of the Hybrid ARIMA-LSTM
model. Residuals fluctuated randomly around zero with no systematic temporal patterns or significant
autocorrelation. Histograms and Q-Q plots indicated approximately normal residual distributions,
confirming minimal unexplained variation and statistically reliable forecasts.

5.8 Residual Analysis (Mybrid Mode!l - Prevalence %)
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Residuals are randomly scattared around zaro, ACF values are within
confidence bounds, and Q- Q plot indicates approximate normality.

5.9 Forecasting Results (2026-2045): The Hybrid ARIMA-LSTM model was used to forecast India’s
hypertension burden for 2026-2045. The forecasts indicate that hypertension will remain a major public
health challenge, with prevalence cases, incidence, deaths, and DALY's continuing to rise gradually.
Despite relatively stable annual growth in later years, the overall burden is expected to increase due to
population growth and ageing, highlighting the need for stronger prevention, early diagnosis, and effective
disease management.
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5.10 Forecast Accuracy Comparison: Forecast accuracy was compared across ARIMA, LSTM, and
Hybrid ARIMA-LSTM models using multiple evaluation metrics. The Hybrid ARIMA-LSTM model
achieved the highest predictive accuracy, with lower errors and better goodness-of-fit by effectively
capturing both linear trends and nonlinear residual patterns. Therefore, it provides the most suitable
framework for long-term hypertension forecasting in India and can support healthcare planning, resource
allocation, and evidence-based policymaking.

5.10 Forecast Accuracy Comparison (2026-2045)
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6. Discussion

6.1 Interpretation of Findings: The results show a steady increase in India’s hypertension burden from
1990-2025 across prevalence, prevalence cases, ASPR, incidence, deaths, and DALYs. While ARIMA
captured linear trends and LSTM better modeled nonlinear dependencies, the Hybrid ARIMA-LSTM
model achieved the lowest MAE, RMSE, and MAPE, the highest R2, and statistically adequate residuals.
Overall, the hybrid model provided the most accurate and reliable long-term forecasts, supporting
healthcare planning and policy decisions.

6.2 Comparison with Previous Studies: The findings align with previous research showing that ARIMA
performs reliably for linear epidemiological trends but is limited in capturing nonlinear variations, while
LSTM better models complex nonlinear temporal relationships. The Hybrid ARIMA-LSTM model
outperformed both standalone models, achieving lower prediction errors and better goodness-of-fit. By
forecasting six hypertension burden indicators simultaneously over 2026-2045, this study provides
stronger evidence for hybrid models in long-term epidemiological forecasting and public health decision-
making.
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6.3 Public Health, Clinical, and Policy Implications: The forecasts suggest that hypertension will
remain a major public health challenge in India through 2045, with continued increases in prevalence,
incidence, deaths, and DALY’ despite slower annual growth. These findings emphasize the need for
stronger screening, prevention, healthy lifestyle promotion, surveillance, early diagnosis, personalized
treatment, medication adherence, and digital health technologies. Policymakers should strengthen primary
healthcare, improve access to affordable antihypertensive medicines, and integrate machine learning-
based forecasting into national health planning. The superior performance of the Hybrid ARIMA-LSTM
model supports its use for healthcare resource allocation, strategic planning, and evidence-based
policymaking.

6.4 Strengths and Limitations of the Hybrid Model: The study's strengths include the use of continuous
1990-2025 annual data and comprehensive comparison of ARIMA, LSTM, and Hybrid ARIMA-LSTM
models. The Hybrid ARIMA-LSTM model achieved the highest accuracy, lowest errors, and robust
residual performance by capturing both linear and nonlinear patterns. However, reliance on national-level
historical data limits consideration of regional variations and factors such as obesity, diabetes, lifestyle,
socioeconomic conditions, healthcare access, and policy changes. Long-term forecasts may also be
affected by future demographic and healthcare changes. Overall, the Hybrid ARIMA-LSTM model
demonstrated the greatest accuracy, robustness, and stability, supporting reliable long-term hypertension
forecasting and healthcare planning.
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7. Forecast Scenarios

7.1 Short-Term Forecast (2026—-2030): The Hybrid ARIMA-LSTM model forecasts a steady increase
in India’s hypertension burden during 2026-2030 if current prevention and treatment trends remain
unchanged. Prevalence is projected to rise from 23.96% to 26.13%, with increases in prevalent cases,
ASPR, incidence, deaths, and DALYSs. The smooth forecasts preserve historical trends and indicate that
population ageing, urbanization, and persistent lifestyle-related risks will continue to drive the overall
hypertension burden.

7.2 Medium-Term Forecast (2031-2035): The medium-term forecast (2031-2035) shows a continued
rise in all hypertension indicators. Prevalence is projected to increase from 26.62% to 28.43%, prevalent
cases from 240.51 to 269.42 million, ASPR from 26,298 to 28,271 per 100,000, incidence from 8.77 to
10.10 million, deaths from 135.36 to 154.90 thousand, and DALYs from 3.35 to 3.88 million. The
increasing absolute burden highlights growing pressure on India’s healthcare system and underscores the
need for stronger screening, long-term disease management, treatment access, and timely public health
interventions.
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7.3 Long-Term Forecast (2036-2045): The long-term forecast (2036—2045) indicates that hypertension
prevalence in India will rise from 28.85% in 2036 to 30.87% by 2045, although the growth rate is expected
to stabilize. Despite this, the absolute disease burden will continue to increase, reaching 350.11 million
prevalence cases, an ASPR of 32,782 per 100,000 population, 13.83 million incidence cases, 217.77
thousand deaths, and 5.54 million DALY by 2045. Population growth and ageing are expected to drive
this increasing burden, making hypertension a major public health challenge through 2045.
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7.4 Future Burden of Hypertension in India: The forecasting results suggest that hypertension will
remain a substantial health and economic burden in India through 2045. The Hybrid ARIMA-LSTM
model projects approximately 350 million prevalence cases, 13.83 million incident cases, 217.77 thousand
deaths, and 5.54 million DALYSs by 2045. These findings highlight the need for strengthened screening,
early diagnosis, primary healthcare, healthy lifestyles, treatment adherence, and healthcare resource
allocation. Owing to its superior forecasting accuracy, the Hybrid ARIMA-LSTM model can support
long-term healthcare planning, epidemiological surveillance, and evidence-based policymaking.
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8. Sensitivity Analysis

Sensitivity analysis confirmed the robustness, reliability, and generalizability of the Hybrid ARIMA—
LSTM framework. Despite variations in model configuration, training data, and forecasting procedures,
the model produced stable, accurate predictions with low uncertainty across all epidemiological indicators,
supporting its reliability for long-term hypertension forecasting.

8.1 Robustness Analysis: The Hybrid ARIMA-LSTM model consistently outperformed standalone
ARIMA and LSTM models, achieving the lowest RMSE, MAE, and MAPE and the highest R2 across all
hypertension indicators. Sensitivity analysis confirmed stable forecasting performance across parameter
variations. By 2045, the baseline model projected 30.87% prevalence, 350.11 million prevalence cases,
217.77 thousand deaths, and 5.54 million DALYSs. Despite higher errors under outlier conditions (RMSE
=0.981, MAPE = 4.31%), overall performance remained acceptable, with the baseline model achieving
the best results (RMSE = 0.675, MAPE = 3.04%).
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The figure presents holdout validation (2023-2025) of the Hybrid ARIMA-LSTM model, comparing
actual and predicted hypertension prevalence, prevalence cases, deaths, and DALYS. The predictions
closely match observed values, with errors below 1% (0.46%-0.65%), demonstrating the model’s high
accuracy, robustness, generalizability, and reliability for long-term hypertension forecasting.
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These findings show that integrating statistical and deep learning techniques improves forecasting
reliability and reduces sensitivity to nonlinear fluctuations in complex epidemiological time-series data.
8.2 Forecast Stability: Forecast stability was assessed through historical fitting, residual diagnostics, and
long-term forecasting. The Hybrid ARIMA—-LSTM model closely captured observed hypertension trends
from 1990-2025, while forecasts for 2026-2045 showed smooth and consistent increases across all
indicators without unrealistic fluctuations, supporting the model’s reliability for long-term public health
planning.
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Figure A presents rolling-origin cross-validation results, showing consistent performance across eight
expanding-window folds (MAE: 0.42-0.49, RMSE: 0.63-0.74, MAPE: 2.86-3.22%, Rz 0.962-0.972),
confirming the model’s robustness, generalizability, and low sensitivity to training-period changes.
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The forecast trajectories remain numerically stable through 2045, with a smooth transition from historical
to predicted values. As shown in Figure B, forecasts across different experimental settings largely overlap,
demonstrating high stability, reproducibility, and reliability. Overall, the Hybrid ARIMA-LSTM
framework provides robust long-term forecasts without instability or divergence.

8.3 Error Distribution Analysis: Error distribution analysis confirmed that the Hybrid ARIMA-LSTM
model met the assumptions for reliable time-series forecasting. Residuals were randomly distributed
around zero, with no significant autocorrelation in the ACF plots and approximate normality in the
histogram and Q-Q plots, indicating unbiased and statistically adequate forecasts. Figure A summarizes
the test-period (2021-2025) errors, showing high accuracy across all hypertension indicators, with mean
errors near zero and low MAE, RMSE, and MAPE. Although ASPR had relatively larger absolute errors,
its percentage error remained below 1%, confirming reliable predictions.
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Figure B
shows that residuals were centered near zero and approximately normally distributed, with most errors
within +0.3%. The Jarque—Bera test confirmed normality (p = 0.412 > 0.05), with no extreme outliers
beyond +3 SD, indicating stable, unbiased, and reliable forecasts.
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9. Conclusion
This study compared ARIMA, LSTM, and Hybrid ARIMA-LSTM models for forecasting hypertension
burden in India using annual data from 1990-2025. The results showed a persistent increase in

IJFMR260485559 Volume 8, Issue 4, July-August 2026 17



http://www.ijfmr.com/

~ Y International Journal for Multidisciplinary Research (IJFMR)

i

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

hypertension prevalence, cases, ASPR, incidence, deaths, and DALYs. While ARIMA effectively
captured linear trends and LSTM modeled nonlinear patterns, the Hybrid ARIMA-LSTM model
consistently provided the best forecasting performance, achieving the lowest MAE, RMSE, and MAPE
and the highest R2, with satisfactory residual diagnostics.

Forecasts for 20262045 indicate that hypertension will remain a major public health challenge, with the
absolute burden expected to increase despite gradually stabilizing growth rates, largely due to population
growth and ageing. These findings highlight the need for stronger prevention, early diagnosis, treatment
adherence, and long-term disease management. Overall, the Hybrid ARIMA-LSTM framework provides
reliable long-term forecasts and can support healthcare planning, resource allocation, and evidence-based
policymaking, with potential applications to other chronic and non-communicable diseases.
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