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Abstract 

Income and wealth inequality have emerged as significant socio-economic concerns in India, even amid 

sustained economic expansion. Traditional econometric approaches often struggle to adequately capture 

the intricate linear and nonlinear patterns that characterize inequality dynamics over time. To address this 

limitation, the present study introduces a hybrid ARIMA–LSTM forecasting framework that combines the 

linear forecasting capability of the Autoregressive Integrated Moving Average (ARIMA) model with the 

nonlinear learning capacity of Long Short-Term Memory (LSTM) neural networks, thereby enhancing the 

accuracy of income and wealth inequality predictions. Annual time-series data spanning the period 1990–

2024 were compiled from multiple authoritative sources, including the World Inequality Database (WID), 

the World Bank, the Reserve Bank of India (RBI), the National Sample Survey (NSS), the Periodic Labour 

Force Survey (PLFS), and the Ministry of Statistics and Programme Implementation (MoSPI). The 

analytical framework incorporates a comprehensive set of socio-economic indicators, including the Gini 

coefficient, income shares of the top 1%, top 10%, and bottom 50% of the population, wealth 

concentration, per capita income, unemployment rate, inflation, educational attainment, and public social 

expenditure. 

Model performance is evaluated using MAE, RMSE, MAPE, and R², with comparisons against standalone 

ARIMA and LSTM models. Results demonstrate that the ARIMA–LSTM hybrid model achieves superior 

forecasting accuracy by effectively capturing both linear and nonlinear temporal patterns. Forecasts to 

2045 indicate a continued rise in income and wealth concentration, highlighting persistent inequality under 

current economic conditions. The proposed framework contributes to computational economics by 

providing a robust tool for long-term socio-economic forecasting and offers evidence-based insights for 

policies promoting inclusive growth, equitable wealth distribution, poverty reduction, and sustainable 

economic development in India. 
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Time-Series Forecasting; Deep Learning; ARIMA; LSTM; Economic Inequality; Wealth Concentration; 
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1. Introduction 

Income and wealth inequality have become major socio-economic challenges affecting economic growth, 

social mobility, political stability, and sustainable development worldwide. Although globalization, 
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technological progress, and economic liberalization have accelerated economic growth, the benefits have 

been distributed unevenly, leading to increasing disparities in income and wealth [15,30]. India represents 

a significant example of this trend. Since the economic reforms of 1991, the country has experienced rapid 

economic growth, yet a substantial proportion of national income and wealth has become concentrated 

among the highest-income groups, while the Bottom 50% continues to hold only a limited share of 

economic resources [30]. 

The persistence of rising inequality has important implications for inclusive development, poverty 

reduction, economic mobility, and social cohesion. Studies indicate that increasing inequality adversely 

affects consumption, investment opportunities, education, healthcare access, labour productivity, and 

resilience to economic shocks, particularly among disadvantaged populations [13]. Consequently, 

understanding and forecasting the future dynamics of income and wealth inequality have become essential 

for designing evidence-based fiscal, monetary, and social policies that support sustainable and inclusive 

economic growth. 

Traditionally, inequality forecasting has relied on econometric techniques such as the Autoregressive 

Integrated Moving Average (ARIMA) model because of its ability to model linear temporal relationships 

effectively [16]. However, socio-economic time series often exhibit nonlinear behaviour, structural 

changes, and long-term temporal dependencies that conventional statistical models cannot adequately 

capture. Recent developments in artificial intelligence have demonstrated that Long Short-Term Memory 

(LSTM) neural networks are capable of learning complex nonlinear patterns and long-term dependencies, 

thereby improving forecasting performance for economic and financial time-series data [19]. 

Hybrid forecasting approaches that combine ARIMA and LSTM integrate the strengths of statistical time-

series analysis and deep learning by modelling both linear and nonlinear components of data. Such hybrid 

models have consistently outperformed standalone forecasting techniques across various applications, 

including macroeconomic forecasting, financial markets, energy demand, and volatility prediction 

[11,14,21]. Applying this hybrid framework to India's inequality data provides an opportunity to generate 

more accurate and reliable long-term forecasts while capturing the evolving dynamics of income and 

wealth concentration. 

Motivated by these developments, this study proposes an ARIMA–LSTM hybrid nonlinear machine 

learning framework to forecast income and wealth inequality in India using annual data from 1990–2024. 

The study integrates classical econometric modelling with deep learning techniques to improve forecasting 

accuracy and provide valuable insights for policymakers, economists, and development planners. Reliable 

forecasts of inequality can assist governments in evaluating the long-term impacts of taxation policies, 

welfare programmes, labour market reforms, financial inclusion, education, and social expenditure, 

thereby supporting the achievement of the Sustainable Development Goals (SDGs)[17]. 

The primary objective of this research is to develop an integrated forecasting framework that combines 

the complementary strengths of ARIMA and LSTM models for predicting future trends in India's income 

and wealth inequality. The proposed hybrid methodology aims to capture both linear temporal 

dependencies and nonlinear structural dynamics more effectively than either model independently. 

This study makes several important contributions to the existing literature. First, it extends previous 

research by applying a hybrid econometric–machine learning framework specifically to income and 

wealth inequality forecasting in India, an area that remains relatively underexplored. Second, it 

demonstrates that integrating ARIMA with LSTM improves forecasting reliability by simultaneously 

modelling linear and nonlinear characteristics of inequality dynamics. Third, it provides a comprehensive 
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comparative evaluation of ARIMA, LSTM, and Hybrid ARIMA–LSTM models using multiple forecast 

accuracy measures and statistical diagnostics. Fourth, the study generates long-term forecasts that can 

support evidence-based policymaking for reducing inequality and promoting inclusive growth. Finally, it 

contributes to the growing interdisciplinary literature that integrates economics, econometrics, and 

artificial intelligence to address complex socio-economic challenges and improve long-term policy 

planning. 

 

2. Literature Review 

Income and wealth inequality remain major challenges in development economics because of their 

significant effects on economic growth, poverty reduction, social mobility, and political stability. The 

Kuznets Inverted-U Hypothesis proposes that inequality rises during the early stages of development 

before declining as economies mature [2]. However, recent evidence shows that inequality has continued 

to increase in both developing and developed countries despite sustained economic growth, suggesting 

that the Kuznets hypothesis no longer fully explains contemporary inequality patterns. Factors such as 

globalization, technological progress, financial liberalization, unequal educational opportunities, and 

capital accumulation have intensified disparities in income and wealth distribution [13,15]. 

India has experienced a particularly rapid rise in inequality over recent decades. According to the World 

Inequality Database, the Top 10% of the population earns nearly 58% of national income, while the Top 

1% controls a disproportionately large share of both income and wealth. In contrast, the Bottom 50% 

receives only a small share of national income, highlighting persistent structural inequality despite rapid 

economic growth [27,41]. These findings indicate that economic expansion alone has not ensured 

equitable income and wealth distribution. 

Empirical studies identify several key determinants of inequality in India, including urbanization, financial 

development, technological advancement, educational disparities, labor market segmentation, and fiscal 

policies. Traditional econometric methods such as regression analysis, Vector Autoregression (VAR), 

Autoregressive Distributed Lag (ARDL), and panel data models have provided valuable insights into these 

relationships. However, these approaches generally assume linearity and stationarity, making them less 

suitable for capturing the nonlinear behavior and structural changes associated with globalization, policy 

reforms, economic crises, and technological disruptions. 

The growing complexity of socioeconomic data has shifted forecasting research from conventional 

statistical techniques toward machine learning (ML) and deep learning approaches. Among classical 

methods, the Autoregressive Integrated Moving Average (ARIMA) model remains widely used because 

of its simplicity, interpretability, and effectiveness in modeling linear temporal relationships [16]. 

Nevertheless, ARIMA is limited in representing nonlinear dynamics commonly observed in 

macroeconomic indicators such as income and wealth inequality. 

To address the limitations of conventional econometric models, researchers have increasingly adopted 

advanced machine learning techniques such as Artificial Neural Networks (ANNs), Long Short-Term 

Memory (LSTM), Support Vector Regression (SVR), Random Forests, and Extreme Gradient Boosting 

(XGBoost). Among these, LSTM, introduced by Hochreiter and Schmidhuber[9], is particularly effective 

in capturing long-term temporal dependencies and nonlinear relationships while overcoming the vanishing 

gradient problem, consistently outperforming traditional models in forecasting complex socioeconomic 

and financial time-series. However, standalone LSTM models may fail to fully exploit the linear structure 

of time-series data. Consequently, hybrid ARIMA–LSTM models, which combine ARIMA for linear 
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trend modeling with LSTM for nonlinear residual learning, have emerged as a robust forecasting 

framework, demonstrating superior accuracy across applications such as finance, energy, inflation, and 

environmental forecasting. Despite these advances, their application to income and wealth inequality 

particularly in India remains limited, with few studies jointly forecasting both dimensions or 

systematically comparing ARIMA, LSTM, and hybrid models using performance measures such as MAE, 

RMSE, MAPE, and R². 

This study addresses these gaps by proposing a hybrid ARIMA–LSTM framework to improve long-term 

forecasting accuracy and provide reliable evidence for policies aimed at reducing inequality and promoting 

inclusive, sustainable economic growth. 

 

3. Conceptual Framework and Models 

This study adopts a quantitative, longitudinal, and predictive research design to forecast income and 

wealth inequality in India using a hybrid ARIMA–LSTM framework. ARIMA captures linear temporal 

patterns, while LSTM models nonlinear relationships, improving forecasting accuracy [9,11]. Model 

performance is evaluated by comparing ARIMA, LSTM, and the ARIMA–LSTM Hybrid. Previous 

studies by Singh D.P. [31, 39, 40, 45, 46, and 50] support the effectiveness of integrating statistical and 

machine learning techniques for forecasting and provide the methodological foundation for this 

comparative analysis. 

3.1 Conceptual Framework: The conceptual framework assumes that income and wealth inequality 

follow both linear and nonlinear temporal patterns, making a hybrid ARIMA–LSTM approach 

appropriate. ARIMA models linear trends, while LSTM captures nonlinear and long-term dependencies, 

improving forecasting accuracy when combined [9,11]. The framework follows a systematic workflow 

from data collection and preprocessing to hybrid model development, evaluation, and forecasting of 

inequality in India (2025–2045), supporting evidence-based policy decisions [9,10,11]. 

 
3.2 Linear Regression Model and Multiple Regression Model: Singh et al. [31] explained that linear 

regression assumes an approximately linear relationship between the independent variable (X) and the 

dependent variable (Y). i.e. Y =β0+β1X. 

Singh et al. and Singh [31, 35–45] 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 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + ⋯ … … … … … + 𝛽𝑞𝑥𝑞 + 𝜀 
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Where y= dependent variable, xi= independent variables  𝛽𝑖 =coefficients, 𝜀 = random error. 

3.3 ARIMA (Autoregressive Integrated Moving Average): Singh et al.[31,39,40,50] defined the 

ARIMA model as a time-series forecasting technique that predicts future values using past observations, 

past forecast errors, and differencing to achieve stationarity. 

Mathematical Model-ARIMA(p, d, q): p = autoregressive order, d = differencing order, q = moving 

average order. 

AR(p) 𝑦𝑡 = 𝑐 + ∑ ∅𝑖𝑦𝑡−𝑖 + 𝜀𝑝
𝑖=1 𝑡

 

MA(q) 𝑦𝑡 = 𝑐 + ∑ 𝜃𝑖𝜀𝑡−𝑖 + 𝜀𝑞
𝑖=1 𝑡

 

ARIMA(p, d, q): After differencing 𝑑 times: ∆𝑑= 𝑐 + ∑ ∅𝑝
𝑖=1 𝑖

∆𝑑𝑦𝑡−𝑖 + ∑ 𝜃𝑖𝜀𝑡−𝑖 + 𝜀𝑞
𝑖=1 𝑡

 

3.4. LSTM (Long Short-Term Memory): Yadav, K. K., and Singh, D. P. [50] 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: xt = input, ℎ𝑡 = hidden state, ct = cell state 

Gates-Forget Gate:𝑓𝑡 = 𝜎(𝑊𝑓[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) 

Input Gate: 𝑖𝑡 = 𝜎(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) 

Candidate Memory:  𝑐̆𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑐[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐) 

Cell State Update: 𝑐𝑡 = 𝑓𝑡 ⊙ 𝑐𝑡−1 + 𝑖𝑡 ⊙ 𝑐̆𝑡 

Output Gate: 𝑜𝑡 = 𝜎(𝑊𝑜[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) 

Hidden State: ℎ𝑡 = 𝑜𝑡 ⊙ tanh (𝑐𝑡). 

3.5 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-𝑌𝑡̂
𝐴𝑅𝐼𝑀𝐴

 

Compute residuals: 𝑒𝑡 = 𝑌𝑡 − 𝑌𝑡̂
𝐴𝑅𝐼𝑀𝐴

 

Train the LSTM model using the residual series: 𝑒̂𝑡 = 𝐿𝑆𝑇𝑀( 𝑒𝑡) 

Generate the hybrid forecast: 𝑌̂𝑡
𝐻𝑏𝑟𝑖𝑑

= 𝑌𝑡̂
𝐴𝑅𝐼𝑀𝐴

+ 𝑒̂𝑡 

The hybrid framework assumes that the observed series is composed of both linear and nonlinear 

components. 

 

3.6. Model Performance Evaluation Matrices:  

Singh [47–49] identified MAE as a robust and interpretable metric for evaluating forecasting accuracy. 

Accordingly, standard performance metrics were used to assess the proposed forecasting models. 

3.6.1Mean Squared Error: Mathematical Model of MSE is defined as:  𝑀𝑆𝐸 =
1

𝑁
∑ (𝑌𝑖 −  𝑌̂𝑖)

2𝑁
𝑖=1  

Where: 𝑛 is Total number of observations. 𝑌𝑖 is the actual value.  𝑌̂𝑖 is the predicted value. (𝑌𝑖 −  𝑌̂𝑖)
2
is 

Squared error for each observation 

3.6.2Mean Absolute Error: The mathematical model for MAE is given by: 

𝑀𝐴𝐸 =
1

𝑁
∑ |𝑌𝑖 − 𝑌𝑖̂|

𝑁
𝑖=1  where: N is the total count of data points, 𝑌𝑖 denotes the actual value of the 𝑖-th 

data point, 𝑌̂𝑖 represents the predicted value of the i-th data point, |𝑌𝑖 − 𝑌𝑖̂| signifies the absolute error for 

each observation. 
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3.6.3 R² Score: The R² Score (Coefficient of Determination)  is mathematically defined as: 𝑅2 = 1 −
𝑆𝑆𝑟𝑒𝑠

𝑆𝑆𝑡𝑜𝑡
,  where: 𝑆𝑆𝑟𝑒𝑠 (Residual Sum of Squares) is given by:  𝑆𝑆𝑟𝑒𝑠 = ∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑛
𝑖=1  

𝑆𝑆𝑡𝑜𝑡 (Total Sum of Squares) is given by: 𝑆𝑆𝑡𝑜𝑡 = ∑ (𝑦𝑖 −  𝑦𝑖̅)
2𝑛

𝑖=1  ,where:  𝑦𝑖 = Actual values of the 

dependent variable.  𝑌̂𝑖 = Predicted values from the regression model.  𝑌𝑖̅ = Mean of the actual values. N 

= Number of data points. 

3.6.4 Root Mean Squared Error (RMSE) 𝑅𝑀𝑆𝐸 = √𝑀𝑆𝐸 

 

3.7 Residual and Statistical Diagnostics: 

Let the observed value at time t be 𝑦𝑡 and the predicted value be 𝑦̂𝑡. 

The residual (forecast error) is defined as: 𝑒𝑡 = 𝑦𝑡 − 𝑦̂𝑡,    t=1,2.3……….., n. 

where: 𝑒𝑡 = residual at time t, 𝑦𝑡= actual observed value, 𝑦̂𝑡= predicted value 

A well-specified forecasting model should produce residuals that behave as white noise as white noise 

[18,23]: 𝐸(𝑒𝑡)=0 ,  𝑉𝑎𝑟(𝑒𝑡) = 𝜎𝑡
2,  𝐶𝑜𝑣 = 𝑒𝑡 − 𝑒𝑡−𝑘 = 0 

𝟑. 𝟕. 𝟏 𝑴𝒆𝒂𝒏 𝑬𝒓𝒓𝒐𝒓 (𝑴𝑬): 𝑀𝐸 =
1

𝑛
∑ 𝑒𝑡

𝑛
1 . A value close to zero indicates an unbiased forecasting model 

[23]. 

3.7.2 Residual Standard Deviation (RSD): 𝑅𝑆𝐷 = √
∑ (𝑒𝑡−𝑒̅)2𝑛

𝑡=1

𝑛−1
,  Where 𝑒̅ =

1

𝑛
∑ 𝑒𝑡

𝑛
𝑡=1  

3.7.3 Residual Autocorrelation Function (ACF): 𝜌𝑘 =
∑ (𝑒𝑡−𝑒̅)(𝑒𝑡−𝑘−𝑒̅)𝑛

𝑡=𝑘+1

∑ (𝑒𝑡−𝑒̅)2𝑛
𝑡=1

, where k is the lag. 

For an adequate forecasting model, 𝜌𝑘 ≈ 0, ∀ 𝑘 > 0. indicating that residuals are serially uncorrelated 

[18,23]. 

3.7.4 Ljung–Box Test: The Ljung–Box statistic tests whether residuals are independently distributed [4]. 

𝑄 = 𝑛(𝑛 + 2) ∑
𝜌𝑘

2

𝑛−𝑘

𝑚
𝑘=1 ,  Where, n = sample size, m = number of lags, 𝜌𝑘 =residual autocorrelation at lag 

k. 

3.7.5 Hypotheses: 𝐻0: 𝜌1 = 𝜌2 = ⋯ … … … . = 𝜌𝑚 = 0 

𝐻1 = 𝐴𝑡 𝑙𝑒𝑎𝑠𝑡 𝑜𝑛𝑒 𝜌𝑘 ≠ 0. If 𝑝 > .05, the residuals are considered white noise[4]. 

3.7.6 Residual Normality:- Residual normality may be assessed using the Jarque–Bera statistic [7]: 

𝐽𝐵 =
𝑛

6
(𝑆2 +

(𝐾−3)2

4
), Where, S = skewness, K = kurtosis. 

A non-significant p-value (p>0.05) indicates approximate normality [7]. 

 

4. Data and Variables 

This study uses annual time-series data (1990–2024) to forecast income and wealth inequality in India 

through a hybrid ARIMA–LSTM framework, ensuring reliable, consistent, and accurate 

predictions[18,26]. 

4.1 Data Collection: Annual secondary data (1990–2024) were collected from internationally recognized 

sources, including the World Inequality Database (WID), World Bank, RBI, NSO, MoSPI, OECD, IMF, 

and CMIE [26,32,33,34]. WID was the primary source for income and wealth inequality indicators due to 

its internationally comparable estimates based on tax records, household surveys, national accounts, and 

wealth rankings. 

4.2 Variables, Indicators, and Data Pre-processing: The study forecasts income and wealth inequality 

using widely accepted distributional indicators that measure the shares of income and wealth held by the 
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Top 1%, Top 10%, and Bottom 50% of the population. These variables capture both income inequality 

and wealth concentration, providing a comprehensive basis for analyzing long-term distributional 

dynamics using estimates from the World Inequality Database (1990–2024). They also serve as the core 

input variables for the proposed ARIMA–LSTM hybrid forecasting framework, which integrates 

statistical time-series modelling with nonlinear deep learning to generate reliable forecasts and support 

evidence-based policy formulation. 

The dataset was pre-processed through data validation, missing value treatment, outlier detection, 

chronological ordering, normalization, and stationarity testing. Model-specific pre-processing techniques 

were then applied for ARIMA and LSTM, followed by train–test splitting. Forecasting performance was 

evaluated using Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error 

(RMSE), Mean Absolute Percentage Error (MAPE), and the coefficient of determination (R²). 

 

5. Research Methodology 

This study employs a quantitative time-series forecasting approach using a hybrid ARIMA–LSTM model 

to predict income and wealth inequality in India from annual data (1990–2024). The framework integrates 

econometric and deep learning techniques to capture both linear and nonlinear patterns, improving long-

term forecasting accuracy over conventional models [9,11,16]. 

5.1 Exploratory Data Analysis Exploratory Data Analysis (EDA) was performed to examine statistical 

properties, temporal trends, variable relationships, and stationarity using visualization, correlation 

analysis, and the Augmented Dickey–Fuller (ADF) test to ensure reliable forecasting [23,28]. 

5.1.1 Correlation Heatmap of Income and Wealth Inequality Indicators: The correlation heatmap revealed 

strong positive correlations among the top 10% and top 1% income and wealth shares (r = 0.90–0.98), 

while the bottom 50% shares were strongly negatively correlated with the top groups, indicating persistent 

and widening inequality. 

 
5.1.2 Time-Series Trends of Income and Wealth Inequality: The figure shows a steady increase in the 

income and wealth shares of the top 10% and top 1%, alongside stagnant or declining shares for the bottom 

50%, indicating widening inequality in India (1990–2024). 
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5.1.3 Stationarity Test (ADF Test): The ADF test shows that only the Bottom 50% Income Share and 

Bottom 50% Wealth Share are stationary at the 5% significance level (p < 0.05), while the remaining 

variables are non-stationary and require differencing before ARIMA modeling. 

 
5.2 Time-Series Analysis and Feature Engineering: Time-series pre-processing included ACF/PACF 

analysis, feature engineering, Min–Max normalization, and chronological train–test splitting (80:20) to 

capture temporal dependencies and improve the forecasting performance of hybrid models [20,22]. 

5.2.1 Residual Distribution and Normality Diagnostics: The residual plots show that errors are randomly 

distributed around zero and approximately normally distributed. The histogram, Q–Q plot, and Jarque–

Bera test indicate residual normality, confirming a good model fit. 

 
5.2.2 Residual Independence and Model Diagnostics: The ACF, PACF, and residual–fitted plots show no 

significant autocorrelation or heteroscedasticity, indicating independent residuals and confirming that the 

ARIMA–LSTM hybrid model satisfies key diagnostic assumptions for reliable forecasting. 

 
5.3 Hybrid ARIMA–LSTM Model Development: The study employs a hybrid ARIMA–LSTM framework 

that integrates statistical time-series analysis with deep learning to model linear and nonlinear patterns, 

enhancing forecasting accuracy by combining ARIMA predictions with LSTM-based residual forecasts. 
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This hybrid methodology improves forecasting accuracy by simultaneously capturing linear trends and 

nonlinear temporal dependencies that characterize long-term income and wealth inequality [9,11,25]. 

 

6. Model Performance Evaluation and Validation 

Model performance was evaluated using forecast accuracy metrics, residual diagnostics, and comparative 

statistical analyses to identify the most reliable model for forecasting India's income and wealth inequality 

during 2025–2045 [18,23]. 

6.1 Forecast Accuracy Assessment: Montgomery et al. (2021) [24] outlined key principles of time series 

forecasting, including model validation and accuracy assessment. Using MAE, MSE, RMSE, MAPE, and 

R², the Hybrid ARIMA–LSTM model demonstrated superior forecasting performance over the standalone 

ARIMA and LSTM models [18,19,23]. 

6.1.1Forecast Accuracy Comparison (Testing Set: 2020–2024): The Hybrid ARIMA–LSTM model 

outperformed the ARIMA and LSTM models across all six inequality indicators, achieving the lowest 

forecast errors (MAE, MSE, RMSE, and MAPE) and the highest R2, indicating superior predictive 

accuracy and robustness. 

 
6.2.1MAE, RMSE, and Hybrid Forecast Performance: The figure shows The Hybrid ARIMA–LSTM 

model achieved the lowest MAE and RMSE across all inequality indicators, demonstrating superior 

forecasting accuracy and robust predictive performance. 
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The hybrid ARIMA–LSTM model is expected to achieve the lowest prediction errors, typically improving 

forecasting accuracy by 10–30% over standalone ARIMA or LSTM models, due to its ability to capture 

both linear and nonlinear patterns, consistent with previous studies [11,12,29]. 

 

6.2 Residual and Statistical Diagnostics: Model diagnostics check assumptions via residual analysis 

using plots and the Durbin–Watson statistic [1], the Jarque–Bera test for normality [7], AIC and BIC for 

model complexity [3,5], the Breusch–Pagan test for heteroscedasticity, and the ADF test for stationarity, 

ensuring reliable inequality forecasts. 

6.2.1Residual Time-Series Plots: Residuals for all six inequality indicators fluctuate randomly around 

zero with no trends, seasonality, or autocorrelation, resembling white noise. This confirms the Hybrid 

ARIMA–LSTM model effectively captured both linear and nonlinear patterns, making it well-specified 

for reliable long-term inequality forecasting. 

 
6.2.2 Ljung–Box Test for Residual Autocorrelation: Ljung–Box test p-values exceed 0.05 at all lags 

for all indicators, meaning residuals are white noise, so the Hybrid ARIMA–LSTM model captures 

temporal dependence and yields reliable forecasts. 

 
6.3 Comparative Performance Analysis:  

The final stage compares the predictive performance of the ARIMA, LSTM, and Hybrid ARIMA–LSTM 

models using accuracy metrics (MAE, RMSE, MAPE, R²), residual diagnostics, and graphical analysis. 

The best-performing model is selected to forecast India's future income and wealth inequality. 

6.3.1 Forecast Accuracy Comparison: The forecast accuracy comparison shows that the Hybrid 

ARIMA–LSTM model outperforms both ARIMA and LSTM across all evaluation metrics. It achieves the 
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lowest MAE, MSE, RMSE, and MAPE, along with the highest R², indicating superior predictive accuracy, 

better model fit, and more reliable forecasting performance. 

 
6.3.2 Residual Distribution Comparison: The residual distribution comparison shows that the Hybrid 

ARIMA–LSTM residuals are more symmetrically distributed around zero and closely follow a normal 

distribution compared with ARIMA and LSTM. This indicates lower prediction bias, improved error 

stability, and a statistically better-specified forecasting model. 

 
6.3.3Actual vs. Predicted Comparison: The Hybrid ARIMA–LSTM model closely matches the 

observed Top 10% income share during 2020–2024, outperforming ARIMA and LSTM with smaller 

prediction errors. Its narrow 95% confidence interval also indicates greater forecasting accuracy and 

reliability. 

 
6.3.4 Residual Plots: The residual plots show that the Hybrid ARIMA–LSTM model produces smaller 

and randomly distributed residuals around zero compared with ARIMA and LSTM. The absence of 

systematic patterns indicates lower prediction errors, minimal bias, and a well-specified forecasting model. 

 
6.3.5Model Ranking: The model ranking based on average performance across all inequality indicators 

identifies the Hybrid ARIMA–LSTM model as the best-performing model (Rank = 1), followed by LSTM 

(Rank = 2) and ARIMA (Rank = 3). This confirms the hybrid model provides the highest overall 

forecasting accuracy and robustness. 
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7. Results and Discussion 

This section presents the empirical findings obtained from the ARIMA, LSTM, and ARIMA–LSTM 

hybrid models for forecasting income and wealth inequality in India over the period 1990–2024, with 

projections extending to 2045. The results demonstrate the comparative forecasting performance of the 

models, the dynamics of inequality, and their implications for inclusive economic development. 

7.1 Descriptive Analysis of Income and Wealth Inequality:  The figure shows that income and wealth 

inequality in India increased steadily from 1990 to 2024. The shares of the Top 1% and Top 10% rose 

consistently, while the Bottom 50% experienced a continuous decline. By 2024, the Top 10% held 58.0% 

of income and 77.0% of wealth, whereas the Bottom 50% accounted for only 15.0% of income and 2.1% 

of wealth, indicating that wealth inequality is significantly greater than income inequality. 

 
 

7.2 Forecasting Performance of Individual Models: 

7.2.1 ARIMA Model Results: Figure presents the ARIMA forecast for India's Top 1% Income Share, 

showing a steady rise in income concentration through 2035. The model closely fits historical data (1990–

2024), while widening 95% confidence intervals indicate increasing forecast uncertainty over time. 

 
The residuals are randomly distributed around zero, suggesting a satisfactory model fit. Performance 

statistics (RMSE = 0.78, MAE = 0.54, MAPE = 3.18%, R² = 0.967) confirm good predictive accuracy, 

indicating that the ARIMA model is effective for forecasting the long-term trend in income inequality, 

although it primarily captures linear patterns. 

 
7.2.2 LSTM Model Results: Figure presents the LSTM forecasting results for India's Top 1% income 

share (1990–2035). The historical data show a steady increase from 6.0% (1990) to 22.6% (2024). The 
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LSTM model accurately captures the nonlinear trend, with fitted and test predictions closely matching 

observed values. 

 
Forecasts indicate income inequality will rise to approximately 31.1% by 2035, with wider confidence 

intervals reflecting increasing uncertainty. The LSTM model achieved high forecasting accuracy (RMSE 

= 0.675, MAE = 0.556, MAPE = 3.04%, R² = 0.973), effectively capturing nonlinear trends and providing 

reliable long-term forecasts, supporting its integration into the ARIMA–LSTM hybrid framework. 

 
7.3 Performance of the Proposed ARIMA–LSTM Hybrid Model: The figures presents a 

comprehensive evaluation of the Hybrid ARIMA–LSTM model for forecasting income and wealth 

inequality in India. It compares the hybrid model with the standalone ARIMA and LSTM models using 

forecast accuracy, prediction performance, residual diagnostics, statistical tests, long-term forecasts, and 

overall model ranking. 

7.3.1. Forecast Accuracy Comparison (Test: 2020–2024): The forecast accuracy comparison shows that 

the Hybrid ARIMA–LSTM model outperforms the standalone ARIMA and LSTM models for both the 

Top 10% Income Share and Top 10% Wealth Share. It achieves the lowest MAE, RMSE, and MAPE and 

the highest R², indicating superior forecasting accuracy, predictive reliability, and overall model 

performance by effectively combining linear and nonlinear patterns. 

 
7.3.2. Actual vs. Predicted Values (2020–2024):  The prediction plots show that the Hybrid ARIMA–

LSTM model most accurately matches the observed values, outperforming ARIMA and LSTM by 

effectively capturing both linear and nonlinear patterns with greater predictive accuracy and robustness. 
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7.3.3. Residual Analysis: Residual plots show that the Hybrid ARIMA–LSTM model produces small, 

randomly distributed residuals around zero with no significant autocorrelation, indicating white-noise 

errors and effective capture of both linear and nonlinear patterns, resulting in superior forecasting 

accuracy. 

 
7.3.4. Forecast with 95% Confidence Interval (2025–2045): The long-term forecasts indicate a 

continued rise in income and wealth concentration in India. The Hybrid ARIMA–LSTM model projects 

the Top 10% Income Share to reach 66.3% and the Top 10% Wealth Share to reach 86.9% by 2045, with 

narrow 95% confidence intervals indicating reliable forecasts despite gradually increasing uncertainty 

over time. 

 
7.3.5. Statistical Diagnostics: Residual diagnostic tests confirm the statistical adequacy and validity of 

the Hybrid ARIMA–LSTM forecasting model. The Ljung–Box test indicates no significant residual 

autocorrelation, confirming that the residuals behave as white noise. The Jarque–Bera[7] test suggests that 

the residuals are approximately normally distributed, while the Augmented Dickey–Fuller (ADF)[6] test 

verifies residual stationarity. Collectively, these diagnostic results demonstrate that the Hybrid ARIMA–

LSTM model satisfies the key assumptions of a well-specified time-series model, supporting its reliability 

and robustness for long-term forecasting of income and wealth inequality. 

 
7.3.6. Model Ranking: The Hybrid ARIMA–LSTM model achieved the highest overall ranking (Rank 

1), outperforming LSTM (Rank 2) and ARIMA (Rank 3) across all evaluation metrics. Its superior 

accuracy, reliability, and robustness make it the most effective model for forecasting income and wealth 

inequality in India, providing more accurate long-term projections for evidence-based policy analysis. 
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7.4 Results of the ARIMA–LSTM Hybrid Model Applied to India's Income and Wealth Inequality Dataset 

(1990–2045): The figures presents a comprehensive overview of the Hybrid ARIMA–LSTM model 

applied to India's income and wealth inequality dataset. It integrates historical data analysis, residual 

diagnostics, model performance evaluation, and long-term forecasts to assess the effectiveness of the 

hybrid forecasting framework. 

7.4.1. Historical Data (1990–2024): The historical trends reveal a persistent increase in the concentration 

of both income and wealth among the top population groups. The Top 10% Income Share rises steadily 

from approximately 43% in 1990 to 57.7% in 2024, while the Top 10% Wealth Share increases from 

nearly 50% to 77.8% during the same period. These upward trends indicate a continuous rise in economic 

inequality in India over the past three decades. The dataset summary confirms that the analysis is based 

on annual observations from the World Inequality Database (WID) covering 1990–2024, with no missing 

values. 

 
7.4.2. Residual Analysis: The residual plots for both the ARIMA and LSTM components show random 

fluctuations around zero without any systematic pattern, suggesting that the models successfully capture 

the underlying temporal structure of the data. The residual means are very close to zero, while the Ljung–

Box test produces p-values greater than 0.05 for both models, indicating no significant residual 

autocorrelation. Consequently, the residuals behave as white noise, confirming that the forecasting models 

are statistically well specified and suitable for reliable prediction. 

 
7.4.3. Model Performance Comparison (1990–2024): The performance comparison demonstrates that 

the Hybrid ARIMA–LSTM model consistently outperforms the standalone ARIMA and LSTM models 

for both income and wealth inequality forecasting. For the Top 10% Income Share, the hybrid model 

achieves the lowest prediction errors (MAE = 0.612, RMSE = 0.844, MAPE = 1.05%) and the highest 

coefficient of determination (R² = 0.972). Similarly, for the Top 10% Wealth Share, it records MAE = 

0.861, RMSE = 1.157, MAPE = 1.08%, with R² = 0.969, outperforming both benchmark models. These 
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results demonstrate that combining ARIMA's linear modeling capability with LSTM's nonlinear learning 

substantially improves forecasting accuracy. 

 
7.4.4. Forecast Results (2025–2045): The forecasts indicate that inequality will continue rising over the 

next two decades. By 2045, the Hybrid ARIMA–LSTM model projects the Top 10% Income Share to 

reach 66.3% and the Top 10% Wealth Share to reach 86.9%, exceeding the forecasts of the standalone 

ARIMA and LSTM models. Although the 95% confidence intervals widen over time, they remain 

sufficiently narrow, indicating stable long-term forecasts. 

 
Residual diagnostics confirm statistically adequate models, with the Hybrid ARIMA–LSTM model 

delivering the lowest forecasting errors and highest R². Forecasts project the Top 10% Income Share to 

reach 66.3% and the Top 10% Wealth Share 86.9% by 2045, indicating rising inequality and 

demonstrating the model's suitability for long-term policy forecasting. 

 

7.5 Final Comparative Analysis of Forecast Errors and Model Ranking: 

The ARIMA–LSTM Hybrid model achieved the highest forecasting accuracy, with the lowest prediction 

errors (RMSE: 0.44%, MAE: 0.32%, MAPE: 1.78%) and the highest R² (0.967), demonstrating superior 

reliability for forecasting income and wealth inequality in India. 

7.5.1 Residual Diagnostics and Forecast Error Distribution: The figure compares ARIMA, LSTM, 

and ARIMA–LSTM Hybrid forecasting performance (2020–2024). The Hybrid model achieves the lowest 

residual error (0.01%), outperforming LSTM (0.08%) and ARIMA (0.32%), demonstrating the highest 

forecasting accuracy, stability, and reliability for India's income and wealth inequality. 
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7.5.2 Performance Summary of Model: The ARIMA–LSTM Hybrid model outperformed both ARIMA 

and LSTM during 2020–2024, achieving the lowest residual error (0.01%) and the highest forecasting 

accuracy, stability, and reliability for predicting income and wealth inequality in India. 

 
The hybrid ARIMA–LSTM model outperforms standalone ARIMA and LSTM by delivering higher 

forecasting accuracy and better long-term predictions. The results reveal a persistent rise in income and 

wealth inequality in India (1990–2024), with increasing concentration among the Top 1% and Top 10% 

and declining shares for the Bottom 50%. Forecasts indicate that inequality will continue to worsen 

through 2045, highlighting the model's value for long-term policy planning. 

7.5.3. Model Ranking : 

Rank Model Interpretation 

1 
ARIMA–LSTM 

Hybrid 

Delivers the highest forecasting accuracy, robustness, and overall predictive 

performance. 

2 LSTM 
Provides strong nonlinear forecasting capability with improved accuracy over 

ARIMA but performs slightly below the Hybrid model. 

3 ARIMA 
Shows the lowest predictive performance due to comparatively higher 

forecasting errors and lower goodness-of-fit. 

The results show that the ARIMA–LSTM Hybrid model provides the highest forecasting accuracy for 

long-term income and wealth inequality prediction by combining ARIMA's linear modeling with LSTM's 

nonlinear learning capabilities. 

 

8. Conclusion 

This study demonstrates that the ARIMA–LSTM hybrid model provides a robust and accurate framework 

for forecasting income and wealth inequality in India by effectively capturing both linear and nonlinear 

temporal patterns. Using annual data from 1990–2024, the hybrid model outperforms standalone ARIMA 

and LSTM models, achieving lower forecasting errors, higher explanatory power, and statistically 

adequate residual diagnostics. Forecasts for 2025–2045 indicate a continued rise in income and wealth 

concentration among the Top 1% and Top 10%, highlighting persistent inequality and the need for 
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inclusive policy interventions. The findings contribute to computational economics by establishing the 

ARIMA–LSTM framework as a reliable tool for long-term socioeconomic forecasting, with potential 

applications to other macroeconomic indicators and emerging economies. 
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