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Abstract:  Income and wealth inequality continue to pose deep-rooted structural challenges in India, carrying 

far-reaching consequences for economic stability, inclusive development, and effective policymaking. 

Consequently, accurate forecasting of inequality trends is crucial for evidence-based policy decisions. This 

study evaluates the suitability and comparative predictive performance of nonlinear machine learning and 

time-series techniques for forecasting income and wealth inequality in India. Departing from the constraints 

of traditional linear econometric models, the analysis employs Random Forest (RF), Autoregressive 

Integrated Moving Average (ARIMA), Support Vector Regression (SVR), Extreme Gradient Boosting 

(XGBoost), and Long Short-Term Memory (LSTM) models to better capture the nonlinear relationships and 

temporal dynamics that characterize inequality processes. 

Drawing on historical inequality measures obtained from nationally representative secondary datasets, the 

forecasting models are developed and tested within a common analytical framework. Model performance i s 

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

(RMSE). The empirical evidence demonstrates that machine learning–driven approaches most notably 

XGBoost and LSTM outperform conventional ARIMA and other benchmark models in predictive accuracy. 

This advantage stems from their enhanced capacity to capture nonlinear dynamics and long-range temporal 

dependencies. The results highlight the growing importance of advanced machine learning methods as reliable 

and complementary instruments for forecasting inequality in emerging economies. Overall, the study makes 

a methodological contribution to the inequality forecasting literature and provides actionable insights for 

policymakers aiming to adopt data-driven strategies to track and mitigate income and wealth inequality in 

India. 

 

Index Terms - Income Inequality; Wealth Inequality; India; Forecasting; Machine Learning; Time-Series 

Analysis; Random Forest; ARIMA; Support Vector Regression; XGBoost; LSTM. 

I. INTRODUCTION 

Income and wealth inequality have emerged as central issues in modern economic debates, particularly 

within emerging economies such as India. Although the country has experienced sustained economic growth 

over recent decades, gaps in income distribution and asset ownership have continued to widen. This growing 

disparity has intensified concerns regarding social cohesion, intergenerational mobility, and the long-term 

sustainability of development outcomes (Atkinson, [10] Piketty, [8]). In the Indian context, persistent 
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inequality has been driven by structural factors such as segmented labor markets, unequal educational 

opportunities, regional disparities, and uneven returns on capital, with certain periods witnessing a pronounced 

expansion of these gaps (Banerjee & Piketty, [5]; Chancel & Piketty, [18]). Consequently, analyzing and 

forecasting trends in income and wealth inequality are essential for informed policy formulation and effective 

evaluation. 

Conventional empirical studies of inequality in India have predominantly relied on descriptive measures 

and linear, stationarity-based econometric frameworks (Deaton & Dreze, [3]; Datt & Ravallion,[7]). Although 

these approaches have yielded important insights, their capacity to forecast inequality trends is limited when 

confronted with nonlinear dynamics, structural breaks, and complex interdependencies among macroeconomic 

and institutional factors. Inequality is inherently a dynamic phenomenon, shaped over time by globalization, 

technological change, fiscal policy interventions, and demographic transitions, rendering strictly linear 

modeling approaches increasingly inadequate (Milanovic,[13]). 

In recent years, machine learning (ML) approaches have gained prominence in economic forecasting due to 

their flexibility, data-driven nature, and ability to capture nonlinear relationships without imposing restrictive 

parametric assumptions (Varian, [9]; Athey & Imbens,[17]). Techniques such as Random Forest (RF) and 

Support Vector Regression (SVR) can model complex functional relationships, while ensemble methods like 

Extreme Gradient Boosting (XGBoost) enhance predictive performance through the iterative correction of 

forecasting errors. Simultaneously, advances in deep learning—particularly Long Short-Term Memory 

(LSTM) networks—have demonstrated substantial success in time-series forecasting by effectively learning 

long-range dependencies and underlying temporal dynamics (Hochreiter & Schmidhuber, [2]; Zhang et al., 

[16]). 

Despite the growing application of machine learning techniques in finance, macroeconomic analysis, and 

social data analytics, their use in forecasting income and wealth inequality in India remains relatively limited. 

Much of the existing literature focuses on cross-national inequality comparisons or static predictive analyses, 

with only a small number of studies adopting a structured, comparative forecasting framework within a single 

developing-country context. Moreover, inequality forecasting continues to rely heavily on traditional time-

series models such as the Autoregressive Integrated Moving Average (ARIMA), despite their well-documented 

limitations in capturing nonlinear dynamics and structural regime shifts. 

To address these gaps, the present study proposes an integrated forecasting framework for income and 

wealth inequality in India that combines classical econometric techniques with advanced nonlinear machine 

learning models. The analysis systematically evaluates and compares the forecasting performance of ARIMA, 

Random Forest, Support Vector Regression, XGBoost, and Long Short-Term Memory (LSTM) networks using 

historical inequality indicators derived from nationally representative secondary data sources. Forecast 

accuracy is assessed using standard error-based evaluation metrics—Mean Absolute Error (MAE), Mean 

Squared Error (MSE), and Root Mean Squared Error (RMSE)—to ensure methodological rigor and 

comparability across models. 

By integrating machine learning methods with inequality analysis, this research contributes to the literature 

in three important ways. First, it advances methodological research on inequality forecasting by applying 

nonlinear and deep learning models within the Indian context. Second, it provides comparative empirical 

evidence on the relative performance of alternative forecasting techniques under a unified evaluation 

framework. Third, it offers policy-relevant insights by demonstrating how advanced predictive models can 

facilitate early detection, continuous monitoring, and informed intervention to address income and wealth 

disparities in a rapidly evolving economy. Overall, the findings aim to support policymakers, researchers, and 

development practitioners in adopting evidence-based, data-driven strategies to reduce inequality in India. 
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II Literature Review 

Income and wealth inequality has emerged as one of the most persistent socioeconomic challenges globally 

and in India. A substantial body of literature documents a sharp rise in inequality since the late twentieth 

century, driven by globalization, technological change, and institutional transformations (Piketty, [8]; 

Milanovic, [13]). Evidence from the World Inequality Lab shows that India exhibits one of the highest levels 

of income concentration among major economies, with the top 10% capturing nearly 58% of national income 

by the mid-2020s, while the bottom 50% receives a disproportionately small share (World Inequality Lab, 

2025). These trends contradict the classical Kuznets [1], hypothesis, suggesting that economic growth alone 

does not guarantee declining inequality. 

Long-run reconstructions of income distribution in India reveal a pronounced U-shaped trajectory. 

Inequality declined in the decades following Independence due to redistributive policies, progressive taxation, 

and public-sector expansion, but began rising sharply after economic liberalization in the 1990s (Chancel & 

Piketty, [18]). Recent gains among lower-income groups during the post-pandemic period appear temporary 

and policy-induced, underscoring the structural nature of inequality persistence (World Inequality Lab, 2026). 

Beyond aggregate measures, the literature highlights deep intersectional inequalities across gender, caste, 

and region. Women’s labor-income share in India remains among the lowest globally, while caste-based 

stratification continues to limit economic mobility despite affirmative action policies (Kabeer, [12]; 

Deshpande,[19]). Spatial disparities between rural and urban areas further reinforce unequal access to 

education, formal employment, and capital, indicating that inequality dynamics are multidimensional and 

nonlinear. 

Several structural drivers underpin rising inequality in India. Skill-biased technological change has widened 

wage differentials, benefiting highly educated and urban workers (Autor et al., [6]; Goldar & Aggarwal, [20]). 

Increased market concentration, weak labor institutions, and limited fiscal redistribution—reflected in India’s 

relatively low tax-to-GDP ratio—have further amplified income and wealth concentration (Atkinson, [10]; 

Piketty & Saez,[8]). 

Traditional econometric approaches, including time-series and panel models, have provided valuable 

insights into inequality dynamics but are constrained by assumptions of linearity and structural stability 

(Banerjee & Duflo, [4]; Ravallion, M.[14]). These limitations are particularly salient in forecasting contexts 

characterized by structural breaks, policy shocks, and heavy-tailed income distributions. Consequently, recent 

research increasingly advocates the use of machine learning (ML) techniques, which are better suited to 

capturing nonlinear relationships and complex interactions in economic data (Mullainathan & Spiess,[15] ; 

Varian, [21]). 

Machine learning models such as Random Forests, Gradient Boosting (XGBoost), Support Vector 

Regression, and Long Short-Term Memory networks have demonstrated superior predictive performance in 

macroeconomic and financial forecasting tasks, especially under conditions of instability and regime change 

(Athey & Imbens, [17]; Biau & Scornet,[11]). However, direct applications of these techniques to forecasting 

income and wealth inequality—particularly for India—remain limited, with most studies focusing on historical 

analysis rather than forward-looking projections. 

Overall, the literature reveals a clear research gap: the absence of systematic, comparative forecasting studies 

that apply nonlinear machine learning models to India’s income inequality dynamics. Addressing this gap 

requires integrating long-run distributional data with advanced predictive techniques and robust evaluation 

metrics. By doing so, future research can contribute both to the methodological literature on inequality 

forecasting and to evidence-based policy debates on inclusive growth in emerging economies. 

 

III Data and Cross Country Inequality Context  

This study draws on a combination of long-run historical series and contemporary distributional data compiled 

by the World Inequality Lab2026 [29], supplemented by national-accounts-consistent estimates reported in 

successive World Inequality Reports (2025). 
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3.1 Data Sources, Construction, and Coverage: The analysis examines how income and wealth are 

distributed among the top 1 percent, top 10 percent, and bottom 50 percent of the population, measured as 

shares of total national income or wealth. It relies on harmonized methods combining tax data, national 

accounts, household surveys, and wealth capitalization to ensure consistency across countries and over time. 

For India, the dataset covers the early 1920s to 2025, with projections to 2030 using machine-learning models, 

capturing key phases from colonial inequality to post-liberalization concentration and recent post-pandemic 

shifts. Cross-country comparisons with economies such as South Africa, Brazil, the United States, China, and 

France provide a global context for assessing India’s inequality trends. 

 

3.2 Distributional Structure across Global Regions: Income distribution varies sharply by region: Western 

Europe shows a strong middle-income base, while countries like South Africa and India have a compressed 

middle and a highly concentrated top. In India, the weak middle 40 percent and continued disadvantage of the 

bottom half highlight deep structural inequality with significant implications for growth, consumption, and 

savings. 

 
 

3.3 India in the Global Income Inequality Landscape: India is among the world’s most unequal large 

economies, with the top 10% earning about 58% of national income while the bottom half receives just 15%. 

Inequality levels are comparable to Brazil and nearing South Africa, and significantly higher than in China, 

France, and the US. The data spans the 1920s to 2025, covering colonial, post-Independence, and post-

liberalization phases, with machine-learning–based projections to 2030. Recent estimates account for post-

pandemic changes and harmonized national accounts, allowing reliable cross-country comparisons. 
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3.4 Income versus Wealth Inequality in India (1990–2025):Figure 6 highlights that income and wealth 

inequality in India follow nonlinear, regime-dependent patterns. Income inequality declined after Independence 

but has risen sharply since liberalization, reaching or surpassing colonial-era levels by the 2010s. Wealth 

inequality remains higher and more persistent than income inequality, accelerating after 1990 due to asset 

concentration at the top. Since liberalization, the top 1% and 10% have steadily increased their income and 

wealth shares, while the bottom 50% especially in wealth has seen sustained losses. Overall, the trends indicate 

growing polarization and entrenched wealth concentration, underscoring the limits of linear models and the 

need for nonlinear, machine-learning-based forecasting approaches. 

 
3.5 Income and Wealth inequality Distributional in India (2021–2025): Figure 3 shows that income and 

wealth inequality in India intensified between 2021 and 2025. The income shares of the top 10 percent and top 

1 percent increased steadily, indicating that post-pandemic income gains were concentrated among the richest 

groups. In contrast, the bottom 50 percent experienced only a modest rise in income share, suggesting limited 

redistribution. 

Wealth inequality remains even more pronounced. The wealth shares of both the top 10 percent and top 1 

percent rose further over the period, reinforcing persistent asset concentration at the top. Overall, the figure 

highlights that recent improvements for the lower half of the population have been marginal, while income and 

wealth gains have been heavily skewed toward the top, underscoring the structural nature of inequality in India 

and motivating the use of advanced forecasting approaches. 
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IV Methodology and Models   

Five regression models, are evaluated for pattern recognition. Prior studies by Singh, D. 

P.[22,23,24,25,26,27,28] highlight their importance in numerical prediction, statistical analysis, and decision-

making by integrating statistical and machine learning techniques. 

4.1. Random Forest (RF):Random Forest is an ensemble learning method that combines many decision trees 

to improve prediction accuracy and reduce overfitting. 

Mathematical Model-Let: Training data: 𝐷 = {(𝑥1, 𝑦1), (𝑥2, 𝑦2), (𝑥3, 𝑦3), ………(𝑥𝑛, 𝑦𝑛)} 

Random Forest builds T decision trees using:  

Bootstrap sampling (random samples with replacement) 

Random feature selection at each split 

Each tree produces a prediction: 𝑦̂(𝑡)(𝑥), 𝑡 = 1,2,3…… . 𝑇 

Final Prediction 

Regression: 𝑦̂(𝑥) =
1

𝑇
∑ 𝑦̂(𝑡)(𝑥)𝑇
𝑡=1  

4.2. ARIMA (Autoregressive Integrated Moving Average): ARIMA is a time-series forecasting model that 

explains future values using: Past values, Past errors, Differencing for stationarity. 

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

order. 

AR(p) 𝑦𝑡 = 𝑐 + ∑ ∅𝑖𝑦𝑡−𝑖 + 𝜀
𝑝
𝑖=1 𝑡

 

MA(q) 𝑦𝑡 = 𝑐 + ∑ 𝜃𝑖𝜀𝑡−𝑖 + 𝜀
𝑞
𝑖=1 𝑡

 

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

∆𝑑𝑦𝑡−𝑖 + ∑ 𝜃𝑖𝜀𝑡−𝑖 + 𝜀
𝑞
𝑖=1 𝑡

 

4.3. Support Vector Regression (SVR):SVR finds a function that fits data within an ε-tube, while keeping the 

model as flat as possible. 

Mathematical Model- Function:𝑓(𝑥) = 𝜔𝑇𝑥 + 𝑏 

Objective:min
𝜔,𝑏

1

2
‖𝜔‖2 + 𝐶 ∑ (𝜉𝑖 + 𝜉𝑖

∗)𝑛
𝑖=1  

Subject to: 𝑦𝑖 − (𝜔𝑇𝑥𝑖 + 𝑏) ≤ 𝜀 + 𝜉𝑖 

                    (𝜔𝑇𝑥𝑖 + 𝑏) − 𝑦𝑖 ≤ 𝜀 + 𝜉𝑖
∗ 

                     𝜉𝑖, 𝜉𝑖
∗ ≥ 0 

Where: = error tolerance, = penalty parameter. 

Kernel Trick: 𝑓(𝑥) = ∑ 𝛼𝑖
𝑛
𝑖=1 𝐾(𝑥𝑖, 𝑥) + 𝑏 

Allows non-linear regression. 

4.4. XGBoost (Extreme Gradient Boosting): XGBoost builds models sequentially, where each new tree 

corrects previous errors using gradient descent. 

Mathematical Model-Prediction:𝑦̂𝑖 = ∑ 𝑓𝑘(𝑥𝑖)
𝐾
𝑘=1  , where  𝑓𝑘 ∈decision trees. 

Objective Function: ℒ = ∑ 𝑙(𝑦𝑖 , 𝑦̂𝑖) + ∑ Ω(𝑓𝑘)
𝐾
𝑘=1

𝑛
𝑖=1  

Regularization term:Ω(𝑓) = ΥΤ +
1

2
𝜆‖𝜔‖2. 
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4.5. LSTM (Long Short-Term Memory):LSTM is a recurrent neural network designed to handle long-term 

dependencies in sequence data. 

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:  𝑐𝑡̆ = 𝑡𝑎𝑛ℎ(𝑊𝑐[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐) 

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

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

Hidden State: ℎ𝑡 = 𝑜𝑡 ⊙ tanh⁡(𝑐𝑡). 

V Model Evaluation and Performance Metrics 

Singh, D. P.[28] highlighted the benefits of Mean Absolute Error (MAE) compared to Root Mean Square 

Error (RMSE) for assessing the overall performance of models. To assess model accuracy, we use the 

following metrics: 

5.1Mean 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)
2is 

Squared error for each observation 

5.2Mean Absolute Error: The Mean Absolute Error (MAE) is a widely used metric for assessing the 

performance of regression models. It quantifies the average size of the errors between predicted and actual 

values, ignoring whether the errors are positive or negative. The mathematical model for MAE is given by: 

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑦𝑖 −⁡𝑦̂𝑖|
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 −⁡ 𝑦̂𝑖| signifies the absolute error for each 

observation. 

5.3 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. 

5.4 Root Mean Squared Error (RMSE) 𝑅𝑀𝑆𝐸⁡ = √𝑀𝑆𝐸 

VI Results and Discussion 

This section reports and interprets the empirical findings from forecasting income and wealth inequality in 

India using five competing models ARIMA, Random Forest, Support Vector Regression (SVR), XGBoost, 

and Long Short-Term Memory (LSTM). Model performance is evaluated using Mean Squared Error (MSE), 

Root Mean Squared Error (RMSE), and Mean Absolute Error (MAE), with lower values indicating superior 

forecasting accuracy.  

6.1 Model Performance in Forecasting Income Inequality: The forecasting results reveal substantial 

variation in model performance across income inequality measures, reflecting the heterogeneous dynamics of 

income distribution segments. 

6.1.1 Income Share of the Top 1 Percent: For the income share of the top 1 percent, the LSTM model 

consistently outperforms all competing approaches, achieving the lowest RMSE (0.0165) and MAE (0.0107). 

This superior performance indicates that income concentration at the extreme upper tail follows strongly 

nonlinear and path-dependent dynamics, which are more effectively captured by deep learning architectures 

than by traditional econometric or kernel-based models. The relatively weak performance of ARIMA and 

SVR underscores their limited capacity to model such complex temporal dependencies.  
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6.1.2 Income Share of the Top 10 Percent: For the income share of the top 10 percent, XGBoost delivers the 

highest forecasting accuracy, with an RMSE of 0.0917. The comparatively poorer performance of LSTM 

(RMSE = 0.2025) suggests that deep neural networks may be less effective when the underlying series exhibits 

moderate volatility and limited nonlinear structure. This finding highlights the advantage of tree-based 

ensemble methods in balancing flexibility with generalizability. 
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6.1.3 Income Share of the Bottom 50 Percent:For the income share of the bottom 50 percent, XGBoost again 

emerges as the best-performing model (RMSE = 0.0527). This result reflects the model’s ability to capture 

subtle nonlinearities while remaining robust to noise and structural stability at the lower end of the income 

distribution. 

 

 

Taken together, these results indicate that nonlinear machine learning models dominate income inequality 

forecasting, with LSTM being most effective for highly concentrated income segments and XGBoost 

performing best for broader population groups. 

6.2 Model Performance in Forecasting Wealth Inequality: Wealth inequality exhibits markedly different 

statistical properties from income inequality, leading to a distinct pattern of model performance.  

6.2.1 Wealth Share of the Top 1 Percent:For the wealth share of the top 1 percent, ARIMA outperforms all 

machine learning models, achieving the lowest RMSE (0.0240). This finding suggests that wealth 

concentration at the very top evolves through relatively stable and linear autoregressive processes, where 

traditional time-series models retain a strong comparative advantage. 
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6.2.2 Wealth Share of the Top 10 Percent: For the wealth share of the top 10 percent, however, LSTM 

provides the most accurate forecasts (RMSE = 0.0404). This result indicates the presence of nonlinear 

accumulation effects and long-memory dynamics in upper-wealth trajectories that are better captured by 

recurrent neural networks. 
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6.2.3 Wealth Share of the Bottom 50 Percent: In the case of the wealth share of the bottom 50 percent, 

ARIMA again delivers the best performance (RMSE = 0.0410), implying that wealth changes among lower-

wealth households are slow-moving, persistent, and dominated by autoregressive behavior. 

 

 

 

Overall, the wealth inequality results highlight a greater degree of structural rigidity and persistence, reducing 

the relative gains from complex nonlinear models in several cases. 

6.3 Overall Model Comparison and Robustness: To assess overall robustness, Table 7(a) reports average 

forecasting performance across all income and wealth indicators. Based on mean RMSE, MAE, and MSE, 

XGBoost emerges as the best overall-performing model, with the lowest average RMSE (0.0606). Random 

Forest and ARIMA follow closely, while SVR and LSTM exhibit weaker average performance due to 

inconsistent accuracy across indicators. 

These findings imply that, although no single model dominates every inequality measure, XGBoost provides 

the most reliable and stable forecasting performance across heterogeneous distributional outcomes, making it 

particularly suitable for applied inequality forecasting. 
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6.4 Forecasted Income and Wealth Inequality Trends: The projections for 2025–2030 show rising income 

concentration at the very top, with the top 1 percent increasing its income share significantly, while changes 

elsewhere are modest. The top 10 percent sees a slight decline, reflecting redistribution within the elite rather 

than toward lower-income groups, and the bottom 50 percent gains only marginally. Overall, income inequality 

becomes more polarized. 

Wealth inequality remains even more rigid. The top 1 percent’s wealth share is essentially unchanged, the top 

10 percent declines slightly, and the bottom 50 percent sees a relative increase. However, because the bottom 

half still holds very little wealth in absolute terms, overall wealth inequality remains largely unchanged, 

highlighting its strong structural persistence. 

 

6.5 Discussion and Policy Implications: From a methodological perspective, the results demonstrate that 

model suitability depends critically on the underlying distributional dynamics. Nonlinear machine learning 

models significantly improve forecasting accuracy for income inequality, while traditional econometric 

approaches remain highly effective for stable wealth series. Among all models, XGBoost offers the best 

balance between flexibility, robustness, and generalizability. 

From an economic perspective, the forecasts raise important concerns. Income inequality in India is projected 

to worsen at the extreme upper tail, while wealth inequality remains deeply entrenched, with only marginal 

improvements for the bottom half of the population. These findings underscore the need for targeted 

redistributive policies and long-term wealth-building strategies, particularly for lower-income and lower-

wealth households. 

VII Conclusion 

This study demonstrates the value of integrating nonlinear machine learning techniques with traditional 

econometric models for forecasting income and wealth inequality. While no single model dominates across all 

indicators, XGBoost emerges as the most reliable overall forecasting tool, with LSTM and ARIMA serving as 

complementary models for specific segments of the distribution. The projected trends point to persistent and 

in some cases worsening inequality in India, highlighting the urgency of evidence-based policy interventions 

aimed at addressing deep-rooted income and wealth disparities. 
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