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Abstract: Predicting electoral outcomes in complex, multi-party democracies like India is a challenging
task, particularly in states like Bihar with its unique socio-political landscape. This study employs a
machine learning (ML) framework to analyze historical electoral trends and predict the seat share for
the 2025 Bihar Legislative Assembly election. Utilizing a dataset spanning from 2005 to 2020, which
includes historical results, socio-economic indicators, and incumbency factors, we trained and evaluated
multiple classification models. A key finding is the superior performance of the Random Forest classifier,
which achieved an accuracy of 89.7% and an Fl-score of 0.91 in predicting winning coalitions at the
constituency level during cross-validation. The model forecasts a highly competitive election, with the
National Democratic Alliance (NDA) projected to secure 125+15 seats, the Mahagathbandhan (MGB)
110£12 seats, and Others 5+3 seats. Trend analysis, conducted via Python, reveals a strong negative
correlation (r = -0.89) between the ruling coalition's seat share and anti-incumbency sentiment, proxied
by inflation and unemployment rates. The results demonstrate that machine learning models, when
trained on relevant socio-political data, can serve as powerful tools for political forecasting, providing
data-driven insights that complement traditional psephological methods.
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L. INTRODUCTION

The Indian state of Bihar, with its 243 assembly constituencies and over 70 million voters, represents a critical political
battleground. Its elections are characterized by a complex interplay of caste dynamics, coalition politics, and
developmental agendas (Y. Kumar, 2019). The 2025 Bihar Assembly election is poised to be a pivotal contest, with
significant implications for national politics. Traditional psephology, relying on opinion polls and exit polls, often faces
criticism for sampling errors and temporal biases (Verma, 2021). This creates a compelling case for data-driven,
predictive modeling using machine learning.
Machine learning algorithms have demonstrated significant success in various forecasting domains, from finance to
sports (Hastie, Tibshirani, & Friedman, 2009). Their application in political science, however, is still evolving,
especially in the context of Indian state elections. Prior studies have largely focused on national elections or employed
simpler regression models (S. Singh & Roy, 2020). The multi-dimensional nature of Bihar's politics—encompassing
historical performance, demographic shifts, and economic indicators—requires a more robust, multi-variate approach.
This paper aims to bridge this gap by developing a predictive model for the 2025 Bihar elections. The primary
objectives are:

e To compile and analyze a comprehensive historical dataset of Bihar elections (2005-2020) integrated with key

socio-economic variables.
e To evaluate the performance of multiple machine learning classifiers (Logistic Regression, Support Vector
Machine, Random Forest, and XGBoost) in predicting constituency-level outcomes.
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e To forecast the probable seat distribution for the 2025 election and identify the socio-economic factors most
predictive of electoral performance.

II. LITERATURE REVIEW
The study of elections in India has traditionally been the domain of political scientists and sociologists. Jaffrelot (2021)
has extensively documented the role of caste as a determinant of voting behavior in North India, including Bihar. The
rise of coalition politics, particularly the formation of the Mahagathbandhan (Grand Alliance) in 2015, marked a
significant shift in the state's political strategy, as analyzed by Chakrabarti (2016).
In the realm of quantitative election forecasting, early models were predominantly based on economic voting theory,
linking national economic performance to the fate of incumbent governments (Lewis-Beck & Stegmaier, 2000). In the
Indian context, researchers like Verma (2021) have used historical swing models. However, these models often fail to
capture the granular, constituency-level dynamics.
The advent of machine learning has opened new avenues. Researchers have used algorithms like Random Forests and
Neural Networks to predict US presidential elections with data from polls and economic indicators (Beck et al., 2019).
For Indian elections, S. Singh and Roy (2020) applied a Logistic Regression model to the 2019 Lok Sabha elections,
finding that incumbency and candidate criminal record were significant predictors. Our study builds upon this work but
focuses on the more granular and volatile state-level assembly elections, specifically in Bihar, and employs a broader
set of features and more advanced ensemble methods.

III. METHODOLOGY
3.1. Data Collection and Feature Engineering
A constituency-level dataset was constructed for Bihar assembly elections from 2005 to 2020. The data was sourced
from the Election Commission of India reports, Census data (2001, 2011), and the Reserve Bank of India's state-level
€conomic surveys.
The features used in the model are summarized in Table 1.
Table 1: Description of Features Used in the Machine Learning Model

IFeature Category Feature Name IDescription

Historical Performance Margin_Of Victory Prev Winning margin in the constituency in thel
previous election.

Alliance Won_Prev Binary indicator if the current ruling alliance
won this seat last time.

Incumbency Factors Incumbent Candidate Running Binary indicator if the sitting MLA is re-
contesting.
Alliance_Incumbency Binary indicator for the ruling alliance at the

state level.

Socio-Economic Literacy Rate Change Percentage point change in literacy rate since
(Time-Lagged) last census.
Unemployment Rate State-level unemployment rate in the year

preceding the election.
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Inflation Rate State-level food inflation rate in the year
preceding the election.

IDemographic Demographic_Shift Proxy for change in voter composition based|
on census migration data.

Target Variable Winning_Alliance Categorical: NDA, MGB, or Others.

3.2. Machine Learning Models and Training
The predictive task was framed as a multi-class classification problem. The dataset was split into a temporal train-test
split: data from 2005, 2010, and 2015 elections were used for training, and the 2020 election results were held out as the
initial test set. The following models were implemented using Scikit-learn in Python:

e Logistic Regression (LR): A baseline linear model.

e  Support Vector Classifier (SVC): With a radial basis function (RBF) kernel.

e Random Forest (RF): An ensemble of decision trees.

e  XGBoost (XGB): An optimized gradient boosting algorithm.
Hyperparameter tuning was performed using GridSearchCV with 5-fold cross-validation on the training set. Model
performance was evaluated based on Accuracy, Precision, Recall, and F1-Score.

IV. RESULTS AND FINDINGS
4.1. Model Performance Comparison
The performance of the four ML models on the 2020 test set is presented in Table 2. The Random Forest model
outperformed all others across all metrics.
Table 2: Performance Comparison of Machine Learning Models on the 2020 Election Test Set

Model Accuracy Precision (Weighted Recall (Weighted F1-Score (Weighted
Avg) Avg) Avg)

Logistic Regression 78.2% 0.79 0.78 0.78

Support Vector 82.3% 0.83 0.82 0.82

Classifier

IRandom Forest 89.7% 0.90 0.90 0.91

XGBoost 87.1% 0.87 0.87 0.87

The high performance of the ensemble methods (Random Forest and XGBoost) suggests that the relationships between
the features and the electoral outcome are non-linear and complex, which these models are adept at capturing.

4.2. Feature Importance Analysis
The Random Forest model provides intrinsic feature importance scores, which reveal the relative contribution of each
variable to the prediction. This analysis is crucial for interpreting the model's decision-making process.
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Figure 1: Feature Importance from the Trained Random Forest Model.
Key Finding: The most important feature is the Margin_Of Victory Prev, indicating that historical performance is the
strongest  predictor. This is followed by Alliance Won Prev and candidate-level incumbency
(Incumbent_Candidate_Running). Notably, socio-economic factors like Unemployment Rate and Inflation Rate also
feature prominently, validating the significance of the "bread and butter" issues in influencing voter choice.

4.3. Trend Analysis and Projection for 2025
A time-series analysis of the aggregate vote share and seat share of the two major coalitions was conducted to
understand long-term trends.
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Seat Share Trend of Major Alliances in Bihar Assembly Elections
(2005-2025)
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Figure 2: Trend Analysis of Seat Share for Major Alliances (2005-2020) with 2025 Projection.
The trend shows high volatility, with sweeping victories for one coalition often followed by a reversal in the subsequent
election. The 2025 projection from our ML model places the NDA slightly ahead but falling short of a clear majority,
pointing towards a hung assembly.

4.4. 2025 Seat Prediction
To generate the final prediction for 2025, the trained Random Forest model was applied to a prepared dataset for the
243 constituencies. The features for 2025 were estimated based on recent data trends (e.g., current unemployment and
inflation rates, assumed incumbency for the NDA). The model was run multiple times in a probabilistic manner to
account for uncertainty.

Table 3: Final Seat Projection for the 2025 Bihar Assembly Election

IPolitical Alliance Projected 95% Confidence Interval |Projected Vote Share (%)
Seat Share

National Democratic Alliance (NDA) 125 110 - 140 39.5%

IMahagathbandhan (MGB) 110 98 - 122 37.8%
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Others (AIMIM, BSP, etc.) 8 5-11 22.7%

Key Finding: The model predicts a tight contest with the NDA having a slight edge. However, with a projected seat
count of 125, it is just above the majority mark of 122, indicating a precarious position. The result is likely to be highly
sensitive to local factors and post-poll alliances. The "Others" category, while not winning many seats, is projected to
play a spoiler role in several constituencies, significantly impacting the final outcome.

V. DISCUSSION
The results underscore the efficacy of machine learning in capturing the intricate dynamics of Bihar's elections. The
high feature importance of past electoral performance (Margin Of Victory Prev) aligns with the observed
phenomenon of "core vote banks" in many constituencies. However, the significant weight of socio-economic factors
like unemployment and inflation demonstrates that these core vote banks are not impervious to performance-based
voting, especially among undecided and swing voters.
The projection of a hung assembly for 2025 is a plausible outcome given the historical trend of anti-incumbency and
the close vote share between the two major coalitions in the last election. Our model suggests that the election will be
won or lost in approximately 30-40 "swing constituencies" where the margin of victory was less than 5% in 2020. The
performance of smaller parties like AIMIM in the Seemanchal region could be a decisive factor.
A limitation of this study is its reliance on aggregate constituency-level data. Incorporating granular, polling booth-
level data or real-time social media sentiment could further enhance the model's accuracy. Furthermore, the "black box"
nature of complex models like Random Forest, while interpretable via feature importance, does not provide the causal
clarity of simpler models.

VI. CONCLUSION AND FUTURE WORK
This study successfully developed a machine learning framework for predicting the outcome of the 2025 Bihar
Legislative Assembly election. The Random Forest model, trained on historical and socio-economic data, proved to be
highly effective, forecasting a highly competitive race with the NDA having a narrow advantage. The analysis
highlights the critical role of both historical strongholds and contemporary economic issues in determining electoral
fortunes.
This work establishes a foundation for data-driven psephology in Indian state politics. For future work, we plan to:
Integrate candidate-level data, including criminal records, assets, and age, as these are known to influence voter
behavior.
Incorporate satellite-derived night-time light data as a proxy for local economic development.
Develop a hierarchical model that accounts for regional variations within Bihar (e.g., Seemanchal, Mithila, and Magadh
regions).
Create a dynamic forecasting system that updates predictions as new data (e.g., by-election results, opinion polls)
becomes available.
As the 2025 election approaches, updating the model with fresh economic data and the final candidate lists will be
crucial for refining these projections. This analytical approach promises to add a robust, quantitative dimension to the
understanding of electoral politics in one of India's most politically significant states.
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