An AI-Based Policy Impact Analyzer for Predicting Socio-Economic Outcomes
Devesh	Sunidhi Gupta
Dept of Computer Science and Engineering	Dept of Computer Science and Engineering
Chandigarh University	Chandigarh University
Mohali, Punjab - 140413		Mohali, Punjab - 140413 deveshjhajharia714@gmail.com	sunidhi.x.gupta@gmail.com

Ankita Sharma	Deepanshu Negi
Dept of Computer Science and Engineering	Dept of Computer Science and Engineering
Chandigarh University	Chandigarh University
Mohali, Punjab - 140413		Mohali, Punjab - 140413 ankita.as599@gmail.com	deepanshunegi029@gmail.com


Abstract—Effective governance demands policy impact assess- ment, but conventional evaluation methods are often limited in their evaluative power in terms of subjectivity and predictive power. In order to predict the socioeconomic impacts of public policies, this paper proposes an AI-Based Policy Impact Analyzer using a combination of theoretical modeling and useful machine learning techniques. The theoretical framework involves predict- ing the policy impact as a supervised learning problem and the key socioeconomic indicators. Several machine learning models are trained with historical datasets of policies and socioeconomic variables like regression based models and ensemble based models in the real world application. When compared with traditional analytical techniques, experimental results obtained from open-source data have enhanced prediction accuracy and scalability. The proposed approach provides policymakers with access to a data-driven decision support system, making them able to create more intelligent, open and effective policies. Future research will focus on in-time evaluation of policies and on adding explainable AI for increased interpretability.
Index Terms—Predictive analytics, Artificial Intelligence, ma- chine learning, policy impact analysis, socioeconomic outcomes

I. INTRODUCTION
In areas such as healthcare, education, employment, and public welfare, public policies play an important role in deter- mining socioeconomic development. Therefore, measuring the potential impacts of proposed policies is very important to sus- tainable development and effective government. Policymakers are able to predict outcomes, allocate resources effectively, and minimize unintended consequences before implementing the policy with the help of accurate policy impact analysis.
The key elements of traditional methods of evaluating policy are expert opinion, econometrics based on past trends, and qualitative assessments. Although these methods can provide insightful information, they often have drawbacks, however, because of subjectivity, presumptuousness, and a lack of flex- ibility in dealing with intricate and changing socioeconomic contexts. Furthermore, traditional methods often focus on ex

post studies, which do not offer much predictive value in the policy-making stage.
Large-scale socioeconomic data has been more available over the past few years, leading to fresh opportunities for data- driven policy research. When it comes to handling data that has more than two dimensions, detecting non-linear relationships and generating accurate predictive insights, techniques from artificial intelligence and machine learning have held great promise. In order to enable proactive evaluation of policies and evidence-based decision making, machine learning models can analyze the past results of policies together with socioe- conomic data.
While there are several studies that have examined the computational methods in governance, most existing research focuses on domain-specific evaluation or descriptive analysis. Many approaches do not have robust predictive mechanisms that can estimate future policy impacts, automation, and scalability in many policy areas. The actual implementation of intelligent policy evaluation systems for actual decision- making processes is hindered by these shortcomings.
In order to overcome these constraints, an AI-Based Policy Impact Analyzer is suggested in this research, which integrates the theoretical modeling with the real-world application of ma- chine learning. The suggested methodology relies on publicly available statistics and analyzes the various predictive models, identifies important socioeconomic indicators affecting policy efficacy, and formulates the problem of policy impact assess- ment as a supervised learning problem. The main contributions of this work are the following:
· a systematic theoretical model of the impact of policy,
· a predictive model that is powered by AI and adds to the scalability and accuracy, and
· a decision-support tool that assists decision-makers in making data-driven policies.

TABLE I
OVERVIEW OF EXISTING WORKS ON AI-BASED POLICY IMPACT ANALYSIS

	S.No
	Author(s)
	Title
	Type
	Year
	Techniques Explored / Employed
	Contributions

	1
	Angrist & Pischke
	Mostly Harmless Econo- metrics
	Book
	2017
	Econometric	Regression Models
	Provided strong causal inference framework for policy evaluation.

	2
	Wooldridge
	Introductory Econometrics
	Book
	2019
	Statistical Modeling
	Developed theoretical foundations for public policy analysis.

	3
	Varian
	Big Data for Econometrics
	Journal
	2020
	ML-integrated Econometrics
	Improved forecasting accuracy us- ing big data analytics.

	4
	Mullainathan	& Spiess
	Machine Learning for Eco- nomics
	Journal
	2017
	Supervised ML Models
	Introduced ML to capture non- linear policy effects.

	5
	Athey
	ML Impact on Economics
	Journal
	2018
	Hybrid ML-Econometrics
	Combined theory with data-driven models.

	6
	Janssen et al.
	Policy	Analytics Framework
	Journal
	2020
	Rule-Based Systems
	Proposed transparent policy evalu- ation models.

	7
	Shrestha et al.
	Decision Trees for Welfare Policy
	Journal
	2019
	Decision Tree Classifiers
	Classified welfare policy outcomes effectively.

	8
	Breiman
	Random Forests
	Journal
	2001
	Ensemble Learning
	Improved	prediction	accuracy across domains.

	9
	Chen et al.
	ML for Policy Prediction
	Journal
	2021
	Supervised Learning
	Identified key socio-economic indi- cators.

	10
	Devlin et al.
	BERT Model
	Conference
	2019
	Transformer Models
	Improved policy text understand- ing.

	11
	Li et al.
	NLP for Public Policy
	Journal
	2022
	NLP-Based ML
	Extracted policy intent from docu- ments.

	12
	Trott et al.
	AI Economist
	Journal
	2021
	Reinforcement Learning
	Optimized economic policies using AI.

	13
	Zhang et al.
	Deep RL for Governance
	Journal
	2020
	Deep Reinforcement Learn- ing
	Adaptive policy modeling system.

	14
	Amarasinghe et al.
	Explainable ML for Policy
	Journal
	2023
	Explainable AI (XAI)
	Improved transparency in policy predictions.

	15
	Proposed Work
	AI-Based Policy Impact Analyzer
	Research
	2025
	ML + Predictive Analytics
	Predicts socio-economic outcomes with high accuracy.




II. LITERATURE REVIEW
A. 	Evaluation of Classical Policies and Econometrics Models
Econometric and statistical modeling were the primary tools in the early years of policy impact assessment re- search to establish the effects of government policies on socioeconomic indicators. Wooldridge [2] and Angrist and Pischke [1] proposed basic econometric setups for analyzing the consequences of public policy employing regression and causal inference methods. Although these approaches provided a good theoretical foundation, they were limited in their ability to simulate complex real-world policy contexts owing to assumptions such as linearity and independence of variables. Varian [3] showed how the big data could improve re- sults of forecasting by mentioning fusion of big data with econometrics. In order to capture non-linear policy effects, Mullainathan and Spiess [4] further used machine learning as an extension to the traditional econometrics methodology. To address better evaluation of policy, Athey [5] proposed hybrid frameworks combining data-driven machine learning
techniques and theory-driven models.
To make governance more understandable and transparent, rule-based policy evaluation tools have been implemented. To assess the effectiveness of policies, Janssen et al. [6]

developed a framework for policy analytics using predeter- mined logical criteria. These systems managed to increase explainability, but they were not flexible enough to adapt to changing socioeconomic conditions, and required a lot of manual rule design. Decision tree models were adopted to analyze welfare policies by Shrestha et al. [7], which improved the classification accuracy with domain-specificity.
B. AI-Based and Data-Driven Methods of Policies Analysis
Researchers have been applying machine learning methods to policy effect prediction more and more with the increase in computer power and availability of data. With the introduction of Random Forests by Breiman [8] the prediction accuracy was increased a lot in high-dimensional policy datasets. Supervised learning algorithms were applied by Chen et al. [9] to identify the key socioeconomic factors influencing the performance of policy.
The analysis of policy documents has been carried out by making extensive use of natural language processing (NLP) techniques. The BERT model, which was introduced by Devlin et al. [10], improved the semantic understanding of legislative and policy writings. NLP-based machine learning model was applied by Li et al. [11] to extract thematic models and policy intent from public publications.

Deep learning and reinforcement learning have been ex- plored by advanced AI techniques in policy optimization. The AI Economist framework was presented by Trott et al. [12], and shows how reinforcement learning could be used to optimize economic policy. Adaptive governance modeling by deep reinforcement learning was applied by Zhang et al. [13]. However, the calculation complexity and the implementation of these models create difficulties.
Explainable AI (XAI) has emerged as one of the key areas of policy analytics research. The importance of accountability

where
· β0 is the bias term.
· βj represents regression coefficients
By quantifying the effects of each socioeconomic charac- teristic on the results of a policy, this model provides for interpretability.
2) The Loss Function: The Mean Squared Error (MSE) loss is used to optimize the performance of the model:
NΣ


and transparency of AI-based policy systems was emphasized
by Amarasinghe et al. [14]. The majority of XAI models are not extensively validated in real-world government settings,

L =  1	(y
N	i
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— yˆi)2	(3)

even though there have been encouraging results.
In general, current research either focuses on theoretical modeling or implementation that is domain-specific [16]. The development of an integrated framework with mathemati- cal modeling, scalable machine learning, interpretability, and multi-domain application still has a huge research need. This

During training, the role of this function is to minimize
prediction error.
3) Random Forest Algorithm (Ensemble Learning): A Ran- dom Forest model is adopted to improve the accuracy of prediction:
K

is the motivation behind the suggested AI-Based Policy Impact Analyzer [15].
III. IMPLEMENTATION METHODOLOGY
A. Overview of the System




where

1
yˆ =
K

Σ fk(X)	(4)
k=1
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The aim of the proposed methodology is to develop an AI-based Policy Impact Analyser for predicting the socioe- conomic impact of public policies using machine learning
· 
fk(X) denotes the prediction from the k
· K is the number of trees
C. Data Collection and Preparation

decision tree

methods. By providing data-based insights before executing policies, the technology is meant to aid policymakers.
The following steps comprise the overall workflow of the proposed system:
· Data gathering
· Pre-processing of data
· Selection of features
· Training models
· Performance assessment
Raw socioeconomic data is guaranteed to be transformed

Datasets that are publicly accessible are collected from:
· Open Data from the World Bank.
· Portals for government policy.
· Databases taken from national censuses. Steps in Pre-processing
· Using mean imputation to deal with missing values.
· Removing duplicates in the records.
· Feature normalization.

into useful predictive knowledge by this organised process
B. Mathematical Formulation

Xnorm

  X − Xmin 
=
Xmax − Xmin

(5)

A supervised learning task is used to design the issue of predicting policy impacts. Let’s depict the dataset as:

This stage represents consistency in scaling of features.
D. Selection of Features



wherei=1


D = {(Xi, yi)}N

(1)

In order to identify the relevant socio-economic indicators, feature selection is performed.

· Xi = [xi1, xi2, . . . , xim] represents socio-economic indi- cators
· yi denotes the policy outcome

r = √

Σ(x − x¯)(y − y¯)
Σ(x − x¯)2 Σ(y − y¯)2


(6)

· N is the total number of samples
1) Model of Linear Regression: Linear regression is the model that is described as follows, and serves as the baseline model.
yˆ = β0 + Σ βjxj	(2)m

j=1

To make the prediction more accurate and reduce the computation cost, highly correlated features are retained after calculating the Pearson correlation coefficient.
E. Models of Machine Learning
A number of machine learning models are trained and compared:

TABLE II
MACHINE LEARNING MODELS USED

G. Performance Evaluation
The trained models are evaluated using:Model
Description
Linear Regression
Baseline interpretable model
Decision Tree
Captures non-linear relationships
Random Forest
High accuracy ensemble model
Support Vector Machine
Robust classifier


TP + TN
Accuracy =
TP + TN + FP + FN
,u  1 ΣN





(7)
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(yi − yˆi)2	(8)



Precision =

TP TP + FP

(9)

These measures are used to determine the power and reliability of trained models.
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Fig. 1. Policy Impact Prediction
IV. 
PROPOSED SYSTEM
A. Novelty of the Proposed System
The ability of the proposed AI-Based Policy Impact Anal- yser to take real machine learning implementation and com- bine it with theoretical modeling of policy in a cohesive frame- work, is what makes it unique. The proposed system empha- sizes pre-implementation prediction so that policy-makers can consider possible outcomes before implementation, rather than the more common post-implementation analysis techniques used for policy evaluation.
The following innovative features are presented by the system:
· Predictive Decision Support: The system is used to forecast future outcomes rather than descriptive analysis by using machine learning models.
· Multi-Model Comparison Framework: To determine the most effective accurate predictor, a number of ma- chine learning models such as SVM, Random Forest,

The whole process of the suggested policy effect prediction system is shown in the fig:1 the dataset is the first step in the process which is followed by the data pre-processing to handle noise and missing information. After that, feature normalization is applied to ensure that the input variables are scaled in the same way. Relevant features are selected after pre-processing, in order to improve the accuracy and efficiency of the model.
To provide for objective evaluation of the model, the dataset is then divided into training and testing subsets. Training data is used for training the machine learning models and testing data is used for generating predictions. Lastly, common measures that are used to measure the performance of the models are.
It can be observed that the application of the proposed method in an organized and methodical pipeline to take unpro- cessed socioeconomic data and translate them into insightful predictions to ensure accurate and reliable forecasting of the policy impact can be expected.

Decision Tree, and Linear Regression are implemented and compared.
· Hybrid Theoretical: Practical Approach: This approach works for adding both the theoretical soundness and practical usability by mixing mathematical modeling with reality datasets.
· Scalable Architecture: System is developed to handle massive socioeconomic datasets from different fields.
· Interpretability Focus: Both features can be used to foster transparency and trust by giving insight into the feature importance in making a prediction.
These features distinguish the suggested system from current methods and make it suitable for practical governance pur- poses.

B. System Architecture Description
There are four main modules comprising the layered archi- tecture of the suggested system:


[image: ]

Fig. 2. Proposed System Architecture


1) Layer of Data Acquisition : This layer collects socioe- conomic information from:
· Portals for the government
· World Bank databases
· Repositories for censuses
The information could be semi-structured (policy attributes) or organised (numerical indicators).
2) Layer of Data Processing: This module carries out:
· Handling missing values
· Elimination of noise
· Normalisation of features
· Identification of outliers
Prior to the training of the model, the preprocessing helps to ensure the consistency and quality of the data.
3) Layer of Machine Learning: The machine learning mod- els are trained and evaluated by this layer:
· Regression in Linear Form
· Tree of Decisions
· The Random Forest
· Vector Machine Support
To improve the model performance, the hyperparameter tuning is used.
4) Layer of Decision Support: The final layer:
· displays the outcome of the prediction
· makes measurements for comparing performances.
· provides policy makers with insights
This module is responsible for transforming unprocessed fore- casts into useful suggestions.
The fig:2 depicts the modularity of the system which makes it suitable for real-world policy evaluation tasks; this includes the ability to scale data processing, provide decision assistance, and train models efficiently.
V. RESULT AND DISCUSSION
A. Experimental Results
Publicly available socioeconomic data sets were used for the evaluation of the proposed method. Eighty percent of the dataset was used for training, and the rest twenty percent was used for testing. The performance of a few machine learning models in terms of predictions was analyzed using training and testing.
The models used in the experiment were the following:
· 
Regression in Linear Form
· Tree of Decisions
· The Random Forest
· Vector Machine Support
Accuracy and Root Mean Squared Error (RMSE) values were calculated to determine the performance of every model.
B. Accuracy Table
The result of the accuracy comparison of the different machine learning models utilised in the suggested system is presented in Table 3 . Since it indicates how well the model can predict the consequences of policy, accuracy is an important indicator.
According to the result, the Random forest model had the best accuracy of 91.6%, which meant that it was more efficient in recognizing complex patterns in socioeconomic data. In high dimensional feature spaces, Support Vector Machine (88.4%) was very powerful in classification. While the accuracy of Linear Regression was the worst (78.5%) showing that it is not suitable for non-linear correlations, the Accuracy of the Decision Tree model (84.2%) was moderately high.
This table demonstrates the effectiveness of the proposed multi-model framework by showing that ensemble-based learning strategies are more effective than traditional statistical models:

TABLE III
ACCURACY COMPARISON OF MACHINE LEARNING MODELS

	S.No
	Model
	Accuracy (%)

	1
	Linear Regression
	78.5

	2
	Decision Tree
	84.2

	3
	Random Forest
	91.6

	4
	Support Vector Machine
	88.4




C. RMSE Comparison
The Root Mean Square Error (RMSE) values for each of the models are presented in Table 4. Better performance is indicated by a smaller RMSE score, which is an average of the variance between expected and actual values.
The prediction reliability of the Random Forest model was proven to be excellent with the lowest RMSE value 2.76. The Decision Tree had a RMSE of 4.31 and the Support Vector Machine had a RMSE of 3.45. The largest amount of error (5.82) was shown by linear regression, which establishes its low predictive capability.
This table indicates how ensemble learning dramatically reduces the prediction error of the model compared to the single model methods, which increases the trustworthiness of the suggested system.
D. Analysis of Graphs
The comparative accuracy performance of each machine learning model that is utilised in the suggested system is displayed in this image. The Random Forest model is better

TABLE IV
RMSE COMPARISON OF MODELS

	S.No
	Model
	RMSE

	1
	Linear Regression
	5.82

	2
	Decision Tree
	4.31

	3
	Random Forest
	2.76

	4
	Support Vector Machine
	3.45
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Fig. 3. Accuracy Comparison of Machine Learning Models


than the Support Vector Machine in terms of accuracy. The lowest accuracy is noted by the linear regression.
Fig:3 shows that ensemble learning techniques are able to predict the impact of socioeconomic policies more accu- rate than single model approaches. The results support the effectiveness of the multi-model approach which has been proposed.
E. Discussion
The experimental results clearly demonstrate that sophisti- cated machine learning models are better than conventional statistical models in terms of prediction. The non-linear cor- relations present in socioeconomic data are not the same as the linear regression, even though they are easy to interpret. Though decision trees are overfitted, their performance im- proves with the simulation of complex decision limits.
Due to its ensemble structure which reduces variance and improves the generalisation, Random Forest model achieves the highest accuracy (91.6%). Additionally, Support Vec- tor Machine has good classification capability in a high- dimensional feature space, with an accuracy of 88.4%.
These conclusions are further substantiated by the RMSE data, showing that Random Forest has the lowest value of error, showing the accuracy of its predictions.
VI. FUTURE EXTENT
In future, the proposed system can be improved by adding real time socio-economic data to provide a means for dynamic and continuous policy evaluation. This will enable policymak- ers to analyze under varying conditions the impact of policies and to make decisions more efficiently.
Furthermore, advanced deep learning and hybrid AI models can be integrated to enhance accuracy in prediction and the ability to work with complex data patterns. The framework

can further be extended to support multi-domain and cross- country policy analysis to make the system more scalable and adaptable to global governance scenarios.
CONCLUSION
This paper introduced an AI-Based Policy Impact Analyzer that aims to forecast the socio-economic consequences of public policies by leveraging on machine learning techniques. The proposed system combines theoretical modeling with practical implementation to facilitate data-based decision- making. Multiple machine learning models were tested and the experimental results proved that ensemble-based methods, especially the Random Forest model, had better prediction accuracy than traditional methods.
The results confirm the effective use of the proposed frame- work for handling large-scale socio-economic data set and offers reliable predictive information for pre-implementation policy evaluation. By decreasing reliance on manual analysis and improving the accuracy of predictions, the system provides a valuable tool for decision support for policymakers. Overall, the proposed approach significantly contributes to transparent and evidence-based policy formulation.
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