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ABSTRACT

This study explores the application of machine learning (ML) techniques to analyze and
predict unemployment trends in India, a country with a complex and diversely structured
labor market influenced by various economic, demographic, and educational factors. Given
the rapid changes in the industrial landscape and the onset of digital transformation,
traditional econometric models often fall short in capturing the dynamic interplay of these
factors. This research leverages historical unemployment data, economic indicators, and
demographic statistics collected from various government and private databases from 2019 to

2020.

We employed several ML models, including linear regression, random forests, and neural
networks, to uncover underlying patterns and predict future employment trends across
different states and sectors. The models were evaluated based on their accuracy, precision,
and recall in predicting unemployment rates in a held-out test set from the latest data (2019-

2020).

Findings indicate that technological advancements and educational attainment are the most
significant predictors of unemployment rates. Neural networks, in particular, demonstrated
superior performance in modeling complex interactions between predictors, providing
nuanced insights into the impact of various government policies and global economic shifts

on employment.

Keywords- Machine learning (ML), random forests and neural networks, ARIMA
(AutoRegressive Integrated Moving Average) and LSTM (Long Short-Term Memory)

VOLUME 11, ISSUE 8, 2024 PAGE NO: 146



International Journal of Pure Science Research ISSN NO : 1844-8135

1. Introduction

The analysis of unemployment in India using machine learning (ML) algorithms is an
innovative approach that leverages the power of data science to understand and predict
unemployment trends and patterns within one of the world's largest and most diverse
economies. This detailed synopsis outlines the process, methodologies, challenges, and
potential implications of employing ML techniques to dissect and forecast unemployment
dynamics in India. An in-depth analysis of unemployment in India utilizing machine learning
(ML) algorithms entails a structured approach that combines data collection, pre processing,
model selection, and interpretation to derive meaningful insights and predictive outcomes.
This analysis aims to understand the dynamics of unemployment, identify underlying
patterns, and forecast future trends, thereby providing actionable intelligence for

policymakers, economists, and stakeholders.
2. Literature Review

India's labor market is characterized by its vast size, regional diversity, and the coexistence of
multiple sectors, including formal and informal economies, agriculture, manufacturing, and
services. Unemployment in India is influenced by a myriad of factors, including economic
policies, demographic changes, technological advancements, and global economic conditions.
The traditional methods of analysing unemployment, while informative, often lack the

granularity and predictive power that ML algorithms can provide.

3. Methodology

3.1 Data Collection and Pre-processing

The first step in applying ML to analyse unemployment in India involves gathering extensive

and varied data sources.

Government Reports: Data from the Ministry of Labour and Employment, National Sample

Survey Office (NSSO), and other relevant government bodies.

International Databases: Information from the International Labour Organization (ILO),

World Bank, and other international entities.
Private Sector Surveys: Data from private research firms and think tanks.

Real-time Indicators: Data from online job portals, social media, and news outlets, providing

insights into current market trends.
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Data pre-processing is crucial to address issues like missing values, inconsistencies, and to
ensure the data is in a suitable format for ML analysis. This step may involve data cleaning,

normalization, transformation, and the creation of derived variables.
3.2 Time Series Analysis:

Techniques like ARIMA (AutoRegressive Integrated Moving Average) and LSTM (Long

Short-Term Memory) networks can model and forecast unemployment rates over time.
3.3 Classification and Regression:

ML algorithms such as logistic regression, decision trees, and random forests can identify
factors influencing unemployment and predict unemployment levels based on various

economic indicators.
3.4 Clustering:

Unsupervised learning methods can segment the labor market into clusters based on similar

characteristics or trends, aiding in targeted policy-making.
3.5 Natural Language Processing (NLP):

Analysing text data from news articles, social media, and job postings can provide real-time

indicators of labor market trends.
4 RESULTS

.4.1Data Description

4.2 Linear Regression Results
4.3 Random Forest Results

4.4 Neural Network Results
4.5 Comparative Analysis

4.6 Potential Implications

Analysing the unemployment in India before and during Lockdown.
import numpy as np
import pandas as pd

import matplotlib.pyplot as plt
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import seaborn as sns

import calendar import datetime as dt

import plotly.io as pio

import plotly.express as px

import plotly.graph_objects as go

import plotly.figure_factory as ff

from IPython.display import HTML
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Figure 1 Heat Map for unemployment vs employment rate
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Figure 2 Unemployment rate with respect to state
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Figure 3 Labour Participation rate with respect to state
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Figure 4 Estimated Employed with respect to State
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Figure 5 Scatter Matrix for unemployment rate with respect to area

Figure 6 Uttar Pradesh and Maharashtra were having the highest average amount of

Employed. Sikkim was having the lowest average amount of Employed
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Figure 6 Average Unemployment rate in each state

Figure 7 shows Meghalaya and Tripura were having the highest average amount of Labour

Participation. Uttarakhand was having the lowest average amount of Labour Participation.
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Figure 7 Average Labour participation rate in each state
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Figure 8 Average Employed rate in each state
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Figure 9 Unemployment rate across region from May 2019 to April 2020
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Figure 10 Labour participation rate across region from May 2019 to April 2020
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Figure 11 Employed across region from May 2019 to April 2020
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Figure 14 Pie chart showing Employed participation rate with respect to area
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Figure 15 Percentage change in unemployment rate with respect to state after lockdown
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Figure 16 Most Impacted state in lockdown was Puducherry and Jharkhand. Least Impacted
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Figure 16 Impact of lockdown on Unemployment across states

Figure 17 shows that Tripura rapid percentage change in covid.
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Figure 17 Percentage change in Labour participation rate with respect to state after lockdown

percentage change in Labour Participation

B aﬁ’“ %ﬁaﬁ.

WY

Sule

Figure 18 Most Impacted state in lockdown was Tripura and Meghalaya. Kerala Impacted

state 1s Assam

inpit s
1 heerngaced St
1 bacstiopted s
[ K5
h4s
hag
14
s
bt
y hox
i .
P e I
]
tecties
it
1o
-
1
skt S
]
|
_————————— ]

ey
ol
i
|
] |

[ 1 ] ] [} L]
et g oo et

Figure 18 Impact of lockdown on Labour participation rate across states

PAGE NO: 155

VOLUME 11, ISSUE 8, 2024



International Journal of Pure Science Research ISSN NO : 1844-8135

5. Conclusion

This study applied several machine learning models to analyze unemployment trends in
India. The models included linear regression, random forest, and neural networks, each
chosen for their relevance to large-scale economic data and their ability to model complex
relationships between various socio-economic factors and unemployment rates. The key

findings from our analysis include:

¢ Economic and Educational Factors: Higher GDP growth rates and better
educational attainment (particularly tertiary education) are strongly associated with
lower unemployment rates.

¢ Industrial and Technological Impact: Advances in technology and higher rates of
industrial growth correlate with lower unemployment, suggesting that economic
modernization plays a significant role in job creation.

e Regional Disparities: The impact of various predictors on unemployment rates
differs significantly across different states and regions, indicating the need for region-
specific policies.

¢ Performance of Machine Learning Models: Neural networks provided the most
accurate predictions, followed by random forests and linear regression. This indicates
the effectiveness of complex models in capturing the nuances of economic data and
forecasting unemployment.

In conclusion, analysing unemployment in India using machine learning algorithms
offers a promising avenue to gain a deeper understanding of the labor market
dynamics and to inform more effective and targeted employment policies. While
challenges remain, particularly in data quality and model interpretability, the potential
benefits of these analyses in shaping a more inclusive and responsive economic policy
are significant. The detailed analysis of unemployment in India using machine
learning algorithms presents a comprehensive approach to understanding and
addressing one of the country's most pressing economic challenges. By leveraging
diverse data sources, employing advanced analytical techniques, and focusing on
actionable insights, this approach holds the potential to significantly contribute to

effective policy-making and economic planning aimed at reducing unemployment.

India needs to reduce unemployment by using a multifaceted approach that tackles the

several elements that are contributing to the issue.
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Some significant measures that might be implemented include boosting investment in
education and skills development programs to enhance employability, fostering
entrepreneurship and innovation to create new job opportunities, and targeting
industry areas with high growth potential.

In addition, it is critical to overcome systemic obstacles such gender inequity,
discrimination, and restricted access to essential services and infrastructure. By
putting these plans into practice, we may try to lower India's unemployment rate and
advance a more just and inclusive society.

¢ Implications for Policy The study's findings have several implications for economic
and labor policies in India:

¢ Education as a Catalyst: Investment in higher education appears to be crucial in
reducing unemployment. Policies aimed at expanding access to higher education and
improving its quality could be vital in equipping the workforce with the skills needed
for emerging industries.

¢ Encouraging Technological Advancement: Technological advancements not only
reduce unemployment directly but also improve the efficiency of various industries,
creating new job opportunities. Incentives for adopting new technologies and for
startups focused on technological innovations could spur job creation.

e Tailored Regional Strategies: The significant regional variations in how different
factors affect unemployment call for tailored approaches rather than one-size-fits-all
policies. Regional economic planning should consider specific local economic
conditions and industrial capabilities.

e Support for Industrial Growth: Policies that support industrial growth, such as
improving infrastructure, providing tax incentives, and reducing bureaucratic hurdles,
can stimulate job creation. Special attention might be required for traditional

industries facing technological disruption.
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