
 Corresponding author: Suresh B 

Copyright © 2021 Author(s) retain the copyright of this article. This article is published under the terms of the Creative Commons Attribution License 4.0. 

An Overview of Artificial Intelligence Applications in Everyday Life 

Suresh B 1, * and Hanamanth B 2 

1 Department of Computer Science and Engineering, Government Polytechnic Koppal-583231, Karnataka India. 
2 Department of Computer Science and Engineering, Government Polytechnic, karatagi -583229, Karnataka India. 

World Journal of Advanced Research and Reviews, 2021, 09(01), 344-353 

Publication history: Received on 05 January 2021; revised on 15 January 2021; accepted on 22 January 2021 

Article DOI: https://doi.org/10.30574/wjarr.2021.9.1.0024 

Abstract 

Artificial Intelligence (AI) has transitioned from theoretical computer science into practical applications that permeate 
modern daily life. This paper provides a comprehensive overview of AI applications across six key domains: healthcare, 
transportation, communication, entertainment, smart homes, and finance. Through examination of pre-2020 
developments, we analyze how machine learning, natural language processing, computer vision, and expert systems 
have become integral to everyday activities. The paper synthesizes research findings to demonstrate AI's transformative 
impact on human society and discusses implications for future development. 

Keywords: Artificial Intelligence; Machine Learning; Everyday Applications; Smart Systems; Human-Computer 
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1 Introduction 

Artificial Intelligence represents one of the most significant technological advances of the 21st century. The term, first 
coined by John McCarthy in 1956, encompasses computational systems capable of performing tasks that typically 
require human intelligence (Russell & Norvig, 2016). Over the past two decades, AI has evolved from laboratory 
experiments into ubiquitous technologies that influence daily human activities. 

The proliferation of AI in everyday life stems from three primary factors: exponential growth in computational power, 
availability of large datasets, and algorithmic innovations in machine learning (LeCun et al., 2015). Modern AI systems 
employ various techniques including neural networks, decision trees, natural language processing (NLP), and computer 
vision to solve complex real-world problems. 

This paper examines AI applications across six critical domains of daily life. Understanding these applications is 
essential for both technical and non-technical audiences as AI increasingly shapes social interactions, economic 
transactions, and personal decision-making processes. The scope of this review focuses on implementations deployed 
before 2020, providing a foundation for understanding AI's established role in contemporary society. 

1.1 Research Objectives 

This paper aims to: 

• Catalog major AI applications integrated into daily human activities
• Analyze the underlying technologies enabling these applications
• Examine the societal impact of AI adoption across different sectors
• Identify patterns in AI deployment and user acceptance
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2 AI in Healthcare 

Healthcare represents one of the most consequential domains for AI application, where intelligent systems assist in 
diagnosis, treatment planning, drug discovery, and patient monitoring (Jiang et al., 2017). 

2.1 Diagnostic Systems 

AI-powered diagnostic tools have demonstrated remarkable accuracy in medical image analysis. Convolutional neural 
networks (CNNs) analyze radiological images, identifying abnormalities with performance comparable to expert 
radiologists (Esteva et al., 2017). In dermatology, deep learning algorithms classify skin lesions with accuracy exceeding 
that of board-certified dermatologists (Esteva et al., 2017). 

IBM Watson for Oncology exemplifies expert system application in clinical decision support. The system analyzes 
patient medical records, published literature, and clinical trial data to recommend evidence-based treatment options 
for cancer patients (Somashekhar et al., 2018). While initial implementations faced challenges, the system 
demonstrated AI's potential to augment clinical decision-making. 

2.2 Personalized Medicine 

AI algorithms analyze genomic data, electronic health records, and lifestyle information to predict disease risk and 
recommend personalized treatment strategies (Miotto et al., 2018). Machine learning models identify patterns in 
patient data that inform precision medicine approaches, particularly in oncology and chronic disease management. 

2.3 Patient Monitoring and Virtual Health Assistants 

Wearable devices equipped with AI algorithms continuously monitor vital signs, detecting anomalies that may indicate 
health deterioration (Pantelopoulos & Bourbakis, 2010). Virtual health assistants powered by NLP provide patients 
with medical information, medication reminders, and preliminary symptom assessment (Laranjo et al., 2018). 

Table 1 AI Applications in Healthcare 

Application Area AI Technology Primary Function Example Systems 

Medical Imaging Convolutional Neural 
Networks 

Disease detection and 
classification 

Google DeepMind, Zebra 
Medical Vision 

Clinical Decision 
Support 

Expert Systems, NLP Treatment recommendation IBM Watson for Oncology 

Drug Discovery Machine Learning Molecular analysis and 
prediction 

Atomwise, BenevolentAI 

Patient Monitoring Sensor Fusion, Anomaly 
Detection 

Continuous health tracking Apple Watch, Fitbit 

Virtual Health 
Assistants 

Natural Language 
Processing 

Patient interaction and triage Ada Health, Babylon Health 

2.4 Impact and Challenges 

AI healthcare applications promise improved diagnostic accuracy, reduced medical errors, and enhanced accessibility 
to medical expertise (Topol, 2019). However, challenges remain regarding data privacy, algorithmic bias, regulatory 
approval, and the need for clinical validation through rigorous trials. 

3 AI in Transportation and Autonomous Vehicles 

Transportation systems have undergone transformation through AI integration, with applications ranging from route 
optimization to fully autonomous vehicles (Litman, 2018). 
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3.1 Autonomous Vehicles 

Self-driving cars represent perhaps the most visible AI application in transportation. These vehicles employ multiple AI 
subsystems: computer vision for object detection, sensor fusion for environmental mapping, deep reinforcement 
learning for decision-making, and path planning algorithms for navigation (Bojarski et al., 2016). 

Companies including Tesla, Waymo, and Uber invested heavily in autonomous vehicle development throughout the 
2010s. Tesla's Autopilot system, introduced in 2015, utilized neural networks trained on millions of miles of driving 
data to enable semi-autonomous driving capabilities (Tesla, 2019). Waymo's autonomous vehicles accumulated over 
10 million autonomous miles on public roads by 2018, demonstrating the technology's advancing maturity (Waymo, 
2018). 

3.2 Traffic Management and Optimization 

AI systems optimize traffic flow in urban environments by analyzing real-time traffic data from sensors, cameras, and 
GPS devices. Machine learning algorithms predict traffic patterns and adjust signal timing to reduce congestion (Zhao 
et al., 2016). Cities including Pittsburgh and Singapore implemented AI-based traffic management systems that 
demonstrated measurable improvements in traffic flow efficiency. 

3.3 Navigation and Mapping Services 

Navigation applications like Google Maps and Waze employ AI algorithms to provide real-time route optimization. 
These systems analyze historical traffic data, current conditions, and user reports to predict travel times and suggest 
optimal routes (Horvitz & Krumm, 2012). Machine learning models continuously improve predictions by learning from 
millions of user journeys. 

 

Figure 1 Autonomous Vehicle Perception Pipeline 

3.4 Ride-Sharing Optimization 

AI algorithms power ride-sharing platforms by matching drivers with passengers, optimizing routes for multiple 
pickups, and implementing dynamic pricing based on supply-demand predictions (Chen et al., 2015). These systems 
process millions of real-time requests, demonstrating AI's capacity for large-scale optimization problems. 
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4 AI in Communication and Social Interaction 

AI has fundamentally altered how humans communicate, from language translation to content personalization on social 
media platforms (Bostrom & Yudkowsky, 2014). 

4.1 Virtual Assistants and Chatbots 

Voice-activated virtual assistants including Amazon Alexa, Google Assistant, Apple Siri, and Microsoft Cortana utilize 
natural language processing, speech recognition, and machine learning to interpret user queries and execute commands 
(Hoy, 2018). These systems employ automatic speech recognition (ASR) to convert audio to text, natural language 
understanding (NLU) to extract intent, and text-to-speech (TTS) synthesis for responses. 

By 2019, over 3.25 billion digital voice assistants were in use worldwide (Kinsella, 2019). These assistants perform 
tasks including information retrieval, smart home control, calendar management, and entertainment playback, 
becoming integrated into daily routines for millions of users. 

4.2 Language Translation 

Neural machine translation systems revolutionized language barriers, enabling real-time communication across 
linguistic boundaries. Google Translate, leveraging neural networks, improved translation quality significantly 
compared to previous phrase-based approaches (Wu et al., 2016). These systems learned language patterns from vast 
parallel corpora, producing more natural and contextually appropriate translations. 

4.3 Social Media and Content Recommendation 

Social media platforms employ AI extensively for content curation, recommendation, and moderation. Machine learning 
algorithms analyze user behavior, preferences, and social connections to personalize content feeds, maximizing 
engagement (Resnick & Varian, 1997). Recommendation systems on platforms like Facebook, Instagram, and Twitter 
utilize collaborative filtering and deep learning to predict content relevance. 

Table 2 AI in Communication Technologies 

Technology AI Techniques Capabilities Major Implementations 

Virtual Assistants NLP, ASR, TTS, Machine 
Learning 

Voice interaction, task 
execution 

Alexa, Google Assistant, Siri 

Machine Translation Neural Networks, 
Seq2Seq Models 

Real-time language 
translation 

Google Translate, Microsoft 
Translator 

Email Filtering Naive Bayes, Neural 
Networks 

Spam detection, priority 
sorting 

Gmail Smart Features 

Autocomplete/Prediction Recurrent Neural 
Networks 

Text prediction and 
completion 

Smartphone keyboards 

Content Moderation Computer Vision, NLP Inappropriate content 
detection 

Facebook AI, YouTube AI 

4.4 Email Intelligence 

Email services incorporate AI for spam filtering, priority inbox organization, and smart replies. Gmail's Smart Reply 
feature uses sequence-to-sequence neural networks to generate contextually appropriate response suggestions 
(Kannan et al., 2016). These systems learned from millions of email exchanges to predict common responses. 

5 AI in Entertainment and Media 

Entertainment industries have embraced AI for content creation, recommendation, and personalization, transforming 
how individuals consume media (Gomez-Uribe & Hunt, 2016). 
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5.1 Content Recommendation Systems 

Streaming services including Netflix, Spotify, and YouTube employ sophisticated recommendation algorithms that 
account for over 80% of content watched on these platforms (Gomez-Uribe & Hunt, 2016). These systems utilize 
collaborative filtering, content-based filtering, and deep learning to predict user preferences. 

Netflix's recommendation engine analyzes viewing history, ratings, browsing behavior, and temporal patterns to 
suggest content. The company estimated its recommendation system saved $1 billion annually by reducing customer 
churn (Gomez-Uribe & Hunt, 2016). Similarly, Spotify's Discover Weekly playlist, powered by AI, generates personalized 
music recommendations that users streamed over 40 billion times by 2019 (Pasick, 2015). 

5.2 Gaming 

AI transformed gaming through non-player character (NPC) behavior, procedural content generation, and adaptive 
difficulty systems. Machine learning algorithms create responsive opponents that adapt to player strategies 
(Yannakakis & Togelius, 2018). Additionally, AI assists in game development through automated testing and level 
design. 

5.3 Content Creation 

AI systems demonstrated creative capabilities in music composition, art generation, and text creation. OpenAI's GPT-2, 
released in 2019, generated coherent text passages on diverse topics (Radford et al., 2019). Generative Adversarial 
Networks (GANs) produced realistic images and artwork (Goodfellow et al., 2014). While these systems didn't replace 
human creativity, they provided tools for augmented creative expression. 

Table 3 Recommendation System Approaches 

Approach Description Advantages Limitations 

Collaborative 
Filtering 

Recommendations based on similar 
users' preferences 

Discovers unexpected 
content 

Cold start problem for 
new users 

Content-Based 
Filtering 

Recommendations based on item 
features 

Works for new users with 
preference history 

Limited to similar 
content 

Hybrid Systems Combines multiple approaches Leverages strengths of 
different methods 

Increased computational 
complexity 

Deep Learning Neural networks learn complex 
patterns 

Captures non-linear 
relationships 

Requires large datasets 

5.4 Photography and Image Enhancement 

Smartphone cameras increasingly rely on AI for image processing. Computational photography techniques including 
HDR enhancement, portrait mode, and night mode utilize neural networks to produce higher quality images than 
hardware alone would allow (Hasinoff et al., 2016). Google's HDR+ technology exemplifies AI-enhanced photography 
accessible in everyday devices. 

6  AI in Smart Homes and Personal Finance 

AI integration extends into home environments and financial management, creating intelligent ecosystems that adapt 
to user preferences and behaviors (Brush et al., 2011). 

6.1 Smart Home Systems 

Smart home devices employ AI for automation, energy management, and security. Learning thermostats like the Nest 
Learning Thermostat use machine learning to understand occupancy patterns and temperature preferences, 
automatically adjusting climate control to optimize comfort and energy efficiency (Yang & Newman, 2013). The system 
reported average energy savings of 10-12% on heating and 15% on cooling. 
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Smart lighting systems adapt to user behavior, adjusting brightness and color temperature based on time of day and 
detected activities. Security systems employ computer vision for facial recognition, distinguishing between residents, 
known visitors, and potential intruders (Alam et al., 2012). 

6.2 Personal Finance Management 

AI applications in personal finance include fraud detection, investment advice, and budgeting assistance. Credit card 
companies employ machine learning algorithms to detect fraudulent transactions in real-time by identifying anomalous 
patterns in spending behavior (Bhattacharyya et al., 2011). These systems analyze thousands of features per 
transaction, achieving detection rates above 95% while minimizing false positives. 

Robo-advisors like Betterment and Wealthfront use algorithms to provide automated investment management, creating 
diversified portfolios based on individual risk tolerance and financial goals (Jung et al., 2018). These platforms 
democratized access to financial advice previously available only through expensive human advisors. 

6.3 Energy Management 

AI optimizes energy consumption in homes by learning usage patterns and predicting future demand. Smart grids 
employ machine learning for load forecasting and demand response management (Fang et al., 2012). These systems 
balance energy supply and demand more efficiently than traditional approaches. 

 

Figure 2 Smart Home AI Integration Architecture 

6.4 Shopping and E-commerce 

Online retail platforms utilize AI for product recommendations, dynamic pricing, inventory management, and customer 
service chatbots. Amazon's recommendation engine drives approximately 35% of company revenue (MacKenzie et al., 
2013). These systems analyze purchase history, browsing behavior, and similar customer patterns to suggest relevant 
products. 

AI-powered chatbots handle customer inquiries, providing 24/7 support and resolving common issues without human 
intervention (Xu et al., 2017). Visual search capabilities allow users to photograph items and find similar products 
online, bridging physical and digital shopping experiences. 
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Table 4 Comparative Analysis of AI Applications Across Domains 

Domain Maturity 
Level 

User 
Adoption 

Primary Benefits Key Challenges 

Healthcare Moderate Growing Improved diagnostics, personalized 
treatment 

Regulatory approval, data 
privacy 

Transportation Early-
Moderate 

Moderate Safety, efficiency, accessibility Safety validation, 
infrastructure 

Communication High Very High Convenience, language barriers, 
personalization 

Privacy concerns, 
misinformation 

Entertainment High Very High Personalization, content discovery Filter bubbles, copyright 

Smart Homes Moderate Moderate Convenience, energy savings Interoperability, security 

Finance Moderate-
High 

High Fraud prevention, accessibility Trust, algorithmic 
transparency 

7 Discussion and Future Directions 

7.1 Synthesis of AI Impact 

The preceding analysis reveals several patterns in AI adoption across everyday life domains. First, applications 
providing clear value propositions—such as personalized recommendations and fraud detection—achieved rapid user 
acceptance. Second, domains involving human safety and well-being, including healthcare and autonomous vehicles, 
progressed more cautiously due to higher stakes and regulatory requirements. Third, AI's most successful 
implementations often augmented rather than replaced human capabilities. 

7.2 Ethical and Societal Considerations 

AI integration into daily life raises important ethical questions. Privacy concerns emerge as systems collect and analyze 
personal data to function effectively (Mittelstadt et al., 2016). Algorithmic bias presents another challenge, as AI systems 
may perpetuate or amplify societal biases present in training data (Barocas & Selbst, 2016). The "black box" nature of 
deep learning models complicates accountability when systems make consequential decisions. 

Job displacement represents a significant societal concern as AI automates tasks previously requiring human labor. 
While AI creates new employment opportunities, the transition may disadvantage workers in affected industries (Frey 
& Osborne, 2017). Addressing these challenges requires collaborative efforts among technologists, policymakers, and 
civil society. 

7.3 Technical Limitations and Research Directions 

Despite remarkable progress, AI systems face inherent limitations. Current machine learning approaches require 
substantial labeled data and struggle with tasks humans perform effortlessly, such as common-sense reasoning and 
generalization from limited examples (Marcus, 2018). Adversarial examples—carefully crafted inputs that fool AI 
systems—expose vulnerabilities in deployed models (Szegedy et al., 2013). 

Future research directions include developing more interpretable AI systems, improving sample efficiency, and creating 
AI with enhanced reasoning capabilities. Transfer learning and few-shot learning show promise for reducing data 
requirements (Pan & Yang, 2010). Explainable AI (XAI) aims to make model decisions more transparent and 
understandable to humans (Gunning, 2017). 

7.4 Integration Challenges 

Seamless integration of AI across platforms and devices remains challenging. Interoperability standards, data 
portability, and consistent user experiences across ecosystems require ongoing attention. Additionally, ensuring AI 
systems remain robust against adversarial attacks and function reliably in edge cases demands continued research and 
testing. 
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7.5 The Path Forward 

AI's trajectory suggests continued expansion into everyday life domains. Success will depend on addressing technical 
limitations, establishing appropriate governance frameworks, and maintaining focus on human-centered design 
principles. The goal should be AI systems that empower individuals, enhance capabilities, and improve quality of life 
while respecting autonomy and values. 

Education plays a crucial role in preparing society for an AI-integrated future. Digital literacy programs should include 
understanding AI capabilities, limitations, and implications. Interdisciplinary collaboration among computer scientists, 
ethicists, social scientists, and domain experts will be essential for responsible AI development. 

8 Conclusion 

This paper examined AI applications across six key domains of everyday life: healthcare, transportation, 
communication, entertainment, smart homes, and personal finance. The analysis demonstrates AI's transformation 
from experimental technology to integral component of modern daily activities. Machine learning, natural language 
processing, computer vision, and expert systems enable applications that enhance convenience, efficiency, and decision-
making quality. 

Healthcare AI improves diagnostic accuracy and enables personalized medicine. Autonomous vehicles and intelligent 
transportation systems promise safer, more efficient mobility. Communication technologies break language barriers 
and facilitate global interaction. Entertainment platforms deliver personalized experiences that anticipate user 
preferences. Smart home systems optimize comfort and energy usage. Financial applications protect against fraud and 
democratize access to investment advice. 

However, AI integration raises important ethical, social, and technical challenges. Privacy concerns, algorithmic bias, 
job displacement, and the need for transparency require careful attention. Technical limitations including data 
requirements, lack of common-sense reasoning, and vulnerability to adversarial examples indicate areas for continued 
research. 

The future trajectory of AI in everyday life will be shaped by how effectively society addresses these challenges while 
advancing technical capabilities. Responsible development requires multidisciplinary collaboration, appropriate 
governance, and commitment to human-centered design principles. As AI systems become increasingly capable and 
ubiquitous, ensuring they serve human flourishing rather than merely optimizing narrow objectives remains 
paramount. 

The developments reviewed in this paper, all occurring before 2020, established the foundation for AI's role in 
contemporary society. Understanding these applications provides essential context for navigating an increasingly AI-
integrated world and participating meaningfully in discussions about technology's role in human life. 
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