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ABSTRACT 

This paper provides a thorough review of the shifting landscape of economic analysis, spotlighting recent trends 

and predicting future paths. While traditional economic models remain key for interpreting economic activity, they 

are being supplemented by fresh methods and cross-disciplinary viewpoints. The increased attention to inequality 

studies, using advanced statistical techniques and unique data sources, underscores the growing emphasis on 

fairness and distribution within economic analysis. The incorporation of behavioral elements into economic models 

also expands our comprehension of economic decision-making and market results. Notably, the emergence of 

computational economics-integrating artificial intelligence (AI), big data, and machine learning into economic 

scrutiny-represents a major development. Often referred to as ’smart economics,’ this field employs technology to 

formulate, address complex economic dilemmas, and perceive economic activity in unconventional ways. Yet, the 

application of AI and machine learning in economics introduces new hurdles around data privacy, algorithmic bias, 

and the transparency of model outcomes. The impact of the digital revolution on economic analysis is significant, 

as the advent of computational economics and the surge of big data are transforming research techniques and policy 

implications. Concurrently, the advent of the circular economy indicates a radical shift in our perspective on 

economic sustainability, carrying considerable implications for environmental policy and business tactics.  In the 

future, it’s anticipated that these trends will further modify the realm of economic analysis, with AI and machine 

learning integration, emphasis on sustainability and fairness, and the influence of big data becoming more 

pronounced. As these changes take place, it’s imperative for researchers, policymakers, and practitioners to remain 

adaptable and flexible, prepared to capitalize on the opportunities and tackle the challenges these trends present. 
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1. Introduction 

Economic analysis, a fundamental aspect of economics, plays a crucial role in our understanding of the 

economic world. Its primary purpose is to help individuals, businesses, and governments make informed decisions 

by providing insights into economic phenomena. Rooted in the scientific method, economic analysis involves 

constructing theoretical models of economic behavior, testing hypotheses, and interpreting empirical data [1]. The 

roots of economic analysis can be traced back to the 18th century with the work of classical economists such as 

Adam Smith, whose” Wealth of Nations” laid the groundwork for the discipline. In the 20th century, economic 

analysis witnessed a significant transformation with the formalization and mathematization of economics. Pioneers 

such as Paul Samuelson and Kenneth Arrow helped establish a formal mathematical basis for economic theory, 

allowing for greater precision and clarity in economic reasoning [2]. 

More recently, the advent of advanced computational technologies and the emergence of vast amounts of data 

(commonly referred to as Big Data) have ushered in a new era for economic analysis. The growing field of 

computational economics leverages these technologies to analyze complex economic systems, and the increasing 

availability of granular data enables economists to study economic phenomena with unprecedented precision [3, 

4]. Moreover, the 21st century has seen a growing appreciation of the interdisciplinary nature of economic 

phenomena. Economists increasingly recognize the relevance of insights from psychology, sociology, and other 

fields, giving rise to sub-disciplines such as behavioral economics and ecological economics [5, 6]. Additionally, the 

growing emphasis on sustainability and the circular economy signifies a shift in the field towards a more holistic 

view of economic success, which not only considers traditional financial metrics [7] but also takes into account 

social and environmental outcomes [8]. Artificial intelligence (AI), in particular, promises to revolutionize economic 

analysis by enabling the handling of complex, high-dimensional problems and facilitating more nuanced and 

realistic modeling of economic behavior [9]. 

The field has since evolved, integrating insights from other disciplines, incorporating new methods, and 

continually refining its theoretical models [10]. Despite these advancements, the field of economic analysis is not 

without its challenges. Contemporary issues such as inequality, sustainability, and the advent of the digital economy 

demand new approaches and novel solutions. Recent trends in the field suggest that the future of economic analysis 

lies in a creative amalgamation of innovative technologies, interdisciplinary approaches, and an expanding scope of 

inquiry [11, 12]. 

In this paper, we will review the recent trends, progress, and developments in economic analysis, focusing 

particularly on the aforementioned areas. We will also provide a forward- looking perspective, predicting potential 

future trends in the field. Through this exploration, we aim to offer a comprehensive understanding of the current 

state and potential future directions of economic analysis. 

2. From Classical to Smart Economics: A Shift in Perspective 

This section explores the transition from classical models to more complex, Artificial Intelligence (AI) driven 

perspectives. It addresses the increasing importance of AI in economic analysis, highlighting the rise of smart 

economics and its impact on economic modeling, decision-making studies, and policy formulation. 

Economics, as a discipline, has experienced a significant paradigm shift over the past decades. From the 

neoclassical school of thought, which emphasized rationality, equilibrium, and simplicity in models, the field has 

been gradually moving towards a more dynamic, complex, and holistic perspective. This transition can be partially 

attributed to the rising influence of computational power and Artificial Intelligence (AI), enabling a novel approach 

to economic analysis commonly referred to as ’smart economics’. 

Classical economic models, under the neoclassical framework, often relied on simplified assumptions such as 
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perfect competition, rational behavior, and a tendency towards equilibrium. While these models have been 

instrumental in framing our understanding of economic phenomena, they have also been critiqued for their limited 

scope and inability to capture the complexities of the real world [13]. 

In contrast, the advent of computational power and AI has opened new frontiers in economic analysis. These 

technologies have allowed economists to analyze complex, high-dimensional problems, and model economic 

behavior in a more nuanced and realistic way. Machine learning algorithms have emerged as powerful tools in 

predicting outcomes, identifying patterns, and uncovering relationships within economic data [14]. These 

advancements have led to the rise of smart economics, which leverages AI and computational power to generate 

deeper insights and more accurate forecasts. In the realm of economic modeling, AI has been used to develop agent-

based models that simulate complex economic systems, and to refine econometric models that forecast economic 

indicators [15]. 

In decision-making studies, AI and machine learning techniques have been applied to understand and predict 

consumer behavior, investor decisions, and market trends. For example, neural networks have been utilized to 

forecast stock prices, while natural language processing has been employed to analyze consumer sentiment [16]. 

At the policy level, AI has contributed to more informed and effective policy formulation. Machine learning 

algorithms can provide detailed predictions and analyses, helping policymakers to anticipate the impacts of 

different policy choices and to adapt policies over time [17]. Moreover, the rise of AI has stimulated discourse 

around new economic issues, such as the impacts of automation on labor markets, the distributional effects of AI, 

and the need for new economic measures and regulations in a digital economy [18, 19]. 

As the field continues to evolve, there is an increasing need for interdisciplinary approaches that combine 

economics with computer science, data analytics, and other fields. This shift in perspective has the potential to 

enhance our understanding of complex economic phenomena and inform more effective, equitable, and sustainable 

policies and practices. 

The transition from classical models to smart economics, driven by advancements in AI and computational 

power, represents a significant leap in the field of economic analysis. It expands our toolkit, enabling more nuanced 

and dynamic models that better reflect the complexities of real-world economic systems. While the rise of smart 

economics brings forth new challenges, such as issues around data privacy and algorithmic bias, it also opens up 

exciting opportunities for innovation and discovery in economics. 

3. Taxonomy of Concepts in Modern Economic Analysis 

The discipline of economic analysis has developed and diversified extensively over the years, leading to a 

taxonomy of concepts that spans various paradigms, methodologies, and domains of inquiry. Figure 1 summarizes 

a Taxonomy of Concepts in Modern Economic Analysis. Here is a brief overview of these concepts: 

Classical Economics: Classical economics represents the traditional field of economics that emerged during the 

18th and 19th centuries. It is often divided into the subdomains of microeconomics, the study of individual 

economic agents [3], macroeconomics, the study of economywide phenomena [20], and econometrics, which 

involves the application of statistical methods to economic data [21]. 

Modern Economics: Modern economics encompasses the more recent developments in eco- nomics, including 

behavioral economics, which studies the effects of psychological, cognitive, emotional, cultural and social factors on 

the economic decisions of individuals and institutions [22], environmental economics, which explores the economic 

effects of environmental policies [23]. 

Computational Economics: This is a branch of economics that uses computational methods to solve economic 

problems and model economic systems [24]. Subdomains include Artificial Intelligence in Economics, Big Data 

Analysis, and Machine Learning Applications in Economics, each of which has been instrumental in the rise of what 
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has been called ‘smart economics’ [25]. Computational economics often employs AI for automated economic 

modeling, and algorithmic trading, which employs AI-driven algorithms to facilitate trading [26]. It also involves 

using Big Data for economic forecasting, consumer behavior analysis, and market trend analysis [27]. Machine 

Learning finds widespread use in predictive analytics, which aims to predict future outcomes based on historical 

data [28], prescriptive analytics, which suggests decision options on the basis of predictive analysis, and descriptive 

analytics, which interprets historical data to identify patterns and relationships [29]. 

This taxonomy provides a comprehensive framework for understanding the evolving land- scape of modern 

economic analysis. However, the interconnections between these concepts are not strictly hierarchical, as 

represented in the taxonomy, but are rather complex and multi- faceted, indicating the interdisciplinary nature of 

economic analysis. 

 

Figure 1. Taxonomy of Concepts in Modern Economic Analysis. 

3.1. AI impact on economic modeling 

Artificial Intelligence (AI) has significantly impacted economic modeling in various ways [30]. Economic 

modeling is a process where economists use mathematical models to represent eco- nomic processes. These models 

are used to understand economic behavior, test economic theories, and predict future trends. AI has been 

instrumental in enhancing these models by im- proving their accuracy, efficiency, and predictive capabilities. Here 

are some ways AI impacts economic modeling. AI algorithms can analyze large datasets to identify patterns and 

trends that can be used to make predictions about future economic behavior. For example, AI can be used to predict 

stock market trends based on historical data and current market conditions [31]. This can help investors make 

informed decisions about when to buy or sell stocks. 

AI can also be used in economic modeling to assess risk. For example, banks and financial institutions use AI 

algorithms to assess the risk associated with lending money to individuals or businesses [32]. Companies like 

ZestFinance use AI to improve risk assessment in lending [33]. They use machine learning algorithms to analyze a 

wide range of data, including traditional credit data and non-traditional data like online behavior, to assess the risk 

of lending to individuals. These algorithms analyze a variety of factors, including credit history, income, and current 

debts, to determine the likelihood of repayment. Companies like BlackRock and JPMorgan use AI for economic 

modeling in financial markets. They use machine learning algorithms to predict market trends and make investment 

decisions [34]. For example, BlackRock’s Aladdin platform uses AI to analyze market data and make investment 

recommendations [35]. This helps banks minimize risk and make informed lending decisions. AI can be used to 

evaluate the potential impact of economic policies such as labor policy [36]. For example, AI algorithms can simulate 

the effects of changes in tax policy, interest rates, or government spending on the economy. This can help 

policymakers make informed decisions about which policies to implement. 

AI can be used to segment markets [37] and identify target audiences [38]. This can help businesses develop 

more effective marketing strategies and improve their profitability. 
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AI can be used to optimize supply chains by predicting demand, optimizing delivery routes, and managing 

inventory [39]. This can help businesses reduce costs and improve efficiency. Companies like Amazon and Walmart 

use AI to optimize their supply chains [40]. They use machine learning algorithms to predict demand, optimize 

delivery routes, and manage inventory. For example, Amazon uses AI to predict which products will be in demand 

in different regions and optimizes its inventory accordingly. 

3.2. Incorporating Sustainability in Economic Modeling 

Economic analysis has begun to seriously consider environmental implications, moving beyond the traditional 

growth-oriented models. This section focuses on how sustainable development goals (SDGs) have become integral 

components of economic analysis, shaping the discourse around green economy, green computing [41], energy 

transition [42], circular economy [43], and ecological economics. The use of AI methods in evaluating SDGs has 

become crucial [44, 45]. The selected articles present a comprehensive exploration of the Circular Economy (CE) 

concept, with a specific focus on the role of information and communication technology (ICT) and artificial 

intelligence (AI), as well as the challenges and opportunities in implementing CE strategies, particularly in the 

electronics sector. 

Bianchini et al. [46] focus on identifying and overcoming barriers to CE implementation through a visualization 

tool. They argue that a key challenge in transitioning to a circular business model lies in the difficulty of visualizing 

and understanding the complex interrelations of such a model. Their proposed tool offers a novel way to 

conceptualize and articulate circular business models, thus enabling better comprehension and facilitating their 

adoption. This work contributes to the development of tools and frameworks for the operationalization of CE 

principles. 

Demestichas and Daskalakis [47] delve into the role of ICT in enabling CE practices. They highlight the 

transformative potential of digital technology in creating sustainable and resource efficient systems. From smart 

manufacturing to the Internet of Things (IoT), the authors emphasize the role of ICT in driving sustainable practices 

and in creating interconnected, transparent, and efficient CE systems. 

Alonso et al. [48] further extend the discussion by demonstrating how AI can contribute to CE and 

environmental sustainability. They specifically investigate the role of AI in waste management, illustrating how it 

can increase efficiency and promote sustainability. Their research underscores the crucial role of AI in accelerating 

CE adoption and in addressing some of the world’s most pressing environmental challenges. 

Deviatkin et al. [49] provide a sector-specific analysis of CE implementation, focusing on the electronics sector 

in Finland. They highlight the unique challenges faced by this industry in adopting CE practices and propose 

potential solutions based on successful case studies from Finnish companies. The study underscores the need for 

industry-specific CE strategies and points to the potential for scalability and adaptation across different sectors. 

Niu et al. [50] provide a different perspective by combining CE with emission strategy selection. They propose 

an enhanced decision support system to aid in the selection of emission strategies for CE-based production 

investments. Their research is particularly important as it brings the environmental impact of CE-based production 

into the discussion, highlighting the necessity of embedding CE principles within broader environmental and 

sustainability strategies. 

Collectively, these articles indicate the significance of adopting an interdisciplinary approach to foster the 

implementation of CE principles. They show that the transition towards a CE necessitates the adoption of innovative 

technologies such as AI and ICT. Further, they under- score the importance of industry-specific strategies, 

comprehensive tools for understanding CE, and the inclusion of environmental considerations in CE-based 

production. Interestingly, these studies provide diverse perspectives on the role of ICT and AI in advancing the CE. 

From visualization tools that help conceptualize complex CE models, to AI’s potential in optimizing waste 



Damasevicius                                                 Financial Economics Letters 2023 2 (2) 35-47 

40 

 

management systems [43], the transformative power of digital technologies is evident. This sheds light on the 

necessity of integrating digital solutions in the quest for sustainability and demonstrates the potential for tech-

driven innovations to overcome barriers to CE implementation. These articles highlight the multidimensional 

aspects of the CE and the crucial role of digital technologies, industry-specific strategies, and environmental 

considerations in its effective implementation. The insights from these studies could inform future research 

directions, policy-making, and practical applications in the pursuit of a sustainable and circular economy. 

3.3. Digital Transformation: the Potential of Big Data and AI in Economic Analysis 

The evolution of technology has resulted in a massive influx of data (big data), which offers new tools and 

opportunities for economic research. This section reviews the rise of computational economics, machine learning 

applications in economic analysis, and the challenges and potential associated with these trends. 

As we delve further into the digital age, the field of economics has not been immune to its transformative power. 

The surge of technological advancements has ushered in a new era characterized by an abundance of data and 

sophisticated analytical tools, reshaping the landscape of economic analysis. Traditionally, economic analysis has 

relied on structured data from sources like national statistics agencies or targeted surveys. However, with the digital 

transformation, a wealth of new, often unstructured data has become available, termed as ’big data’. This term refers 

to datasets that are too large or complex to be handled by traditional data-processing software, and often include 

diverse types of information, such as text, images, and real-time sensor data [51]. 

The emergence of big data has unlocked a vast array of possibilities for economic analysis. It has led to the 

advent of computational economics, a discipline that uses computational methods and algorithms to solve economic 

problems, model economic systems, and analyze economic data. Computational economics enables the examination 

of economic phenomena in ways that were previously unfeasible due to computational constraints [24]. 

The rise of machine learning has further amplified the impact of big data on economic analysis. Machine 

learning techniques offer a novel way to analyze large, complex datasets, uncover hidden patterns, and generate 

predictive models [31]. These techniques have been applied to various economic questions, ranging from predicting 

economic downturns to understanding consumer behavior [3]. 

Despite the remarkable opportunities big data and AI present for economic analysis, they also bring along 

significant challenges. On the technical side, handling large, complex datasets require considerable computational 

resources and specialized skills. Ethical and privacy concerns also arise, particularly when handling sensitive 

information. Furthermore, the risk of algorithmic bias and data misuse can have far-reaching social and economic 

consequences [52]. 

The influence of technology and big data on economic analysis has been profound, providing new avenues for 

research and policymaking. As we continue to navigate this new digital landscape, it is crucial to embrace the 

opportunities while being mindful of the associated challenges. The future of economic analysis will likely be shaped 

by how effectively we can leverage these tools to deepen our understanding of complex economic phenomena, 

inform policy, and promote sustainable and inclusive growth [53]. Simultaneously, economists and policymakers 

must grapple with ethical and privacy considerations, ensuring that data is used responsibly and that new 

technologies are inclusive and equitable. By doing so, they can mitigate the potential risks and maximize the benefits 

of big data and AI in economic analysis. As this transformation continues to unfold, there will undoubtedly be new 

challenges and opportunities that will shape the future of the field. 

3.4. The Rise of Inequality Studies in Economic Analysis 

Inequality has emerged as a critical area of study in recent economic analysis [54]. This section investigates 
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how income and wealth distribution have come to the forefront of economic discussions, the tools being used to 

study these phenomena, and the policy implications of these studies. In recent years, inequality has ascended to 

prominence in economic analysis. Economists, policymakers, and society at large have increasingly recognized the 

multifaceted impacts of inequality on economic stability, social cohesion and safety [55], and political dynamics. 

The concentration of wealth, disparities in income, and intergenerational mobility have become central topics of 

inquiry, prompting the development of new methodologies and approaches to study these phenomena. 

The burgeoning interest in inequality was, in part, fueled by the seminal work of Thomas Piketty, who in his 

book “Capital in the Twenty-First Century” underscored the growing dis- parities in wealth and income in developed 

economies [56]. Piketty’s work, built on a wealth of historical data, challenged the long-held belief in economics 

that inequality tends to decrease in advanced economies - a principle known as the Kuznets curve [57]. Following 

Piketty’s work, an influx of studies has explored various facets of inequality, employing innovative techniques and 

methods. The rise of big data and advanced computational tools, including machine learning and AI, have provided 

novel ways to study inequality. For instance, researchers have used tax return data to trace the evolution of income 

and wealth inequality over time [58], applied ma- chine learning techniques to predict intergenerational mobility 

[59], and employed AI algorithms to study the impact of automation on wage inequality [18]. 

The implications of these inequality studies are profound and multifaceted, impacting policy decisions at 

multiple levels. At the macro level, understanding income and wealth disparities informs fiscal and monetary 

policies. For example, the work of Saez and Zucman on wealth concentration has influenced tax policy debates, most 

notably, the discussions on wealth taxes [60]. At the micro level, insights into inequality can guide interventions 

aimed at enhancing social mobility and reducing poverty. For instance, Raj Chetty and his collaborators’ work on 

opportunity maps has shaped policies related to housing and education designed to promote social mobility [61]. 

Furthermore, inequality studies have illuminated the intersection between inequality and other pressing issues 

such as sustainability and globalization [62]. The concept of environmental justice, which postulates the uneven 

distribution of environmental benefits and burdens, has gained traction. Scholars like Boyce have explored the 

distributional aspects of environmental degradation and policies [63]. The works of Milanovic have shed light on 

how globalization patterns can exacerbate income inequality across and within countries [64]. 

The rise of inequality studies in economic analysis represents a significant shift in the field. It reflects a broader 

recognition of the central role of equity in achieving sustainable economic development and societal well-being. As 

we continue to grapple with the complexities of eco- nomic inequality, it is imperative to further develop our 

methodologies and to translate our understanding into policies that promote a more equitable and inclusive 

economy. 

4. Discussion 

4.1. Future of Economic Analysis: Emerging Themes and Methodologies 

This final section provides a forward-looking perspective, predicting potential future trends in economic 

analysis. This includes the influence of artificial intelligence, the increasing relevance of interdisciplinary 

approaches, and the growing focus on holistic, inclusive growth. 

As we venture into an era of profound change driven by technological innovation and global challenges, the 

field of economic analysis is bound to undergo consequential transformations. Emerging trends suggest a potential 

redefinition of the discipline’s boundaries and methodologies, driven by three key factors: the influence of artificial 

intelligence (AI), the growing relevance of interdisciplinary approaches, and a shift towards holistic, inclusive 

growth. 

AI has started to revolutionize a myriad of sectors, and economics is no exception. The vast troves of data now 
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available, coupled with machine learning techniques, promise to reshape economic modeling and forecasting. AI’s 

ability to handle complex, high-dimensional problems allows for the creation of more nuanced and realistic 

economic models that account for traditionally hard-to-quantify factors [9]. Moreover, AI’s potential extends beyond 

modeling to policymaking. For instance, reinforcement learning, a type of machine learning where an agent learns 

to make decisions by interacting with an environment, holds promise for policy simulation and optimization [65]. 

Interdisciplinary approaches in economic analysis are becoming increasingly important as complex global 

issues often require a nuanced understanding that transcends traditional economic boundaries [66]. This trend 

acknowledges the interconnectedness of economic, social, and environmental systems, and emphasizes the need 

for economic theories and models that incorporate insights from diverse fields such as ecology, psychology, 

sociology, and computer science. 

Finally, the definition of economic success is changing. There is a growing recognition that an exclusive focus 

on GDP growth is insufficient and that economic policies should aim for holistic, inclusive growth. This trend is 

reflected in initiatives like the United Nations’ Sustainable Development Goals (SDGs) and the OECD’s inclusive 

growth initiative [11, 67]. Future economic analysis will likely place greater emphasis on social equity, 

environmental and socio-economic sustainability [68], and overall wellbeing, moving beyond traditional metrics to 

consider a broader array of societal outcomes. 

The field of economic analysis stands on the brink of significant transformation driven by AI and digital 

technologies, interdisciplinary approaches, and a redefinition of economic success. These trends present both 

opportunities and challenges for economic researchers and practitioners, promising to open up new frontiers in 

understanding complex economic systems and devising innovative policy solutions. As we move forward, flexibility, 

adaptability, and an openness to change will be key assets in navigating this exciting future landscape. 

The future of inequality studies in economic analysis is a broad and evolving field. Here are some potential 

future directions and areas of focus based on recent academic literature: 

A study by Guan et al. [69] suggests that future research should focus on the hierarchical characteristics of 

urban systems and conduct multi-scale research on the complex interactions within them to capture dynamic 

features. This could include studying how economic inequality manifests at different scales - from individual 

households to neighborhoods, cities, regions, and countries. For example, researchers could use AI and machine 

learning to analyze large datasets on income, wealth, and other economic indicators at different scales to identify 

patterns and trends in economic inequality. 

A bibliometric analysis by Temerbulatova et al. [70] identified a gap in the literature on the factors determining 

the quality of economic growth, which subsequently affect income inequality. Future research could focus on 

understanding how different types of economic growth (e.g., inclusive vs. exclusive growth, sustainable vs. 

unsustainable growth) impact income inequality. This could involve developing new economic models that 

incorporate measures of the quality of economic growth. 

A systematic review by Derhab and Elkhwesky [71] found that waste management in mi- cro, small, and 

medium-sized enterprises (MSMEs) is an important area of focus for future research. This could include studying 

how waste management practices in MSMEs impact eco- nomic inequality. For example, researchers could 

investigate whether MSMEs in low-income communities have access to the same waste management resources and 

opportunities as those in high-income communities. 

These are just a few potential future directions for inequality studies in economic analysis. The field is vast and 

constantly evolving, and there are many other potential areas of focus. For example, future research could also focus 

on the impact of technological change on economic inequality, the role of education and skills in shaping income 

distribution, and the effects of fiscal and monetary policy on inequality. 
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4.2. Challenges of integrating AI in economic analysis 

The integration of Artificial Intelligence (AI) in economic analysis has brought about significant advancements, 

but it also presents potential challenges such as algorithmic bias and data misuse. These issues can have profound 

consequences on the validity of economic analysis and the fairness of decisions made based on these analyses. 

AI algorithms are trained on data, and if this data contains biases, the resulting models can also be biased. This 

is known as algorithmic bias.  For instance, Raghavan et al. [72] examined the practices of companies offering 

algorithms for employment assessment. They found that these algorithms could potentially perpetuate existing 

biases in hiring, leading to unfair outcomes. In the context of economic analysis, such biases could lead to skewed 

results and incorrect conclusions. 

The misuse of data is another significant concern in the application of AI in economic analysis. Data misuse can 

occur when data is used without proper consent, or when it is used for purposes other than those for which it was 

collected. Luong et al. [73] discussed the economic and pricing models for data collection in IoT. They highlighted 

the importance of ensuring that data collection and usage practices are ethical and transparent to prevent misuse. 

Looking forward, the use of AI in economic analysis is likely to continue to evolve. As AI algorithms become 

more sophisticated, they will likely become more integral to economic modeling and forecasting. However, it is 

crucial to address the issues of algorithmic bias and data misuse. Future developments in this field could include 

the development of more robust methods for detecting and mitigating bias in AI algorithms, as well as stronger 

regulations and standards for data usage. Abowd and Schmutte [74] proposed an economic solution to the trade-

off between privacy protection and statistical accuracy. They suggested that the optimal choice should weigh the 

demand for accurate statistics against the demand for privacy. This kind of approach could guide future 

developments in the use of AI in economic analysis. 

4.3. Recommendations for Researchers, Policymakers and Practitioners 

Adopting AI methodologies for economic analysis and modeling can be a game-changer for researchers, 

policymakers, and practitioners. Here are the specific guidance and suggestions for these stakeholders: 

⚫ The first step towards adopting AI methodologies is to understand the basics of AI and machine learning.  

There are numerous online courses and resources available that provide a comprehensive understanding of 

these technologies. It’s also important to understand the mathematical and statistical concepts that underpin 

these technologies. 

 AI methodologies rely heavily on data. Therefore, it’s crucial to have a robust data management system in place. 

This includes data collection, data cleaning, data storage, and data security. It’s also important to ensure that 

the data used for modeling is representative and unbiased to avoid skewed results. 

 There are numerous AI models available, each with its strengths and weaknesses. It’s important to choose the 

right model based on the specific requirements of the economic analysis. Once the model is selected, it should 

be validated using a subset of the data to ensure its accuracy. 

 While AI models can provide valuable insights, they can also be complex and difficult to interpret. It’s 

important to use techniques like feature importance and partial dependence plots to understand how the 

model is making predictions. This can help in explaining the model’s predictions to non-technical stakeholders. 

 When using AI methodologies, it’s important to consider the ethical implications. This includes issues like data 

privacy, algorithmic bias, and the impact of AI decisions on individuals and society. 

 Collaboration between economists, data scientists, and AI experts can lead to more robust and effective 

economic models. Economists can provide the economic context and theory, data scientists can manage the 

data and develop the models, and AI experts can provide the latest AI techniques and methodologies. 
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5. Conclusion 

As we have traversed through this journey of exploring recent developments and transformations in economic 

analysis, several salient themes have emerged. The rise of inequality studies, the transition from classical to smart 

economics, and the profound influence of technology and big data, all attest to the continually evolving nature of 

economic analysis and its underlying methodologies. 

Income and wealth distribution has moved to the forefront of economic discussions, necessitating new tools 

and approaches. Meanwhile, the advent of artificial intelligence (AI) and the surge in computational power have 

sparked a shift from classical models to more complex, AI-driven perspectives. This paradigm shift, which we have 

termed as ’smart economics’, rep- resents a new era of economic analysis that is characterized by more nuanced, 

dynamic, and holistic models. The rise of smart economics, while bringing forth new challenges, also opens up 

exciting opportunities for innovation and discovery in the field [75]. 

Parallelly, the digital transformation and the subsequent influx of big data have had a transformative impact on 

economic analysis. They have catalyzed the advent of computational economics and enabled the application of 

machine learning techniques to economic analysis. While these developments offer new tools and opportunities, 

they also bring forth significant challenges, particularly in terms of technical requirements and ethical 

considerations. 

Looking ahead, as the landscape of economic analysis continues to shift and transform, adaptability, flexibility, 

and innovation will be key. Researchers and policymakers alike will need to embrace new technologies, 

methodologies, and paradigms, all while maintaining a vigilant eye on the associated challenges and ethical 

implications. 

The field of economic analysis is at a turning point, with the potential to provide deeper insights, more accurate 

forecasts, and more informed policies than ever before. The future of economic analysis, hence, will likely be shaped 

by how effectively we can leverage these emerging trends and methodologies, mitigate potential risks, and 

maximize the benefits for sustainable and inclusive economic growth. By providing a panoramic view of the current 

landscape of economic analysis, this article offers a compass for academics, policymakers, and practitioners, guiding 

them in navigating the dynamic world of economics in the 21st century. 
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