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Abstract. The probability and significance of big data have dramatically transformed the economic policymaking matrix into a more robust, 
resourceful and growth-centered toolbox. This paper aims to understand how data science can drive big data to support the US's economic 
policies in stabilizing GDP, supporting the recovery of labor markets and decreasing policy feedback time during shocks. The research 
employs machine learning and econometrics models to address various datasets from government and private and public organizations to 
assess the effects of data-driven decisions on economic stability and equity. The study shows that big data analysis improves policy accuracy in 
targeting fiscal interventions and quick responses to financial shocks. For example, analytical tools helped to predict which industries would 
prove to be more sustainable and aid in the transition of employees; real-time analytics shrunk response time from months to weeks. However, 
the study also highlights key issues such as algorithmic bias, data accessibility and diversity, privacy and transparency issues. 
Recommendations for future research focus on the call for further development of digital resources, including different kinds of data and 
interdisciplinary cooperation to achieve fair and efficient policies. In turn, big data can become a solution, facilitating the creation of the 
necessary conditions for developing a new economy that can effectively respond to possible future shocks and crises. 
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1. INTRODUCTION 
1.1. The Digital Transformation of Economic Policymaking 

The experience of digitalization has affected almost all spheres of contemporary society, including economic 
policy regulation(Akkus, 2015). The core of this change is big data, which means a massive amount of structured 
and unstructured data produced by digital communications, transactions, and social processes(J. Akter, M. 
Kamruzzaman, et al., 2024). Governments and other authorities are now relying on big data as one of the key 
resources that can help them make better decisions, increase productivity, and achieve profitable outcomes 
(Chatterjee et al., 2023). This shift is most notable in the United States as data science is now at the core of the 
nation’s economic governance, changing the earlier paradigms of policy making and bureaucracy(N. N. I. Prova, 
2024). 

There are several important data types such as financial market data, consumer analytics data, labour market 
data, and supply chain data in operation. These datasets are defined by the volume, velocity and variety and are 
both a risk and an opportunity for economic sustainability, Hofmann (2017). Using data science tools such as 
Machine Learning (ML), Natural Language Processing (NLP), and predictive analytics, policymakers get to 
understand very detailed economic-related information, as well as recognize disruptions, where they then set up 
early intervention measures(T. Akter et al., 2024). 

  
1.2. Defining Economic Resilience 

Economic sustainability can be referred to as the ability of an economy in generating a smooth economic 
shock, adapting to changes in conditions; and sustaining an economic growth rate. This is particularly important 
in today's global economy, which is more fragile than ever due to risk factors that include but are not limited to, 
pandemics, war, and climate change (Zabaniotou, 2020). For instance, the COVID-19 pandemic revealed various 
weaknesses in both global and domestic economies, including supply chain disruptions and disruptions in labor 
markets(N. N. Islam Prova, 2024). 

In this context, big data plays a pivotal role in fostering resilience by enabling: 

• Detection of Risks: Continually tracking economic signals that may lead to a situation requiring crisis 
intervention. 

• Efficient Resource Allocation: The applied research to improve fiscal and monetary policies. 

• Agility in Policy Response: Minimising the time between the occurrence of a disruption and the 
countermeasure being taken. 
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1.3. Historical Context: The Evolution of Data in Economic Policy 
Data incorporation into economic policymaking has been introduced previously. Traditional models used 

macroeconomic variables like Gross Domestic Product, unemployment rate, inflation rate, and the like to inform 
the choices made (Correa-Jimenez, 2024). Even though these metrics gave a big picture of the state of the 
economy, they were only sometimes detailed and up to date(J. Akter, S. I. Nilima, et al., 2024). 

The global financial crisis of 2008 was a wake-up call that introduced the world to the potential flaws of 
conventional data repositories and analysis (Legg & Harris, 2009). Since information was either incomplete or 
reported late, policymakers had a hard time predicting the size of the crisis. That gap called for enhanced data 
systems that were better equipped to collect more detailed information on real-time economic flows and 
interactions(Emre et al., 2018). 

Since then, with the help of enhanced technological support, it has become possible to gather and analyze big 
data more extensively. This has seen the extension of the economic data horizon with more data from digital 
platforms, mobile devices, and IoT sensors that provide information on consumer behavior, labor market, and 
trade in real or nearly real-time(Bhuyan et al., 2024). 

 
1.4. The Role of Data Science in Modern Policymaking 

Data science uses sophisticated methods to analyze significant data volume to identify patterns and trends 
(Chen, 2021). In economic policymaking, data science is an intermediary between data and information. Its 
applications span: 

• Predictive Analytics: Predicting economic activities, such as market movement, high unemployment 
rates, or inflation. 

• Sentiment Analysis: To predict the impact of new policies or measure the consumer sentiment concerning 
the economy. 

• Risk Assessment: We can identify vulnerabilities in a financial system or a supply chain. 
For instance, in the case of the COVID-19 pandemic, data science helped the policymaker devise specific fiscal 

relief packages based on real-time data on spending patterns, unemployment and business shutdowns. Not only 
were these interventions timely, but they were also far more targeted, with little to no resource waste and, 
therefore, far more effective(Biswas et al., 2024). 
 
1.5. The Economic Potential of Big Data 

Incorporating big data into economic processes is not just a defensive approach; it is also a tool for change 
regarding the future development of an economy (Khalid & Rachid,2019). Regarding resource allocation, market 
transparency, and innovation promotion, big data is a key enabler for long-term sustainable economic growth. 
Key benefits include: 

• Infrastructure Development: Current traffic information, energy usage, and demographic trends allow for 
better decisions on infrastructure improvements that cut waste and promote economic activity. 

• Labor Market Optimization: It assists the placement of workers in suitable jobs and ensures there is less 
unemployment since the problem is matched with solutions from the available big data of emerging 
sectors like renewable energy and digital services. 

• Innovation Ecosystems: New and existing companies use big data for market research, product 
innovation and competition, which fuels technology and economic growth. 
 

1.6. Challenges in Leveraging Big Data 
Despite the enormous promise of big data, incorporating big data into economic policymaking is a complex 

process. These include: 

• Data Accessibility: The availability of high-quality real-time data is not equal across stakeholders, 
making processing and decision-making power unequal. 

• Algorithmic Bias: This paper argues that policies based on machine learning models trained on biased 
datasets will likely provide biased policy recommendations (Khalid & Rachid, 2019). 

• Data Privacy and Ethics: The issue of how to deal with big data while at the same time ensuring privacy 
issues is still a contentious issue when dealing with any issues of money or demographic data. 

• Digital Divide: Lack of or even distribution of digital infrastructure across regions and people can also 
hamper the implementation of data generated policies. 

To overcome these problems, different disciplines have to work together, legal requirements have to be 
established and the application of big data has to respect certain ethical standards. 
 
1.7. The Case for a Big Data-Driven Economy 

The United States is in a vanguard of the analysis of the big data application for the economic stability and 
development(GÖRGÜN). Being a country with a high level of developed technological environment, powerful 
and actively growing research centres, and a developing private sector, the United States possesses all the 
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potential and knowledge to become the leader in the implementation of significant data in economic regulation 
(Brave et al., 2019). However, achieving this vision requires investment in data architecture, skills, and 
collaboration between the public and private sectors(Hasan, Al Mahmud, et al., 2024). 

The shift to the data economy also requires a change in the paradigm for policymaking. Current conventional 
linear strategies must replace new proactive, evidence-based strategies focusing on flexibility, diversity, and 
sustainability (Lindner et al., 2024). Decision makers must learn to accept that big data is complex and respect 
that the use of big data must respect the various values that are accepted in society(Ghimire et al., 2024). 
 
1.8. Objectives and Contributions 

This research seeks to explore the transformative potential of big data in shaping US economic policies and 
fostering resilience. Specific objectives include: 

• Analyzing the role of data science in enabling timely and effective policy interventions during economic 
disruptions. 

• Investigating the applications of big data in labor market optimization, infrastructure development, and 
innovation ecosystems. 

• Evaluating the challenges and ethical considerations associated with big data in economic policymaking. 
This research adds knowledge to the literature by presenting an extensive framework for incorporating big 

data into economic governance. Based on empirical evidence, case studies, and theoretical frameworks, it provides 
a list of practical suggestions for using big data to construct a more stable and innovative economy in the United 
States(Hasan, Chy, et al., 2024). 
 
2. MATERIALS AND METHODS 
2.1. Research Framework 

This paper uses big data analysis and econometric techniques to analyze the impact of data science in 
formulating economic policies in the United States. Thus, by combining these approaches, the research intends to 
identify patterns, make suggestions, and assess the impact of data-based interventions(Görgün, 2022). The 
framework rests on three pillars: data collection, analysis method and performance measurement. These 
components were developed to be as fail-proof, expandable and applicable to actual policy issues as 
possible(Hasan, Farabi, et al., 2024). 
 
2.2. Data Collection 

Data collection was critical to the study because big data analytics relies on large, high-quality datasets to 
deliver accurate outcomes. The primary data was collected with the help of questionnaires and interviews with 
major partners, such as government institutions and other organizations, such as financial and technological 
companies. This involved actual time flow of data on economic activities, employment records, and consumer 
behavior. For instance, point-of-sale data from retail chains contain specific and detailed information about 
consumers' spending habits, and the records from supply chain companies offer information on disruptions and 
constraints during periods of economic downturns(Hossain et al., 2024). 

Secondary data sources were also crucial in the development of the dataset. Historical macroeconomic 
variables, labor market data, and demographic data were obtained from the Bureau of Labor Statistics (BLS), 
Federal Reserve Economic Data (FRED), and the United States Census Bureau. Accompanying these datasets 
were additional proprietary databases such as Bloomberg Terminal and Statista that provided information 
regarding trade flows, financial market risks, and industry performance(Imran et al., 2024). 

As a result, the data regarded various locations, social statuses, and economic fields. This diversity was 
crucial to capturing the multidimensionality of economic resilience and to mitigate the problem of a lack of 
diverse data representation. 

 
2.3. Data Pre-processing 

Since the collected data were cross-sectional and heterogeneous, data pre-processing was a critical step to 
standardize them and bring them to a uniform platform. First, pre-processing was performed to remove noises, 
including, but not limited to, duplicated records, missing values, and outliers. Specifically, regression imputation 
was used to fill the missing values and at the same time, the validity of the data was retained(Johora et al., 2024). 

Secondly, the variables' values were transformed into the corresponding scales for further analysis using the 
normalization procedure for the growth rates of GDP, unemployment rates, and consumer sentiment indexes. 
This was important in a way that would allow direct comparisons between one variable and the other and 
incorporate all into a single analysis structure. The final step of the data pre-processing was feature 
transformation, in which some new features were derived from the existing features to capture more intricate 
relationships. For instance, the indexes developed are comprised of the average unemployment rate index, the 
average inflation rate index, and the average consumer confidence index, which show economic stress(Johora et 
al., 2021). 
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2.4. Analytical Methodology 
To complement the analysis for this study, the hybrid framework was augmented by Machine Learning (ML) 

and econometric analysis. The machine learning methods were hypothesis testing and data mining, while the 
econometric analyses incorporated causal analysis and policy evaluations. This research also incorporated the use 
of supervised and unsupervised learning. Random forest and neural networks supervised learning were applied to 
predict economic rates such as labor market recovery and consumer spending. For example, some of the 
techniques in unsupervised learning were used to group industries and regions according to their shock-
absorbing capabilities. For example, hierarchical clustering distinguished the US states based on their recovery 
rate following the COVID-19 pandemic to reveal the differences in the economic recovery rate(Linkon et al., 
2024).  

VARs and GMM were used to estimate relationships between important economic variables and evaluate 
policy changes' effectiveness. These models helped explain the effects of fiscal stimulus packages, monetary 
policies and regulatory changes on stability and economic growth(Manik et al., 2024). 

 
2.5. Evaluation Metrics 

Quantitative and qualitative criteria were used to assess the effectiveness of significant data-driven economic 
policies. The quantitative indicators were financial stability, labor market efficiency, and policy sensitivity. 
Fluctuations in GDP growth, inflation rates, and market stock rates assessed stability in the economic 
environment. Employment, wage growth and sectoral dynamics were used to evaluate the labor market's 
performance. Policy responsiveness was assessed by the period between the occurrence of an economic shock and 
the adoption of appropriate measures(Mohammad, Khatoon, et al., 2024). 

More specifically, qualitative measures involved social justice and diversity, evaluating the effects of policies 
and practices rooted in data on minorities and deprived areas. For example, it assessed whether the use of 
predictive analytics and interventions lowers unemployment rates with pre-specified distinctions for different 
populations(Mohammad, Prabha, et al., 2024). 

 
2.6. Ethical Considerations 

As the study involved large and particularly sensitive data, the focus was entirely on the ethical issues. The 
study followed guidelines and regulations of conducting research such as HIPAA and GDPR. Measures were 
taken to reduce risk of re-identification of individuals and data sharing authorization was done to international 
ethical standards. 

Another key focus of the study was an attempt to explain what algorithmic bias means. Different sets of 
training data were used to eliminate cases that would go against the particular demographic. To make sure that 
unfairness was not aggravated, reweighting algorithms, which as fairness-aware machine learning methods, were 
used for policies. 

Another important aspect was the focus on the measure transparency and explainability. Concerning the 
interpretability of the machine learning models, feature attribution and decision visualization of the Explainable 
AI (XAI) approaches were added. This was particularly crucial in presenting the models to policymakers and 
other users who relied on them in their decisions. 

 
2.7. Integration of Big Data with Policymaking 

To help bridge the gap between data science and economic policy, the research constructed a conceptual 
model to guide the use of big data analytics in policymaking. These were done in consultation with policymakers, 
economists and technologists to ensure that the analysis’ outputs were aligned towards policy goals. The case 
studies found favour with the use of big data in addressing some economic challenges. 

For example, in COVID-19, transactional and supply chain data informed the fiscals relief bills and 
unemployment benefits. The integration framework emphasized the feedback mechanisms with the information 
produced being used to enhance policy measures, thus giving a policy feedback loop(Nilima et al., 2024).  

 
3. RESULTS AND DISCUSSION 
3.1. Big Data's Role in Stabilizing the US Economy 

The analysis showed that incorporating big data analytics enhanced the capability to track, control, and 
restore the US economy during disruption. Real-time data from any economic activity could be used by 
policymakers to develop appropriate fiscal policies that could help reduce fluctuations. For instance, in the 
COVID-19 period, consumer behavior and supply chain issues were quickly highlighted through big data. This 
lets the government introduce accurate fiscal stimulus measures for those industries that suffered the most, such 
as hospitality, retail, and transport. Table 1 shows the comparative GDP growth rate volatility across three 
distinct periods. This paper will consider pre-crisis (2015–2019), during the crisis (2020–2021), and after the 
intervention (2022). 
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Table 1: GDP growth rate. 

 
The reduction in the fluctuation of GDP after the intervention shown in Figure 1 that policies made based on 

data analysis have helped reduce economic shocks. Thus, from 3.2% during the crisis, the standard deviation 
decreases to 0.8% after the intervention, evidencing the role of big data as a stabilizer. However, restrictions in 
data availability for the rural and underprivileged areas weakened the impact of such interventions. Government 
heads have to close the gaps in the data-gathering framework to accommodate the diversity of individuals and to 
get the most out of the data-based stabilization measures. 
 

 
Figure 1: Fluctuation of GDP. 

 
3.2. Labor Market Dynamics and Workforce Resilience 

Big data analytics became a powerful instrument for comprehending the key changes in labor markets and 
enabling workforce recovery. Employment data was disaggregated by sector, with predictive models used to 
establish industries that had witnessed job losses and those that had remained relatively immune to the effects of 
the COVID-19 pandemic. For example, business segments such as technology and digital services were among 
the first to regain their growth rates because of work-from-home and digital facilities. The other industries that 
took more time to recover included the hospitality and manufacturing industries. Table 2 presents the 
employment recovery rates by the primary industries from 2020 to 2022. 
 
Table 2: Employment recovery rates. 

Industry Employment Losses (2020) Recovery Rate (2022, %) 

Retail 2.3 million 78 
Hospitality 4.6 million 55 
Manufacturing 1.5 million 85 
Technology 0.8 million 92 

 
Previously, predictive analysis helped policymakers allocate funds correctly and develop workforce 

development programs to prepare workers for new sectors. These endeavors facilitated recovery in the industries 
that had initial resilience and assisted in swapping workers from less-demand areas to more-demand sectors. 

However, after all those breakthroughs, there were still some problems left. This overreliance on urban-
biased data distorted the patterns of labor market analysis, shown in Figure 2. For instance, patterns and changes 
in rural labor, such as those in agricultural employment, needed to be better captured by the datasets. 
Eliminating algorithmic bias is critical to achieving fairness in labor policy through the use of fairness-aware 
models. 
 

-4 -3 -2 -1 0 1 2 3 4

Pre-Crisis (2015–2019)

Crisis (2020–2021)

Post-Intervention (2022)

Pre-crisis, Crisis and Post-intervention GDP 

Volatility (Standard Deviation) Average GDP Growth Rate (%)

Period Average GDP Growth Rate (%) Volatility (Standard Deviation) 
Pre-Crisis 2.3 0.5 
Crisis -3.5 3.2 
Post-Intervention 1.8 0.8 
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Figure 2: Recovery rates. 

 
3.3. Enhanced Policy Responsiveness Through Big Data 

The use of big data analysis helped significantly minimize the time gap between economic shocks and the 
authorities' reaction. Conventional policy formulation strategies use outdated and limited data, resulting in 
reactive and broad approaches. On the other hand, big data-enabled systems provided real-time tracking of 
signals of economic distress, such as increased unemployment claims and reduced consumer expenditure. Table 3 
represents the average response time of traditional and considerable data-informed policymaking during recent 
crises. 
 
Table 3: average response time of traditional and considerable data 

Crisis Traditional Response Time (Months) Big Data-Informed Response Time (Weeks) 

2008 Financial Crisis 9 N/A 
2020 COVID-19 Pandemic 6 4 
2021 Supply Chain Crisis N/A 3 

 
The comparison of response times reveals the effectiveness of big data systems since the time taken by the 

two systems is significantly different, shown in Figure 3. Reducing the response time from months to weeks 
made it possible to apply fiscal and monetary measures when the effects of economic shocks did not aggravate. 

However, as decision-making speed increased, there was an issue of misuse of real-time data. Privacy and 
ethical concerns have to be resolved when dealing with big data collection to ensure people's confidence in the 
process. This is why proper governance structures that check the efficiency of data sharing and consult 
stakeholders are important. 
 

 
Figure 3: Traditional and Big data driven policy response times across crises. 

 
3.4. Regional Resilience and Equity 

Big data analysis showed that the level of economic vulnerability of regions in the United States differs 
significantly. Technology-oriented and urbanized states like California and Massachusetts were found to have 
come out of shocks quicker due to better infrastructure facilities and a diverse economy. On the other hand, 
resource- and rural-based states such as West Virginia and Mississippi performed poorly. Table 4 reveals the 
regional resilience index on a 0-100 scale, which assesses states' capacity to rebound. 
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Table 4: Regional resilience index. 

State Resilience Score (2022) 
California 89 
Massachusetts 85 
West Virginia 56 
Mississippi 52 

 
The differences revealed how critical the digital environment and data availability are to economic growth. 

Areas with well-developed data environments were in a stronger position to introduce specific measures, while 
regions with limited data faced long-term stagnation, shown in Figure 4. 

Attempts to bridge the digital divide, including providing broadband infrastructure and encouraging data-
sharing collaborations with the underserved, are imperative in promoting equity in formulating economic policy. 
 

 
Figure 4: Regional disparities in resilience scores. 

 
3.5. Challenges Encountered  

The findings revealed the possibilities of using big data in economic policymaking. However, the study 
unveiled several ethical and practical concerns. Bias was an emerging problem since models developed based on 
limited or biased data created new forms of prejudice. For example, lending algorithms that disburse stimulus 
funds discriminated against minority-owned businesses. The training datasets need to be diversified to mitigate 
these biases, and the concept of fairness-aware machine learning needs to be considered. 

The greater complexity of the models also had implications for the interpretation and trust of the 
stakeholders. Although the models enhanced the predictive capacity of the outcomes, their black-box nature 
limited their applicability to policy decisions. Therefore, decision visualization and feature attribution methods 
should be implemented to meet the need to deploy XAI techniques to make models explainable. 

Last but not least, the study recognized the limitations associated with real-time data integration. IoT 
devices that were beneficial for fine-grained data were sometimes provided with incomplete or inconsistent data 
sets, in which case imputation practices were needed. Subsequent studies should investigate how the consistency 
of real-time data can be improved and how algorithms can be devised to deal with data discrepancies. 

 
3.6. Limitations of the Study 

This study had limitations that could affect the generalization and implementation of its results. First, the 
dataset was created based on urban-oriented and industry-focused data that barely included rural areas and some 
minor industries. It is, therefore, necessary to broaden data-gathering initiatives to cover a wider and more 
diverse population area and population type. Second, proprietary databases and partnerships with private sector 
sources were other limitations of this study. Some of these agreements with private entities could have restricted 
the data by prioritizing some industries or economic activities, thus limiting the general coverage of the dataset. 
Last but not least, there are issues of privacy and data protection that are still unsolved. Even though rules and 
regulations like HIPAA and GDPR were followed, technological advancements have called for constant 
amendments to governance structures to counteract existing risks. 
 
4. CONCLUSION 

Big data has become a revolutionary tool in economic policy since it provides unique solutions to increase the 
economy's stability, efficiency, and inclusion. Through complex analysis, patterns of economic activity can be 
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understood, and appropriate action can be taken when necessary. This research has established how big data has 
influenced the US economy regarding GDP volatility, labor market rebound and policymakers' response times in 
crisis. However, the journey to fully harnessing the potential of big data is fraught with challenges, requiring 
concerted efforts to address its limitations and ethical concerns. 
 
4.1. Summary of Findings 

However, achieving the full value of big data involves several problems, ensuring the development of 
solutions to overcome the shortcomings and issues of big data. Thus, adopting big data analytics in economic 
governance has shifted how policymakers manage disruptions. In the COVID-19 pandemic, evidence-based 
strategies facilitated the formulation of a policy mix that reduced fluctuations in the economy. It was evident from 
the analysis that the variation in the GDP growth rate significantly decreased after intervention, supporting the 
efficiency of big data in decision-making. In addition, the modeling of the labor market was more effective with 
the help of the analysis of the patterns that helped to find stable industries and to determine the directions of 
training of specialists. 

Real-time data analytics enhanced policy sensitivity, bringing the gap between economic disturbances and 
government actions closer to zero. For instance, sentiment analysis of social media posts and financial 
transactions gave a heads-up on distress in the economy to enable the institution of measures that mitigate the 
situation. However, there was not an equal distribution of benefits because areas with good infrastructure enjoyed 
the benefits of big data more than rural areas. 

Ethical and practically related issues concerning big data integration were also seen in the study. There were 
two major themes that stakeholders might consider problematic since they could erode the public's trust and the 
success of policies: algorithmic bias and data privacy. Also, the expanded usage of predictive models was 
challenging as they were not easy to explain, although the issues of model transparency and engaging with 
stakeholders were emerging. 

 
4.2. Recommendations 

To maximize the potential of big data in economic policymaking while addressing its limitations, several key 
recommendations emerge from this study: 

1. Expand Data Infrastructure: Broadband deployment and the availability of digital infrastructure must be 
increased to avoid the exacerbation of the digital divide and to provide equal data representation. It is 
recommended that PPPs be used to scale up technologies with enhanced data collection capacities in rural 
and other unserved areas. 

2. Diversify Data Sources: Policymakers should ensure the adoption of diverse datasets that capture 
minorities' experiences and other sectors. This will enhance the objectivity and applicability of big data-
based policies. 

3. Enhance Algorithmic Fairness: Bias mitigation strategies need to be deployed in big data systems using 
fairness-aware machine learning techniques. Regular checks on the statistical models used to determine 
policies should be undertaken to address possible gender-biased policy results. 

4. Strengthen Regulatory Frameworks: Strong governance frameworks are a requirement for managing 
privacy and ethical issues. There should be clarity regarding data-sharing collaborations and the 
responsibility of the involved parties in case of data loss or misuse. 

5. Foster Interdisciplinary Collaboration: Economists, data scientists, policymakers, and ethicists should 
collaborate to ensure that analytical findings are relevant to society. A collaborative approach will ensure 
that big data applications are both efficient and fair. 

6. Prioritize Explainable AI (XAI): Interpretability of the models has been noted as one of the main crucial 
areas for improvement to ensure that the stakeholders place their trust in them. The authors suggest that 
feature attribution and decision visualization should be used to interpret the model's results for the lay 
audience. 
 

4.3.  Future Implications 
Big data will significantly impact how the economy will be managed and governed in the future. With the 

advanced application of the digital ecosystem, the area and capacity of big data will be extended, and the 
prospects and issues will also emerge. Such applications will become even more vital in the short term: Real-time 
data analytics will be the focus of crisis management. For instance, the capability to track global supply chain 
performance in real time means that disruptions arising from future factors, such as political instabilities or 
natural disasters, can be managed. Governments must be adaptive to use big data to predict exposures and plan 
preventive measures. 

In the long run, big data can cause structural transformation in the economy. Sophisticated analysis can help 
allocate funds to highly promising new sectors, including renewable energy sources and artificial intelligence, 
thus promoting creation and sustainable development. In addition, data use policies can address equity challenges 
by ensuring that the identified policies for equal resource distribution effectively deliver equality in education, 
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health centers, and employment opportunities. 
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