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Abstract 
This study quantitatively examined the impact of data science and business analytics on economic growth, 
productivity, innovation, and operational performance from a global perspective, with particular attention to 
differences across income groups, geographic regions, digital-readiness levels, and economic sectors. A 
longitudinal cross-country quantitative design was applied to 2,964 country-year observations representing 
156 countries across six geographic regions, with a 93.6% observation-retention rate and 97.8% overall data 
completeness. Descriptive statistics, Pearson and Spearman correlations, multiple regression, panel-data 
models, subgroup comparisons, effect-size estimation, mediation and moderation analysis, sensitivity testing, 
holdout validation, and cross-validation were employed. Digital intensity demonstrated the strongest 
correlation with labor productivity (r = 0.64), followed by business-analytics adoption (r = 0.61), while their 
adjusted standardized productivity effects were β = 0.31 and β = 0.29, respectively. The integrated model 
explained 58.7% of productivity variation compared with 39.8% for the baseline economic model. Income-level 
analysis identified substantial heterogeneity, with analytics-related productivity coefficients ranging from β = 
0.38 among high-income economies to β = 0.17 among lower-income economies. Sectoral analysis showed the 
strongest overall relationship in ICT (β = 0.41), followed by manufacturing (β = 0.37), finance (β = 0.35), 
logistics (β = 0.34), retail (β = 0.32), and healthcare (β = 0.28). Digital readiness generated a moderate-to-
large effect size of Cohen’s d = 0.72, while analytics capability produced d = 0.68. Mediation analysis indicated 
that productivity, innovation, decision efficiency, and organizational maturity collectively transmitted 42.9% 
of the analytics–performance relationship, while human capital produced the strongest moderation effect at β 
= 0.18. Robustness analyses retained positive coefficients across alternative model specifications, and 
predictive validation reduced GDP-growth holdout RMSE from 2.07 to 1.68 and MAPE from 12.1% to 9.4%. 
The findings demonstrated that the economic contribution of data science and business analytics was strongest 
when analytical capability was combined with digital infrastructure, skilled human capital, innovation 
capacity, organizational maturity, and supportive institutional conditions. 
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INTRODUCTION 
Data science can be defined as an interdisciplinary field concerned with collecting, organizing, 
processing, analyzing, modeling, and interpreting structured and unstructured data to generate 
meaningful knowledge for decision-making, prediction, optimization, and problem solving. It 
combines statistical analysis, mathematics, computer science, machine learning, database technologies, 
programming, visualization, and domain-specific knowledge to transform large volumes of raw data 
into economically useful information (Bocean & Vărzaru, 2023). Business analytics represents a closely 
related managerial and analytical discipline that applies data, statistical methods, quantitative models, 
predictive techniques, optimization procedures, and computational technologies to support 
organizational decisions and improve operational and strategic performance. Business analytics is 
commonly divided into descriptive analytics, which identifies what has occurred; diagnostic analytics, 
which investigates why particular outcomes occurred; predictive analytics, which estimates probable 
outcomes from historical patterns; and prescriptive analytics, which identifies suitable courses of action 
under specified conditions. Economic growth, in quantitative economic research, generally refers to a 
sustained increase in the production of goods and services within an economy and is frequently 
measured through changes in real gross domestic product, real GDP per capita, labor productivity, 
total factor productivity, industrial output, investment, income, employment, and value added 
(Angelica & Mariluzia, 2022). These three concepts have become increasingly interconnected because 
contemporary economic activity produces substantial quantities of transactional, financial, industrial, 
administrative, consumer, logistical, social, and digital information. Data science provides the 
computational and statistical mechanisms required to process this information, while business 
analytics converts analytical results into operational and strategic decisions at organizational and 
sectoral levels. More than thirty empirical studies examining digital technologies, big-data analytics, 
business intelligence, artificial intelligence, data-driven decision-making, information technology 
capability, and digital transformation have established a substantial quantitative literature connecting 
data utilization with productivity and organizational performance. Within this literature, data is 
increasingly treated as an economic resource whose value depends on analytical infrastructure, 
technological capacity, human expertise, managerial capability, and the organizational ability to 
convert information into decisions (Peng & Tao, 2022). The relationship between data science and 
economic growth is therefore not represented solely by the availability of large datasets or advanced 
software. It involves a broader system of data acquisition, analytical capability, organizational learning, 
technology adoption, human capital, innovation, resource allocation, and evidence-based 
management. Business analytics operates within this system by connecting technical analytical 
processes with measurable business outcomes such as productivity, revenue, cost efficiency, 
profitability, customer retention, innovation, supply-chain performance, and investment effectiveness. 
Quantitative investigation of these relationships provides a basis for examining whether economies 
and organizations with stronger data-science and analytics capabilities exhibit measurable differences 
in economic performance (Rosário & Dias, 2022). 
The international significance of data science and business analytics has expanded as economic 
activities across developed, emerging, and developing countries have become increasingly dependent 
on digital information, interconnected technologies, and quantitatively supported decision processes. 
Global production networks, financial markets, international trade, digital platforms, 
telecommunications systems, transportation networks, healthcare systems, public administrations, 
manufacturing facilities, and retail markets continuously generate data that can be converted into 
economically valuable information. Evidence synthesized from studies conducted across North 
America, Europe, Asia, the Middle East, Africa, Latin America, and multi-country samples 
demonstrates considerable international variation in the adoption and economic utilization of 
analytical technologies (Pappas et al., 2018). Advanced economies generally possess stronger digital 
infrastructure, larger concentrations of data-intensive firms, greater availability of analytical 
professionals, and more developed innovation ecosystems, while emerging economies have recorded 
substantial expansion in digital services, mobile technologies, electronic commerce, financial 
technology, and analytics-supported business activities. This international variation has made data 
science and business analytics relevant to comparative economic analysis because similar analytical 
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technologies can produce different outcomes under different institutional, technological, industrial, 
and human-capital conditions. Cross-country research has consequently examined relationships 
among digital adoption, information and communication technology investment, data capabilities, 
innovation, labor productivity, firm performance, competitiveness, and national economic output. 
Data-intensive economic activities are not confined to technology companies (Aly, 2022).  
 

Figure 1: Data Science Drives Economic Growth 

 
Manufacturing enterprises use analytical models for predictive maintenance, quality control, 
production scheduling, inventory optimization, energy management, and demand forecasting; 
financial institutions apply analytics to credit evaluation, fraud detection, risk management, portfolio 
decisions, and customer segmentation; retailers use transactional and behavioral data for pricing, 
inventory planning, recommendation systems, and demand estimation; transportation and logistics 
organizations apply analytics to routing, fleet utilization, delivery scheduling, and capacity 
management; and public institutions use administrative data for economic planning, taxation, resource 
allocation, service delivery, and policy evaluation. The international significance of these activities also 
arises from differences in the scale and structure of national economies (Popovič et al., 2018). Large 
economies can generate substantial volumes of data through extensive consumer and industrial 
markets, whereas smaller economies may obtain economic value through highly digitalized services, 
specialized industries, international connectivity, and efficient information systems. Across more than 
thirty studies, quantitative evidence has repeatedly connected data-oriented organizational practices 
with indicators such as operational efficiency, innovation capacity, productivity, profitability, 
responsiveness, and competitive performance, although the magnitude and statistical strength of these 
relationships vary according to industry, country, organizational size, analytical maturity, and 
measurement strategy (Guo & Xu, 2021). A global perspective therefore places data science and 
business analytics within a diverse international economic environment in which technological 
capability, institutional quality, workforce skills, infrastructure, industrial composition, and access to 
data differ substantially across countries. 
Productivity represents one of the principal quantitative channels through which data science and 
analytical capability can be associated with economic growth. Economic expansion depends not only 
on increasing quantities of labor and capital but also on improving the efficiency with which available 
resources are combined and utilized. Data science contributes to this process by allowing organizations 
to identify patterns, forecast demand, detect inefficiencies, classify risks, optimize processes, automate 
repetitive analytical activities, and allocate resources according to measurable evidence (Garzoni et al., 
2020). Studies of data-driven organizations have examined labor productivity, sales per employee, 
output per worker, total factor productivity, operating margins, asset utilization, production efficiency, 
and cost reduction as quantitative indicators of analytical value. Across manufacturing environments, 
data collected from machinery, sensors, production lines, enterprise resource planning systems, 
quality-control processes, and supply networks has supported statistical monitoring and predictive 
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models designed to reduce equipment failure, production interruption, material waste, inventory 
imbalance, and quality variation. In service industries, customer and operational data have been 
analyzed to improve workforce scheduling, service capacity, transaction processing, customer 
targeting, and resource utilization (Sharabati et al., 2024). Quantitative research on firms using big-data 
analytics and related digital capabilities has generally identified positive associations between mature 
analytical practices and measures of operational or organizational performance, while also 
demonstrating that the size of the relationship varies substantially among firms and sectors. This 
variation is important because access to data alone does not automatically increase productivity. 
Analytical value depends on complementary investments in computing infrastructure, software, data 
architecture, managerial processes, employee skills, organizational routines, and decision-making 
authority. Studies examining technology-intensive organizations have frequently reported stronger 
productivity relationships where analytics is integrated into operational processes rather than 
maintained as an isolated technical activity. Research has also differentiated simple technology 
adoption from the intensity, diversity, and sophistication of actual analytical use (Pan et al., 2022). 
Organizations that combine information from multiple functional areas can obtain a broader 
representation of production conditions, consumer behavior, financial performance, and market 
demand than organizations using fragmented data sources. From a macroeconomic perspective, firm-
level productivity improvements become relevant because national economic output is an aggregation 
of production and value creation across organizations and industries. Improvements in resource 
allocation, operational efficiency, capital utilization, and labor productivity can therefore correspond 
with changes in sectoral value added and aggregate productivity. The international quantitative 
literature has examined these relationships through firm surveys, administrative datasets, financial 
statements, panel data, cross-country indicators, longitudinal databases, and sector-specific 
observations (Senadjki et al., 2024). This body of research establishes productivity and resource 
allocation as measurable dimensions connecting analytical capabilities at the organizational level with 
broader economic performance. 
Business analytics connects data-science capability with economic activity by transforming quantitative 
information into decisions concerning production, investment, pricing, marketing, financing, 
procurement, logistics, human resources, and strategic management. Traditional managerial decisions 
often depend on historical reports, professional experience, managerial judgment, and relatively 
limited information, whereas analytics-based decision systems can incorporate substantially larger 
datasets and systematically evaluate relationships among multiple variables (Li et al., 2022). 
Descriptive dashboards allow managers to monitor key performance indicators, predictive models 
estimate sales, demand, risk, customer behavior, or operational requirements, and prescriptive systems 
evaluate alternative decisions under defined objectives and constraints. Quantitative studies across 
banking, manufacturing, telecommunications, retail, healthcare, logistics, information technology, 
tourism, professional services, and other industries have investigated whether these analytical 
capabilities correspond with measurable improvements in organizational performance. Frequently 
examined dependent variables include profitability, return on assets, sales growth, market 
performance, operational efficiency, productivity, customer satisfaction, innovation performance, 
supply-chain responsiveness, and competitive performance (S. Li et al., 2023). The empirical literature 
generally treats business analytics capability as a multidimensional organizational resource rather than 
a single technological investment. Data quality, technological infrastructure, analytical talent, 
managerial support, organizational culture, information-sharing practices, and analytical integration 
have consequently been incorporated into quantitative models as explanatory, mediating, or 
moderating variables. Research across numerous national settings has shown that managerial and 
organizational capabilities play substantial roles in determining whether technical analytical resources 
are converted into measurable business value. Human capital is particularly important because 
statistical models and machine-learning algorithms require professionals capable of selecting 
appropriate data, evaluating model assumptions, interpreting results, recognizing analytical 
limitations, and communicating evidence to decision makers (Zhai et al., 2022). Organizational decision 
processes also influence the economic value obtained from analytical systems because information has 
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limited operational value when analytical findings are not incorporated into pricing, production, 
investment, marketing, or resource-allocation decisions. More than thirty studies collectively 
demonstrate that the relationship between analytics and performance is heterogeneous rather than 
mechanically uniform. Differences in firm size, technological maturity, competitive intensity, industry 
structure, employee skills, management quality, and data availability produce substantial variation in 
observed performance outcomes. Quantitative examination of these factors allows the economic 
contribution of analytics to be assessed through direct relationships and through indirect pathways 
involving decision quality, organizational agility, innovation, efficiency, and dynamic capabilities 
(Casciani et al., 2022).  
 

Figure 2: Business Analysis Process 

 
Business analytics therefore occupies an important analytical position between technical data-
processing capacity and observable economic outcomes at the firm and industry levels. 
Innovation constitutes another major dimension connecting data science and business analytics with 
economic performance across countries. Economic research has long associated technological 
innovation with productivity improvements, structural transformation, industrial competitiveness, 
and the creation of new products, services, processes, and markets. Data science extends this 
relationship by allowing organizations to extract patterns from large and heterogeneous information 
sources and use those patterns to support experimentation, product development, market analysis, 
process redesign, and technological adaptation (Galindo-Martín et al., 2019). Business analytics can 
identify changes in consumer preferences, evaluate product performance, measure market responses, 
estimate demand, segment customers, and detect operational opportunities that may not be visible 
through conventional reporting methods. Quantitative studies examining analytics capability and 
innovation have evaluated indicators such as new-product performance, process innovation, 
innovation speed, research and development effectiveness, organizational agility, knowledge creation, 
exploratory innovation, exploitative innovation, and overall innovation performance. Evidence across 
multiple countries and industries has demonstrated that analytical capability often interacts with 
organizational learning and dynamic capabilities rather than operating independently. Firms require 
mechanisms for acquiring information, sharing knowledge across departments, modifying routines, 
and converting analytical findings into operational changes (Cantú-Ortiz et al., 2020). Digital 
transformation provides a broader organizational context for these processes because cloud computing, 
artificial intelligence, machine learning, Internet of Things technologies, enterprise platforms, digital 
payment systems, and automated production systems produce and process data at increasing 
organizational scale. The economic value generated from these technologies can appear through 
reduced transaction costs, faster information processing, improved forecasting, automated decision 
support, better coordination, and expanded digital market access. Cross-country quantitative studies 
have also documented considerable variation in digital transformation according to income level, 
infrastructure quality, education, research capability, institutional conditions, and industrial 
composition. This variation creates measurable differences in the capacity of national economies to 
convert digital resources into productivity and output (Shang et al., 2023). Small and medium-sized 
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enterprises form an important part of this evidence because they account for substantial employment 
and economic activity in many countries while often possessing fewer financial, technological, and 
human resources than large corporations. Studies of SMEs have therefore investigated analytical 
readiness, management support, technological capability, external competitive pressure, digital 
adoption, and organizational performance. The accumulated literature indicates that data-enabled 
innovation is shaped by interactions among technology, human capital, organizational processes, and 
market conditions. Quantitative measurement of these interactions permits assessment of whether 
analytical capability corresponds with innovation and whether differences in innovation performance 
are associated with broader variation in organizational and economic outcomes (Dutta et al., 2020). 
The economic relationship between data science, business analytics, and growth cannot be examined 
adequately without considering differences in sectors, workforce capabilities, technological 
infrastructure, and national economic conditions. More than thirty empirical studies across developed 
and emerging markets have demonstrated that returns associated with digital and analytical 
capabilities vary substantially according to organizational and environmental characteristics. 
Technology-intensive sectors commonly possess extensive digital records, automated processes, 
integrated information systems, and employees with specialized analytical competencies, enabling 
data to be incorporated directly into operational and strategic decisions (Llopis-Albert et al., 2021). 
Manufacturing organizations can obtain analytical value through production optimization, quality 
prediction, predictive maintenance, supply-chain planning, and energy management, while financial 
organizations can use analytics for credit scoring, fraud detection, investment analysis, regulatory 
monitoring, and risk estimation. Retail and electronic-commerce firms rely heavily on customer 
transactions, digital interactions, recommendation systems, demand forecasting, and dynamic 
inventory management. Healthcare organizations use clinical, administrative, operational, and 
financial data for resource planning and service management, while transportation and logistics firms 
apply data to route optimization, demand prediction, fleet management, and delivery coordination. 
These sectoral differences influence both the amount of data available and the economic mechanisms 
through which analytical capabilities affect performance (Kwilinski et al., 2023). Human capital 
represents another major source of heterogeneity. Data scientists, statisticians, economists, engineers, 
business analysts, information-system specialists, and managers contribute different competencies to 
the analytical process, and the availability of these skills differs significantly across organizations and 
countries. Education, professional training, digital literacy, management capability, and technical 
expertise therefore influence the capacity to convert analytical technologies into productive activity. 
Infrastructure is similarly important because reliable broadband networks, cloud services, data centers, 
computing resources, cybersecurity systems, digital payment platforms, and interoperable databases 
determine the accessibility and usability of information. Cross-national differences in these resources 
create distinct analytical environments for high-income, middle-income, and lower-income economies. 
Institutional conditions such as regulatory quality, data governance, privacy requirements, 
competition, access to finance, intellectual-property protection, and public-sector digitalization further 
contribute to observed differences (Martínez-Peláez et al., 2023). Quantitative studies using national 
indicators, firm-level surveys, administrative records, and multi-country panels have consequently 
incorporated variables representing human capital, digital infrastructure, institutional quality, 
investment, trade, research and development, industrial structure, and technological adoption. The 
resulting evidence portrays data-driven economic performance as a heterogeneous phenomenon in 
which technological resources interact with organizational and national characteristics, creating 
measurable differences in productivity, innovation, competitiveness, and economic output across 
sectors and countries (De Bem Machado et al., 2022). 
The growing empirical literature on data science, business analytics, digital capability, and economic 
performance provides a broad quantitative foundation for examining their relationship with economic 
growth from a global perspective. More than thirty studies have employed survey datasets, corporate 
financial records, administrative databases, digital-adoption indicators, industry statistics, national 
economic indicators, longitudinal observations, and multi-country panel datasets to quantify 
relationships among analytical capability and economic outcomes. These studies have applied 
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correlation analysis, multiple regression, panel-data estimation, structural equation modeling, 
mediation and moderation analysis, productivity models, fixed-effects and random-effects procedures, 
machine-learning techniques, robustness testing, and cross-country comparisons (Surya et al., 2021). At 
the organizational level, independent variables commonly include business analytics capability, data-
science adoption, big-data utilization, digital technology investment, data quality, analytical human 
capital, technological infrastructure, managerial support, organizational readiness, and data-driven 
decision-making intensity. Dependent variables frequently include labor productivity, firm 
performance, profitability, sales growth, operational efficiency, innovation performance, market 
performance, and competitive outcomes. At the macroeconomic level, real GDP growth, GDP per 
capita, productivity, employment, investment, innovation output, digital competitiveness, and sectoral 
value added provide measurable indicators through which national economic performance can be 
evaluated (Omol, 2024). Control variables such as country income level, population, trade openness, 
capital formation, education, research and development expenditure, industry composition, firm size, 
organizational age, and technological intensity are frequently incorporated to separate analytics-related 
relationships from other economic influences. The global perspective is particularly important because 
the same level of analytical adoption may correspond with different economic outcomes across 
countries characterized by different levels of infrastructure, institutional development, human capital, 
industrialization, and digital maturity. Measurement must therefore distinguish between simple 
adoption and effective analytical utilization. A firm may possess analytics software without extensively 
integrating it into decision processes, while another may combine diverse internal and external data 
sources across production, finance, marketing, logistics, and strategy (Del Vecchio et al., 2021). Similar 
distinctions apply at the national level, where digital access alone does not measure the intensity or 
economic sophistication of data use. Quantitative assessment can therefore incorporate analytical 
adoption rates, digital capability indicators, data intensity, workforce skills, innovation measures, 
productivity outcomes, and economic growth indicators within an integrated empirical structure. Such 
a framework enables systematic examination of the statistical relationships among data-science 
capability, business analytics utilization, organizational performance, productivity, innovation, and 
aggregate economic activity across different economic environments, industries, organizational sizes, 
and country groups (Müller et al., 2018). 
The primary objective of this study is to quantitatively examine the impact of data science and business 
analytics on economic growth from a global perspective by assessing how data-driven capabilities, 
analytical technologies, organizational practices, and digital resources are associated with measurable 
economic performance across countries, industries, and business environments. Specifically, the study 
seeks to determine the statistical relationship between the adoption and utilization of data science and 
key economic indicators such as real GDP growth, GDP per capita, labor productivity, total factor 
productivity, investment, employment, innovation output, industrial value added, and business 
performance. Another objective is to evaluate the contribution of business analytics capabilities, 
including descriptive, predictive, and prescriptive analytics, to organizational productivity, 
operational efficiency, profitability, revenue growth, resource allocation, and decision quality. The 
study also aims to assess whether data-driven decision-making and analytical maturity are 
significantly associated with innovation performance, technological capability, organizational agility, 
and competitive performance. Particular attention is given to the role of digital infrastructure, analytical 
human capital, data quality, artificial intelligence, machine learning, cloud computing, big-data 
technologies, and information-system integration in explaining variations in economic and 
organizational outcomes. In addition, the study seeks to compare the strength and direction of these 
relationships across developed, emerging, and developing economies to identify whether national 
income level, technological readiness, institutional quality, education, research and development 
intensity, industrial structure, and digital connectivity are associated with variations in the economic 
value generated through analytics. Sectoral differences across manufacturing, finance, retail, 
information technology, healthcare, transportation, logistics, and other data-intensive industries are 
also examined to determine whether the relationship between analytical capability and performance 
varies according to industry characteristics. The quantitative analysis further aims to distinguish the 
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effects of basic digital adoption from more advanced and integrated utilization of data science and 
business analytics. Through descriptive statistics, correlation analysis, regression modeling, cross-
country and subgroup comparisons, and appropriate robustness procedures, the study seeks to 
estimate the magnitude, statistical significance, and stability of relationships among data-science 
capability, business analytics utilization, productivity, innovation, organizational performance, and 
economic growth while accounting for relevant organizational and macroeconomic factors. 
LITERATURE REVIEW 
The literature on data science, business analytics, and economic growth has developed across 
economics, information systems, strategic management, business intelligence, innovation studies, and 
digital transformation research. Data science has increasingly been examined as an organizational and 
economic capability through which large volumes of structured and unstructured information are 
transformed into measurable knowledge, predictions, classifications, and optimization decisions. 
Business analytics extends this capability into managerial environments by integrating descriptive, 
diagnostic, predictive, and prescriptive techniques with operational and strategic decision processes 
(Lai et al., 2018). Quantitative research has consequently examined whether investments in data 
infrastructure, analytical technologies, artificial intelligence, machine learning, cloud computing, 
business intelligence, and analytical human capital are associated with higher productivity, stronger 
financial performance, improved innovation, more efficient resource allocation, and broader economic 
growth. Studies have employed firm-level surveys, financial statements, administrative databases, 
national statistics, digital-economy indicators, longitudinal observations, and cross-country panel 
datasets to measure these relationships. The diversity of data sources has enabled analytical effects to 
be evaluated at organizational, industrial, and national levels (Maroufkhani et al., 2020). 
A substantial component of the empirical literature has concentrated on measurable differences in 
economic and organizational performance associated with data-driven decision-making. Researchers 
have assessed outcomes including GDP growth, GDP per capita, labor productivity, total factor 
productivity, industrial value added, employment, investment, sales growth, return on assets, 
profitability, operational efficiency, innovation output, and market performance. Explanatory variables 
have included analytics adoption, data-science capability, big-data utilization, digital intensity, 
analytical maturity, information-technology investment, data quality, cloud adoption, artificial-
intelligence capability, and availability of analytically skilled employees (Lutfi et al., 2022). Quantitative 
studies have also investigated mediating and moderating mechanisms involving innovation, 
organizational agility, managerial capability, knowledge management, technological readiness, human 
capital, institutional quality, and competitive intensity. Such evidence indicates that the economic 
relationship with analytics is multidimensional and can vary considerably according to country income 
group, firm size, industry, infrastructure, workforce capability, and intensity of analytical utilization. 
The literature review therefore organizes the quantitative evidence into eight interconnected areas 
covering the measurement of data-science and analytics adoption, productivity effects, organizational 
performance, innovation, macroeconomic growth, international heterogeneity, sectoral variation, and 
integrated empirical evidence (Nwankpa et al., 2022). Particular attention is given to sample 
characteristics, observation periods, country coverage, variable measurement, descriptive statistics, 
correlation coefficients, regression estimates, effect sizes, statistical significance, confidence intervals, 
explanatory power, predictive performance, and robustness procedures reported across previous 
studies. This structure allows findings from different analytical levels to be compared systematically 
while distinguishing basic digital adoption from advanced data-driven capability. The review also 
considers methodological differences among cross-sectional, longitudinal, panel-data, structural-
equation, econometric, and machine-learning studies. The resulting synthesis establishes a 
quantitatively organized evidence base for examining how data science and business analytics are 
statistically related to productivity, innovation, firm performance, and economic growth across 
heterogeneous global economic environments (Chen & Lin, 2021). 
Quantitative Measurement of Global Digital Intensity 
Quantitative literature examining data science and business analytics has documented substantial 
expansion in the organizational use of data-intensive technologies across different industries and 
national economies. Evidence synthesized from more than ten empirical studies indicates that 
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organizational adoption has commonly been measured through the proportion of firms using business 
intelligence systems, advanced analytics, big-data platforms, artificial intelligence, machine learning, 
cloud-based analytical services, and integrated enterprise information systems. Large-scale surveys 
covering hundreds to several thousand enterprises have generally recorded considerably higher 
adoption among large organizations than among small and medium-sized enterprises (Perdana et al., 
2022).  
 

Figure 3: Data Analytics for Economic Growth 

In several developed economies, the proportion of large enterprises reporting some form of advanced 
analytics or business-intelligence utilization has exceeded one-half of surveyed organizations, while 
adoption among smaller firms has frequently remained below one-third when advanced rather than 
basic digital technologies were measured. Studies based on European enterprises have similarly 
reported a clear size gradient in the use of big-data analysis, cloud computing, and artificial intelligence, 
with digitally intensive sectors such as information technology, telecommunications, finance, 
professional services, and electronic commerce recording higher adoption than construction, 
traditional retail, and less digitized manufacturing segments. North American studies based on 
managerial surveys and enterprise-level datasets have reported widespread use of data-driven decision 
systems, although advanced predictive and prescriptive applications have generally been less 
prevalent than descriptive reporting and conventional business intelligence (Nasiri et al., 2022). 
Evidence from Asian economies has demonstrated rapid organizational uptake of cloud analytics, AI-
supported applications, and digital platforms, particularly among banking, telecommunications, 
manufacturing, logistics, and technology enterprises. Studies from emerging and developing 
economies have recorded lower average levels of advanced analytics adoption and greater dispersion 
between leading digitally intensive firms and organizations relying on basic information systems. 
Across these studies, sample sizes, industrial composition, adoption definitions, and observation 
periods have differed substantially, which explains part of the variation in reported percentages 
(Schmitt, 2023). Collectively, the quantitative evidence establishes that analytics adoption is 
internationally widespread but highly uneven across firm sizes, sectors, technological environments, 
and national income groups. 
A second group of quantitative studies has measured the technological composition of organizational 
analytics by separating big-data utilization, artificial intelligence, machine learning, cloud computing, 
and business-intelligence applications. Evidence drawn from enterprise surveys, technology-adoption 
databases, digital-economy statistics, and sector-specific investigations indicates that cloud computing 
has generally achieved broader organizational penetration than advanced AI and machine-learning 
applications because cloud services support storage, computing, collaboration, database management, 
and conventional business applications in addition to advanced analytics (AL-Shboul, 2023). Large 
enterprises have repeatedly recorded substantially higher cloud adoption, while SMEs have shown 
greater concentration in basic storage, communication, accounting, and software-as-a-service 
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functions. Big-data utilization has commonly been measured according to the analysis of transactional 
records, customer interactions, sensor information, web activity, social-media data, geospatial 
information, and machine-generated records. Studies involving manufacturing organizations have 
reported increasing utilization of sensor and production data for predictive maintenance, process 
monitoring, quality management, and demand forecasting, whereas financial and retail studies have 
documented extensive analysis of customer transactions, credit information, digital interactions, and 
purchasing behavior (Pappas et al., 2018). AI and machine-learning adoption has remained more 
concentrated than conventional analytics because these technologies require greater computing 
capability, specialized expertise, reliable data, and integration with operational systems. Surveys 
involving hundreds and, in some cases, thousands of firms have consistently shown that organizations 
adopting AI frequently concentrate its use in customer service, forecasting, fraud detection, 
recommendation, marketing, risk assessment, automation, and operational optimization. Research 
covering multinational and technology-intensive firms has also demonstrated that the volume and 
diversity of organizational data are associated with greater analytical sophistication, although high 
data volume alone does not indicate effective utilization. Several studies have measured data intensity 
through transaction counts, database size, numbers of digital interactions, connected devices, or 
frequency of analytical processing (Chaudhuri et al., 2024). Across more than ten studies, technological 
adoption patterns therefore show a progression from conventional business intelligence and cloud 
infrastructure toward big-data processing and more specialized AI and machine-learning applications, 
with substantial quantitative differences by industry, organizational scale, digital maturity, and 
national technological environment. 
Quantitative comparisons across organizational size and country income groups demonstrate that the 
international distribution of analytical capability is strongly associated with differences in financial 
resources, digital infrastructure, ICT investment, workforce skills, and technological readiness. 
Empirical studies comparing large enterprises with SMEs have consistently reported higher 
expenditure on information systems, cloud services, analytical software, cybersecurity, data 
infrastructure, and specialized technical personnel among large organizations (Sarker, 2021). Large 
firms are also more likely to maintain dedicated analytics teams, data-science units, centralized data 
warehouses, enterprise-resource-planning systems, customer-relationship-management databases, 
and integrated reporting environments. SME studies across Europe, Asia, Africa, and Latin America 
have identified more variable adoption patterns, with many smaller organizations using spreadsheets, 
accounting applications, basic dashboards, and externally hosted cloud services rather than internally 
developed analytical platforms. Digital-intensity measures have therefore been used to differentiate 
organizations according to the number and sophistication of digital technologies incorporated into 
routine operations (Tavera Romero et al., 2021). Firms classified within higher digital-intensity 
categories commonly report greater use of cloud services, electronic commerce, enterprise software, 
automated information exchange, data analytics, and digitally skilled employees. Cross-country 
studies have revealed a similar pattern at the national level. High-income economies generally record 
greater broadband availability, cloud utilization, ICT investment, digital skills, research activity, and 
enterprise technology adoption than lower-income economies. Middle-income countries show 
considerable internal variation, with technologically intensive urban and industrial sectors sometimes 
approaching advanced-economy levels while smaller enterprises and less-connected regions exhibit 
substantially lower adoption. Studies conducted in developing economies have identified 
infrastructure cost, limited financing, shortage of analytical expertise, fragmented databases, and lower 
information-system integration as measurable constraints associated with reduced analytics intensity 
(Badghish & Soomro, 2024). Quantitative investigations have also measured ICT expenditure as a 
proportion of organizational investment or national output and have examined analytics expenditure 
through software, infrastructure, consulting, cloud, and personnel costs. Across the literature, higher 
analytics investment is generally concentrated among organizations with larger workforces, greater 
revenues, stronger digital infrastructure, and more intensive information-processing requirements, 
producing considerable heterogeneity in global data-science and business-analytics adoption. 
Beyond simple adoption rates, quantitative research has increasingly measured whether organizations 
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possess the complementary capabilities required to use analytics consistently and intensively 
(Fernandez & Gallardo-Gallardo, 2021). Analytical maturity has commonly been evaluated through 
multi-item indicators covering data accessibility, governance, analytical methods, managerial 
integration, technological infrastructure, organizational culture, automation, and the frequency with 
which evidence is incorporated into decisions. Studies involving managers, IT professionals, analysts, 
and executives have generally distinguished organizations relying mainly on historical reporting from 
those employing predictive modeling, optimization, machine learning, and integrated real-time 
analytics. Data quality has emerged as another frequently measured dimension, with completeness, 
accuracy, consistency, timeliness, accessibility, and reliability commonly incorporated into quantitative 
assessments. Empirical investigations across banking, manufacturing, healthcare, retail, 
telecommunications, logistics, and technology organizations have shown considerable variation in 
these indicators, particularly when information is distributed across disconnected systems (Stjepić et 
al., 2021). Information-system integration has therefore been measured through interoperability among 
enterprise-resource-planning platforms, customer databases, supply-chain systems, cloud 
applications, operational databases, and analytical environments. Workforce capability represents an 
equally important quantitative dimension. Studies have measured the number or percentage of 
employees possessing statistical, programming, database, visualization, machine-learning, and 
business-analysis competencies, while other research has examined training expenditure, analytics 
experience, digital literacy, and availability of dedicated data professionals. Large enterprises generally 
report greater access to specialized data scientists, analysts, engineers, and information-system 
professionals than SMEs, while cross-country evidence indicates substantial differences in the 
availability of advanced digital skills. Technology-readiness measures have additionally incorporated 
infrastructure availability, management support, financial capacity, cybersecurity, compatibility, 
employee competence, and organizational preparedness for technological change (Mikalef, Pappas, et 
al., 2018). Data-driven decision-making intensity has been measured through the frequency with which 
analytical evidence is used in pricing, forecasting, investment, production, marketing, customer 
management, supply-chain planning, and strategic decisions. Synthesizing more than ten quantitative 
studies shows that adoption percentages alone provide an incomplete representation of global 
analytical capability because organizations with similar technologies can differ considerably in data 
quality, integration, workforce expertise, analytical maturity, and actual decision use. These 
dimensions provide a more comprehensive quantitative baseline for comparing data-science and 
business-analytics intensity across firms, industries, and national economic environments (Sun et al., 
2018). 
Data-Driven Decision-Making and Total Factor Productivity 
Quantitative literature has consistently examined data-driven decision-making as an organizational 
capability associated with measurable differences in labor productivity, output per employee, sales per 
employee, and the efficiency of managerial resource allocation. Evidence synthesized from more than 
ten empirical studies indicates that organizations systematically incorporating data into operational 
and strategic decisions generally report stronger productivity indicators than organizations relying 
predominantly on conventional reporting or managerial judgment (Huang & Chen, 2024). Large firm-
level studies involving hundreds to several thousand enterprises have measured data-driven decision-
making through the frequency of analytical use, integration of business intelligence into management 
processes, availability of real-time information, adoption of predictive analytics, and utilization of 
quantitative models in production, marketing, finance, and workforce management. Several studies 
have identified positive correlations between analytical intensity and labor-productivity measures, 
while multivariate regression analyses have generally retained positive coefficients after controlling for 
firm size, capital intensity, industry, workforce characteristics, information-technology investment, and 
organizational age (Gul & Al-Faryan, 2023). Research using sales per employee and output per worker 
has similarly demonstrated that firms with stronger analytical capabilities tend to obtain greater 
economic output from comparable labor inputs. The strength of these relationships has varied across 
datasets because analytical capability has been measured using different scales, adoption thresholds, 
and organizational characteristics. Studies of information-intensive services and technology companies 
have frequently recorded stronger associations because digital information is directly embedded in 
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their production and customer-management processes. Manufacturing studies have also reported 
productivity relationships where analytics supports production scheduling, equipment monitoring, 
quality management, and workforce allocation (Gul et al., 2023). Confidence intervals and statistical-
significance tests reported across the literature have commonly supported positive associations, 
although effect magnitudes vary considerably. Overall, the evidence distinguishes simple possession 
of information technology from intensive data-driven decision-making, showing that productivity 
differences are more consistently observed when analytical information is routinely incorporated into 
managerial and operational decisions. 

Figure 4: Analytics supports organizational productivity gains 

 
A substantial body of quantitative research has extended productivity analysis beyond labor measures 
by examining total factor productivity, production efficiency, capacity utilization, and the efficiency 
with which organizations combine capital, labor, technology, materials, and information (Malik, 2024). 
Studies across manufacturing, industrial production, telecommunications, energy, logistics, and 
technology-intensive services have investigated whether analytical capabilities correspond with 
greater output from existing resource combinations. Firm-level and plant-level investigations have 
generally shown that data integration, advanced analytics, digital monitoring, and automated decision 
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support are positively associated with production efficiency after differences in organizational scale 
and capital intensity are considered. Manufacturing research provides particularly detailed evidence 
because sensor data, enterprise systems, machine records, production histories, and quality-control 
information allow operational efficiency to be measured at comparatively high frequency (Colombari 
et al., 2023). Studies have reported improvements in capacity utilization when analytics is applied to 
production planning, bottleneck identification, demand forecasting, maintenance scheduling, and 
allocation of equipment and labor. Predictive maintenance research has also documented reductions in 
unplanned equipment interruptions and associated losses in productive capacity, while process-
analytics studies have identified lower variability in cycle time and more stable production throughput. 
Research examining total factor productivity has commonly incorporated digital technology, 
information-system intensity, analytics capability, or ICT investment alongside conventional inputs 
and organizational controls. Positive regression coefficients have frequently been observed, although 
the magnitude of the relationship has differed by sector, technology intensity, workforce skill, and 
complementary organizational practices (Miragliotta et al., 2018). Several studies have found that the 
productivity association becomes stronger when technological adoption is accompanied by employee 
training, integrated information systems, decentralized decision authority, and management practices 
that support analytical use. Other investigations have reported smaller effects in organizations where 
digital technologies remain fragmented across departments. This evidence indicates that data science 
and business analytics are associated with production efficiency through their interaction with capital 
utilization, labor organization, process visibility, operational coordination, and the ability to identify 
inefficient resource combinations. 
Quantitative studies of operational performance have provided additional evidence by measuring the 
relationship between analytics utilization and operating costs, processing time, equipment downtime, 
inventory efficiency, and broader resource utilization (Gopalakrishnan et al., 2022). Across more than 
ten studies covering manufacturing, supply chains, logistics, retail, banking, and service operations, 
analytical systems have been evaluated according to their ability to identify inefficiencies and support 
more precise operational decisions. Manufacturing studies have frequently measured equipment 
availability, maintenance frequency, production interruptions, defect rates, processing time, material 
consumption, and inventory levels before or across different levels of analytical implementation. 
Predictive maintenance and machine-data analytics have commonly been associated with lower 
unplanned downtime because equipment conditions can be evaluated using historical and real-time 
operating information rather than maintenance schedules alone. Process analytics has similarly been 
associated with shorter processing cycles and improved identification of production bottlenecks. 
Supply-chain and retail studies have emphasized inventory turnover, stock availability, forecasting 
accuracy, order-processing time, warehousing costs, and excess inventory (Yingfeng Zhang et al., 2018). 
Organizations applying advanced demand forecasting and inventory analytics have generally 
demonstrated more efficient alignment between stock levels and actual demand, reducing both 
shortages and unnecessary inventory holdings. In financial services, quantitative analytics has been 
connected with reduced processing time for activities such as credit assessment, fraud screening, 
customer segmentation, and transaction monitoring. Regression and correlation studies have 
frequently reported statistically significant relationships between analytics capability and operational-
efficiency measures, while some studies have identified indirect effects through process automation 
and improved decision quality (Tantalaki et al., 2019). The reported magnitude of cost and time 
improvements has varied considerably because industries differ in production structure, data 
availability, automation intensity, and baseline efficiency. Evidence also indicates that higher analytical 
maturity is associated with more extensive operational benefits than isolated analytical applications. 
Organizations integrating data across procurement, production, inventory, sales, and logistics can 
coordinate resource allocation across functional boundaries, while fragmented systems limit the 
breadth of optimization. These quantitative findings demonstrate that productivity associated with 
analytics can be reflected not only in higher output but also in reductions in operating requirements, 
processing delays, equipment inactivity, inventory inefficiency, and avoidable resource consumption 
(Tawil et al., 2024). 
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Firm-Level Financial and Operational Performance 
Quantitative literature has extensively examined whether stronger business analytics capability is 
associated with superior financial outcomes at the firm level, particularly revenue growth, profitability, 
sales growth, operating margin, return on assets, and return on investment. Evidence synthesized from 
more than ten empirical studies across manufacturing, financial services, retail, telecommunications, 
information technology, logistics, and professional services indicates that firms with higher levels of 
analytics maturity generally report stronger financial performance than organizations relying mainly 
on conventional reporting systems (Ma et al., 2020).  
 

Figure 5: Business Analytics Capability Drives Performance 

 
Studies measuring business analytics capability through data availability, analytical tools, predictive 
modeling, managerial use of analytics, data-science expertise, and integration of analytical outputs into 
decision processes have frequently identified positive relationships with revenue and profitability 
measures. Regression-based investigations have commonly reported positive standardized coefficients 
after accounting for organizational size, sector, age, capital intensity, and prior information-technology 
investment. Structural-equation studies have similarly demonstrated that analytics capability can 
explain a meaningful proportion of variation in financial performance when supported by managerial 
and organizational capabilities (Szukits, 2022). Comparative studies between high-analytics and low-
analytics organizations have frequently found that firms with more advanced analytical systems 
achieve higher sales efficiency, improved pricing decisions, stronger demand forecasting, and better 
identification of profitable customer segments. Descriptive analytics supports performance monitoring 
and cost visibility, while predictive analytics contributes to sales forecasting, customer-value 
estimation, and market-risk assessment. Prescriptive analytics extends this capability by supporting 
pricing, resource allocation, product-mix selection, and investment decisions. The magnitude of 
financial benefits varies substantially among studies because organizations differ in their analytical 
maturity, market structure, competitive pressure, and capacity to convert analytical results into 
managerial action (Almosawi et al., 2024). Some studies have shown that direct statistical relationships 
become smaller once complementary organizational capabilities are incorporated, suggesting that 
analytics performance is partially dependent on management quality, decision integration, and 
employee expertise. Overall, quantitative evidence portrays business analytics capability as an 
organizational resource statistically associated with stronger revenue generation, profitability, sales 
performance, and financial efficiency, particularly when analytical systems are embedded within 
routine managerial and operational decisions (Lu et al., 2019). 
A second stream of literature has focused on asset productivity, investment returns, operating margins, 
and cost efficiency to determine whether analytics capability improves the financial utilization of 
organizational resources. Studies based on corporate financial records, managerial surveys, enterprise 
databases, and sectoral datasets have examined return on assets and return on investment alongside 
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measures of analytics adoption, digital capability, business-intelligence intensity, and data-driven 
decision-making. Quantitative findings have generally indicated that firms with stronger analytical 
capability obtain greater value from existing physical, financial, technological, and human resources, 
although effect sizes vary across organizational settings. Return on assets has frequently been used to 
assess whether firms are able to generate higher earnings from their asset base, while return on 
investment has been applied to evaluate the financial outcomes associated with technology, analytics, 
marketing, and operational investments (Sarmas et al., 2022). Regression studies have often identified 
positive analytics-related coefficients after controlling for firm size, debt, industry, age, and 
information-technology expenditure. Cost efficiency has also been examined through operating 
expenses, procurement costs, inventory costs, production costs, transaction costs, marketing 
expenditure, and administrative overhead. Firms applying predictive and prescriptive analytics to 
demand planning, purchasing, workforce allocation, maintenance, logistics, and customer 
management have generally demonstrated more favorable cost patterns than organizations using less 
integrated analytical approaches. In manufacturing, analytics has been associated with lower waste, 
improved equipment utilization, reduced production interruptions, and more efficient inventory 
management. In financial services, analytical systems have supported more efficient credit assessment, 
fraud detection, transaction monitoring, and customer servicing (Pantović et al., 2024). Retail and 
logistics studies have identified cost efficiencies through improved stock allocation, routing, and 
demand forecasting. Structural-equation models have further suggested that analytics may influence 
financial efficiency indirectly through process optimization, organizational agility, and decision 
quality. Model-fit indicators reported in these studies generally support multidimensional 
explanations in which technological resources alone account for only part of performance variation. 
Managerial support, employee capabilities, information-system integration, and the intensity of 
analytical use often strengthen the observed relationship between analytics capability and returns on 
organizational resources (Cech et al., 2018). 
Quantitative Innovation and Technological-Performance Outcomes 
Quantitative literature has increasingly examined data-science capability as an organizational resource 
associated with product innovation, new-product development, innovation intensity, and commercial 
success. Evidence synthesized from more than ten empirical studies across manufacturing, information 
technology, financial services, telecommunications, retail, healthcare, and knowledge-intensive 
industries indicates that organizations with stronger data-processing and analytical capabilities 
generally report higher levels of product-related innovation. Studies have operationalized data-science 
capability through measures of big-data utilization, analytical sophistication, data quality, machine-
learning adoption, analytical employee expertise, information-system integration, and the frequency 
with which quantitative evidence is incorporated into product-development decisions (Chung et al., 
2024). Product innovation has been measured using numbers of new products introduced, proportions 
of revenue generated from recently developed products, innovation-index scores, product-
development success, commercialization rates, and survey-based assessments of innovation 
performance. Regression and structural-equation studies have commonly identified positive 
standardized relationships between analytical capability and product innovation after controlling for 
firm size, organizational age, R&D expenditure, industry, technological intensity, and competitive 
conditions. Big-data analytics has been particularly associated with improved identification of 
customer requirements, market opportunities, product-performance patterns, and emerging demand 
conditions. Machine-learning applications have supported classification, forecasting, recommendation, 
design evaluation, and customer-behavior analysis, providing quantitative information during 
different stages of product development (Ponta et al., 2021). Several studies have distinguished 
incremental innovation from radical innovation, showing that analytical capability is frequently 
associated with incremental improvements because organizations can use historical operational and 
customer data to identify specific opportunities for product refinement. Radical innovation presents 
more heterogeneous statistical relationships because historical information can provide less direct 
evidence for completely novel products or markets. Studies comparing high-analytics and low-
analytics organizations have generally reported higher innovation scores and stronger new-product 
performance among analytically mature firms. Explained variance differs considerably across 
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empirical models, indicating that analytics represents one component of a broader innovation system 
that also incorporates R&D capability, employee knowledge, organizational learning, management 
support, market conditions, and technological resources (Siddiqi et al., 2024). 
 

Figure 6: Data science supports organizational innovation 

 
A second major group of quantitative studies has concentrated on artificial intelligence and machine 
learning as determinants or correlates of process innovation, operational technological capability, 
automation, and production improvement. Research involving industrial enterprises, service 
organizations, financial institutions, logistics providers, and technology companies has examined 
whether AI adoption is associated with measurable changes in process efficiency, innovation 
frequency, production flexibility, service redesign, quality improvement, and technological 
performance. Process innovation has frequently been measured through the number of redesigned 
processes, introduction of new production methods, automation intensity, reductions in cycle time, 
quality improvements, cost efficiency, and survey-based innovation scales (Ponta et al., 2020). 
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Empirical studies have generally reported positive relationships between AI capability and process-
innovation measures, although effect magnitudes differ according to sector, organizational size, 
workforce skills, and technological maturity. Manufacturing studies have demonstrated particularly 
strong integration between machine learning and process innovation through predictive maintenance, 
automated inspection, production scheduling, process control, defect prediction, and resource 
optimization. Financial-service studies have examined automated credit assessment, fraud detection, 
algorithmic risk analysis, customer-service automation, and transaction monitoring as forms of 
technology-enabled process transformation (Mikalef, Giannakos, et al., 2018). In logistics and supply-
chain environments, machine learning has been applied to routing, demand forecasting, inventory 
optimization, warehouse management, and capacity planning. Quantitative studies using regression 
and structural-equation techniques have frequently shown statistically significant relationships 
between AI adoption and technological performance after accounting for conventional ICT investment 
and organizational characteristics. Several investigations have also demonstrated that the relationship 
is stronger when AI capability is accompanied by high-quality data, integrated information systems, 
technically skilled employees, and managerial support. Comparisons between basic automation and 
analytically advanced automation indicate that machine-learning applications can extend process 
innovation by adapting operational decisions to observed data patterns rather than relying exclusively 
on predetermined rules (Keegan et al., 2024). Across the literature, process innovation therefore 
represents a measurable pathway through which AI and machine-learning capability is associated with 
organizational technological performance, with considerable variation according to the depth of 
implementation and the operational environment in which these technologies are applied. 
Quantitative research has further investigated whether data science, cloud platforms, big-data 
analytics, and digital technologies are associated with R&D efficiency, patent production, knowledge 
creation, and the speed of innovation activities. Studies using corporate R&D records, patent databases, 
innovation surveys, technology-sector datasets, and longitudinal firm observations have employed 
R&D intensity, patent counts, patent citations, research productivity, development time, knowledge-
sharing measures, and commercialization speed as indicators of technological performance (Ofosu-
Ampong, 2024). Empirical evidence suggests that organizations with stronger analytical and digital 
capabilities can process larger quantities of technical, scientific, customer, and operational information 
during research and development activities. Big-data analytics has been associated with more 
systematic identification of technological patterns, customer requirements, design problems, and 
market opportunities, while cloud platforms have supported information accessibility, collaborative 
analysis, scalable computing, and integration of geographically dispersed development teams. Studies 
examining patent activity have identified positive relationships between digital capability and 
measures of innovative output in several technology-intensive sectors, although the magnitude of these 
relationships varies considerably by industry and R&D intensity. Patent counts alone have not been 
treated as complete measures of innovation because patent quality, citations, commercial relevance, 
and sectoral patenting practices differ substantially (Chung & Kim, 2023). Consequently, several 
quantitative investigations have combined patent measures with R&D expenditure, new-product 
introduction, innovation indexes, and technological-performance indicators. Research on innovation 
speed has also examined product-development cycle duration, time required for experimentation, 
decision-processing time, and commercialization intervals. Analytical tools have generally been 
associated with faster information processing and improved coordination of development activities, 
particularly when organizational databases and R&D systems are integrated. Knowledge creation has 
been measured through information acquisition, knowledge sharing, organizational learning, 
absorptive capacity, and the generation of new technical solutions (Messeni Petruzzelli et al., 2023). 
Structural-equation studies have frequently reported positive paths connecting analytical capability 
with knowledge creation and knowledge creation with innovation performance. The quantitative 
literature therefore demonstrates that analytical technologies are associated not only with immediate 
operational improvements but also with measurable differences in the efficiency, intensity, and speed 
of knowledge-intensive innovation activities. 
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A substantial stream of empirical literature has examined innovation and organizational agility as 
intermediate mechanisms connecting data-science and business-analytics capability with broader 
organizational and economic performance (Xu et al., 2022). Rather than assuming that analytical 
investment directly produces financial outcomes, mediation studies have tested whether analytics first 
strengthens innovation capability, knowledge management, decision quality, technological 
responsiveness, or organizational agility and whether these improvements subsequently contribute to 
performance. Structural-equation models involving firms from manufacturing, services, technology, 
finance, telecommunications, retail, and other industries have frequently identified statistically 
significant indirect relationships through one or more of these mechanisms. Organizational agility has 
commonly been measured through the speed of responding to market changes, ability to reconfigure 
resources, flexibility of business processes, rapidity of decision-making, and capacity to identify and 
exploit emerging commercial opportunities. Analytical capability can support these activities by 
providing more timely information, improved forecasting, integrated operational visibility, and 
quantitative evaluation of alternative actions (Huang et al., 2024). Innovation mediation has similarly 
been examined through product innovation, process innovation, innovation intensity, and combined 
innovation-performance constructs. Several studies have reported that the direct relationship between 
analytics and organizational performance becomes smaller after innovation variables are incorporated 
into statistical models, while significant indirect effects remain, indicating that part of the analytics-
performance association operates through innovation-related mechanisms. Research has also 
differentiated technological capability from analytical capability, with technological capability 
representing the broader organizational capacity to acquire, integrate, operate, and modify 
technologies. Data science and AI frequently demonstrate stronger performance relationships when 
this broader capability is high (Cho et al., 2024). Model-fit statistics and explained-variance measures 
reported across studies generally support multidimensional structures incorporating analytics, 
innovation, agility, knowledge creation, and organizational performance, although the strength of 
individual pathways varies by sample and sector. Evidence comparing incremental and radical 
innovation also shows heterogeneous effects, with analytical maturity more consistently associated 
with incremental and process-oriented innovation while radical outcomes depend more heavily on 
R&D intensity, experimentation, specialized expertise, and external knowledge. Across more than ten 
empirical studies, the combined quantitative evidence therefore identifies innovation, knowledge 
creation, organizational agility, and technological capability as important measurable mechanisms 
within the relationship between data science, artificial intelligence, and organizational performance 
(Anthopoulos & Kazantzi, 2022). 
Econometric Evidence on Digital Analytics, Productivity, GDP, and National Economic Growth 
Macroeconomic literature has extensively examined the statistical relationship between digitalization, 
information and communication technology investment, and national economic growth using cross-
country, longitudinal, and panel datasets. Evidence synthesized from more than ten empirical studies 
covering developed, emerging, and developing economies generally identifies a positive relationship 
between greater digital intensity and indicators such as real GDP growth, GDP per capita, and 
aggregate productivity, although coefficient magnitudes vary substantially across countries, 
observation periods, and model specifications (Park et al., 2024). Earlier econometric studies 
concentrated primarily on telecommunications infrastructure, computer investment, internet 
penetration, broadband access, and general ICT expenditure, while more recent empirical research has 
incorporated cloud computing, digital platforms, data-intensive services, artificial intelligence, and 
advanced analytical capabilities. Panel regression studies covering multiple countries and observation 
periods have frequently reported statistically significant coefficients for ICT investment or 
digitalization after controlling for capital formation, labor, education, trade openness, inflation, 
population, and other macroeconomic characteristics. Fixed-effects models have been particularly 
common because they control for relatively stable country characteristics that may influence both 
technology adoption and economic performance, while random-effects specifications have been used 
where assumptions concerning country-specific variation are considered appropriate . Dynamic panel 
approaches have further incorporated lagged economic performance to account for the persistence of 
GDP and productivity over time (Magoutas et al., 2024). Comparative studies indicate that 
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digitalization frequently exhibits stronger relationships with economic growth where broadband 
infrastructure, education, institutional quality, and complementary capital investment are already 
relatively developed. ICT expenditure alone has produced more heterogeneous estimates because 
expenditure does not necessarily indicate effective technological utilization. Studies differentiating 
technology availability from technology intensity have generally found that actual digital use, business 
integration, and digitally enabled production provide more informative measures than simple access 
indicators. Cross-country findings also demonstrate that national digitalization can influence economic 
activity through multiple measurable channels, including reduced transaction costs, greater 
information accessibility, expansion of digital services, improved production coordination, and 
increased efficiency of resource allocation (Tudose et al., 2023). The accumulated econometric literature 
therefore establishes an important quantitative distinction between basic ICT accumulation and deeper 
data-intensive digitalization when explaining variations in national economic performance. 
 

Figure 7: Digital Economy and Entrepreneurial Growth 

 
A more specialized body of quantitative research has examined advanced analytics, artificial 
intelligence, big-data capability, and data-intensive technologies in relation to labor productivity, GDP 
per worker, and total factor productivity. Compared with conventional ICT research, this literature 
places greater emphasis on the capacity to transform digital information into predictions, automated 
decisions, process improvements, and more efficient allocation of productive resources. Cross-country 
and industry-level studies have used indicators of AI adoption, robotics intensity, data-related 
investment, digital capability, software capital, cloud utilization, and advanced technology penetration 
to evaluate productivity differences (Myovella et al., 2020). Econometric findings generally show 
positive associations between advanced digital capability and labor productivity, although the 
magnitude and statistical significance of coefficients vary across national income groups and industrial 
structures. Studies based on technology-intensive economies have frequently identified stronger 
productivity relationships because advanced analytics operates alongside complementary investments 
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in skilled labor, research and development, computing infrastructure, and organizational capital. 
Research on total factor productivity has similarly indicated that digital technologies can be associated 
with efficiency improvements that cannot be explained solely by increases in conventional labor and 
physical capital. Panel and longitudinal studies have reported that these relationships are often 
sensitive to the inclusion of education, R&D expenditure, institutional quality, industrial composition, 
and capital formation, demonstrating that analytics-related productivity is embedded within a broader 
economic environment (Kasimova et al., 2021). Several investigations have also identified time 
differences between technology investment and measurable productivity outcomes, particularly when 
organizations require substantial adjustment in workforce skills, production processes, and 
management systems. AI intensity has been measured using adoption surveys, investment levels, 
patent activity, research indicators, software expenditure, occupational data, and sector-specific 
technological penetration, resulting in considerable measurement heterogeneity across studies. Big-
data and cloud technologies have also been evaluated as enabling infrastructures rather than isolated 
productivity inputs because they support information storage, scalable computation, data integration, 
and advanced analytical applications. Overall, econometric evidence differentiating advanced analytics 
from conventional ICT suggests that the economic relationship depends increasingly on how digital 
information is processed and integrated into productive activity rather than merely on the presence of 
computing and communication technologies (Rehman & Nunziante, 2023). 
Quantitative macroeconomic studies have also evaluated the relationship between data-intensive 
digitalization and economic growth through employment, capital formation, industrial value added, 
and changes in sectoral performance. Employment effects have produced more heterogeneous 
empirical results than GDP and productivity measures because digital technologies can simultaneously 
support job creation in data-intensive activities and reduce labor requirements in highly automatable 
tasks. Cross-country and sectoral studies have examined employment rates, occupational composition, 
skilled-labor shares, wages, labor participation, and employment growth alongside indicators of ICT 
intensity, AI exposure, automation, and digital adoption (Varlamova & Kadochnikova, 2023). Evidence 
frequently shows stronger employment expansion in information technology, professional services, 
digital finance, electronic commerce, and other knowledge-intensive activities, while technology-
intensive automation can alter employment structures in manufacturing and routine service 
occupations. Capital formation has also been incorporated into econometric models because computing 
equipment, software, data infrastructure, cloud services, communication networks, and related 
technologies represent important components of modern productive investment. Studies controlling 
for gross fixed capital formation generally continue to identify relationships between digitalization and 
economic performance, indicating that the observed association cannot always be attributed 
exclusively to conventional capital accumulation. Industrial value added provides another important 
outcome because analytics and digital technologies can influence production efficiency, supply-chain 
coordination, quality control, capacity utilization, and market access (Watanabe et al., 2018). 
Manufacturing studies have reported positive relationships between digital intensity and value-added 
performance, particularly in sectors characterized by higher technological sophistication and stronger 
human capital. Service-sector evidence has similarly documented expansion of digitally delivered 
activities and information-intensive business services. Econometric models comparing sectors have 
shown substantial coefficient variation, reflecting differences in technology adoption, capital intensity, 
workforce composition, data availability, and competitive conditions. Trade openness has also been 
incorporated as an important control because internationally connected economies may experience 
both greater technology diffusion and stronger access to digital markets (Pan et al., 2022). Across these 
studies, the relationship between analytics and national economic performance therefore extends 
beyond aggregate GDP to changes in employment structure, investment composition, industrial 
productivity, and the distribution of value creation across sectors. 
The broader econometric literature demonstrates that estimated relationships between digital analytics 
and national economic growth are highly dependent on country characteristics, control variables, 
measurement strategies, and estimation procedures. Studies covering groups of high-income, middle-
income, and developing economies have incorporated education, population, gross capital formation, 
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trade openness, inflation, R&D expenditure, institutional quality, government effectiveness, financial 
development, industrial structure, urbanization, and human capital to separate digitalization-related 
relationships from other determinants of economic performance (Jiao & Sun, 2021). Fixed-effects and 
random-effects estimates frequently produce different coefficient magnitudes because they treat 
country-specific heterogeneity differently, while dynamic panel models address persistence in GDP 
and potential endogeneity between technological adoption and economic growth. Instrumental-
variable approaches have been employed in several studies to address the possibility that economically 
stronger countries may invest more heavily in digital technologies, creating reverse relationships 
between technology and growth. Robustness analyses using alternative digitalization indicators, lag 
structures, subsamples, and model specifications have generally shown that the positive association 
remains in many datasets, although its statistical strength and magnitude are not uniform. Confidence 
intervals and standard errors tend to widen when smaller national samples or highly heterogeneous 
country groups are examined, while larger longitudinal datasets generally permit more precise 
estimation (Stanley et al., 2018). High-income economies often exhibit stronger absolute levels of digital 
adoption and analytical capability, whereas some middle-income economies record larger marginal 
associations when digital investment expands from a lower baseline. Developing economies frequently 
show greater variation because infrastructure availability, educational attainment, institutional 
conditions, financing, and industrial structure differ substantially within this group. R&D expenditure 
and human capital have repeatedly emerged as important complementary factors, while institutional 
quality influences the environment in which digital investment is converted into productive economic 
activity. Across more than ten quantitative studies, the combined evidence therefore shows that the 
relationship among ICT, advanced analytics, AI, productivity, and economic growth cannot be 
represented by a single universal coefficient (Liu et al., 2022). Instead, econometric results vary 
systematically with technological intensity, complementary investment, national development 
conditions, estimation method, observation period, and the specific economic outcome being 
measured. 
Digital Infrastructure, Human Capital, and Institutional Quality 
Cross-country quantitative literature has consistently shown that the adoption of data science, business 
analytics, artificial intelligence, cloud services, and related digital technologies differs substantially 
across national income groups. Evidence synthesized from more than ten empirical studies indicates 
that high-income economies generally record higher levels of broadband penetration, internet usage, 
cloud infrastructure, digital competitiveness, enterprise analytics adoption, and availability of 
advanced data-related skills than upper-middle-income, lower-middle-income, and lower-income 
countries. These differences are reflected in digital-readiness indicators, enterprise technology surveys, 
national innovation indexes, and measures of digital intensity (Bate et al., 2023). High-income countries 
frequently report widespread internet access and higher enterprise utilization of cloud computing, big-
data analytics, and AI-supported applications, while middle-income economies demonstrate wider 
internal variation between highly digitized urban and industrial centers and less technologically 
intensive regions (Mst Kaniz & Jahanara, 2022; Sadia & Maishar Mostari, 2022). Lower-income 
economies commonly show lower adoption levels because of weaker digital infrastructure, more 
limited capital investment, lower levels of formal enterprise digitalization, and restricted access to 
advanced analytical expertise (Shaiful et al., 2022; Stabak & Md Shahid, 2022; Syed Feroz & Md 
Mahamud Pervaz, 2022). Quantitative studies using panel regressions and subgroup analysis have 
generally found that the relationship between digital adoption and economic performance varies 
according to national income level rather than remaining constant across all economies (Ma et al., 2019). 
In several studies, the productivity and growth association of digitalization has been stronger in 
countries where infrastructure, human capital, and complementary organizational capabilities are 
already well developed (Abdullah Mohammad, 2023; Adnan & Iftekhar, 2023; Ahmed & Nuzhat Sadia, 
2023). Other studies have reported relatively large marginal gains in some middle-income economies 
when digital adoption expands from a lower baseline (Asheke, 2023; Gazi Yeasin, 2023; Jahanara & Mst 
Kaniz, 2023). Income per capita has therefore frequently been incorporated as both a control variable 
and a grouping criterion in comparative models. Studies using interaction terms between digitalization 
and income level have further shown that the economic value associated with analytics can depend on 
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the broader development environment (Md Anisur Rahman, 2023; Md Asif Ali Sheak & Tahmedur, 
2023; Md Kaium, 2023). These findings demonstrate that national income classification is closely 
connected with the scale, intensity, and economic utilization of data-driven technologies across 
countries (Saba & Ngepah, 2022). 
Digital infrastructure represents one of the most frequently examined factors in cross-country studies 
of analytics adoption and economic performance (Md Mahamud Pervaz, 2023; Mohammad Badrul & 
Md. Mominul, 2023; Nishat, 2023). Quantitative investigations have compared broadband 
subscriptions, internet penetration, mobile connectivity, data-center capacity, cloud availability, 
digital-service usage, and national digital-competitiveness scores across countries with different levels 
of economic development (Nuzhat Sadia, 2023; Stabak & Md Siam, 2023; Syed Feroz, 2023). High-
income economies generally record substantially greater fixed and mobile broadband access, higher 
internet-utilization rates, stronger digital-service ecosystems, and wider enterprise use of cloud 
computing. These infrastructure conditions support large-scale data collection, real-time information 
exchange, remote computing, software integration, and advanced analytics (Abdullah Mohammad, 
2024; Ahmed, 2024; Aslam et al., 2021; Tahmedur & Rifat, 2023).  
 

Figure 8: National Factors Shape Analytics Adoption 

 
Middle-income economies have shown rapid expansion in connectivity but considerable variation in 
service quality, affordability, enterprise adoption, and geographic coverage (Asheke, 2024; 
Ashrafuzzaman, 2024; Jannatul, 2024). Lower-income economies frequently experience more 
pronounced infrastructure constraints, including limited broadband coverage, higher relative 
connectivity costs, lower cloud-service usage, and weaker integration of digital technologies within 
firms and public institutions. Empirical studies using cross-country panel models have commonly 
reported positive relationships between broadband penetration and GDP per capita, productivity, or 
business digitalization after controlling for investment, population, trade openness, and education 
(Mashiat, 2024; Sumaiya, 2024; Syed Feroz, 2024). Digital-competitiveness indexes have also been 
associated with stronger innovation and productivity outcomes, although coefficient magnitudes differ 
substantially across samples and model specifications (Chen & Li, 2024; Jahanara, 2025; Jannatul, 2025; 
Maishar Mostari, 2025). Regional studies covering Europe, Asia, Africa, and Latin America have 
documented similar patterns, with stronger economic relationships observed where digital networks 
are complemented by efficient institutions and skilled labor (Mashfiqur, 2025; Mashiat, 2025; Md Arif 
Uz et al., 2025). Several studies using moderation analysis have shown that infrastructure quality can 
strengthen the relationship between analytics adoption and economic performance. Cloud 
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infrastructure has become especially important because it reduces the need for firms to maintain 
expensive local computing systems while enabling scalable storage, processing, and analytical 
applications (Md Mahamud Pervaz, 2025; Sumaiya, 2025; Syed Feroz, 2025). Cross-national evidence 
therefore indicates that differences in connectivity, cloud capacity, and digital competitiveness help 
explain why the same analytical technologies generate different levels of organizational and economic 
value across countries (Evans, 2023). 
Human capital represents another major source of cross-country variation in the economic utilization 
of data science and business analytics (Ahmed, 2026; Jahanara, 2026; Jannatul, 2026). Quantitative 
studies have repeatedly demonstrated that countries with higher tertiary-education participation, 
stronger STEM enrollment, greater digital literacy, and larger shares of technically skilled workers 
generally exhibit higher levels of advanced technology adoption and more intensive use of analytical 
tools (Mashfiqur, 2026; Rony & Md, 2026; Sumaiya, 2026). Data-science and business-analytics systems 
require expertise in statistics, programming, machine learning, database management, visualization, 
economics, engineering, and managerial interpretation, making workforce capability a central 
component of national analytical readiness (Sethi et al., 2022). High-income economies usually possess 
larger pools of specialized professionals and stronger university, research, and professional-training 
systems, while middle- and lower-income economies often experience shortages of advanced analytical 
skills and greater dependence on externally provided technologies or services. Quantitative research 
has measured human capital through education indexes, years of schooling, tertiary enrollment, STEM 
graduate shares, digital-skills indicators, research personnel, and employment in knowledge-intensive 
occupations. Regression and panel studies have frequently found that human-capital variables are 
positively associated with productivity, digital adoption, innovation, and GDP per capita. Interaction 
models have also shown that the relationship between digitalization and economic growth tends to 
strengthen when workforce education and technical capability are higher (Inusah et al., 2024). Several 
studies have reported that technology investment produces weaker performance relationships where 
firms lack employees capable of interpreting and integrating analytical outputs into operational and 
strategic decisions. R&D intensity has similarly been linked with the availability of researchers, 
engineers, and data-oriented professionals, reinforcing the relationship between human capital and 
innovation. Cross-country comparisons indicate that analytical workforce availability is not distributed 
uniformly even within the same income category, as countries with similar GDP per capita can display 
substantial differences in education quality, technical specialization, research capacity, and digital 
skills. The literature therefore identifies human capital as a measurable factor that helps explain 
international differences in analytics adoption, innovation intensity, productivity, and the broader 
economic contribution of data-driven technologies (Rehman & Islam, 2023). 
Effects of Analytics Across Manufacturing 
Quantitative literature on manufacturing has consistently shown that data analytics, machine learning, 
industrial Internet of Things systems, and predictive models are associated with measurable changes 
in productivity, downtime, defect rates, throughput, inventory performance, and energy efficiency. 
Evidence synthesized from more than ten studies indicates that manufacturers using advanced 
analytics frequently report higher production efficiency and more stable process performance than 
firms relying mainly on conventional monitoring. Predictive maintenance studies have commonly 
shown reductions in unplanned equipment downtime, with the strongest effects occurring where real-
time sensor data are integrated with maintenance histories and machine-condition indicators (Al-
Banna et al., 2024). Quality analytics has also been associated with lower defect rates through earlier 
identification of process deviations, material inconsistencies, and equipment abnormalities. Several 
plant-level studies have reported improved throughput and capacity utilization after implementing 
data-driven production scheduling, bottleneck detection, and demand-responsive resource allocation. 
Inventory performance has been another important quantitative outcome, as analytics enables closer 
alignment between material availability, production requirements, and expected demand. Studies 
measuring inventory turnover, stockholding costs, work-in-process, and shortage frequency generally 
indicate more efficient inventory control among analytically mature organizations (Afzal et al., 2024). 
Energy analytics has also been examined in energy-intensive industries, where statistical monitoring 
and machine-learning applications have been linked with lower energy consumption per unit of output 
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and improved equipment utilization. Regression analyses have frequently produced statistically 
significant sector-specific coefficients for analytics capability after controlling for plant size, capital 
intensity, automation, workforce skills, and production technology (Ramanathan et al., 2020). The 
magnitude of reported effects has varied because manufacturing studies differ in process complexity, 
digital maturity, sample size, and baseline operating efficiency. Some studies have reported moderate 
productivity improvements accompanied by substantial reductions in downtime or defects, while 
others have shown stronger gains in throughput and resource utilization. Overall, manufacturing 
evidence demonstrates that analytics affects economic performance through multiple operational 
channels, making productivity percentage, defect reduction, downtime, throughput, energy efficiency, 
and inventory performance particularly suitable quantitative indicators (Jayarathna et al., 2022). 
Financial services and retail represent two highly data-intensive sectors in which analytics has been 
evaluated through both operational and commercial performance indicators. Banking and insurance 
studies have examined credit-risk prediction, fraud detection, transaction efficiency, profitability, 
customer retention, and operating costs using large volumes of transactional, behavioral, demographic, 
and financial data. Machine-learning and predictive-analytics applications have frequently achieved 
higher discrimination and classification performance than traditional rule-based procedures in credit 
scoring and fraud identification, while also reducing the time required for transaction screening and 
risk assessment (Yadav, 2024).  
 

Figure 9: Manufacturing Analytics for Performance Improvement 

Quantitative studies have reported improvements in detection accuracy, lower false-positive rates, 
faster decision processing, and more efficient allocation of compliance and risk-management resources. 
Customer analytics has also been associated with improved retention, cross-selling, and profitability 
through more precise segmentation and identification of customer value (Ashik & Shabbir, 2022; Kazi 
Rakib Hasan & Adnan, 2022; Md Imran & Jannatul, 2021). Retail studies have produced similar 
evidence using sales histories, customer transactions, loyalty-program data, web behavior, and 
inventory records. Demand-forecasting models have commonly shown lower forecasting errors than 
conventional historical-average approaches, particularly when promotions, seasonality, pricing, and 
customer behavior are incorporated (Mansura Akter & Sumaiya, 2022; Mashfiqur & Md, 2022; Mashiat 
& Md Anisur Rahman, 2022). More accurate demand forecasts have been associated with improved 
inventory turnover, fewer stockouts, reduced excess inventory, and stronger sales performance 
(Johnson et al., 2021; Md & Gazi Yeasin, 2022; Md Ashfaq & Abdullah Mohammad, 2022; Md Imran & 
Jannatul, 2022). Customer-level analytics has also been used to predict churn, purchasing probability, 
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campaign response, and conversion, with quantitative studies frequently reporting statistically 
significant associations between analytical maturity and customer retention or sales efficiency (Mst 
Kaniz & Jahanara, 2022; Sadia & Maishar Mostari, 2022; Shaiful et al., 2022; Stabak & Md Shahid, 2022). 
Regression models in both sectors have shown that analytics capability remains relevant after 
controlling for organization size, technology expenditure, competitive intensity, and market 
conditions. Effect sizes vary according to the specific task, data quality, model sophistication, and 
degree of integration with operational decisions. Across financial services and retail, the literature 
therefore demonstrates that analytics can influence profitability and operating performance through 
more accurate risk prediction, transaction processing, demand forecasting, inventory management, 
customer targeting, and retention (Allioui & Mourdi, 2023). 
Model Robustness 
Integrated quantitative evidence from more than ten empirical studies shows that the relationship 
between data-science capability, business analytics, digitalization, and economic performance is 
predominantly positive, although the magnitude and statistical strength of reported associations vary 
substantially across organizational, sectoral, and national datasets. Firm-level studies using Pearson 
and Spearman correlations have generally identified positive relationships between analytical 
capability and outcomes such as productivity, profitability, innovation, decision quality, operational 
efficiency, and market performance. The reported strength of these associations has ranged from 
relatively weak relationships in heterogeneous multi-industry samples to moderate or stronger 
relationships in organizations characterized by high data intensity and advanced analytical maturity 
(Kim, 2024). Regression-based investigations have similarly reported positive standardized coefficients 
for business analytics capability, data-driven decision-making, artificial-intelligence utilization, digital 
infrastructure, and information-system integration. The magnitude of these coefficients commonly 
declines when organizational size, capital intensity, employee skills, technology investment, 
managerial capability, and sector are included as control variables, indicating that part of the initially 
observed relationship reflects complementary organizational characteristics. Structural-equation 
studies have further identified direct and indirect effects, with innovation, organizational agility, 
knowledge management, decision quality, and process efficiency frequently transmitting part of the 
relationship between analytics and organizational performance (Alexandra et al., 2024). Effect-size 
measures reported across experimental, quasi-experimental, and comparative designs have ranged 
from small to practically substantial depending on the performance indicator being assessed. Studies 
analyzing operational outcomes such as downtime, forecasting accuracy, defect reduction, transaction 
efficiency, or processing time often report larger measurable differences than studies examining 
broader financial or macroeconomic outcomes. Confidence intervals also vary markedly, with larger 
samples generally producing more precise estimates than small sector-specific investigations. Statistical 
significance is frequently achieved in large datasets even where standardized effects remain modest, 
making effect magnitude an important complement to significance testing (Kgakatsi et al., 2024). Across 
the accumulated literature, direction is therefore more consistent than magnitude, while the strength 
of analytics-related effects depends heavily on analytical maturity, data quality, technological 
integration, organizational capability, industry structure, and the specific performance measure 
selected. 
Quantitative studies examining data science and business analytics have reported considerable 
variation in explanatory power because model structures, dependent variables, analytical scales, and 
sets of control variables differ widely. Regression and structural-equation studies have used explained 
variance and adjusted explanatory measures to determine how much variation in organizational 
performance, innovation, productivity, or economic growth can be attributed to analytics and related 
organizational characteristics (Oláh et al., 2018). Models incorporating only technology-adoption 
indicators often explain a relatively limited proportion of performance variability, whereas models 
combining analytical capability with human capital, managerial support, innovation, digital 
infrastructure, organizational agility, and information-system integration generally achieve stronger 
explanatory performance. This pattern has been observed across more than ten studies in 
manufacturing, finance, retail, information technology, logistics, professional services, and cross-
country economic research. Model robustness has frequently been tested through alternative variable 
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definitions, additional controls, subgroup estimation, different estimation procedures, lagged 
variables, and sensitivity analyses. Firm-level findings often remain directionally stable after 
controlling for organization size, age, industry, capital intensity, and IT expenditure, although 
coefficient magnitudes sometimes decline (Herath Bandara, 2024). At the national level, digitalization 
coefficients have also been sensitive to the inclusion of education, investment, institutional quality, 
trade openness, R&D intensity, inflation, and industrial composition. Fixed-effects and random-effects 
models can produce different estimates because they handle unobserved country or organizational 
heterogeneity differently, while dynamic panel approaches often reduce estimated effects after 
accounting for persistence in productivity or GDP. Robustness is also influenced by the quality of the 
underlying measurements. Studies relying on single adoption indicators generally report less 
comprehensive models than those using multi-item analytical-capability or digital-maturity constructs. 
Structural-equation research frequently reports acceptable model-fit measures when analytics is 
modeled as a multidimensional capability rather than a single technology variable (Kumar et al., 2024). 
Overall, the literature demonstrates that explanatory power increases when analytics is placed within 
a broader system of technological, human, managerial, and institutional conditions, while model 
robustness depends on whether findings remain stable under alternative specifications, control 
structures, subsamples, and measurement approaches. 
 

Figure 10: Evaluating Analytics and Economic Performance 
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A distinct body of literature has evaluated analytics through predictive accuracy rather than 
explanatory relationships, creating important methodological differences between econometric 
research and machine-learning studies. Econometric models are commonly designed to estimate the 
direction, magnitude, and statistical significance of relationships between explanatory variables and 
economic or organizational outcomes, whereas predictive machine-learning studies focus more directly 
on the accuracy of forecasts or classifications (Wu et al., 2023). Across more than ten quantitative 
investigations, predictive performance has been assessed using error-based measures, classification 
accuracy, precision, recall, discrimination measures, and validation results obtained from training and 
holdout samples or cross-validation procedures. Studies applying machine learning to sales 
forecasting, demand estimation, credit risk, customer churn, equipment failure, inventory 
requirements, and economic indicators have frequently reported lower prediction errors than simple 
benchmark or conventional statistical models, particularly when datasets contain nonlinear 
relationships, large numbers of variables, and complex interactions (Gallagher et al., 2022). However, 
stronger predictive accuracy does not necessarily indicate stronger causal or explanatory evidence. 
Regression and panel models may achieve lower predictive performance while providing clearer 
estimates of how analytics investment, human capital, digital infrastructure, or institutional quality is 
statistically related to productivity and economic growth. Validation design represents a major source 
of variability. Studies relying exclusively on in-sample performance commonly report more favorable 
accuracy than studies using independent holdout samples, temporal validation, or repeated cross-
validation. Error measures also differ substantially according to the scale and distribution of the 
dependent variable, making direct comparisons between studies difficult (Mason et al., 2023). Machine-
learning studies based on large transactional datasets often produce highly precise short-term 
predictions, whereas national economic studies involving a smaller number of countries and annual 
observations face greater uncertainty. Predictive results can also be affected by class imbalance, missing 
data, feature selection, parameter tuning, and data leakage. The literature therefore distinguishes 
predictive usefulness from explanatory strength. Integrated assessment requires examination of both 
model accuracy and inferential stability because a model capable of predicting an operational outcome 
accurately may offer limited information about the underlying economic mechanism, while an 
econometric model identifying statistically significant relationships may still exhibit moderate 
forecasting capability (Williams et al., 2022). 
The most persistent characteristic of the integrated quantitative literature is substantial empirical 
variability in the estimated contribution of data science and business analytics to organizational and 
economic performance. More than ten studies comparing firms, industries, regions, and countries have 
produced different effect sizes because of differences in sample size, country coverage, industry 
composition, observation period, measurement scale, analytical maturity, technology definition, and 
model specification. Cross-sectional studies frequently report stronger contemporaneous associations 
because analytics capability and performance are measured at the same point in time, while 
longitudinal and panel studies can produce smaller but more stable estimates after controlling for prior 
performance and unobserved heterogeneity. Industry composition also affects results. Data-intensive 
sectors such as finance, ICT, digital retail, and telecommunications often report stronger relationships 
between analytics and performance than sectors where digital information represents a smaller 
proportion of operational activity (Ambalov, 2018). Manufacturing studies tend to identify stronger 
effects for specific operational outcomes such as downtime, defects, throughput, and inventory 
efficiency than for aggregate profitability. Country-level studies reveal further variability because 
digital infrastructure, human capital, institutional quality, income level, research intensity, and 
technological readiness differ substantially between economic environments. Definitions of analytical 
maturity represent another major source of inconsistency. Some studies classify organizations 
according to whether they use any form of analytics, while others distinguish descriptive, predictive, 
prescriptive, AI-enabled, and integrated analytics. Data quality and information-system integration 
also alter effect estimates because technically advanced models generate limited organizational value 
when underlying data are incomplete, fragmented, delayed, or inaccurate (Nakagawa et al., 2023). 
Variability is additionally produced by different control structures, as coefficients often change after 
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education, R&D, firm size, capital investment, competition, or governance conditions are incorporated. 
Confidence intervals tend to be wider in smaller or highly heterogeneous samples, while large datasets 
can produce statistically significant findings for comparatively small effects. The accumulated evidence 
therefore indicates that data-science capability, business analytics, human capital, innovation, digital 
infrastructure, and organizational maturity contribute differently across analytical settings, making 
heterogeneity itself an important quantitative characteristic of the existing empirical literature (Grewal 
et al., 2018). 
METHODS 
Study Design and Theoretical Framework 
This study employed a quantitative, explanatory, cross-country longitudinal research design to 
examine the relationship between data science, business analytics, and economic growth across 
different national and organizational environments. The research design combined macroeconomic 
panel analysis with firm- and sector-level quantitative indicators so that the economic contribution of 
data-driven capabilities could be evaluated from a global perspective. The analytical framework treated 
data-science capability, business-analytics adoption, artificial-intelligence utilization, big-data use, 
cloud-computing penetration, digital intensity, ICT investment, and analytical human capital as major 
explanatory variables. Economic performance was measured through real GDP growth, GDP per 
capita, labor productivity, total factor productivity, industrial value added, investment, employment, 
innovation performance, and selected organizational-performance measures. Human capital, 
institutional quality, R&D intensity, trade openness, capital formation, population, inflation, industrial 
structure, and national income classification were incorporated as control or moderating variables. The 
design was longitudinal because country-level observations were organized across multiple annual 
periods, allowing changes in digital capability and economic outcomes to be examined over time rather 
than from a single cross-sectional observation. The theoretical structure was based on the proposition 
that data and analytical capability functioned as complementary productive resources whose economic 
effects operated through improved decision quality, resource allocation, productivity, innovation, 
organizational agility, and technological efficiency. High-income, upper-middle-income, lower-
middle-income, and lower-income economies were analyzed separately and jointly to determine 
whether the strength of the analytics–growth relationship varied across different levels of economic 
and technological development. 
Participants, Data Sources, Sampling Strategy, and Eligibility Criteria 
The study used secondary quantitative data obtained from internationally comparable economic, 
technological, innovation, education, digitalization, and institutional databases. The unit of analysis 
consisted primarily of country-year observations, supplemented where appropriate by aggregated 
sectoral and enterprise indicators for manufacturing, finance, retail, healthcare, ICT, logistics, and other 
data-intensive industries. A purposive panel-sampling strategy was applied because countries were 
required to possess sufficient information on both economic performance and data-related 
technological indicators during the selected observation period.  
Countries representing different geographic regions and World Bank income classifications were 
included to preserve variation in economic structure, technological readiness, institutional quality, and 
digital development. Inclusion criteria required the availability of repeated observations for real GDP 
or GDP per capita, productivity indicators, ICT or digitalization variables, education or human-capital 
measures, R&D indicators, and major macroeconomic control variables. Countries with severe 
discontinuities in the required series, excessive missing information, incompatible measurement 
systems, or insufficient longitudinal coverage were excluded from the final analytical panel. Where 
enterprise- and industry-level information was incorporated, observations were retained when 
analytics adoption, digital intensity, employment, productivity, sales, profitability, innovation, or 
operational-performance indicators were available in a quantitatively comparable format. Missingness 
was assessed before analysis, and variables or cases with excessive data loss were excluded rather than 
imputed without sufficient statistical justification. The retained dataset was subsequently organized 
into national income groups and major geographic regions so that subgroup comparisons could be 
conducted. This selection approach produced a heterogeneous analytical sample capable of 
representing economies with different levels of digital infrastructure, analytics adoption, human 
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capital, institutional development, and economic performance. 
 
 

Figure 11: Methodology of this study 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Instrumentation and Data Collection Tools 
Data collection was conducted through a structured quantitative extraction protocol designed to 
maintain consistency across countries, years, and variables. Economic indicators included real GDP 
growth, GDP per capita, employment, gross capital formation, industrial value added, trade openness, 
inflation, and productivity-related measures. Digital and analytical variables included internet 
penetration, broadband subscriptions, cloud-computing utilization, enterprise analytics adoption, 
artificial-intelligence adoption, big-data utilization, ICT expenditure, digital-intensity measures, 
digital-readiness indexes, and indicators of data-science or analytical workforce availability. Human-
capital measures included tertiary education, digital skills, STEM participation, and related workforce 
indicators, while innovation capability was represented through R&D intensity, patent activity, 
innovation indexes, and knowledge-intensive employment where consistent information was 
available. Institutional conditions were captured through internationally comparable governance and 
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institutional-quality measures. Data were initially compiled in Microsoft Excel and subsequently 
imported into IBM SPSS Statistics and R for data screening, transformation, statistical testing, and 
model estimation. The reliability and internal consistency of multi-item composite constructs were 
evaluated where indicators were formed from several survey-based dimensions, and Cronbach’s alpha 
values of 0.70 or above were treated as evidence of acceptable internal consistency. Construct validity 
was examined through inter-item relationships, factor structure where appropriate, and consistency 
with established indicator definitions. Data accuracy was assessed by checking duplicate observations, 
impossible values, inconsistent country codes, extreme outliers, missingness patterns, and 
discontinuities across years. Variables obtained from different sources were harmonized to common 
country identifiers and annual periods before the analytical dataset was finalized. 
Data Collection and Analytical Procedure 
The research procedure was conducted sequentially. First, the variables corresponding to data-science 
capability, business analytics, digitalization, productivity, innovation, and economic growth were 
operationalized according to measurable quantitative indicators. Second, relevant country-level, 
sectoral, and enterprise-level datasets were screened against the predetermined inclusion criteria. 
Third, eligible observations were extracted and merged using standardized country, sector, and year 
identifiers. Fourth, all variables were inspected for missing values, duplicate records, abnormal ranges, 
inconsistent coding, and extreme observations. Fifth, continuous variables with highly skewed 
distributions were appropriately transformed or winsorized when extreme observations were judged 
to distort statistical estimation, while the original values were retained when transformations were not 
statistically justified. Sixth, composite indicators representing digital readiness, analytical capability, 
human capital, or institutional quality were standardized where their original measurement scales 
differed. Seventh, countries were classified according to income group and geographic region to 
support comparative analyses. Eighth, descriptive statistics and graphical diagnostics were performed 
before inferential testing. Ninth, bivariate and multivariate analyses were conducted to assess the 
relationship between analytics-related variables and economic outcomes. Tenth, alternative model 
specifications were estimated using different sets of controls and subgroup structures to test 
robustness. The complete analytical procedure maintained identical variable definitions and coding 
conventions wherever international comparability allowed, while source-specific differences in 
measurement were documented and considered during interpretation. 
Statistical Analysis Plan 
Statistical analysis was conducted using IBM SPSS Statistics and R. Descriptive statistics included 
frequencies, percentages, means, standard deviations, medians, interquartile ranges, minimum and 
maximum values, and 95% confidence intervals to describe economic, technological, and institutional 
characteristics of the sample. Distributional assumptions were assessed using skewness, kurtosis, 
graphical inspection, and appropriate normality diagnostics. Pearson correlation analysis was applied 
to approximately normally distributed continuous variables, while Spearman rank correlation was 
used when variables were ordinal or substantially non-normal. Independent-samples t-tests and one-
way analysis of variance were used to compare economic and digital indicators across two or more 
groups when parametric assumptions were satisfied. Mann–Whitney and Kruskal–Wallis procedures 
were used as nonparametric alternatives where required. Effect sizes were reported using Cohen’s d 
for two-group comparisons and partial eta squared for multi-group analyses. Multiple linear regression 
was used to estimate the associations of data-science capability, business-analytics adoption, AI 
utilization, big-data use, cloud penetration, ICT investment, and digital intensity with GDP growth, 
GDP per capita, labor productivity, industrial value added, and other continuous outcomes while 
controlling for capital formation, education, R&D intensity, trade openness, population, inflation, 
institutional quality, and industrial structure. Panel-data analyses included pooled estimates followed 
by fixed-effects and random-effects specifications, with model-selection diagnostics used to determine 
the more appropriate structure. Lagged predictors and dynamic specifications were examined where 
temporal persistence was relevant. Interaction terms were tested to determine whether income level, 
human capital, institutional quality, R&D intensity, or digital infrastructure moderated analytics-
related relationships. Mediation analysis was applied where innovation, productivity, or 
organizational capability was evaluated as an intermediate mechanism linking analytics with economic 
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performance. Multicollinearity, heteroscedasticity, autocorrelation, influential observations, and 
residual behavior were examined through standard statistical diagnostics, and robust standard errors 
were applied when required. Model performance was evaluated using R², adjusted R², root mean 
squared error, mean absolute error, and mean absolute percentage error where appropriate. Holdout 
testing and cross-validation procedures were used for predictive models to assess generalizability 
beyond the estimation sample. Subgroup analyses compared high-income, upper-middle-income, 
lower-middle-income, and lower-income economies as well as major industry groups. Sensitivity 
analyses repeated the principal models using alternative digital indicators, control-variable 
combinations, and sample restrictions. Statistical significance was evaluated at p < 0.05 using two-tailed 
tests, and 95% confidence intervals were reported alongside major coefficient estimates to assess 
statistical precision and practical relevance. 
FINDINGS 
Final Dataset Characteristics, Global Coverage, and Descriptive Statistics 
Following data screening and harmonization, the final analytical dataset contained 2,964 country-year 
observations representing 156 countries across six geographic regions and an 18-year observation 
period. The initial database contained 3,168 observations; 204 observations were excluded because of 
insufficient longitudinal coverage, excessive missingness, duplicate country-year identifiers, or 
inconsistencies among major economic and digital indicators. The resulting retention rate was 93.6%, 
while overall completeness across the variables included in the principal statistical models reached 
97.8%. High-income economies represented 29.5% of the country sample, upper-middle-income 
economies represented 27.6%, lower-middle-income economies accounted for 25.6%, and lower-
income economies represented 17.3%. Regional representation remained sufficiently broad to support 
subsequent cross-country and subgroup comparisons. The final dataset also incorporated harmonized 
sector-level indicators covering manufacturing, finance, retail, healthcare, ICT, and logistics, permitting 
the national analysis to be complemented by sector-specific measures of analytics adoption and 
economic performance. Considerable variation was observed in digital infrastructure, AI adoption, 
business-analytics intensity, human capital, innovation capability, institutional conditions, and 
macroeconomic performance, establishing an appropriate quantitative basis for investigating 
heterogeneous analytics–growth relationships. 
 

Table 1. Final Dataset Composition and Coverage 
 

Dataset characteristic Numerical result 

Initial country-year observations 3,168 
Final country-year observations 2,964 
Observations excluded 204 
Retention rate 93.6% 
Countries represented 156 
Observation period 18 years 
Geographic regions 6 
Overall data completeness 97.8% 
High-income countries 46 (29.5%) 
Upper-middle-income countries 43 (27.6%) 
Lower-middle-income countries 40 (25.6%) 
Lower-income countries 27 (17.3%) 
Major sectors represented 6 

 
Table 1 demonstrated that the final dataset retained 2,964 of 3,168 country-year observations, 
corresponding to a 93.6% retention rate after data-quality screening. The 156 countries provided 
representation across six geographic regions and four income classifications, supporting meaningful 
cross-national comparisons. High-income countries formed the largest category at 29.5%, although 
upper-middle-income and lower-middle-income economies also contributed substantial 
representation at 27.6% and 25.6%, respectively. Lower-income economies accounted for 17.3% of the 
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sample. Overall data completeness of 97.8% indicated limited residual missingness. The 18-year 
longitudinal coverage provided sufficient temporal variation for subsequent panel, subgroup, and 
robustness analyses. 
Descriptive analysis revealed pronounced variation in both economic performance and digital 
capability across the retained observations. Mean real GDP growth was 3.42%, with a standard 
deviation of 2.71 percentage points, while GDP per capita averaged US$24,860 and exhibited 
substantial dispersion across national income groups. Labor productivity averaged US$61,420 per 
employed person, confirming considerable differences in productive capacity across economies. 
Internet penetration averaged 72.6%, whereas fixed broadband penetration averaged 24.8 subscriptions 
per 100 people. The standardized digital-intensity index produced a mean score of 61.7 out of 100, while 
business-analytics adoption averaged 55.8%. AI adoption and big-data utilization averaged 38.6% and 
46.9%, respectively, and cloud adoption reached an average of 51.7%. The relatively large standard 
deviations associated with these measures demonstrated substantial cross-national heterogeneity in 
advanced digital adoption. Mean R&D expenditure was 1.84% of GDP, while the human-capital and 
institutional-quality indices averaged 64.3 and 61.2 points, respectively. The descriptive distributions 
consistently showed that countries with stronger digital infrastructure tended to record higher 
analytical adoption, although substantial within-group dispersion remained evident. 
 

Table 2. Descriptive Statistics for Principal Economic and Digital Variables 
 

Variable Mean SD Median IQR Minimum Maximum 95% CI 
of Mean 

Real GDP growth (%) 3.42 2.71 3.31 3.18 -8.40 13.60 3.32–3.52 
GDP per capita (US$) 24,860 21,740 16,920 29,480 720 91,600 24,078–

25,642 
Labor productivity 
(US$/worker) 

61,420 38,760 49,830 52,640 6,840 168,900 60,025–
62,815 

Industrial value added (% 
GDP) 

25.7 8.6 24.9 10.8 7.2 52.6 25.4–26.0 

Internet penetration (%) 72.6 21.8 78.4 28.7 12.4 99.1 71.8–73.4 
Broadband subscriptions 
(per 100) 

24.8 14.7 22.9 21.5 0.8 55.7 24.3–25.3 

Digital-intensity index (0–
100) 

61.7 17.6 63.8 23.4 19.6 94.8 61.1–62.3 

Business-analytics 
adoption (%) 

55.8 20.4 57.6 27.1 10.7 92.8 55.1–56.5 

AI adoption (%) 38.6 19.7 36.9 25.8 4.3 84.9 37.9–39.3 
Big-data utilization (%) 46.9 20.2 47.5 27.4 6.8 89.6 46.2–47.6 
Cloud adoption (%) 51.7 21.5 53.2 29.1 7.6 93.4 50.9–52.5 
R&D expenditure (% 
GDP) 

1.84 1.21 1.51 1.62 0.12 5.48 1.80–1.88 

Human-capital index (0–
100) 

64.3 15.8 66.1 20.7 27.4 92.6 63.7–64.9 

Institutional-quality 
index (0–100) 

61.2 16.9 62.7 22.8 21.3 94.1 60.6–61.8 

 
Table 2 showed substantial dispersion across the principal economic and digital indicators. Average 
GDP growth was 3.42%, while GDP per capita and labor productivity displayed wide cross-national 
variation. Internet penetration averaged 72.6%, compared with 61.7 for digital intensity and 55.8% for 
business-analytics adoption. Advanced technologies remained less uniformly distributed, with AI 
adoption averaging 38.6%, big-data utilization 46.9%, and cloud adoption 51.7%. R&D expenditure 
averaged 1.84% of GDP, while human-capital and institutional-quality scores averaged 64.3 and 61.2. 
The broad interquartile ranges confirmed meaningful heterogeneity suitable for subsequent 
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multivariate and subgroup analysis. 
Primary Effects of Data Science and Business Analytics on Economic Growth and Productivity 
The primary analysis identified consistently positive relationships between data-science capability, 
business-analytics adoption, digital intensity, and major indicators of economic performance across the 
2,964 country-year observations. Pearson correlation analysis showed that business-analytics adoption 
was positively associated with real GDP growth, GDP per capita, labor productivity, total factor 
productivity, and industrial value added. The strongest relationship was observed between business-
analytics adoption and labor productivity, with a correlation coefficient of 0.61, followed by GDP per 
capita at 0.58 and total factor productivity at 0.54. Digital intensity demonstrated similarly strong 
associations with labor productivity and GDP per capita, producing coefficients of 0.64 and 0.62, 
respectively. AI utilization was positively correlated with labor productivity at 0.56 and total factor 
productivity at 0.51, while big-data utilization produced corresponding coefficients of 0.53 and 0.49. 
Cloud penetration and ICT investment were also positively associated with the economic indicators, 
although their relationships were generally smaller than those observed for digital intensity and 
business-analytics adoption. Spearman coefficients remained close to the Pearson estimates, indicating 
that the principal relationships were not substantially dependent on distributional assumptions or 
extreme observations. Most major associations were statistically significant at p < 0.001, providing 
consistent preliminary evidence that economies characterized by stronger analytics and digital 
capabilities also demonstrated higher levels of productivity and economic performance. 
 

Table 3. Correlations Between Analytics Capabilities and Economic Performance 
 

Predictor GDP 
Growth 

GDP per 
Capita 

Labor 
Productivity 

TFP Industrial Value 
Added 

Business-analytics 
adoption 

0.39*** 0.58*** 0.61*** 0.54*** 0.42*** 

Digital-intensity 
index 

0.41*** 0.62*** 0.64*** 0.57*** 0.45*** 

AI utilization 0.37*** 0.52*** 0.56*** 0.51*** 0.39*** 
Big-data utilization 0.35*** 0.49*** 0.53*** 0.49*** 0.41*** 
Cloud penetration 0.32*** 0.47*** 0.50*** 0.44*** 0.36*** 
ICT investment 0.29*** 0.44*** 0.48*** 0.42*** 0.38*** 

*Note. Values represent Pearson correlation coefficients; **p < 0.001. 
 
Table 3 demonstrated consistently positive relationships between analytics capabilities and economic 
performance. Digital intensity produced the strongest correlations with labor productivity (r = 0.64), 
GDP per capita (r = 0.62), and total factor productivity (r = 0.57). Business-analytics adoption was 
similarly associated with labor productivity (r = 0.61) and GDP per capita (r = 0.58). AI and big-data 
utilization also showed moderate positive relationships with productivity indicators. Associations with 
GDP growth were comparatively smaller, ranging from 0.29 to 0.41. All reported coefficients were 
statistically significant at p < 0.001, demonstrating consistent bivariate relationships across the principal 
indicators. 
Multivariate analysis confirmed that analytics-related capabilities retained significant relationships 
with economic performance after conventional economic, demographic, educational, technological, 
and institutional factors were controlled. In the fully adjusted GDP-growth model, digital intensity 
produced the largest standardized analytics-related coefficient at β = 0.24, followed by business-
analytics adoption at β = 0.21, AI utilization at β = 0.18, big-data utilization at β = 0.15, cloud penetration 
at β = 0.12, and ICT investment at β = 0.10. The effects were stronger when labor productivity was used 
as the dependent variable. Digital intensity produced a standardized coefficient of β = 0.31, while 
business-analytics adoption reached β = 0.29 and AI utilization reached β = 0.24. The corresponding 
95% confidence intervals excluded zero, confirming statistical precision. The fully adjusted 
productivity model explained 58.7% of observed variance, with an adjusted R² of 0.579, compared with 
41.6% for the GDP-growth model. Fixed-effects estimation produced slightly smaller coefficients than 



Review of Applied Science and Technology, June 2026, 01– 54 
 

34 
 

pooled regression, but the direction and statistical significance of the principal analytics variables 
remained stable. The lagged specification further showed that prior-period business-analytics adoption 
and digital intensity remained positively associated with subsequent productivity, with standardized 
coefficients of 0.23 and 0.26, respectively. These results indicated that the observed relationships were 
not eliminated after accounting for time-invariant national characteristics or temporal sequencing. 
 

Table 4. Multivariate and Panel Estimates of Analytics Effects on Economic Performance 
 

Predictor GDP 
Growth β 

Labor 
Productivity β 

TFP β Fixed-Effects 
Productivity β 

Lagged 
Productivity β 

Business-analytics 
adoption 

0.21*** 0.29*** 0.26*** 0.25*** 0.23*** 

Digital-intensity 
index 

0.24*** 0.31*** 0.28*** 0.28*** 0.26*** 

AI utilization 0.18*** 0.24*** 0.22*** 0.20*** 0.18*** 
Big-data 
utilization 

0.15*** 0.21*** 0.19*** 0.17*** 0.16*** 

Cloud penetration 0.12*** 0.17*** 0.15*** 0.14*** 0.13*** 
ICT investment 0.10** 0.15*** 0.14*** 0.13*** 0.11** 
R² 0.416 0.587 0.542 0.613 0.566 
Adjusted R² 0.403 0.579 0.533 0.604 0.557 

*Note. Standardized coefficients were adjusted for capital formation, education, R&D expenditure, 
trade openness, population, inflation, institutional quality, and industrial structure. **p < 0.01; **p < 
0.001. 
 
Table 4 confirmed that analytics capabilities remained significant after adjustment for major economic 
and institutional controls. Digital intensity produced the strongest standardized effects on GDP growth 
(β = 0.24), labor productivity (β = 0.31), and total factor productivity (β = 0.28). Business-analytics 
adoption followed closely, with coefficients ranging from 0.21 to 0.29. Fixed-effects and lagged models 
retained positive coefficients, demonstrating stability after controlling for country-specific 
heterogeneity and temporal sequencing. The labor-productivity model explained 58.7% of variance, 
while fixed-effects estimation increased explanatory power to 61.3%. Overall, analytics variables 
demonstrated statistically significant and quantitatively meaningful independent relationships with 
economic performance. 
Income-Level, Regional, and Sector-Specific Subgroup Findings 
The subgroup analysis revealed substantial heterogeneity in the relationship between analytics 
capability and economic performance across income classifications, geographic regions, and national 
digital conditions. Across the 156 countries, the standardized relationship between the composite 
analytics-capability measure and labor productivity was strongest among high-income economies (β = 
0.38, p < 0.001), followed by upper-middle-income (β = 0.32, p < 0.001), lower-middle-income (β = 0.25, 
p < 0.001), and lower-income economies (β = 0.17, p = 0.008). Corresponding effects on real GDP growth 
ranged from β = 0.27 in high-income countries to β = 0.13 in lower-income economies. Regional analysis 
also showed meaningful variation, with Europe and Central Asia and North America recording 
comparatively strong productivity coefficients of β = 0.36 and β = 0.35, respectively, while Sub-Saharan 
Africa recorded a smaller but statistically significant coefficient of β = 0.18. Interaction analysis 
indicated that digital readiness, human capital, R&D intensity, broadband penetration, and 
institutional quality significantly strengthened the analytics–productivity relationship. The interaction 
effect was largest for digital readiness (β = 0.19, p < 0.001), followed by human capital (β = 0.17, p < 
0.001) and institutional quality (β = 0.15, p < 0.001). These results indicated that analytics capability was 
associated with stronger productivity outcomes where complementary technological, knowledge, and 
institutional resources were more developed. 
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Table 5. Income-Level, Regional, and Digital-Condition Differences in Analytics Effects 
 

Subgroup / Moderator Productivity β GDP Growth β Effect Size p-
value 

High-income economies 0.38 0.27 0.52 <0.001 
Upper-middle-income economies 0.32 0.23 0.44 <0.001 
Lower-middle-income economies 0.25 0.18 0.35 <0.001 
Lower-income economies 0.17 0.13 0.24 0.008 
North America 0.35 0.25 0.49 <0.001 
Europe and Central Asia 0.36 0.26 0.50 <0.001 
East Asia and Pacific 0.33 0.24 0.46 <0.001 
Latin America and Caribbean 0.27 0.19 0.37 <0.001 
Middle East and North Africa 0.24 0.17 0.33 0.002 
Sub-Saharan Africa 0.18 0.14 0.26 0.006 
Analytics × digital readiness 0.19 0.14 0.31 <0.001 
Analytics × human capital 0.17 0.12 0.28 <0.001 
Analytics × institutional quality 0.15 0.11 0.25 <0.001 
Analytics × R&D intensity 0.14 0.10 0.23 0.001 
Analytics × broadband penetration 0.13 0.09 0.21 0.003 

Note. β values represent standardized coefficients. Effect-size values summarize standardized subgroup 
differences. 
 
Table 5 demonstrated systematic variation in analytics-related economic effects across income and 
regional groups. The productivity coefficient declined from β = 0.38 among high-income economies to 
β = 0.17 among lower-income economies. Europe and Central Asia recorded the strongest regional 
productivity relationship (β = 0.36), closely followed by North America (β = 0.35) and East Asia and 
Pacific (β = 0.33). Interaction results showed that digital readiness produced the strongest 
complementary effect (β = 0.19), followed by human capital (β = 0.17). Institutional quality, R&D 
intensity, and broadband penetration also significantly strengthened analytics-related productivity 
performance. 
Sector-specific analysis further demonstrated that the economic contribution of analytics differed 
according to operational structure and performance objectives. ICT exhibited the strongest 
standardized overall analytics–performance coefficient (β = 0.41, p < 0.001), reflecting measurable 
improvements in productivity, innovation, scalability, and revenue performance. Manufacturing 
followed with β = 0.37, where analytics adoption was associated with an 11.8% increase in productivity, 
a 16.4% reduction in unplanned downtime, a 13.7% decline in defect rates, and a 9.6% improvement in 
inventory efficiency. Financial services produced an overall coefficient of β = 0.35 and demonstrated a 
10.9% improvement in transaction efficiency, an 8.7% increase in profitability-related performance, and 
a 12.6% improvement in customer retention and risk-related outcomes. Retail analytics generated a 
coefficient of β = 0.32, accompanied by a 10.8% improvement in forecasting accuracy, an 8.9% increase 
in sales-related performance, and a 9.7% improvement in inventory turnover. Logistics recorded β = 
0.34, with transportation costs decreasing by 10.6%, delivery times declining by 12.8%, and capacity 
utilization increasing by 9.4%. Healthcare demonstrated a smaller but statistically significant coefficient 
of β = 0.28, together with an 8.6% reduction in operational costs, a 9.8% improvement in service 
efficiency, and an 8.1% increase in resource utilization. Cross-sector differences were statistically 
significant at p < 0.001, confirming that the magnitude and operational expression of analytics effects 
varied materially by industry. 
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Table 6. Sector-Specific Analytics Effects and Performance Changes 
 

Sector Overall 
β 

Principal performance outcome Change 
(%) 

Effect 
Size 

p-
value 

Manufacturing 0.37 Productivity +11.8 0.56 <0.001 
Manufacturing — Unplanned downtime −16.4 0.63 <0.001 
Manufacturing — Defect rate −13.7 0.58 <0.001 
Finance 0.35 Transaction efficiency +10.9 0.51 <0.001 
Finance — Profitability performance +8.7 0.43 <0.001 
Retail 0.32 Forecast accuracy +10.8 0.48 <0.001 
Retail — Inventory turnover +9.7 0.44 <0.001 
Healthcare 0.28 Operational cost −8.6 0.39 <0.001 
Healthcare — Service efficiency +9.8 0.42 <0.001 
ICT 0.41 Productivity +13.6 0.65 <0.001 
ICT — Innovation performance +12.4 0.59 <0.001 
Logistics 0.34 Transportation cost −10.6 0.49 <0.001 
Logistics — Delivery time −12.8 0.55 <0.001 
Logistics — Capacity utilization +9.4 0.45 <0.001 

Note. Positive percentages indicate performance improvements; negative percentages indicate reductions in 
undesirable operational outcomes. 
 
Table 6 confirmed significant sectoral heterogeneity in analytics-related performance. ICT recorded the 
largest overall coefficient (β = 0.41) and a 13.6% productivity improvement, while manufacturing 
achieved an 11.8% productivity increase alongside 16.4% lower downtime and 13.7% fewer defects. 
Finance recorded β = 0.35, with transaction efficiency increasing by 10.9%. Logistics achieved a 12.8% 
reduction in delivery time and a 10.6% reduction in transportation costs. Retail showed improved 
forecasting accuracy and inventory turnover, whereas healthcare recorded moderate improvements in 
service efficiency and resource utilization. Effect sizes ranged from 0.39 to 0.65, confirming practically 
meaningful cross-sector differences. 
Statistical Significance, Effect Sizes, Mediation, and Moderation Outcomes 
The inferential analysis demonstrated that the principal relationships between analytics capability and 
economic performance were statistically significant and practically meaningful after adjustment for 
relevant economic and institutional characteristics. Business-analytics capability produced a 
standardized coefficient of β = 0.29 for labor productivity, with a 95% confidence interval of 0.25–0.33 
and p < 0.001, while digital intensity generated the largest direct effect at β = 0.31, 95% CI [0.27, 0.35], 
p < 0.001. AI adoption produced β = 0.24, followed by innovation capability at β = 0.23, human capital 
at β = 0.22, big-data utilization at β = 0.21, and institutional quality at β = 0.18. ICT investment 
demonstrated a smaller but statistically reliable contribution of β = 0.15. Effect-size analysis supported 
these regression findings. The difference in economic performance between economies with high and 
low analytics capability produced Cohen’s d = 0.68, indicating a moderate-to-large standardized 
difference. High versus low digital readiness generated d = 0.72, while high versus low human-capital 
development produced d = 0.59. Multi-group comparisons were also statistically significant, with 
partial eta squared values of 0.084 for income classification, 0.097 for digital-readiness category, and 
0.071 for sector classification. The baseline economic model explained 39.8% of outcome variance, 
whereas inclusion of analytics, AI, digital infrastructure, innovation, and human-capital measures 
increased explained variance to 58.7%, representing an incremental increase of 18.9 percentage points. 
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Table 7. Statistical Significance, Standardized Effects, and Effect-Size Estimates 
 

Variable / Comparison Standardized 
β 

95% CI p-
value 

Effect-size 
measure 

Effect 
size 

Digital intensity 0.31 0.27–
0.35 

<0.001 — — 

Business-analytics capability 0.29 0.25–
0.33 

<0.001 — — 

AI adoption 0.24 0.20–
0.28 

<0.001 — — 

Innovation capability 0.23 0.19–
0.27 

<0.001 — — 

Human capital 0.22 0.18–
0.26 

<0.001 — — 

Big-data utilization 0.21 0.17–
0.25 

<0.001 — — 

Institutional quality 0.18 0.14–
0.22 

<0.001 — — 

ICT investment 0.15 0.10–
0.20 

<0.001 — — 

High vs. low analytics 
capability 

— 0.60–
0.76 

<0.001 Cohen’s d 0.68 

High vs. low digital readiness — 0.64–
0.80 

<0.001 Cohen’s d 0.72 

High vs. low human capital — 0.51–
0.67 

<0.001 Cohen’s d 0.59 

Income-group comparison — — <0.001 Partial η² 0.084 
Digital-readiness groups — — <0.001 Partial η² 0.097 
Sector comparison — — <0.001 Partial η² 0.071 

Note. Standardized coefficients represented effects on the principal economic-performance outcome after 
adjustment for the specified control variables. 
 
Table 7 showed that digital intensity produced the largest standardized direct effect on economic 
performance (β = 0.31), followed by business-analytics capability (β = 0.29) and AI adoption (β = 0.24). 
All principal coefficients remained statistically significant at p < 0.001, and their confidence intervals 
excluded zero. High versus low digital readiness generated the largest two-group effect (d = 0.72), 
while analytics capability produced d = 0.68. Multi-group effects were strongest for digital readiness, 
with partial η² = 0.097. These findings demonstrated that statistical significance was accompanied by 
moderate and practically meaningful differences in economic performance. 
Mediation analysis showed that the relationship between analytics capability and economic 
performance operated partly through productivity, innovation capability, decision efficiency, and 
organizational maturity. The total standardized effect of analytics capability on economic performance 
was β = 0.42, p < 0.001. After mediating mechanisms were incorporated, the direct effect declined to β 
= 0.24, while the combined indirect effect reached β = 0.18, 95% CI [0.14, 0.22]. Productivity represented 
the strongest individual pathway, with an indirect effect of β = 0.071, followed by innovation capability 
at β = 0.052, decision efficiency at β = 0.034, and organizational maturity at β = 0.023. Collectively, these 
pathways accounted for approximately 42.9% of the total analytics–performance association, indicating 
partial rather than complete mediation. Moderation analysis further demonstrated that the strength of 
the analytics relationship depended on complementary national and organizational conditions. Human 
capital produced the strongest positive interaction coefficient at β = 0.18, followed by digital 
infrastructure at β = 0.17, institutional quality at β = 0.15, R&D intensity at β = 0.13, and income level 
at β = 0.11. Each interaction was statistically significant, and the inclusion of moderation terms 
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increased adjusted R² from 0.579 to 0.624. The results therefore indicated that analytics generated 
stronger economic associations where skilled human resources, technological infrastructure, research 
capability, and institutional conditions were comparatively favorable. 
 

Table 8. Mediation, Moderation, and Incremental Model Explanatory Results 
 

Analysis Standardized 
Effect 

95% CI p-
value 

Model / 
Contribution 

Total analytics → economic 
performance effect 

0.420 0.374–
0.466 

<0.001 — 

Direct analytics effect after mediation 0.240 0.198–
0.282 

<0.001 — 

Total indirect effect 0.180 0.140–
0.220 

<0.001 42.9% mediated 

Analytics → productivity → 
performance 

0.071 0.052–
0.091 

<0.001 Strongest 
mediator 

Analytics → innovation → performance 0.052 0.036–
0.069 

<0.001 Second mediator 

Analytics → decision efficiency → 
performance 

0.034 0.021–
0.048 

<0.001 Significant 
mediator 

Analytics → organizational maturity → 
performance 

0.023 0.011–
0.036 

0.001 Significant 
mediator 

Analytics × human capital 0.180 0.139–
0.221 

<0.001 Strongest 
moderator 

Analytics × digital infrastructure 0.170 0.130–
0.210 

<0.001 Positive 
moderator 

Analytics × institutional quality 0.150 0.109–
0.191 

<0.001 Positive 
moderator 

Analytics × R&D intensity 0.130 0.087–
0.173 

<0.001 Positive 
moderator 

Analytics × income level 0.110 0.066–
0.154 

<0.001 Positive 
moderator 

Baseline model R² — — — 0.398 
Extended main-effects R² — — — 0.587 
Moderated model adjusted R² — — — 0.624 

Note. Indirect effects were evaluated using 95% confidence intervals; intervals excluding zero indicated 
statistically reliable mediation. 
 
Table 8 demonstrated that analytics capability had a total standardized economic-performance effect 
of 0.420, of which 42.9% was transmitted through the combined mediating mechanisms. Productivity 
was the strongest mediator, with an indirect effect of 0.071, followed by innovation at 0.052. Human 
capital produced the strongest moderation effect (β = 0.18), closely followed by digital infrastructure 
(β = 0.17) and institutional quality (β = 0.15). Model explanatory power increased from 39.8% in the 
baseline specification to 58.7% after adding the principal analytical variables, while the moderated 
model reached an adjusted R² of 0.624, demonstrating substantial incremental explanatory 
contribution. 
Model Validation, Robustness, Predictive Performance, and Integrated Quantitative Evidence 
Model-validation and sensitivity analyses demonstrated that the principal relationship between 
analytics capability and economic performance remained stable across alternative specifications and 
estimation procedures. In the baseline pooled regression, business-analytics capability produced a 
standardized coefficient of β = 0.29, 95% CI [0.25, 0.33], p < 0.001, while digital intensity produced β = 
0.31, 95% CI [0.27, 0.35], p < 0.001. Fixed-effects estimation generated slightly smaller coefficients of 
0.25 and 0.28, respectively, indicating that part of the cross-country association reflected time-invariant 
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national characteristics, although both effects remained statistically significant. Random-effects 
estimates were β = 0.27 for business analytics and β = 0.30 for digital intensity, while lagged models 
produced coefficients of β = 0.23 and β = 0.26. Alternative specifications using different digitalization, 
human-capital, institutional-quality, and economic-performance indicators generated analytics 
coefficients between 0.22 and 0.30, demonstrating limited sensitivity to measurement changes. 
Excluding influential observations produced only minor coefficient changes and retained the direction 
and significance of the principal relationships. Variance inflation factors remained below 4.0, indicating 
that multicollinearity did not materially compromise coefficient estimation. Heteroscedasticity and 
serial dependence were identified in selected specifications; consequently, robust standard errors were 
applied, but substantive conclusions remained unchanged. The consistency of coefficient direction, 
confidence intervals, explanatory power, and statistical significance across alternative models provided 
evidence that the principal results were not dependent on a single analytical specification. 
 

Table 9. Robustness and Sensitivity Results Across Alternative Model Specifications 
 

Model specification Analytics 
β 

Digital 
Intensity β 

95% CI for 
Analytics β 

Adjusted 
R² 

Maximum 
VIF 

p-
value 

Baseline pooled 
regression 

0.29 0.31 0.25–0.33 0.579 3.42 <0.001 

Fixed-effects model 0.25 0.28 0.21–0.29 0.604 3.38 <0.001 
Random-effects 
model 

0.27 0.30 0.23–0.31 0.596 3.40 <0.001 

One-period lagged 
model 

0.23 0.26 0.19–0.27 0.557 3.31 <0.001 

Alternative 
digitalization measure 

0.26 0.27 0.22–0.30 0.568 3.17 <0.001 

Alternative human-
capital measure 

0.28 0.29 0.24–0.32 0.574 3.26 <0.001 

Alternative 
institutional measure 

0.27 0.30 0.23–0.31 0.571 3.35 <0.001 

Excluding influential 
observations 

0.28 0.30 0.24–0.32 0.591 3.21 <0.001 

High digital-readiness 
subsample 

0.30 0.33 0.25–0.35 0.628 3.56 <0.001 

Low digital-readiness 
subsample 

0.22 0.24 0.17–0.27 0.493 3.08 <0.001 

Note. β values represent standardized coefficients. VIF = variance inflation factor. Robust standard errors were 
applied where heteroscedasticity or serial dependence was detected. 
 
Table 9 demonstrated that the principal analytics effect remained positive and statistically significant 
across all model specifications. The standardized analytics coefficient ranged narrowly from 0.22 to 
0.30, while digital-intensity coefficients ranged from 0.24 to 0.33. Fixed-effects estimation produced an 
adjusted R² of 0.604, compared with 0.579 for pooled regression. Excluding influential observations did 
not materially alter coefficient magnitude or significance. The high-digital-readiness subsample 
produced the strongest analytics coefficient at β = 0.30, whereas the corresponding low-readiness 
estimate was β = 0.22. Maximum VIF values remained below 4.0, indicating acceptable multicollinearity 
across the estimated models. 
Predictive validation further supported the generalizability of the integrated analytical framework. The 
dataset was partitioned into training and independent holdout components, while repeated cross-
validation was used to assess performance stability across different data partitions. For GDP growth 
prediction, the integrated model achieved a training RMSE of 1.54 percentage points and a holdout 
RMSE of 1.68, while MAE increased modestly from 1.17 to 1.29 and MAPE increased from 8.6% to 9.4%. 
For labor-productivity prediction, holdout RMSE was US$8,940 per worker compared with US$8,310 
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in the training sample, while holdout MAE reached US$6,720 and MAPE was 8.8%. Total factor 
productivity produced a holdout MAPE of 7.9%, and industrial value added generated a corresponding 
value of 8.5%. Five-fold cross-validation generated mean errors close to independent holdout results, 
indicating limited performance deterioration outside the estimation sample. The difference between 
training and holdout error remained below approximately one percentage point for the principal 
percentage-based metrics, providing little evidence of substantial overfitting. The integrated analytics 
model also outperformed the conventional economic baseline model. For GDP growth, the addition of 
analytics, digital intensity, AI adoption, human capital, innovation, and institutional variables reduced 
holdout RMSE from 2.07 to 1.68 and MAPE from 12.1% to 9.4%. Combined with the stable regression 
estimates, subgroup effects, mediation results, and sensitivity tests, these predictive findings 
demonstrated that analytics-related variables contributed both explanatory and predictive information 
to the assessment of global economic performance. 
 

Table 10. Predictive Validation and Generalization Performance 
 

Outcome / Model Training 
RMSE 

Holdout 
RMSE 

Training 
MAE 

Holdout 
MAE 

Training 
MAPE 

Holdout 
MAPE 

Cross-
Validation 
MAPE 

GDP growth – 
baseline model 

1.91 2.07 1.48 1.61 11.2% 12.1% 12.4% 

GDP growth – 
integrated 
analytics model 

1.54 1.68 1.17 1.29 8.6% 9.4% 9.6% 

Labor 
productivity 

8,310 8,940 6,180 6,720 8.1% 8.8% 9.0% 

Total factor 
productivity 

0.071 0.078 0.052 0.058 7.3% 7.9% 8.1% 

Industrial value 
added 

3.14 3.39 2.36 2.57 7.8% 8.5% 8.7% 

Note. RMSE and MAE are reported in the original measurement units of each outcome. Cross-validation values 
represent mean performance across validation folds. 
 
Table 10 showed that predictive performance remained stable between training, holdout, and cross-
validation samples. For GDP growth, the integrated analytics model reduced holdout RMSE from 2.07 
to 1.68 and MAPE from 12.1% to 9.4% relative to the baseline model. Labor-productivity prediction 
produced a holdout MAPE of 8.8%, while total factor productivity and industrial value added achieved 
7.9% and 8.5%, respectively. Cross-validation errors remained close to holdout results, indicating 
satisfactory generalization. The relatively small training–validation gaps provided limited evidence of 
overfitting and reinforced the robustness of the integrated quantitative findings across economic 
outcomes. 
DISCUSSION 
The descriptive findings of this study established a broad quantitative foundation for evaluating the 
relationship between data science, business analytics, and economic performance across heterogeneous 
national environments. The final dataset retained 2,964 country-year observations from an initial 3,168 
observations, corresponding to a 93.6% retention rate, while overall data completeness reached 97.8%. 
The representation of 156 countries across six geographic regions and an 18-year observation period 
provided considerably greater analytical diversity than many earlier studies that relied on individual 
countries, single industries, short observation periods, or relatively homogeneous groups of developed 
economies (Huang et al., 2020). High-income countries represented 29.5% of the sample, followed by 
upper-middle-income countries at 27.6%, lower-middle-income countries at 25.6%, and lower-income 
countries at 17.3%. This distribution was particularly important because earlier studies frequently 
demonstrated that digital transformation and analytics adoption were unevenly distributed according 
to national income, infrastructure, skills, and institutional development. The descriptive results of this 
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study were consistent with that broader literature. Internet penetration averaged 72.6%, business-
analytics adoption averaged 55.8%, cloud adoption reached 51.7%, big-data utilization averaged 46.9%, 
and AI adoption averaged 38.6%, demonstrating progressively lower penetration as the technological 
requirements became more advanced. The mean digital-intensity score of 61.7 and human-capital score 
of 64.3 further indicated that technological access and workforce capability were related but not 
identical dimensions of digital readiness (Zwanenburg, 2019).  
 

Figure 12: Analytics Capabilities Driving Economic Performance 

Earlier cross-country research similarly showed that basic connectivity was generally more widespread 
than sophisticated analytical capability and that technology availability did not automatically translate 
into advanced organizational use. The substantial standard deviations and interquartile ranges found 
in this study reinforced this interpretation by showing considerable within-group variation even 
among countries belonging to the same income classification. Mean GDP growth of 3.42% also existed 
alongside very wide differences in GDP per capita and labor productivity, indicating that short-term 
economic growth and structural productive capacity represented distinct economic conditions (Zhang 
et al., 2024). Compared with earlier studies emphasizing income classification as a dominant 
explanation for digital inequality, the present results suggested a more multidimensional structure in 
which infrastructure, analytical adoption, human capital, R&D intensity, and institutional quality 
jointly differentiated countries. The descriptive evidence therefore provided an important empirical 
context for interpreting the subsequent regression and subgroup findings because the economic 
contribution of analytics occurred within substantially different national technological and institutional 
environments (Tranos et al., 2021). 
The primary findings showed that data-science and business-analytics capabilities were positively 
associated with economic growth and productivity, supporting the dominant pattern reported in 
earlier quantitative studies of data-driven decision-making, digitalization, and organizational 
performance. Digital intensity demonstrated the strongest bivariate relationship with labor 
productivity at r = 0.64, followed by business-analytics adoption at r = 0.61, AI utilization at r = 0.56, 
big-data utilization at r = 0.53, cloud penetration at r = 0.50, and ICT investment at r = 0.48. The 
corresponding relationships with GDP growth were positive but weaker, ranging from r = 0.29 for ICT 
investment to r = 0.41 for digital intensity (Wang et al., 2023). This difference was consistent with earlier 
research showing that digital capabilities are often more directly associated with productivity and 
operational efficiency than with aggregate annual GDP growth, which is influenced by a wider range 
of macroeconomic shocks, fiscal conditions, trade patterns, commodity prices, demographic changes, 
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and business-cycle effects. Multivariate analysis strengthened this interpretation because digital 
intensity remained the strongest analytics-related predictor of labor productivity at β = 0.31, followed 
closely by business-analytics adoption at β = 0.29. AI utilization, big-data utilization, cloud penetration, 
and ICT investment also remained statistically significant after capital formation, education, R&D 
expenditure, trade openness, population, inflation, institutional quality, and industrial structure were 
controlled. Earlier firm-level research similarly found that analytics generated the strongest 
performance improvements when data resources were incorporated into managerial and operational 
decisions rather than treated simply as technological investments (Yu et al., 2022). The smaller 
coefficient for ICT investment relative to digital intensity and business analytics in this study was 
therefore meaningful. It suggested that expenditure on technology alone had a weaker relationship 
with productivity than the effective utilization of digital systems and analytical capabilities. The fixed-
effects and lagged results also aligned with longitudinal studies that reported persistent positive 
relationships after controlling for stable organizational or national characteristics. Business-analytics 
adoption retained a lagged productivity coefficient of β = 0.23, while digital intensity retained β = 0.26, 
reducing the likelihood that the principal results reflected only contemporaneous cross-sectional 
differences. The labor-productivity model explained 58.7% of observed variance, indicating substantial 
explanatory power when analytical variables were combined with established economic controls (Tang 
et al., 2021). Taken together, these findings extended earlier evidence by demonstrating that the 
analytics–performance relationship remained visible across a large international panel and was 
particularly pronounced for productivity-related outcomes. 
The subgroup results demonstrated that the magnitude of the analytics–performance relationship 
varied systematically across income groups and geographic regions, supporting earlier studies that 
treated digital capability as dependent on complementary economic and institutional resources. The 
standardized productivity coefficient was β = 0.38 among high-income economies, compared with β = 
0.32 in upper-middle-income economies, β = 0.25 in lower-middle-income economies, and β = 0.17 in 
lower-income economies. A comparable gradient appeared for GDP growth, where coefficients 
declined from β = 0.27 in high-income countries to β = 0.13 among lower-income countries (Wang et 
al., 2018). These findings were consistent with previous cross-country studies reporting that digital 
technologies generated stronger measurable productivity benefits where reliable broadband 
infrastructure, advanced skills, research capacity, managerial competence, financing, and institutional 
systems were already established. The results did not indicate that analytics lacked economic value in 
less-developed economies, because the relationships remained positive and statistically significant. 
Instead, they showed that the magnitude of the relationship was conditioned by the environment in 
which analytical technologies were deployed. Regional findings provided additional evidence of this 
pattern. Europe and Central Asia recorded a productivity coefficient of β = 0.36, North America β = 
0.35, and East Asia and Pacific β = 0.33, compared with β = 0.27 in Latin America and the Caribbean, β 
= 0.24 in the Middle East and North Africa, and β = 0.18 in Sub-Saharan Africa (J. Li et al., 2023). Earlier 
international digitalization research frequently reported similar geographic disparities but often 
explained them primarily through infrastructure or income. This study provided a broader quantitative 
interpretation because moderation analysis showed that digital readiness, human capital, institutional 
quality, R&D intensity, and broadband penetration independently strengthened analytics-related 
productivity relationships. Digital readiness produced the largest interaction coefficient at β = 0.19, 
followed by human capital at β = 0.17 and institutional quality at β = 0.15. These results were consistent 
with complementarity-based research in which technology produced stronger economic returns when 
accompanied by skills, organizational capability, innovation resources, and reliable institutions (Preim 
& Lawonn, 2020). The findings also explained why countries at similar income levels could 
demonstrate different analytical outcomes. National income represented an important structural 
condition, but differences in workforce capabilities, digital connectivity, governance, research intensity, 
and technology integration produced additional variation. Consequently, the cross-national evidence 
supported earlier research emphasizing digital inequality while providing more detailed evidence that 
the productivity contribution associated with analytics was shaped by multiple complementary 
national capabilities (Wang et al., 2020). 
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Sectoral analysis showed that analytics did not produce an identical pattern of performance across 
manufacturing, finance, retail, healthcare, ICT, and logistics, which was consistent with earlier 
industry-specific research emphasizing differences in data intensity, operational structure, technology 
dependence, and performance objectives. ICT recorded the largest overall standardized coefficient at β 
= 0.41 and achieved a 13.6% improvement in productivity and a 12.4% improvement in innovation 
performance. These results corresponded with earlier ICT research in which analytics supported rapid 
experimentation, digital-service optimization, customer analysis, scalable infrastructure, and software-
based innovation (Staessens et al., 2019). Manufacturing recorded the second-largest overall effect at β 
= 0.37, accompanied by an 11.8% productivity increase, 16.4% reduction in unplanned downtime, and 
13.7% decline in defect rates. This pattern closely reflected earlier smart-manufacturing and predictive-
maintenance studies, which consistently identified equipment reliability, quality control, production 
scheduling, and process optimization as major mechanisms through which analytics improved 
performance. Financial services recorded β = 0.35, with transaction efficiency increasing by 10.9% and 
profitability-related performance by 8.7%. Earlier banking and financial-analytics research similarly 
emphasized credit-risk modeling, fraud detection, automated transaction monitoring, customer 
segmentation, and faster decision processing (Zhang & Thurasamy, 2024). Logistics produced β = 0.34 
and was associated with a 12.8% reduction in delivery time and a 10.6% reduction in transportation 
costs, corresponding with earlier research on route optimization, demand forecasting, fleet 
management, and warehouse analytics. Retail generated β = 0.32, with forecasting accuracy increasing 
by 10.8% and inventory turnover by 9.7%, reinforcing previous findings concerning demand 
prediction, customer targeting, assortment optimization, and inventory management (Chakraborty et 
al., 2020). Healthcare recorded the smallest overall sector coefficient at β = 0.28, although service 
efficiency improved by 9.8% and operational costs decreased by 8.6%. Earlier healthcare studies often 
reported similarly moderate organizational effects because clinical and operational analytics operate 
within highly regulated, resource-constrained, and complex service environments. The effect sizes 
ranging from 0.39 to 0.65 confirmed that these differences possessed practical as well as statistical 
importance. The findings therefore supported previous sectoral literature while demonstrating within 
a unified analytical framework that the economic expression of analytics depended substantially on the 
processes being optimized (Karimpour et al., 2021). 
The statistical-significance and effect-size findings provided a more comprehensive interpretation of 
the economic relevance of analytics than would have been obtained from p-values alone. Digital 
intensity produced the largest standardized direct effect at β = 0.31, followed by business-analytics 
capability at β = 0.29, AI adoption at β = 0.24, innovation capability at β = 0.23, human capital at β = 
0.22, big-data utilization at β = 0.21, institutional quality at β = 0.18, and ICT investment at β = 0.15. All 
principal coefficients were statistically significant, while their confidence intervals excluded zero 
(Mikalef et al., 2019). These results were consistent with earlier studies reporting that digital capability 
is multidimensional and that organizational performance cannot be explained adequately by 
technology investment alone. The comparatively smaller effect of ICT investment was particularly 
consistent with research distinguishing technological acquisition from productive utilization. Earlier 
studies frequently reported that organizations could invest heavily in digital infrastructure without 
realizing proportional economic gains when data quality, analytical skills, organizational integration, 
or managerial decision processes remained underdeveloped. The effect-size comparisons in this study 
provided further support for that interpretation. Economies with high versus low analytics capability 
differed by Cohen’s d = 0.68, while high versus low digital readiness produced d = 0.72 and human-
capital development produced d = 0.59. These moderate-to-large differences demonstrated that the 
relationships had practical economic relevance rather than representing statistically detectable but 
negligible differences created by the large sample (Richards et al., 2019). Multi-group comparisons 
produced partial eta-squared values of 0.097 for digital readiness, 0.084 for income classification, and 
0.071 for sector classification, indicating that digital conditions accounted for meaningful differences 
across economic environments. The increase in explanatory power was equally important. The baseline 
economic model explained 39.8% of outcome variance, whereas the inclusion of analytics, AI, digital 
infrastructure, innovation, and human-capital indicators increased explanatory power to 58.7%. Earlier 
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quantitative studies frequently reported incremental performance improvements after digital variables 
were added to conventional models, although the magnitude varied according to sample composition 
and measurement strategy. The present results showed a substantial 18.9-percentage-point 
improvement, reinforcing the argument that analytical capability contributed information beyond 
conventional economic determinants (Lovakov & Agadullina, 2021). Overall, the combined 
significance, confidence-interval, effect-size, and model-explanatory results provided stronger 
evidence than statistical significance alone and clarified the relative quantitative importance of the 
different components of the data-driven economic environment. 
The mediation and moderation findings clarified why analytics capability was associated with 
economic performance and why the magnitude of the relationship varied across economic 
environments. The total standardized effect of analytics capability on economic performance was 0.420, 
while the direct effect declined to 0.240 after productivity, innovation capability, decision efficiency, 
and organizational maturity were incorporated as mediating mechanisms (Thompson et al., 2022). The 
combined indirect effect was 0.180, indicating that approximately 42.9% of the total association was 
transmitted through the measured intermediate pathways. Productivity was the strongest mediator 
with an indirect effect of 0.071, followed by innovation capability at 0.052, decision efficiency at 0.034, 
and organizational maturity at 0.023. This pattern was strongly aligned with earlier resource-based, 
information-processing, and digital-transformation studies, which generally argued that analytics does 
not create economic value solely through technology ownership. Instead, data capabilities influence 
performance when information is translated into more efficient production, improved innovation 
processes, better managerial decisions, and stronger organizational coordination. The particularly 
strong productivity pathway corresponded with the primary results, where analytics variables showed 
larger correlations with labor and total factor productivity than with annual GDP growth. Innovation 
represented the second-largest mediation pathway, consistent with earlier empirical research linking 
data-intensive capabilities with product development, experimentation, knowledge creation, and 
process improvement (Yan Zhang et al., 2018). Moderation analysis further demonstrated that the 
analytics relationship was conditional rather than uniform. Human capital produced the largest 
interaction coefficient at β = 0.18, followed by digital infrastructure at β = 0.17, institutional quality at 
β = 0.15, R&D intensity at β = 0.13, and income level at β = 0.11. These findings closely corresponded 
with previous research emphasizing complementary assets as determinants of digital returns. Skilled 
workers were required to interpret analytical outputs, digital infrastructure supported reliable data 
generation and transmission, institutional quality reduced uncertainty and strengthened investment 
environments, and R&D capacity facilitated the transformation of analytical information into 
innovation. The moderated model achieved an adjusted R² of 0.624, compared with 0.579 for the main-
effects specification, confirming that these contextual interactions added explanatory value (Zou et al., 
2018). Consequently, this study extended earlier direct-effect research by demonstrating quantitatively 
that the economic relationship associated with analytics operated through identifiable productivity and 
innovation mechanisms and became stronger under favorable technological, human-capital, research, 
and institutional conditions. 
The robustness and predictive-validation results strengthened confidence in the overall pattern of 
findings because the principal relationships remained stable across alternative estimation procedures, 
variable definitions, sample restrictions, and validation strategies. Business-analytics capability 
produced β = 0.29 in pooled regression, β = 0.25 under fixed effects, β = 0.27 under random effects, and 
β = 0.23 in the one-period lagged specification (Feng et al., 2022). Digital-intensity coefficients similarly 
remained between 0.26 and 0.31 across the principal models. Alternative measurements of human 
capital, institutional quality, and digitalization did not materially change the direction or significance 
of the estimates, while exclusion of influential observations produced an analytics coefficient of β = 
0.28. This degree of coefficient stability compared favorably with earlier studies in which digital-
performance relationships sometimes changed substantially after alternative controls or country effects 
were introduced. The maximum variance inflation factors remained below 4.0, reducing concern that 
the major estimates were driven by excessive multicollinearity among interconnected digital variables. 
Predictive validation produced similarly stable evidence. The integrated analytics model reduced GDP-



Review of Applied Science and Technology, June 2026, 01– 54 
 

45 
 

growth holdout RMSE from 2.07 in the conventional baseline model to 1.68 and reduced MAPE from 
12.1% to 9.4%. Labor-productivity prediction achieved a holdout MAPE of 8.8%, while total factor 
productivity and industrial value added produced holdout MAPEs of 7.9% and 8.5%, respectively. 
Cross-validation errors remained close to independent holdout errors, and the relatively small 
differences between training and validation performance indicated limited overfitting (Hofman et al., 
2021). Earlier machine-learning studies frequently reported high in-sample predictive performance but 
weaker external validation, particularly when models were evaluated using limited datasets or without 
temporal separation. The present findings addressed this concern by combining inferential modeling, 
panel estimation, lagged analysis, sensitivity testing, holdout validation, and cross-validation. Across 
these analyses, the evidence consistently showed positive but heterogeneous relationships between 
analytics and economic outcomes (Verduin et al., 2021). Digital intensity and business analytics 
produced the strongest direct associations, productivity and innovation represented major 
transmission mechanisms, and human capital and digital infrastructure strengthened the observed 
relationships. The integrated evidence therefore corresponded with earlier organizational, sectoral, and 
macroeconomic studies while demonstrating that the magnitude of analytics-related economic 
performance depended on the interaction of technological capability, productive application, 
workforce capacity, institutional conditions, sector characteristics, and national digital readiness (Lim, 
2024). 
 
CONCLUSION 
This study concluded that data science and business analytics were significantly associated with 
economic growth, productivity, innovation, and operational performance across diverse national and 
sectoral environments, while the magnitude of these relationships depended substantially on digital 
readiness, human capital, institutional quality, research capability, income level, and sector 
characteristics. The final analytical dataset contained 2,964 country-year observations representing 156 
countries across six geographic regions, achieved a 93.6% retention rate and 97.8% data completeness, 
and provided substantial variation in economic and technological conditions. The primary results 
demonstrated that digital intensity and business-analytics adoption exhibited the strongest 
relationships with labor productivity, producing correlations of 0.64 and 0.61, respectively, while their 
standardized multivariate effects reached β = 0.31 and β = 0.29. The findings also showed that analytics-
related variables contributed information beyond conventional economic determinants, with the 
extended model explaining 58.7% of performance variation compared with 39.8% for the baseline 
specification. Cross-national analysis demonstrated that the relationship was strongest among high-
income economies, where the productivity coefficient reached β = 0.38, compared with β = 0.17 among 
lower-income economies, indicating that technological capabilities generated different economic 
associations under different structural conditions. Sectoral results further confirmed substantial 
heterogeneity, with ICT producing the strongest overall coefficient of β = 0.41, followed by 
manufacturing at β = 0.37, finance at β = 0.35, logistics at β = 0.34, retail at β = 0.32, and healthcare at β 
= 0.28. Practical significance was supported by moderate-to-large effect sizes, including Cohen’s d = 
0.72 for digital readiness and d = 0.68 for analytics capability. Mediation analysis showed that 42.9% of 
the total analytics–performance relationship was transmitted through productivity, innovation, 
decision efficiency, and organizational maturity, while human capital produced the strongest 
moderation effect at β = 0.18. Robustness testing confirmed that the principal analytics coefficient 
remained positive across pooled, fixed-effects, random-effects, lagged, alternative-measurement, and 
restricted-sample specifications. Predictive validation also demonstrated meaningful improvement, 
with the integrated analytics model reducing GDP-growth holdout RMSE from 2.07 to 1.68 and MAPE 
from 12.1% to 9.4%. Collectively, these quantitative findings established that the economic relevance of 
data science and business analytics was not attributable merely to technology investment or adoption; 
stronger economic performance was associated with the effective combination of analytical capability, 
digital infrastructure, skilled human resources, innovation capacity, organizational maturity, and 
supportive institutional conditions. 
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RECOMMENDATIONS 
Based on the quantitative findings, governments, businesses, policymakers, educational institutions, 
and technology-sector stakeholders should adopt an integrated approach to strengthening data-science 
and business-analytics capabilities rather than treating digital technology investment as an 
independent mechanism for improving economic performance. Priority should be given to expanding 
reliable broadband connectivity, cloud-computing infrastructure, interoperable data systems, secure 
digital platforms, and accessible analytical technologies, particularly in lower-income and lower-
middle-income economies where the analytics–productivity relationship was comparatively weaker. 
Since digital intensity and business-analytics capability produced the strongest standardized 
productivity effects, organizations should move beyond basic data collection toward systematic 
descriptive, predictive, and prescriptive analytics integrated into strategic and operational decision-
making. Governments should complement infrastructure investment with human-capital development 
through university programs, technical education, professional certification, workforce reskilling, and 
practical training in statistics, data science, artificial intelligence, machine learning, database 
management, and business intelligence. The strong moderating effect of human capital indicates that 
technological resources should be accompanied by sufficient analytical expertise to translate data into 
economically valuable decisions. National innovation strategies should also strengthen R&D 
investment, university–industry collaboration, digital entrepreneurship, technology transfer, and data-
intensive innovation because innovation and productivity represented important mechanisms 
connecting analytics capability with economic performance. Organizations should establish 
measurable analytics-maturity frameworks covering data quality, governance, analytical skills, 
technology integration, managerial support, and evidence-based decision processes. Sector-specific 
implementation should also be emphasized. Manufacturing organizations should prioritize predictive 
maintenance, process optimization, defect detection, energy management, and inventory analytics; 
financial institutions should strengthen fraud detection, credit-risk analytics, transaction monitoring, 
and customer intelligence; retailers should emphasize demand forecasting, customer retention, 
conversion analysis, and inventory optimization; healthcare organizations should apply analytics to 
resource allocation, scheduling, service efficiency, and cost management; logistics organizations should 
prioritize routing, delivery-time reduction, fleet utilization, and capacity optimization; and ICT 
organizations should use analytics to strengthen scalability, innovation, productivity, and digital-
service performance. Policymakers should additionally improve institutional quality, data-governance 
standards, privacy protection, cybersecurity, regulatory clarity, and responsible AI practices so that 
expanding analytical activity occurs within reliable institutional structures. Finally, organizations and 
governments should continuously evaluate analytics investments using productivity measures, 
economic outcomes, effect sizes, confidence intervals, model-validation indicators, and cost-
performance metrics, ensuring that resources are directed toward applications demonstrating 
measurable, robust, and practically meaningful economic value. 
LIMITATIONS 
This study was subject to several limitations that should be considered when interpreting the observed 
relationships between data science, business analytics, and global economic performance. First, 
although the final dataset contained 2,964 country-year observations representing 156 countries across 
six geographic regions with 97.8% overall data completeness, the availability and consistency of digital 
and analytics indicators differed across countries and observation periods. Lower-income economies 
generally had less comprehensive information on artificial-intelligence adoption, cloud utilization, big-
data capability, business analytics, and digital intensity, which may have reduced measurement 
precision for these groups. Second, internationally comparable indicators necessarily simplified 
complex concepts such as analytical maturity, data-science capability, institutional quality, innovation, 
and human capital. Differences in national statistical systems, survey procedures, indicator definitions, 
reporting standards, and data-collection frequency may therefore have introduced measurement 
heterogeneity. Third, the observational longitudinal design supported the identification of statistically 
significant associations and temporal relationships but did not establish definitive causal effects. 
Although fixed-effects, random-effects, lagged models, control variables, mediation analysis, 
moderation analysis, and sensitivity testing reduced several sources of confounding, unobserved 
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factors such as managerial quality, informal digital activity, regulatory differences, geopolitical 
conditions, technological culture, and firm-level organizational practices may have influenced the 
estimated relationships. Fourth, national aggregation may have concealed substantial differences 
among firms, industries, regions, and population groups within individual countries. Sectoral analysis 
reduced this limitation to some extent, although manufacturing, finance, retail, healthcare, ICT, and 
logistics remained internally heterogeneous industries with different technological requirements and 
business structures. Fifth, the use of composite digital and analytical indicators may have obscured 
differences between individual technologies and specific applications. AI adoption, big-data 
utilization, cloud computing, ICT investment, and business analytics may generate different economic 
effects depending on implementation quality and organizational integration. Sixth, mediation and 
moderation estimates depended on the specified analytical framework and available variables and 
therefore did not represent every mechanism through which analytics could influence economic 
performance. Seventh, predictive validation showed relatively stable training, holdout, and cross-
validation performance, but predictive accuracy could vary when the models are applied to economic 
environments, structural disruptions, or data distributions substantially different from those 
represented in the analytical sample. Finally, although multiple robustness procedures supported the 
stability of the principal results, the findings remained dependent on the quality of secondary data, 
selected indicators, model specifications, observation period, and country coverage. These limitations 
require the reported coefficients, effect sizes, subgroup differences, and predictive results to be 
interpreted as evidence derived from the specified quantitative framework rather than as universal 
estimates applicable without qualification to every country, sector, organization, or economic setting. 
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