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ABSTRACT 

Workforce productivity is a strategic determinant of organizational competitiveness in the digital economy, 

with Business Intelligence (BI), workforce analytics, and artificial intelligence (AI) increasingly shaping 

evidence-based decision-making. This study systematically reviews the evolution of U.S. workforce 

productivity from 2010 to 2025 by synthesizing evidence from nationally representative labor market datasets 

and contemporary BI literature. Guided by Human Capital Theory and the Resource-Based View, the review 

draws on the U.S. Bureau of Labor Statistics (BLS) Labor Productivity Program, Current Population Survey 

(CPS), American Community Survey (ACS), Occupational Information Network (O*NET), Occupational 

Employment and Wage Statistics (OEWS), National Compensation Survey (NCS), Job Openings and Labor 

Turnover Survey (JOLTS), and peer-reviewed studies. Evidence was organized around five themes: 

productivity trends, industry differences, remote work, educational attainment, and BI and workforce 

analytics. Findings indicate that U.S. labor productivity improved overall but varied substantially across 

industries. Knowledge-intensive sectors consistently demonstrated higher productivity, supported by digital 

technologies, AI, and analytics-driven management. Educational attainment was positively associated with 

productivity, while remote and hybrid work effectiveness depended on organizational digital maturity and 

management capability. BI has evolved into a strategic capability supporting workforce planning, performance 

monitoring, predictive decision-making, and operational efficiency. The study concludes that sustainable 

productivity growth requires integrated investment in human capital, digital transformation, and analytical 

capabilities, offering implications for managers, policymakers, and researchers. 

Keywords: Business Intelligence; Workforce Productivity; Workforce Analytics; Digital Transformation; 

United States Labor Market 

INTRODUCTION 

Workforce productivity is a fundamental determinant of organizational performance, national 

competitiveness, and long-term economic growth. In the United States, productivity reflects the interaction of 

capital investment, technological innovation, workforce capabilities, organizational practices, industry 

characteristics, and broader economic conditions rather than any single intervention (Organisation for 

Economic Co-operation and Development [OECD], 2024; U.S. Bureau of Labor Statistics [BLS], 2025). 

The rapid expansion of cloud computing, artificial intelligence (AI), automation, enterprise information 

systems, and data analytics has transformed organizational decision-making. Business Intelligence (BI) has 

evolved from conventional reporting toward integrated capabilities involving data management, visualization, 

analytics, forecasting, and performance monitoring, while workforce analytics supports workforce planning, 

performance assessment, skills analysis, and resource allocation (Marler & Boudreau, 2017; Sharda et al., 

2023; Watson, 2009). However, productivity benefits from these technologies are not automatic. Their 

effectiveness depends on complementary human capital, data quality, managerial capability, digital 

infrastructure, and organizational processes. 
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The United States provides an important context for examining these relationships because of its extensive 

labor-market and productivity information infrastructure. Data from the BLS, Current Population Survey 

(CPS), American Community Survey (ACS), Occupational Employment and Wage Statistics (OEWS), 

Occupational Information Network (O*NET), National Compensation Survey (NCS), and Job Openings and 

Labor Turnover Survey (JOLTS) provide evidence on productivity, employment, occupations, education, 

compensation, skills, and labor-market dynamics. Collectively, these sources permit examination of 

productivity trends alongside workforce and occupational characteristics. 

U.S. labor productivity generally increased between 2010 and 2025, although growth varied across economic 

cycles and industries. The COVID-19 pandemic produced particularly unusual changes in employment, hours 

worked, output composition, remote work, and labor utilization. Consequently, changes in aggregate 

productivity during and after the pandemic should not be attributed exclusively to BI, AI, remote work, or 

digital transformation but interpreted as the combined outcome of technological, organizational, labor-market, 

and macroeconomic forces. 

Productivity also differs substantially across industries because of variations in capital intensity, production 

technology, occupational composition, labor requirements, and output measurement. Knowledge-intensive 

industries may have greater opportunities to benefit from BI, advanced analytics, and automation, whereas 

labor-intensive service industries face different technological and production constraints. Industry differences 

should therefore not be interpreted simply as differences in BI adoption or managerial quality. 

Remote and hybrid work represent another important dimension of contemporary workforce productivity. 

Their effectiveness varies according to task characteristics, digital infrastructure, communication, managerial 

practices, cybersecurity, and job design. Similarly, educational attainment contributes to productive capacity 

by developing knowledge, technical competence, analytical ability, and adaptability, but its effects interact 

with occupation, experience, technology, organizational learning, and managerial practices. These 

relationships suggest that workforce productivity is best understood through a complementarity perspective 

rather than a single-factor model. 

Despite growing research on productivity, digital transformation, AI, remote work, workforce analytics, and 

human capital, important gaps remain. Existing studies frequently examine particular technologies, industries, 

or organizations, while BI, AI, workforce analytics, educational attainment, and remote work are often 

investigated separately. There is therefore a need for an integrated synthesis of U.S. labor-market evidence 

that considers these factors collectively while distinguishing association from causation. 

Against this background, this study examines U.S. workforce productivity between 2010 and 2025 by 

integrating nationally representative labor-market and productivity data with contemporary scholarly and 

institutional evidence. It focuses on five related dimensions: long-term productivity trends, differences across 

major industries, remote and hybrid work, educational attainment, and BI, AI, workforce analytics, and digital 

transformation. Guided by Human Capital Theory and the Resource-Based View (RBV), the study integrates 

perspectives from labor economics, information systems, organizational management, and business analytics. 

Rather than treating BI or AI as universal causes of productivity growth, the study emphasizes the 

complementary roles of human capital, digital infrastructure, managerial capability, organizational processes, 

and industry characteristics in shaping productivity and organizational resilience. 

METHODOLOGY 

Research Design 

This study employed an integrative evidence review and secondary-data synthesis to examine U.S. workforce 

productivity trends, determinants, and the role of Business Intelligence between 2010 and 2025. The design 

integrates nationally representative U.S. labor-market and productivity datasets with relevant scholarly and 

institutional evidence. 
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An integrative approach was appropriate because the research questions span multiple levels of analysis. 

Official datasets provide evidence on productivity, employment, education, occupations, compensation, and 

labor-market conditions, while scholarly and institutional literature provides complementary evidence 

concerning BI, workforce analytics, digital transformation, AI, remote work, and organizational productivity. 

Evidence was therefore interpreted according to its methodological characteristics rather than treated as 

equivalent across sources (Snyder, 2019; Page et al., 2021). 

The study is not presented as a fully reproducible PRISMA systematic review because complete database-

level records of the numbers identified, screened, excluded, and included were not retained. Instead, 

transparent evidence-identification, selection, classification, and synthesis principles were applied. 

THEORETICAL FRAMEWORK 

The study is anchored in Human Capital Theory (Becker, 1964) and the Resource-Based View (RBV) of the 

Firm (Barney, 1991). Human Capital Theory explains productivity through investments in education, skills, 

knowledge, training, and experience that enhance workers' productive capacity. It also provides a basis for 

understanding why workforce capabilities influence the ability to adopt and effectively use emerging 

technologies. RBV complements this perspective by viewing valuable organizational resources and 

capabilities as potential sources of sustained performance advantage. BI, predictive analytics, AI, and 

workforce analytics can become strategically valuable when combined with skilled employees, reliable data, 

managerial expertise, organizational routines, and effective decision-making processes. Together, the two 

theories support a complementarity perspective in which technology and human capital generate greater value 

when embedded within appropriate organizational systems. 

Data Sources 

Evidence was synthesized from major U.S. workforce and economic datasets. The BLS Labor Productivity 

and Costs (LPC) Program provided the principal productivity measures, including output per hour, hours 

worked, labor compensation, unit labor costs, and multifactor productivity. The CPS and ACS provided 

information on employment, occupation, educational attainment, earnings, demographic and socioeconomic 

characteristics, and related workforce conditions. O*NET supplied information on occupational knowledge, 

skills, technological competencies, work activities, and educational requirements. The NCS and OEWS 

provided compensation and occupational wage information, while JOLTS supplied indicators of job openings, 

hires, quits, layoffs, and separations. These datasets collectively supported examination of productivity from 

demographic, occupational, educational, compensation, and labor-market perspectives. 

Literature Search and Selection 

The literature search covered workforce productivity, labor productivity, Business Intelligence, workforce 

analytics, people analytics, artificial intelligence, machine learning, digital transformation, employee 

performance analytics, organizational productivity, remote and hybrid work, and human capital. Searches were 

conducted across major multidisciplinary and business-oriented databases, including Scopus, Web of Science, 

Google Scholar, ProQuest, ScienceDirect, EBSCOhost, JSTOR, ABI/INFORM, and IEEE Xplore, using 

combinations of keywords and Boolean operators. Backward and forward citation tracking was also used to 

identify relevant evidence. 

Evidence was included when it addressed at least one study question, focused primarily on the United States 

or had clear relevance to the U.S. labor-market context, was published within the principal study period or 

provided important theoretical or methodological foundations, and originated from peer-reviewed, 

governmental, or recognized institutional sources. Studies were excluded when they lacked sufficient 

methodological transparency or relevance, consisted primarily of unsupported commentary, duplicated 

evidence, or focused on isolated cases with limited relevance to the broader research questions. 
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Evidence Classification, Quality Assessment and Synthesis 

Evidence was classified into three categories: official secondary-data evidence from BLS, Census Bureau, and 

related federal sources; empirical, review, and theoretical scholarly evidence; and institutional and contextual 

evidence from recognized international and professional organizations. Official datasets were used primarily 

to describe productivity trends, industry differences, workforce characteristics, and labor-market conditions, 

while scholarly and institutional sources were used to interpret relationships involving BI, workforce analytics, 

remote work, education, digital transformation, and organizational productivity. 

Evidence quality was assessed according to methodological transparency, relevance, source reliability, 

measurement quality, analytical appropriateness, and consistency of findings. Findings from nationally 

representative official datasets were distinguished from those based on individual organizations, convenience 

samples, or contextual reports. Because the evidence differed substantially in design, population, 

measurement, unit of analysis, and outcome definitions, findings were synthesized thematically rather than 

statistically pooled. Particular attention was given to convergence and divergence among findings, and 

interpretations were limited to association where causal identification was not established. 

Analytical Framework 

The analysis was organized around five themes:  long-term labor-productivity trends; productivity differences 

across major industries; remote and hybrid work and productivity; educational attainment and workforce 

capability; and BI, workforce analytics, AI, and digital transformation. The analysis examined how 

technology, human capital, managerial capability, organizational processes, and industry characteristics 

interact in shaping productivity. Temporal coincidence was not treated as evidence of causation, particularly 

where productivity changes coincided with changes in labor composition, capital utilization, demand, industry 

restructuring, or macroeconomic conditions. 

Limitations of the Study 

The study has several limitations. First, much of the evidence is derived from aggregate or nationally 

representative datasets and therefore cannot fully capture firm-level differences in BI adoption, management 

quality, organizational routines, or employee behavior. Second, many relationships in the literature are 

observational, limiting causal interpretation and leaving potential reverse causality and omitted-variable 

concerns. Third, the national datasets were not designed specifically to measure BI adoption; BI-related 

interpretations therefore rely partly on complementary scholarly and institutional evidence. Fourth, 

productivity estimates may be revised as statistical agencies incorporate new information and methodological 

adjustments. Finally, differences in definitions, units of analysis, time periods, and methodological designs 

prevented statistical pooling and necessitated thematic and comparative synthesis. 

RESULTS AND DISCUSSION 

Trend in U.S. Nonfarm Business Labor Productivity (2010–2025) 

Figure 1 illustrates that the BLS evidence indicates that labor productivity in the U.S. nonfarm business sector 

generally increased over the study period, although annual growth varied substantially across years. 

Productivity performance was affected by economic cycles, changes in output and hours worked, 

technological investment, labor-market restructuring, and the exceptional conditions associated with the 

COVID-19 pandemic. The productivity pattern should therefore not be interpreted as a simple linear 

consequence of technological adoption. The relatively strong productivity performance observed during 

particular periods coincided with several simultaneous changes, including changes in capital utilization, labor 

composition, digital adoption, and production structures. During the pandemic period, for example, changes 

in employment, hours worked, industry composition, remote work, and output generated unusual movements 

in aggregate productivity. The subsequent recovery in productivity provides evidence of changing efficiency 

in the use of labor inputs, but it does not by itself demonstrate that BI or AI caused the recovery. BI and related 
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digital technologies may have supported organizations in adapting to changing operating conditions, but the 

aggregate productivity outcome reflects the combined effects of technological, organizational, economic, and 

labor-market factors. 

 

Figure 1.  Annual Labor Productivity Growth in the U.S. Nonfarm Business Sector, 2010–2025 

Source: U.S. Bureau of Labor Statistics, Labor Productivity and Costs, Major Sector Productivity and Costs. 

Values should be reported using the corresponding BLS series and release vintage used for the analysis. Where 

BLS data are revised, the release date or data vintage should be identified. 

Labor Productivity Across Major U.S. Industries 

Figure 2 shows that the productivity differs substantially across U.S. industries. Such differences should not 

be interpreted solely as evidence of differences in BI adoption. Industry productivity reflects a combination 

of capital intensity, production technology, occupational composition, scale, output measurement, market 

structure, labor requirements, and organizational practices. Knowledge-intensive industries such as 

information, finance and insurance, and professional and technical services generally operate with substantial 

digital infrastructure and highly skilled workforces. These characteristics can facilitate the use of BI, advanced 

analytics, AI, and automated decision-support systems. Manufacturing and wholesale trade also benefit from 

automation, supply-chain analytics, process optimization, and other forms of technology-enabled 

management. 

In contrast, industries such as accommodation and food services and other labor-intensive service sectors 

frequently involve substantial face-to-face interaction and operational activities that are more difficult to 

automate. Lower measured labor productivity in such sectors should therefore not automatically be interpreted 

as evidence of inferior management or lower BI capability. Differences in the nature of service production and 

in how output is measured are also relevant. Accordingly, the industry evidence supports the conclusion that 

productivity is multidimensional and context-dependent. BI may form part of the organizational capability 

supporting productivity in technology-intensive sectors, but the available aggregate evidence does not 

establish that differences in BI adoption independently cause differences in industry productivity. 
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Figure 2. Labor Productivity Across Selected U.S. Industries 

Source: U.S. Bureau of Labor Statistics, Labor Productivity Program. Industry values should be reported 

directly from the relevant BLS productivity series and identified by industry classification and reference 

period. Unsupported “illustrative productivity index” values should not be presented as official BLS measures. 

Remote and Hybrid Work and Workforce Productivity 

Figure 3 illustrates that the evidence concerning remote and hybrid work indicates a complex relationship with 

productivity. Occupations and industries that permit substantial remote work tend to be concentrated in 

knowledge-intensive activities, while industries requiring physical presence generally have fewer 

opportunities for remote work. This pattern creates an important interpretive challenge. Higher productivity 

in industries with greater remote-work prevalence does not necessarily mean that remote work itself caused 

higher productivity. Industry composition, occupational skill, digital infrastructure, task characteristics, 

managerial practices, and the nature of output are potential confounding factors. 

Evidence from the literature suggests that remote and hybrid arrangements can be effective where 

organizations have appropriate digital infrastructure, clear performance expectations, effective 

communication systems, capable managers, and suitable job designs.  

Conversely, productivity may be constrained where tasks require physical presence, collaboration is difficult 

to coordinate remotely, or digital infrastructure and management practices are inadequate. The appropriate 

conclusion is therefore that remote and hybrid work are associated with different productivity outcomes 

depending on organizational and occupational conditions. The evidence does not support a universal claim 

that remote work increases productivity across the U.S. labor market. 

http://www.rsisinternational.org/


INTERNATIONAL JOURNAL OF RESEARCH AND INNOVATION IN SOCIAL SCIENCE (IJRISS) 

ISSN No. 2454-6186 | DOI: 10.47772/IJRISS | Volume X Issue VIII August 2026 

 

Page 3386 
www.rsisinternational.org 

 

 

 

 

Figure 3. Remote-Work Prevalence and Labor Productivity Across Selected U.S. Industries 

Source: Remote-work measures should be obtained from the specified CPS/ACS series, while productivity 

measures should be obtained from the corresponding BLS industry series. Because the measures have different 

definitions, reference periods, and units of analysis, the figure should be interpreted descriptively as an 

association rather than as a causal estimate. 

Educational Attainment and Workforce Productivity 

Figure 4 illustrates that educational attainment is consistently relevant to workforce capability. Human Capital 

Theory provides an explanation for this relationship by proposing that education develops knowledge, 

analytical ability, technical competence, and problem-solving capacity that can increase productive potential. 

Higher educational attainment may also increase workers' ability to use digital technologies, interpret 

analytical information, and adapt to changing occupational requirements. These capabilities are particularly 

relevant in workplaces where BI, AI, automation, and data-driven decision-making are increasingly integrated 

into organizational processes. 

However, educational attainment should not be treated as a direct or sufficient explanation of productivity 

differences. Education interacts with occupational assignment, industry, experience, technology, 

organizational learning, managerial practices, and access to productive resources. Highly educated employees 

may also be concentrated in occupations that inherently generate greater measured output per hour. The 

evidence therefore supports an association between educational attainment and productive capacity while 

indicating that education operates as one component of a broader human-capital and organizational-capability 

system. 
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Figure 4. Educational Attainment and Workforce Characteristics in the U.S. 

Source: U.S. Census Bureau, American Community Survey and Current Population Survey. The figure should 

report observed educational-attainment measures or other directly documented indicators rather than an 

author-generated productivity index unless the calculation and underlying data are fully reproducible. 

Annual Labor Productivity Growth and Economic Disruption 

Figure 5 reveals that annual labor-productivity growth varied considerably during the study period. The 

fluctuations reflect the sensitivity of aggregate productivity to changes in output, hours worked, labor 

composition, industry restructuring, and economic shocks.  

The sharp changes observed around the COVID-19 period should be interpreted particularly cautiously. The 

pandemic produced simultaneous changes in labor supply, working arrangements, output composition, 

business closures, digital adoption, and hours worked. Consequently, it would be inappropriate to attribute 

pandemic-era productivity movements exclusively to remote work, BI, AI, or digital transformation. 

The post-pandemic productivity pattern nevertheless demonstrates the importance of organizational 

adaptability. Organizations with appropriate digital infrastructure and analytical capabilities may have been 

better positioned to adjust staffing, monitor operations, coordinate distributed work, and respond to changing 

demand. These observations are consistent with the proposition that digital capabilities can support 

organizational resilience, but they do not establish an independent causal effect of BI on aggregate labor 

productivity. 
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Figure 5. Annual Labor Productivity Growth in the U.S. Nonfarm Business Sector, 2010–2025 

Source: U.S. Bureau of Labor Statistics, Labor Productivity Program, Major Sector Productivity and Costs, 

Nonfarm Business Sector. Data should be reported using the identified BLS release vintage. 

Business Intelligence and Workforce Productivity 

The evidence indicates that BI can provide organizations with capabilities for integrating workforce 

information, monitoring performance, identifying operational patterns, supporting forecasting, and informing 

managerial decisions. Workforce analytics can similarly assist organizations in examining staffing 

requirements, skills, employee movement, performance indicators, and workforce allocation. However, the 

evidence does not justify the proposition that BI independently causes increases in national labor productivity. 

BI is better conceptualized as an enabling organizational capability whose effectiveness depends on 

complementary resources and conditions. 

From the perspective of Human Capital Theory, employees need appropriate knowledge and skills to interpret 

and use analytical systems effectively. From the Resource-Based View, BI infrastructure becomes strategically 

valuable when it is combined with organizational routines, managerial expertise, data quality, employee 

capabilities, and decision-making processes that competitors may find difficult to replicate. 

The evidence therefore suggests a conditional relationship: 

Human capital + digital infrastructure + BI capability + managerial capability + organizational 

processes → potential productivity improvement. 

This framework provides a more defensible interpretation than treating BI adoption as a direct and universal 

determinant of national productivity. 

Synthesis of Evidence and Conflicting Findings 

The evidence synthesized in this study demonstrates substantial convergence around the importance of 

complementary capabilities. Across the literature and official datasets, productivity is associated with 
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technological capability, workforce skills, capital investment, organizational practices, and industry 

characteristics. 

At the same time, the evidence does not support a single-factor explanation. Industries with high technology 

adoption often also possess highly educated workforces, substantial capital investment, favorable occupational 

structures, and business models that facilitate scalable digital production. Similarly, occupations with high 

remote-work prevalence tend to differ systematically from occupations requiring physical presence. These 

overlapping characteristics make it difficult to isolate the independent contribution of any single factor using 

aggregate observational data. 

The evidence concerning BI is particularly important in this regard. BI can improve access to information and 

support evidence-based decision-making, but the realization of these benefits depends on data quality, 

analytical skills, leadership, organizational readiness, and the integration of insights into operational 

processes. Thus, BI should be regarded as a capability that can contribute to productivity rather than as an 

automatic source of productivity growth. 

The findings consequently support a complementarity perspective. Productivity improvements are more 

plausibly achieved when technology is combined with human capital, effective management, organizational 

learning, appropriate job design, and supporting infrastructure. 

Implications for Managers 

Managers should avoid treating BI implementation as a purely technological investment. Organizations 

seeking productivity gains from BI should simultaneously invest in employee analytical skills, data literacy, 

managerial capability, data governance, and organizational processes that enable evidence-based decisions. 

BI systems should also be aligned with clearly defined operational and workforce objectives. Rather than 

measuring large numbers of employee indicators without a clear purpose, organizations should identify the 

decisions that analytics is expected to improve and establish appropriate performance measures. For remote 

and hybrid work, organizations should focus on task suitability, communication systems, managerial practices, 

employee autonomy, cybersecurity, and measurable outcomes rather than assuming that a particular work 

location automatically produces higher productivity. 

Implications for Policymakers 

Policymakers should continue strengthening national labor-market information systems because reliable 

productivity and workforce data are essential for evidence-based policy. Investment in education, digital skills, 

workforce development, and digital infrastructure can strengthen the complementary capabilities required for 

organizations to benefit from emerging technologies. Policy interventions should also recognize differences 

among industries. Productivity challenges in information services, manufacturing, health care, education, 

retail, and hospitality arise from different combinations of technology, labor requirements, output 

measurement, and organizational conditions. Uniform productivity interventions may therefore be less 

effective than sector-sensitive strategies. 

CONCLUSION AND RECOMMENDATIONS 

This study examined U.S. workforce productivity between 2010 and 2025 by integrating evidence from 

nationally representative labor-market and productivity datasets with contemporary literature on Business 

Intelligence, workforce analytics, artificial intelligence, digital transformation, remote work, and human 

capital. The evidence indicates that U.S. labor productivity generally improved over the study period, although 

the pace and direction of productivity growth varied across years and industries. These variations reflect 

multiple interacting influences, including capital investment, technological change, labor-market conditions, 

industry composition, workforce characteristics, organizational practices, and economic shocks. 

Industry differences demonstrate that productivity cannot be explained by technology adoption alone. 

Knowledge-intensive industries generally possess characteristics that facilitate digitalization and analytics, 
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while labor-intensive service industries face different technological and production constraints. These 

differences reinforce the importance of considering industry context when interpreting productivity outcomes. 

Educational attainment is also an important component of productive capacity. Consistent with Human Capital 

Theory, education can strengthen workers' knowledge, analytical capability, technological competence, and 

adaptability. Nevertheless, education produces its greatest productivity value when combined with appropriate 

organizational systems, technological resources, and opportunities for continuous learning. 

The evidence concerning remote and hybrid work similarly indicates that outcomes are conditional rather than 

universal. Remote work is particularly prevalent in occupations and industries where tasks can be digitally 

performed, and its productivity implications depend on job characteristics, digital infrastructure, management 

practices, communication, and organizational readiness. 

Most importantly, the evidence suggests that Business Intelligence should be conceptualized as an enabling 

organizational capability rather than an independent causal determinant of national productivity. BI can 

support workforce planning, performance monitoring, forecasting, resource allocation, and evidence-based 

decision-making. However, the extent to which these capabilities translate into productivity improvements 

depends on human capital, data quality, management competence, organizational processes, and digital 

infrastructure. 

Therefore, organizations should integrate BI investments with employee training, data literacy, managerial 

development, and organizational learning. BI systems should be implemented around clearly defined 

operational and workforce decisions rather than treated solely as technology acquisitions. Organizations 

adopting remote and hybrid work should evaluate task characteristics, digital infrastructure, management 

practices, communication, employee capability, and performance outcomes before determining the 

appropriate work arrangement. Furthermore, policymakers should continue investing in education, digital 

skills, workforce development, and high-quality national labor-market data systems. Sector-specific 

productivity strategies should be prioritized because productivity constraints differ substantially across 

industries. 

Future research should also use longitudinal and firm-level data to examine whether changes in BI and 

workforce-analytics capability precede measurable changes in productivity. Future studies should also 

investigate the mechanisms through which BI influences organizational outcomes, including employee skills, 

managerial practices, organizational learning, and decision quality. Where feasible, quasi-experimental and 

longitudinal designs should be employed to distinguish causal effects from correlations. 
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