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Abstract 

Artificial intelligence is becoming increasingly embedded in organizational processes, professional 

decision-making, digital services, and technology-mediated work. As adoption expands, workforce 

readiness depends not only on access to AI tools but also on workers' ability to understand their 

capabilities, use them appropriately, evaluate their outputs, recognize limitations, and apply ethical 

judgment. These requirements are particularly significant in emerging economies, where technological 

transformation may coexist with unequal digital access, heterogeneous educational preparation, limited 

employer-sponsored training, and substantial differences in organizational capacity. This study examines 

the relationship between artificial intelligence literacy and workforce readiness through an integrative 

conceptual framework and a reproducible synthetic simulation. AI literacy is modeled across four 

progressive levels—foundational, basic operational, applied, and critical-adaptive—while enabling 

conditions are represented through digital access, training availability, and organizational support.  

A synthetic population of 5,000 observations is generated for every literacy–support 

configuration using a fixed random seed. Workforce readiness is represented through a transparent 

composite model rather than an empirical psychometric instrument. Under moderate support, simulated 

readiness increases from 47.49 at the foundational AI-literacy level to 72.31 at the critical-adaptive 

level. However, the analysis also demonstrates that advanced AI literacy alone does not fully 

compensate for weak institutional support: the critical-adaptive group records a readiness score of 60.08 

under constrained support compared with 83.22 under enabling conditions. The study concludes that AI 

workforce readiness in emerging economies should be approached as a joint human-capital and 

institutional-capacity challenge. Sustainable readiness requires AI literacy, digital infrastructure, 

structured reskilling, organizational learning, ethical competence, and opportunities to apply AI 

meaningfully within occupational contexts. 

 

Keywords: artificial intelligence literacy, workforce readiness, emerging economies, digital skills, 

reskilling, future of work, human capital, AI competencies 

 

1. Introduction 

Artificial intelligence is increasingly influencing how work is organized, performed, evaluated, and 

redesigned. Machine learning, automated decision-support systems, intelligent assistants, predictive 

analytics, and language-based AI applications are extending beyond specialized technology occupations 

into management, finance, education, healthcare, manufacturing, public administration, and service 

work. The resulting transformation does not imply that entire occupations will necessarily disappear. 
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Research on workplace automation has repeatedly emphasized that technology often alters the 

composition of tasks within occupations and changes the relative value of human capabilities such as 

adaptability, judgment, problem solving, and creativity. Autor's analysis of workplace automation, for 

example, highlights the importance of complementarity between machines and human capabilities, while 

Brynjolfsson, Mitchell, and Rock show that machine learning frequently affects specific occupational 

tasks rather than making complete occupations uniformly automatable. 

These developments create a need to distinguish general digital competence from artificial 

intelligence literacy. Digital skills traditionally include the ability to access, manage, communicate, 

evaluate, and create information using digital technologies. Van Laar and colleagues demonstrate that 

effective participation in knowledge-intensive work additionally requires problem solving, critical 

thinking, communication, collaboration, creativity, flexibility, ethical awareness, self-direction, and 

lifelong learning. AI-mediated work adds another layer because workers must understand what artificial 

intelligence can and cannot reliably perform, how data influence automated outputs, when human 

judgment remains necessary, and what ethical risks arise from inappropriate use. 

Long and Magerko define AI literacy through competencies that allow people to critically 

evaluate AI technologies, communicate and collaborate effectively with AI, and use AI as a tool in 

different contexts. Ng and colleagues subsequently conceptualize AI literacy through four broad 

dimensions: knowing and understanding AI, using and applying AI, evaluating and creating with AI, and 

addressing ethical considerations. These frameworks show that AI literacy cannot be reduced to 

technical programming knowledge. A worker may never develop a machine-learning algorithm yet still 

require sufficient understanding to assess an AI-generated recommendation, recognize an unreliable 

output, protect confidential information, or determine whether automated assistance is appropriate for a 

particular professional task. 

The workforce-readiness problem has particular relevance to emerging economies because 

technological opportunity and human-capital capacity do not necessarily develop at identical rates. The 

World Bank's analysis of the changing nature of work emphasizes that technological progress is 

reshaping skills demand and that human-capital investment is central to preparing workers for 

increasingly technology-mediated labor markets. The World Economic Forum similarly identified skills 

shortages and difficulties in obtaining appropriately skilled workers as significant barriers to 

organizational technology adoption, while reporting substantial employer interest in reskilling and 

upskilling. These observations indicate that access to AI technology alone cannot create workforce 

readiness when workers lack opportunities to acquire, practice, and continuously update relevant 

competencies. 

Against this background, the present study examines AI literacy as one component of a broader 

workforce-readiness ecosystem. It proposes that readiness emerges from an interaction among individual 

AI literacy, digital access, structured training, and organizational support. The study develops a 

transparent simulation to illustrate this relationship without fabricating survey responses or national 

statistics. Four AI-literacy profiles are examined across constrained, moderate, and enabling support 

environments. The purpose is not to estimate the actual readiness of any named country but to 

demonstrate analytically why AI-literacy interventions should be integrated with infrastructure, 

reskilling, organizational capability, and responsible technology-governance policies. 
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2. Review of Literature 

2.1 From Digital Literacy to Artificial Intelligence Literacy 

The development of AI literacy should be understood within the longer evolution of digital competence. 

Early workplace digital skills focused heavily on operational capabilities such as using computers, 

applications, and networked information. As digital technologies became integrated into knowledge 

work, researchers increasingly emphasized cognitive and social capabilities alongside technical 

competence. Van Laar and colleagues identified technical and information-management skills together 

with communication, collaboration, creativity, critical thinking, problem solving, ethical awareness, 

flexibility, self-direction, and lifelong learning as important dimensions of digital participation in 

contemporary work. 

Artificial intelligence creates additional competence requirements because users interact with 

systems that generate predictions, recommendations, classifications, or content rather than simply 

executing explicit commands. Long and Magerko's framework positions AI literacy as a set of 

competencies enabling informed interaction with AI, while Ng and colleagues argue that meaningful 

literacy includes conceptual understanding, practical use, evaluation, creation, and ethical awareness. An 

important implication is that workforce AI literacy should combine operational competence with critical 

evaluation. Workers need sufficient practical fluency to benefit from AI while retaining the capacity to 

question outputs rather than treating machine-generated results as inherently objective. 

 

2.2 Technological Change, Occupational Tasks, and Workforce Adaptability 

Research on technological change suggests that workforce preparation should focus on changing task 

structures rather than relying exclusively on predictions of job disappearance. Autor argues that 

automation substitutes for some routine activities while complementing human capabilities in areas such 

as adaptability, creativity, and problem solving. Brynjolfsson, Mitchell, and Rock similarly find that 

machine-learning suitability varies considerably among tasks within occupations, implying that many 

jobs are likely to be redesigned rather than uniformly automated. 

This task-level perspective is important for AI literacy because workers require different 

competence levels depending on how AI interacts with their occupational responsibilities. Some workers 

may primarily need to operate AI-enabled applications, whereas others must evaluate automated 

recommendations, redesign workflows, supervise intelligent systems, or develop new AI-enabled 

processes. Workforce readiness should therefore be treated as dynamic. A static training program 

designed around one generation of tools is insufficient when technologies and occupational practices 

continue to evolve. Lifelong learning and organizational mechanisms for continuous reskilling become 

integral elements of readiness. 

 

2.3 Emerging-Economy Workforce Development and Enabling Conditions 

The World Bank's World Development Report 2019 argues that technological progress changes the skills 

employers require and increases the importance of human-capital investment. It specifically highlights 

higher-order cognitive and sociobehavioral capabilities alongside changing forms of work. The report 

provides a useful developmental perspective because it treats technology not only as an automation 

threat but also as a source of new opportunities whose distribution depends partly on workforce 

capability and institutional response. 
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The World Economic Forum's Future of Jobs Report 2020 likewise identifies skills gaps as an important 

barrier to technology adoption and emphasizes reskilling and upskilling. The OECD's work on AI and 

the future of skills further stresses the importance of understanding the respective capabilities of humans 

and AI when designing education and workforce-development strategies. Together, these sources 

indicate that readiness requires more than isolated technical instruction. Workers need opportunities to 

understand AI capabilities, develop complementary human skills, obtain access to suitable digital 

environments, and apply new competencies within meaningful occupational tasks. 

 

3. Objectives of the Study 

3.1 AI Literacy and Workforce Capability 

The primary objective of this study is to examine how progressively stronger AI literacy may influence 

workforce readiness in environments undergoing technological transformation. AI literacy is treated as a 

multidimensional competence rather than as familiarity with a particular software application. The 

framework incorporates conceptual understanding, practical application, critical evaluation, adaptation, 

and responsible use. 

The study also seeks to clarify the distinction between individual capability and actual workforce 

readiness. An employee may possess substantial knowledge of artificial intelligence while working in an 

organization with inadequate digital infrastructure, limited access to approved tools, insufficient training, 

or little managerial support for experimentation. Readiness therefore depends on whether individual 

knowledge can be converted into effective workplace behavior. 

 

3.2 Institutional and Enabling Conditions 

A second objective is to assess conceptually how digital access, structured learning opportunities, and 

organizational support interact with AI literacy. The simulation deliberately varies these enabling 

conditions so that differences in readiness cannot be attributed to literacy alone. 

The specific study objectives are: 

 To conceptualize AI literacy as a progressive workforce capability extending from foundational 

awareness to critical and adaptive use. 

 To examine the relationship between AI-literacy level and simulated workforce-readiness outcomes. 

 To evaluate how digital access, training opportunities, and organizational support modify the 

contribution of individual AI literacy. 

 To identify structural challenges affecting equitable AI workforce preparation in emerging 

economies. 

 To develop policy and organizational implications for inclusive, responsible, and continuous AI 

upskilling. 

 

4. Research Methodology 

4.1 Research Design and Analytical Framework 

The study adopts a conceptual and simulation-based research design. No real employees, firms, 

countries, administrative records, or survey responses are included. The computational analysis is used 

to illustrate relationships among theoretical constructs rather than to claim empirical estimates for 

emerging economies. 
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Four AI-literacy profiles are modeled. Foundational literacy represents basic awareness of AI concepts 

and limitations. Basic operational literacy represents the ability to use common AI-enabled tools 

appropriately. Applied literacy includes purposeful integration of AI into occupational tasks and 

evaluation of outputs. Critical-adaptive literacy represents higher capability involving critical 

assessment, ethical judgment, workflow adaptation, and continuous learning. 

Workforce readiness is defined as the capacity to participate productively and responsibly in AI-

influenced work. The simulated readiness score incorporates AI literacy, digital access, training access, 

and organizational support. 

 

4.2 Synthetic Population and Variable Construction 

A synthetic population of 5,000 observations is generated for every combination of AI-literacy level and 

support environment. Three environmental scenarios are evaluated: constrained support, moderate 

support, and enabling support. 

 

Table 1: Simulation Design and Workforce-Readiness Parameters 

Component Synthetic Specification Analytical Role 

AI literacy Means of 30, 50, 70, and 85; SD 

= 6 

Individual AI capability 

Digital access Scenario means of 45, 65, and 85; 

SD = 8 

Access to devices, connectivity, and 

digital tools 

Training access Scenario means of 35, 60, and 80; 

SD = 9 

Availability of structured learning 

Organizational 

support 

Scenario means of 40, 60, and 80; 

SD = 8 

Institutional capacity to enable AI use 

Observations 5,000 per literacy–support 

configuration 

Synthetic analytical population 

Random seed 42 Reproducibility 

Readiness scale 0–100 Composite simulation outcome 

 

The environmental scenarios are analytical abstractions. “Constrained” does not refer to a particular 

country, sector, or income group. Similarly, “enabling” does not represent any actual national 

benchmark. The scenarios are designed only to test how different institutional conditions could alter the 

relationship between AI literacy and readiness. 

 

4.3 Composite Readiness Model and Reproducibility 

The workforce-readiness score is calculated using the following simulation model: 

WR=0.45(AIL)+0.20(DA)+0.20(TA)+0.15(OS)+εWR = 0.45(AIL) + 0.20(DA) + 0.20(TA) + 0.15(OS) 

+ \varepsilon 

where: 

WRWR = Workforce Readiness 

AILAIL = AI Literacy 

http://www.aijri.com/
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DADA = Digital Access 

TATA = Training Access 

OSOS = Organizational Support 

ε\varepsilon = normally distributed residual variation with standard deviation 4. 

The weighting structure intentionally gives AI literacy the largest contribution while preserving a 

substantial collective role for enabling conditions. These weights are theoretical simulation parameters 

and are not presented as a validated psychometric scale or empirically estimated causal coefficients. 

All generated variables are restricted to a 0–100 range. NumPy's random-number generator is 

initialized with a fixed seed of 42. The design therefore allows the reported values to be reproduced 

computationally, subject to the same software behavior and implementation. 

No human participants or identifiable personal data were involved. Consequently, participant-

based ethical approval was not required for the synthetic experiment. A future empirical application 

should use validated instruments, informed consent, suitable privacy safeguards, representative 

sampling, and appropriate institutional ethical review. 

 

5. Analysis 

5.1 AI Literacy and Workforce Readiness Under Moderate Support 

The first analytical comparison holds institutional conditions at a moderate level and varies AI literacy. 

This allows the literacy–readiness relationship to be examined without simultaneously changing the 

support scenario. 

 

Table 2: Simulated Workforce Readiness Under Moderate Institutional Support 

AI-Literacy 

Profile 

Mean Readiness 

Score 

Standard 

Deviation 

Change from Previous 

Level 

Foundational 47.49 5.51 — 

Basic Operational 56.47 5.55 +8.98 

Applied 65.63 5.56 +9.16 

Critical-Adaptive 72.31 5.47 +6.68 

 

Note: These values are simulated analytical outputs and are not survey results from workers in any 

actual emerging economy. 

The simulated pattern is monotonic. Workforce readiness rises from 47.49 at the foundational level to 

56.47 among basic operational profiles and then to 65.63 among applied profiles. Critical-adaptive 

literacy produces the highest moderate-support score at 72.31. 

The progression reflects the structure of the simulation, but it also illustrates an important 

conceptual distinction. Foundational awareness may help workers recognize AI applications and 

limitations, yet operational readiness requires an ability to use systems appropriately. Applied literacy 

extends this competence to occupational problem solving, while critical-adaptive literacy introduces 

evaluation, ethical reasoning, workflow redesign, and continuing adaptation. 
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5.2 Interaction Between AI Literacy and Enabling Support 

The wider simulation demonstrates that institutional support substantially modifies readiness. Under 

constrained conditions, foundational AI literacy produces a mean readiness score of 35.57. The same 

literacy profile reaches 58.47 when digital access, training, and organizational support are enabling. 

A similar pattern occurs among highly AI-literate workers. Critical-adaptive literacy reaches 

60.08 under constrained conditions, 72.31 under moderate support, and 83.22 under enabling support. 

The difference between constrained and enabling environments is therefore 23.14 points, despite the AI-

literacy profile being held at the same level. 

This comparison is analytically important because it prevents the study from placing 

responsibility for technological adaptation entirely on individual workers. Training employees to 

understand AI is unlikely to generate maximum workplace value when they lack reliable connectivity, 

access to suitable technologies, opportunities to practice, management support, or legitimate 

organizational pathways for applying new capabilities. 

 

Graph 1: Simulated Workforce Readiness by AI Literacy and Enabling Support 

 
 

The graph shows three consistent upward trajectories. Within each support environment, greater AI 

literacy is associated with higher simulated readiness. At every literacy level, however, enabling 

conditions shift readiness upward. 

The relationship therefore appears complementary rather than substitutive. Strong institutional 

support cannot entirely replace worker competence, and strong worker competence cannot entirely 

replace institutional support. 

The highest simulated readiness occurs when critical-adaptive AI literacy is combined with an 

enabling environment, producing a score of 83.22. By comparison, critical-adaptive literacy in a 

constrained environment reaches only 60.08. Conversely, foundational AI literacy remains below 60 

even in the enabling scenario, demonstrating that infrastructure alone is insufficient when workers 

possess limited AI understanding. 
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5.3 Interpretation for Workforce Development 

The simulation supports a three-part interpretation of workforce readiness. The first layer is literacy, 

covering understanding, use, evaluation, and ethical judgment. The second is access, ensuring that 

workers have usable digital infrastructure and appropriate AI-enabled technologies. The third is 

conversion capacity, meaning that training systems and organizations allow employees to transform 

knowledge into productive occupational practices. 

This distinction is especially important for emerging-economy workforce policy. Investments 

that distribute digital tools without developing workers' capabilities may produce underutilization. 

Conversely, short-term training initiatives may have limited effects when workers return to employment 

settings without opportunities to use their new skills. 

AI literacy should therefore be connected with broader digital competence, occupational 

knowledge, higher-order cognitive abilities, and continuous professional learning. This interpretation is 

consistent with the World Bank's emphasis on human-capital development and adaptability in 

technologically changing labor markets and with the broader digital-skills framework identified by van 

Laar and colleagues. 

 

6. Challenges 

6.1 Unequal Digital Access and Skills Opportunity 

One of the central challenges in preparing workers for AI-mediated employment is the uneven 

distribution of opportunities to acquire and apply digital competencies. Digital access includes more than 

an internet connection. Effective AI use may require suitable hardware, reliable connectivity, affordable 

data, software access, organizational accounts, cybersecurity safeguards, technical assistance, and time 

for structured learning. 

Workers who encounter limited digital environments may therefore have fewer opportunities to 

develop practical AI literacy even when educational material is theoretically available. This creates the 

possibility of a reinforcing skills divide: employees who already work in technologically advanced 

organizations obtain repeated exposure and learning opportunities, while those in resource-constrained 

workplaces have fewer opportunities to build experience. 

A workforce-readiness strategy should consequently consider accessibility when designing AI 

training. Mobile-compatible learning, low-bandwidth resources, shared training facilities, employer 

partnerships, and contextualized public training programs may be necessary where conventional 

technology-intensive approaches would exclude substantial segments of the workforce. 

 

6.2 Training Quality, Language, and Occupational Relevance 

The availability of AI courses does not necessarily indicate meaningful workforce preparation. Generic 

training that focuses primarily on terminology or demonstrations may increase awareness without 

developing occupational competence. Workers need opportunities to apply AI to tasks relevant to their 

actual professions. 

Training should therefore move from conceptual understanding toward guided practice, critical 

evaluation, error recognition, data responsibility, workflow integration, and appropriate escalation to 

human expertise. AI literacy should also be differentiated by occupational responsibility. A frontline 

service employee, an engineer, a manager, and a data scientist do not require identical competencies. 
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Language and contextual relevance are equally important. Training designed for technologically 

advanced environments may assume forms of connectivity, software availability, organizational 

formality, or English-language competence that cannot be assumed universally. Effective AI workforce 

programs should therefore be adapted to local industries, languages, occupational practices, and resource 

constraints while maintaining consistent standards of responsible use. 

 

6.3 Ethical Literacy, Trust, and Responsible Use 

AI readiness cannot be evaluated solely through productivity. Workers increasingly encounter systems 

capable of generating inaccurate content, reproducing bias, exposing confidential information, or 

encouraging inappropriate automation of consequential decisions. A workforce that knows how to 

operate AI but cannot evaluate its limitations is technologically active without being fully prepared. 

Ethical literacy should therefore include awareness of privacy, confidentiality, data quality, bias, 

transparency, intellectual responsibility, and appropriate human oversight. Ng and colleagues explicitly 

incorporate ethical issues within their AI-literacy framework, reinforcing the view that responsible 

judgment is part of literacy rather than an optional advanced topic. 

Trust must also be calibrated. Excessive distrust can prevent organizations from realizing 

legitimate benefits, while excessive confidence can encourage automation bias and uncritical acceptance 

of unreliable outputs. Workforce training should help employees determine when AI assistance is 

appropriate, when verification is required, and when a decision should remain primarily human. 

 

7. Discussion 

7.1 AI Literacy as a Workforce Capability Rather Than a Technical Specialty 

The analysis supports an interpretation of AI literacy as a general workforce capability whose depth 

should vary according to occupational responsibility. This view differs from the assumption that 

meaningful AI preparation requires every worker to become a programmer or machine-learning 

specialist. 

Long and Magerko's competency framework is particularly relevant because it emphasizes 

interaction with and critical evaluation of AI rather than restricting literacy to system development. Ng 

and colleagues similarly extend the construct from knowing AI to using, evaluating, creating, and 

addressing ethical concerns. Together, these perspectives support a layered workforce model in which 

foundational AI understanding can become widespread while advanced technical competence remains 

role-specific. 

This distinction can make workforce-development programs more efficient. Organizations do not 

need to teach identical curricula to all employees. They can establish a common baseline covering AI 

concepts, limitations, verification, confidentiality, and responsible use, then provide advanced role-

specific training for workers whose responsibilities involve analysis, supervision, automation design, or 

technical development. 

 

7.2 Human Capital and Institutional Capacity Must Develop Together 

The most important simulated finding is that literacy and enabling conditions interact. Under constrained 

support, even the most advanced AI-literacy profile achieves a readiness score of only 60.08. Under 

enabling support, the same profile reaches 83.22. 
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This pattern supports a broader human-capital interpretation of technological development. The World 

Bank emphasizes that technological change increases the importance of investment in people, while the 

World Economic Forum identifies skills shortages as an obstacle to successful adoption. Workforce 

readiness should consequently be understood as a shared responsibility involving workers, employers, 

educational institutions, training providers, and public policy rather than a private obligation placed 

solely on individuals. 

For organizations, this means that AI investment budgets should incorporate training, change 

management, governance, experimentation time, and workforce consultation rather than allocating 

resources exclusively to software acquisition. For governments and educational institutions, it implies 

that digital-skills strategies should progressively incorporate AI literacy while preserving foundational 

literacy, numeracy, problem solving, communication, and social capabilities. 

 

7.3 From AI Adoption to Adaptive Workforce Readiness 

Workforce readiness should not be conceptualized as a one-time state that can be achieved permanently 

through a single training program. Artificial intelligence technologies evolve rapidly, and individual 

tools can change substantially within short periods. Workers who learn only specific interfaces may 

therefore experience repeated skill obsolescence. 

Critical-adaptive literacy provides a more sustainable orientation because it emphasizes 

transferable understanding. Workers should know how to evaluate unfamiliar AI systems, test outputs, 

learn new interfaces, understand uncertainty, protect sensitive information, and adapt occupational 

workflows while retaining professional accountability. 

This conclusion aligns with task-based research on automation. Autor and Brynjolfsson, 

Mitchell, and Rock both suggest that technology changes the organization of tasks and the distribution of 

comparative advantage between humans and machines. Workforce preparation should therefore focus 

not only on defending existing tasks from automation but also on enabling workers to redesign work 

around productive human–AI complementarity. 

A mature readiness strategy would consequently evaluate success through more than the number 

of employees trained. Useful indicators would include demonstrated AI competence, task-level 

application, error-detection capability, ethical awareness, productivity improvement, quality of human 

oversight, access equity, and continued participation in professional learning. 

 

8. Conclusion 

Artificial intelligence literacy is becoming an important component of workforce readiness as intelligent 

technologies move beyond specialist technical occupations and become integrated into everyday 

professional work. The concept extends beyond knowing what artificial intelligence is. Workers 

increasingly need to understand AI capabilities and limitations, use AI-enabled tools appropriately, 

evaluate outputs critically, recognize ethical risks, and determine when professional judgment should 

override or supplement automated assistance. 

The simulation developed in this study illustrates a strong conceptual relationship between 

increasing AI literacy and workforce readiness. Under moderate enabling conditions, readiness rises 

from 47.49 among foundational-literacy profiles to 72.31 among critical-adaptive profiles. The analysis 

also demonstrates that literacy alone is insufficient. Critical-adaptive AI literacy produces a readiness 
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score of 60.08 under constrained institutional support compared with 83.22 when digital access, training 

opportunities, and organizational support are enabling. 

These findings lead to a broader policy conclusion for emerging economies. Sustainable 

workforce preparation requires simultaneous investment in people and the environments in which they 

work. AI-literacy programs should be accompanied by digital infrastructure, accessible reskilling, 

occupationally relevant training, organizational experimentation, ethical governance, and mechanisms 

that allow workers to continuously update their competencies. Policies that focus exclusively on 

technology acquisition risk creating adoption without capability, while policies that focus exclusively on 

individual training risk creating skills that workers cannot meaningfully apply. 

Future research should empirically validate the proposed framework through representative 

workforce surveys, multi-country comparisons, sector-specific studies, longitudinal skill assessments, 

and validated AI-literacy instruments. Researchers should also investigate differences associated with 

occupation, enterprise size, educational background, digital access, training participation, and 

organizational AI maturity. Until such evidence is available, the numerical findings in this paper should 

remain interpreted strictly as transparent simulation outputs. The central conceptual proposition, 

however, is clear: workforce readiness for artificial intelligence is strongest when capable people, 

accessible technology, continuous learning, and supportive institutions develop together. 
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