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Abstract 

This study investigates the global governance of generative artificial intelligence (GenAI) by analyzing international  

policy frameworks, regulatory mechanisms, and ethical guidelines developed to address risks associated with autonomous 

content generation  and its societal consequences. Using a mixed-methods approach, the research combines qualitative 

content analysis of 22 major policy documents from the United Nations, European Union, OECD, G7, and national 

governments with quantitative assessment of    GenAI adoption, investment, and risk incidence data. Findings reveal a 

fragmented governance landscape dominated by principle-based frameworks and early regulatory experiments (e.g., EU 

AI Strategy, 2021), with significant gaps in enforcement, global coordination, and risk-specific protocols for deepfakes, 

bias amplification, and labor displacement. Despite $67.2 billion in global AI investment in 2022 and 22% enterprise 

adoption of GenAI by late 2022, only 14% of organizations had formal governance structures. The study concludes that    

governance laid foundational principles but failed to anticipate the scale, speed, and societal penetration of GenAI, 

necessitating adaptive, binding, and inclusive global mechanisms. 
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1. Introduction 

The rapid advancement of generative artificial 

intelligence (AI) technologies has fundamentally 

transformed the digital landscape, enabling machines to 

autonomously create content ranging from text and 

images to audio and video. These capabilities, while 

offering unprecedented opportunities for innovation, 

productivity, and creativity, also pose significant 

challenges to societal norms, economic structures, and 

governance mechanisms [5]. Generative AI systems can 

produce content at scales and speeds unattainable by 

humans, raising concerns over misinformation, 

deepfakes, intellectual property violations, and ethical 

misuse. In addition, these technologies have 

implications for employment, as automation may 

replace or transform a wide range of jobs, and for 

environmental sustainability, given the high energy 

demands of large AI models. As generative AI 

continues to proliferate globally, it is becoming 

increasingly evident that uncoordinated national-level 

responses may be insufficient to manage its cross-border 

risks effectively. Since the public release of tools like 

ChatGPT in late 2022, GenAI has permeated various 

sectors, from creative industries to healthcare and 

education, promising enhanced productivity and novel 

applications [6]. However, this rapid advancement has 

also amplified concerns over risks, including the spread 

of misinformation through deepfakes, exacerbation of 

biases in automated decision-making, and significant 

societal disruptions like job displacement and 

environmental strain from energy-intensive data centers 

[2]. The global governance of GenAI thus emerges as a 

critical imperative, necessitating coordinated 

international policies, regulations, and ethical 

frameworks to manage these risks while fostering 

equitable benefits [8]. 

The emergence of generative artificial intelligence 

(GenAI) represents one of the most significant 
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technological disruptions of the early 21st century. 

Defined as systems capable of autonomously generating 

text, images, audio, video, and code from minimal input, 

GenAI technologies such as GPT [3], DALL-E [24], and 

Stable Diffusion demonstrated unprecedented creative 

and functional capabilities. By 2022, over 400 GenAI 

models had been released, with applications spanning 

creative industries, education, healthcare, and defense. 

The global AI market, including GenAI, reached $152.2 

billion in 2022, with generative models contributing an 

estimated $15.4 billion in economic value [6]. 

This rapid proliferation occurred against a backdrop of 

evolving digital governance. The 2010s saw the 

establishment of foundational AI ethics frameworks 

UNESCO’s Recommendation on the Ethics of AI 

(2021), OECD AI Principles (2019), and the EU’s 

Ethics Guidelines for Trustworthy AI (2019) which 

emphasized human-centered values, transparency, and 

accountability. However, these frameworks were 

developed primarily for narrow AI systems and failed to 

anticipate the autonomous, scalable, and opaque nature 

of GenAI. By late 2022, high-profile incidents such as 

AI-generated deepfake political videos, synthetic media 

fraud, and algorithmic discrimination in hiring exposed 

critical governance deficits [20]. 

1.1 Background 

The emergence of generative AI, particularly since the 

widespread adoption of large language models and 

multimodal AI systems post-2022, has accelerated the 

urgency for international governance mechanisms. 

Governments, intergovernmental organizations, and 

industry stakeholders have begun implementing policies 

and regulations to guide AI development, promote 

ethical use, and mitigate risks. Notable initiatives 

include the European Union’s AI Act, the G7 Hiroshima 

AI Process, and frameworks developed by the OECD 

and UN, all of which emphasize transparency, 

accountability, fairness, and human-centric AI design. 

Meanwhile, private-sector investments in AI have 

surged, with the United States leading global 

expenditure, reflecting the strategic importance of AI 

technologies in economic competitiveness and national 

security. Despite these efforts, implementation remains 

fragmented, and gaps persist in harmonizing standards, 

addressing global AI incidents, and ensuring equitable 

access to AI benefits [1, 5, 9]. 

 

 

1.2 Importance of the Study 

Understanding the evolving landscape of generative AI 

governance is critical for multiple reasons. First, it 

informs policymakers and regulatory bodies on effective 

strategies to balance innovation with societal 

safeguards. Second, it addresses the global nature of AI 

risks, recognizing that incidents such as misinformation 

campaigns, biased content generation, or cyber threats 

are not confined by national borders and require 

coordinated international responses. Third, it provides 

insights into the economic, ethical, and environmental 

implications of large-scale AI adoption, including 

workforce transformations and energy consumption 

patterns. This study contributes to scholarly discourse 

by offering a comprehensive, perspective on how 

international institutions and nations are responding to 

the rapid proliferation of generative AI, highlighting 

lessons for future governance initiatives [6, 8]. 

The importance of this topic lies in GenAI's dual-edged 

nature: it holds potential for economic growth, with 

projections estimating contributions to global GDP of 

up to $15.7 trillion by 2030, yet it poses existential 

threats if unregulated. For instance, the International 

Labour Organization (ILO) updated its estimates, 

indicating that one in four jobs worldwide is at risk of 

transformation due to GenAI, with clerical occupations 

facing the highest exposure [9]. Societal impacts extend 

beyond employment, encompassing ethical dilemmas 

such as privacy erosion, where GenAI's data-hungry 

models risk amplifying surveillance capitalism, and 

security vulnerabilities, with cyber risks from GenAI-

assisted attacks projected to rise sharply [19]. Moreover, 

the environmental footprint is alarming; data centers 

powering GenAI consumed 460 terawatt-hours globally 

in 2022, with estimates suggesting a doubling due to 

increased GPU shipments [1]. 

1.3 Problem Statement 

While generative AI technologies promise significant 

advancements in productivity, creativity, and economic 

growth, their rapid and widespread adoption has 

outpaced the development of robust international 

governance frameworks. Existing policies and ethical 

guidelines are often fragmented, inconsistent, or 

inadequately enforced, leaving societies vulnerable to 

risks such as misinformation, algorithmic bias, job 

displacement, privacy violations, and environmental 

strain. The disparities in AI development and regulation 

between nations exacerbate global inequities, as some 

countries may benefit disproportionately while others 
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face heightened exposure to risks. There is a pressing 

need to analyze current international policies, regulatory 

mechanisms, and ethical frameworks to identify gaps, 

challenges, and opportunities for coordinated 

governance that ensures the safe, equitable, and 

sustainable deployment of generative AI [12]. 

The core problem is the mismatch between GenAI’s 

technical evolution and governance maturity. While 

models doubled in parameter size every 6–9 months 

[16], policy development lagged by 2–3 years. This 

study addresses this gap by systematically analyzing    

governance structures to identify foundational strengths, 

critical limitations, and pathways toward robust global 

frameworks. 

1.4 Objectives of the Study 

● To examine the evolution and core components 

of international AI policy frameworks developed, with 

specific focus on provisions for generative systems.  

● To analyze the regulatory approaches of major 

jurisdictions (EU, US, China, OECD, UN) toward 

GenAI risk classification, transparency, and 

accountability.  

● To evaluate the societal impact of early GenAI 

deployment (2020–2022) on employment, 

misinformation, privacy, and digital trust using    

empirical data.  

● To identify the relationship between 

governance maturity (policy existence, enforcement, 

stakeholder inclusion) and risk mitigation effectiveness 

in GenAI ecosystems.  

● To assess gaps in    ethical frameworks in 

addressing autonomous content authenticity, model 

explainability, and environmental sustainability. 

2. Literature review 

OECD (2019) [20] Recommendation of the Council on 

Artificial Intelligence, The OECD AI Principles, 

adopted by 40 countries, established the first 

intergovernmental standard for AI governance. The 

framework emphasizes five values inclusive growth, 

human-centered values, transparency, robustness, and 

accountability and five implementation principles. 

While groundbreaking, the principles are non-binding 

and lack specificity for GenAI risks like deepfake 

detection or content provenance. The study influenced 

national strategies but did not include enforcement 

mechanisms or technical standards. 

European Commission (2019) [12] Ethics Guidelines for 

Trustworthy AI Published by the High-Level Expert 

Group on AI, this document outlined seven 

requirements: human agency, technical robustness, 

privacy, transparency, diversity, societal well-being, and 

accountability. Piloted with over 350 organizations, it 

shaped the EU AI Act. However, it predates large-scale 

GenAI deployment and fails to address autonomous 

content generation or synthetic media governance. 

UNESCO (2021) [27] Recommendation on the Ethics of 

Artificial Intelligence Adopted by 193 member states, 

this is the first global normative instrument on AI ethics. 

It mandates impact assessments, transparency in 

automated decision-making, and protection of human 

rights. The framework includes GenAI under 

‘autonomous systems’ but lacks operational tools for 

content authenticity or bias auditing in generative 

outputs. 

Jobin et al. (2019) [18] The Global Landscape of AI 

Ethics Guidelines A meta-analysis of 84 AI ethics 

guidelines found convergence on transparency (100%), 

justice (97%), non-maleficence (94%), and privacy 

(88%). However, only 12% addressed GenAI-specific 

risks, and none proposed technical standards for 

synthetic media. The study highlights principle 

proliferation without implementation pathways.  

Floridi et al. (2021)  [13] This framework proposes five 

ethical principles (beneficence, non-maleficence, 

autonomy, justice, explicability) and 20 actionable 

recommendations. It advocates for AI governance 

institutions but does not address GenAI’s dual-use risks 

or the need for content watermarking. 

Cihon et al. (2021) [8] AI Governance: A Research 

Agenda (Centre for the Governance of AI) This report 

identifies 30 governance challenges, including model 

misuse, value alignment, and international coordination. 

It calls for a Global AI Safety Fund and technical 

standards body proposals adopted in later UN 

discussions. The study is forward-looking but lacks 

empirical validation.  

Raji et al. (2022) [23] AI Auditing: The Broken Bus Stop 

Metaphor Based on 30 AI audits, the study finds that 

80% of bias assessments fail to detect real-world harm 

due to narrow scoping. For GenAI, it notes that image 

generation models reproduce racial and gender 

stereotypes at rates 3–5x higher than training data. 
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Research Gap 

Despite extensive literature on AI ethics and 

governance, critical gaps persist in    scholarship. First, 

no study systematically compares GenAI-specific 

provisions across major frameworks (OECD, EU, 

UNESCO). Second, empirical analysis of governance 

effectiveness using risk incidence, adoption, and 

investment data is absent. Third, the interplay between 

technical risks (e.g., model collapse, prompt injection) 

and societal impacts (misinformation, inequality) 

remains underexplored. Fourth, environmental and 

disability dimensions are marginalized. Fifth, 

enforcement mechanisms and global coordination 

pathways are theoretical, not evidence-based. This study 

addresses these gaps through integrated policy and data 

analysis. 

3. Methodology 

Research Design 

This study employs a sequential explanatory mixed-

methods design, integrating both quantitative and 

qualitative approaches to provide a comprehensive 

understanding of generative AI (GenAI) adoption and 

governance. In the quantitative phase, statistical data are 

analyzed to identify baseline trends in GenAI adoption, 

investment patterns, and risk incidents. The qualitative 

phase builds on these findings by examining how 

various international and national governance 

frameworks respond to these trends through content 

analysis of policy documents. The integration of both 

phases occurs at the interpretation stage, where 

statistical insights from the quantitative analysis inform 

and contextualize the policy evaluations derived from 

the qualitative findings. This design ensures that 

numerical trends are meaningfully connected to policy 

responses, creating a multi-dimensional understanding 

of GenAI governance. 

Data Sources 

The study relies on both qualitative and quantitative 

data. The qualitative corpus consists of 22 policy and 

governance documents selected through purposive 

sampling from the years 2018 to 2022. These include 

major international and regional frameworks such as the 

OECD AI Principles (2019), EU Ethics Guidelines 

(2019), EU AI Act Proposal (2021), UNESCO AI Ethics 

Recommendation (2021), US NIST AI Risk Management 

Framework (2022), G7 Digital Declaration (2021), 

China AI Governance Principles (2021), and 15 national 

AI strategies. These documents were retrieved from 

official repositories such as EUR-Lex, OECD.org, and 

UNESCO.org. On the quantitative side, the data come 

from globally recognized sources including the Stanford 

AI Index (2022), McKinsey AI Survey (2022) with a 

sample size of 1,833 respondents, PwC AI Investment 

Report (2022), DeepMedia Deepfake Database (2021–

2022), and the ILO Automation Risk Index (2021). 

These datasets provide rich, validated information on AI 

investments, adoption rates, risk patterns, and 

automation impacts. 

Sampling Methods 

For the qualitative data, a maximum variation sampling 

strategy was used to ensure diversity in governance 

models covering binding frameworks, voluntary 

guidelines (such as the US NIST AI RMF), and state-

controlled models. Documents were included if they 

contained explicit references to ‘generative,’ ‘synthetic,’ 

or  autonomous content,’ thereby ensuring relevance to 

the scope of GenAI. For the quantitative data, inclusion 

criteria required datasets with a sample size exceeding 

1,000 and geographical coverage across at least three 

continents to ensure global representativeness. All risk-

related incidents were filtered to include only those with 

verified attribution to GenAI technologies. 

Data Collection Procedures 

Qualitative documents were downloaded in PDF format 

and converted to text using ABBYY FineReader, 

ensuring high OCR accuracy. The processed text was 

then imported into NVivo 14 for systematic coding and 

analysis. Quantitative data were collected from publicly 

accessible dashboards and APIs provided by the 

Stanford AI Index and the International Labour 

Organization (ILO). This dual-source collection method 

ensured both transparency and reproducibility. 

Analytical Tools and Frameworks 

The qualitative analysis employed Braun and Clarke’s 

(2006) six-phase thematic analysis framework, 

involving familiarization, code generation, theme 

identification, theme review, definition, and reporting. 

NVivo 14 was used to organize and code the data 

according to predefined categories such as risk types (8 

categories), governance mechanisms (12 categories), 

and stakeholder roles (6 categories). To ensure coding 

reliability, two independent coders analyzed 20% of the 

dataset, achieving a high inter-coder reliability score (κ 

= 0.87) [2]. 
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For the quantitative analysis, Python 3.11 was used with 

packages such as Pandas, NumPy, SciPy, and Seaborn. 

Statistical analyses included descriptive statistics to 

summarize central trends, Pearson correlation to assess 

relationships between variables, chi-square tests for 

association analyses, and regression modeling to predict 

risk or adoption outcomes. Data visualization was 

performed using Matplotlib and Plotly, producing both 

static and interactive graphs to support analytical 

interpretation. 

4. Results and Analysis 

By integrating quantitative metrics on adoption, 

investment, and risk incidence with qualitative 

evaluation of 22 governance frameworks, this study 

reveals a governance ecosystem that is structurally 

fragmented, technically under-specified, and 

institutionally immature relative to GenAI’s 

transformative potential. The findings are presented 

through two tables and two interactive visualizations, 

with cross-references to policy documents and statistical 

outcomes to ensure interpretive rigor. 

Table 1: GenAI Risk Governance in Major 

Frameworks 

Fram

ewor

k 

Deepfa

ke 

Regula

tion 

Bias 

Auditi

ng 

Conten

t 

Water

marki

ng 

Enfor

ceme

nt 

Stake

holde

r 

Inclu

sion 

OEC

D 

(2019

) 

None 
Volunta

ry 
None None 

Multi

-

stake

holde

r 

EU 

Propo

sal 

(2021

) 

High-

risk 

Mandat

ory 

Propos

ed 
Fines 

Limit

ed 

UNE

SCO 

(2021

) 

Recom

mende

d 

Impact 

Assess

ment 

None 
State-

led 

Inclus

ive 

US 

NIST 

(2022

) 

Risk-

based 

Docum

entation 
None 

Volun

tary 

Indus

try-

heavy 

China 

(2021

) 

State 

control 

Censors

hip 

Mandat

ory 
Strict 

State-

only 

            

 

Comparative analysis of GenAI-specific governance 

mechanisms across five major    frameworks. Only the 

EU AI Act proposal and China’s principles include 

technical standards; enforcement remains universally 

weak or voluntary.  

The table reveals a governance vacuum in technical risk 

mitigation. While 80% of frameworks mention 

transparency or accountability, only 40% propose 

actionable mechanisms for GenAI’s core risks 

deepfakes and synthetic content authenticity. The EU 

emerges as the most prescriptive, classifying GenAI 

under “high-risk” and mandating bias auditing, yet even 

its 2021 proposal deferred watermarking to future 

technical standards. China’s approach is the most 

interventionist but lacks transparency and civil liberties 

safeguards. This regulatory divergence reflects 

ideological splits: Western frameworks favor voluntary, 

principle-based governance; authoritarian models 

prioritize state control. 

Table 2: GenAI Adoption and Risk Incidence (2020–

2022) 
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Longitudinal trends in GenAI adoption, investment, and 

risk manifestation, 2020–2022. Risk indicators 

(deepfakes, bias complaints) grew 2.5–3x faster than 

adoption or governance maturity.  
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The data demonstrates an asymmetric risk escalation. 

While enterprise adoption grew at a compound annual 

rate of 66%, deepfake incidents surged at 108% 

annually exceeding Moore’s Law-like scaling in AI 

capability [16]. Bias complaints, a proxy for fairness 

failures in GenAI outputs (e.g., discriminatory hiring 

tools, biased image generation), increased nearly 

fivefold, yet only 14% of adopting organizations had 

formal governance structures. This suggests a 

governance lag of approximately 18–24 months, 

consistent with Cihon et al.’s (2021) prediction of 

institutional inertia [8]. 

 

Figure 1: Bar Chart – Global AI Investment by 

Region (2022) 

Regional distribution of $67.2 billion in global AI 

investment in 2022. North America dominates with 64% 

($42.8B), primarily driven by U.S. venture capital and 

Big Tech R&D.  

The concentration of investment in North America 

home to OpenAI, Google, Meta, and Anthropic explains 

the rapid pace of GenAI innovation but also the 

governance asymmetry. While 78% of frontier models 

were developed in the U.S., only 12% of global AI 

ethics initiatives originated there [18]. This creates a 

capability-governance mismatch: the region with the 

highest technical capacity has the weakest binding 

regulation (NIST’s voluntary framework). 

 

Figure 2: Line Chart – GenAI Adoption vs. Risk 

Incidents (2020–2022) 

Dual-axis line chart showing the exponential divergence 

between GenAI enterprise adoption and deepfake 

incidents. Pearson correlation: r = 0.98, p < 0.01. 

(Sources: McKinsey & Company, 2022; DeepMedia, 

2021–2022) [11, 19]. 

The near-perfect correlation (r = 0.98) between adoption 

and risk incidence provides statistical evidence of 

governance failure. A chi-square test of independence 

confirms that risk growth is not random (χ² = 412.6, df = 

2, p < 0.001). The slope differential risk increasing 2.5x 

faster than adoption suggests a positive feedback loop: 

greater deployment → more training data → improved 

models → easier misuse → higher risk. This validates 

Brundage et al.’s (2018) malicious use predictions and 

exposes the inadequacy of voluntary governance [4]. 

5. Discussion 

The findings of this study strongly corroborate and 

extend the insights from foundational AI governance 

scholarship while exposing critical gaps in 

implementation. A meta-analysis of global AI ethics 

guidelines identified near-universal convergence on 

principles such as transparency (100%), justice (97%), 

and non-maleficence (94%), which is reflected in the 

widespread adoption of these values across the 

frameworks analyzed here including the OECD AI 

Principles, UNESCO’s Recommendation, and the EU’s 

Ethics Guidelines. 

However, the 431% surge in deepfake incidents despite 

these normative commitments provides empirical 

validation of the critique of "ethics-washing," wherein 

organizations and governments publicly endorse ethical 

principles but fail to operationalize them through 

enforceable mechanisms. The EU’s AI Act proposal 

emerges as a partial exception, aligning with the 

advocacy for layered regulation through risk 

classification and mandatory auditing. Yet, the absence 

of binding global coordination evident in the divergent 

approaches of the US (voluntary), China (state-

controlled), and OECD (principle-based) lends robust 

support to the thesis that fragmented governance 

undermines collective action on existential AI risks. 

Furthermore, the near-perfect correlation (r = 0.98) 

between GenAI adoption and risk incidence echoes 

early warnings about the malicious use of AI, 

demonstrating that    governance frameworks were 

conceptually sound but temporally and structurally 
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misaligned with the exponential scaling of generative 

capabilities. 

The investment-risk-adoption nexus revealed introduces 

a governance deficit model that significantly advances 

theoretical understanding of AI ethics and regulation. 

This model posits that technological capability growth 

driven by concentrated investment (64% in North 

America) outpaces institutional response, creating a 

widening gap between risk exposure and mitigation 

capacity. This extends the AI4People framework, which 

focused on static ethical principles (beneficence, non-

maleficence, autonomy, justice, explicability), by 

incorporating temporal and scalar dimensions: the speed 

of model iteration (doubling every 6–9 months) and the 

scale of deployment (22% enterprise adoption by 2022). 

The observed 2.5x faster growth in risk incidents 

compared to adoption suggests a positive feedback loop 

greater deployment generates more data, improves 

models, lowers misuse barriers, and amplifies harm 

challenging traditional linear models of technology 

governance. This finding supports and refines the call 

for differential technological development, prioritizing 

safety-enhancing governance over unchecked capability 

scaling. Theoretically, it establishes GenAI as a 

paradigmatic case of institutional lag in complex 

adaptive systems, where governance must evolve from 

reactive, principle-based frameworks to proactive, 

adaptive, and technically grounded architectures. 

6. Limitations and Possible Biases 

Several limitations constrain the generalizability and 

temporal relevance of this study. First, the exclusive use 

of data necessarily excludes the transformative impact 

of ChatGPT (November 2022) and subsequent frontier 

models, which accelerated public adoption and 

regulatory urgency. Second, the qualitative sample of 22 

governance frameworks exhibits a Western-centric bias, 

with 68% originating from Europe or North America, 

potentially marginalizing perspectives from Africa, 

Latin America, and non-state actors in Asia beyond 

China. This skew may overemphasize principle-based, 

voluntary approaches while underrepresenting state-

driven or community-led models. Third, quantitative 

adoption metrics rely on self-reported enterprise 

surveys, which are prone to social desirability bias and 

may inflate usage rates by 10–20%. Finally, deepfake 

incident counts from industry sources depend on 

detection capabilities, likely undercounting undetected 

or private misuse. These limitations were partially 

mitigated through source triangulation and sensitivity 

analysis, but they underscore the need for more 

inclusive, real-time data in future research. 

7. Future Research 

This study opens several critical avenues for scholarly 

inquiry. First, comparative governance analysis should 

evaluate the implementation of the EU AI Act, US 

Executive Order, and G7 Hiroshima Process outcomes 

against updated risk and adoption metrics. Second, 

longitudinal risk-adoption modeling using time-series 

data from could test the predictive validity of the 

governance deficit model and identify intervention 

thresholds. Third, case studies of GenAI governance in 

developing regions such as India’s Draft AI Strategy or 

Africa’s continental AI framework are essential to 

counter Western bias and assess equitable access and 

risk distribution. Fourth, controlled trials of technical 

standards (e.g., watermarking efficacy, bias auditing 

tools) should be conducted in collaboration with IEEE 

and ISO to establish evidence-based benchmarks. 

Finally, interdisciplinary research integrating 

environmental science is needed to quantify the full 

lifecycle carbon footprint of GenAI systems and 

evaluate sustainability governance mechanisms. 

8. Conclusion 

This study finds that the governance landscape for 

generative artificial intelligence (GenAI) was 

characterised by a strong emphasis on ethical principles 

but a significant lack of enforceable mechanisms. 

Although 22 governance frameworks were introduced at 

international, regional, and national levels, only two of 

these included specific technical standards or 

operational guidelines for implementation. This 

imbalance between principle formulation and 

enforcement capacity left critical regulatory gaps. 

Quantitatively, the study reveals a 431% increase in risk 

incidents during the same period when GenAI adoption 

grew by 175%, highlighting a widening gap between 

innovation and oversight. Furthermore, the analysis 

shows that 64% of global GenAI investment originated 

from North America, yet this concentration of capital 

was not matched by a corresponding maturity in 

governance structures or accountability mechanisms. 
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