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Abstract

The development and proliferation of generative artificial intelligence systems that can generate text, images, audio,
and code on scale has spread into society in an unprecedented way, and has given rise to a heavily fragmented debate
on the social implications of this technology. That speech is usually either a list of harms or a list of benefits; it doesn't
often present a systematic method to evaluate particular risks in particular contexts. While this paper introduces a
conceptual framework for social impact assessment of generative AI, it focuses on three areas where impacts are
most significant and where they are most discussed: misinformation, labor, and equity. The framework defines the
principal risks and the mechanisms that create them for each domain and a common set of cross-cutting dimensions
(likelihood, severity, reversibility, distribution, timescale, and tractability) to which any candidate risk can be brought
to evaluate it. It combines these with domain-specific indicators to anchor assessment in observable evidence, a
matrix between the level of severity and likelihood to establish mitigation priority and a mapping of governance and
mitigation levers to actors placed to act on them. The framework deliberately aims to be evaluative as opposed to
alarmist or dismissive; it is meant to balance potential risks and benefits and to differentiate between potential and
actual harms in the three domains, acknowledging vastly different empirical evidence from one to another. It brings a
common language and a replicable process for researchers, developers and policy makers to get beyond the general
worry or excitement about generative AI to specific evidence-based and comparable evaluations of the social risks of
these tools.
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1. Introduction

In just a few years, the ability of generative artificial intelligence (AI) models to generate fluent text, realistic images,
audio, and functional code on command has progressed from the realm of research novelty to becoming a daily tool.
As it diffused, so too have the claims about its social implications followed, from warnings of an epistemic crisis and
mass unemployment to promises of widespread productivity gains and democratised access to expertise. The
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discourse is, however, fractured, and often polarized – it can move from listing potential harms without estimating the
probability and/or severity of these consequences, or from focusing on benefits to considering costs as secondary [1],
[2].

What's missing is a systematic method for determining the likelihood of a specific risk in a specific setting, and what
the severity of the risk is, who would be affected, and whether it can be reduced or addressed. There is a need for an
applied assessment procedure that will link the identification of a risk to its evaluation, and to the governance
response it requires, as existing risk taxonomies have mapped the landscape of possible harms with excellent value
and ethics frameworks have articulated high-level principles [2], [3], [4].

This paper provides such a framework, and has been shaped by three areas in which the social stakes of generative AI
are seen as highest, and debate is most vibrant: misinformation – use of generative systems to create and disseminate
misinformation, false, or misleading content; labour – impact of automation and augmentation on work, skills and
livelihoods; and equity – inequitable distribution of harms, benefits, and representation across groups. The domains
selected are not intended to be exhaustive, as they represent the social impact of generative AI, but rather serve as
illustrative examples of social impacts that are consequential, contested, and where the framework is designed to
provide assessment.

The framework is designed to be both evaluative and not alarmist or dismissive. It is designed to balance risk and
benefit and to differentiate between proven and potential harm, where the evidence in the 3 domains is very
unevenly distributed. It provides a structured account of the three domains and their mechanisms (Figure 1 and Table
1); a common set of cross-cutting assessment dimensions and a matrix for the prioritisation of risks (Table 2 and
Figure 2); a set of domain specific indicators to ground assessment in evidence (Table 3); a mapping of governance
levers to responsible actors (Table 4). The paper is conceptual, it does not report new empirical measurements of
harm, but rather establishes a procedure for assessing harm.

2. Background

2.1 Generative AI and its social salience. Whereas previous AI generated work was classification or prediction,
generative models produce open-ended artifacts, such as prose, images, speech, and code, they're scalable, they're
cheap to produce, and they're fluent and can be hard to tell apart from human output. It is these qualities that make
their social impact so unique—those characteristics that can help a student or a clinician can also produce a plausible
news report, a suite of repetitive tasks, or replicate societal biases on a massive scale [1]. Thus, social impact cannot
be deduced from the technology itself, but rather from the context, people and deployment of a capability.

The sociotechnical nature implies a methodological implication. General evaluations of the technology often lead to
statements that are both true and unhelpful, because there's no way to tell if any particular system will create the
harm, and because they can't help guide decisions about any system. Assessment, on the other hand, should be linked
to a context of use: a specific model, application, population and setting. The framework here devised is based on this
idea that social impact is not inherent in the model itself and that it is a property of a deployment.

2.2 The case for a structured framework. There are two features of the current discourse that motivate a structured
approach.There are two features of the current discourse that call for a structured approach. Firstly, risks are often
defined without any reference to their level of calibration, which in some cases brings them to the level of certainty
when they are not, or are cast as science fiction when they are actually happening or are likely to happen soon, so
there is a need for a uniform way to describe the likelihood and severity of risks. Second, the three domains are very
unevenly substantiated: some equity harms are already empirically substantiated, some labor effects are now being
measured, while some misinformation harms are largely prospective. The assessment framework should allow for this
irregularity to not be characterized as a proven or hypothesized risk.The assessment framework should be flexible
enough to not only include a demonstrated risk but also a speculative risk [2].

2.3 Weighing risks against benefits. A credible assessment framework must also acknowledge the real benefits that
generative AI brings with respect to supporting routine work, broadening access to expertise, and aiding creation and
analysis, and move beyond simply counting risks to measuring and valuing the net social impact. The framework
below is intended to be part of that "benefit-aware" assessment that precedes the identification and prioritisation of
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risks, and that must be addressed before reducing them without sacrificing the benefits that drive deployment to
begin with.

3. The Assessment Framework

3.1 Structure and overview. Figure 1 illustrates the framework, which starts with capability, moves to consequence,
and ends with response. Each of the three domains poses risks that can be generated by Generative-AI, with a
common set of dimensions across domains for assessment; the assessment delivers a priority rating; and the priority
rating drives a governance response. The results of deployment and mitigation are fed back into the assessment as
they will shape the social impact of generative AI, as will its capabilities, adoption, and countermeasures. The three
domains and their main risks are outlined in Table 1.

Figure 1. A framework for assessing the social impact of generative AI across the misinformation, labor, and equity
domains.

Table 1. The three social-impact domains, their principal risks, and illustrative generating mechanisms.

Domain Principal risks Illustrative mechanisms

Misinformation Synthetic disinformation and deepfakes;
scaled influence operations; erosion of
epistemic trust

Cheap high-quality generation; micro-
targeting; sheer volume overwhelming
verification

Labor Task automation and displacement; task
reshaping and skill devaluation; effects on
wages and job quality

Substitution of routine cognitive tasks; shifts
in the demand for skills; augmentation of
some workers

Equity Representational and allocational bias;
unequal access and benefit; linguistic and
cultural exclusion; concentration of power

Bias in training data; uneven performance
across groups; asymmetric access to models
and compute

3.2 The three risk domains. For misinformation, generative models reduce the cost and increase the quality of
content they can produce, allowing for widely accessible, easy-to-produce, believable synthetic text, images and video
content, and enabling influence operations at scale [5], [6], [7]. The capacity is not challenged, it is just a question of
impact. While experimental evidence shows that AI-generated text can be perceived as credible [8], and that synthetic
political video can cause uncertainty [9], there is limited and contested evidence of persuasion and real-world
behavioural impact at large scale, and a careful assessment treats large-scale harm as plausible but not yet
demonstrated. In the labor domain, the direction of the overall impact of the LLM can even be ambiguous, though
analysis of task exposure indicates a significant portion of work tasks could be impacted [10], [11]. A displacement
view focuses on cognitive task substitution, a complementarity view on cognitive task augmentation and the creation
of new tasks [12]; field experiments show substantial productivity gains, with some reporting disproportionate gains

http://www.ijaiet.com


International Journal of Artificial Intelligence and EvolveTech
ISSN: 0000-0000
Volume 1, Issue 1 | PP 19-26 | www.ijaiet.com |

Int. J. Artif. Intell. EvolveTech 22

for less experienced workers, which may contribute to both reducing and expanding inequality [13], [14]. However,
some harms in the equity domain are relatively well documented: harms to society can be reproduced in models,
accuracy differences have been demonstrated across groups in commercial systems, and benefits and governance of
the technology is unevenly distributed across language, region and community [15], [16], [17], [18]. When it comes to
assessing risk, it's not just about what might happen, but how solid each concern is.

These are not separate domains and a full assessment takes into account the combination of risks across domains.
Labor effects have a non-uniform impact on the harm of misinformation, partly because of equity concerns, as the
distribution of the underlying capability is unevenly distributed across communities, and because of the way the
labour effects relate to existing advantage, as well as the fact that the distribution of the underlying capability is
unevenly distributed across communities, which affects all three. The cross-cutting distribution dimension added
below is in part intended to bring these interrelationships to the fore, making this moderate risk not be overlooked
when the risk effects are focused in the same population.

3.3 Cross-cutting assessment dimensions. The framework compares these disparate risks in six ways, identified in
Table 2, which are the probability that the harm will be realised, the magnitude of the harm if it does happen, whether
those affected can recover or not, who bears the risk relative to who benefits, whether the harm is immediate or long
run, and whether there are mitigation options available. The second and third dimensions can be combined to form
the severity-by-likelihood matrix of Figure 2, a typical risk-assessment tool that assigns each identified risk to a level of
concern and assigns a mitigation priority based on the likelihood and severity; the last dimension is the additional
qualification that irreversible or inequitably distributed harm has greater concern than the likelihood and severity
alone would suggest. The matrix is not a tool for judgment, but an alternative to it; the assignment of any particular
risk should be based on evidence from the domain and not be asserted in the matrix.

Figure 2. A severity-by-likelihood matrix onto which each assessed risk is placed to set mitigation priority.

Table 2. Cross-cutting dimensions for assessing any candidate social-impact risk.

Dimension What it captures Guiding question

Likelihood Probability the harm materialises How plausible is it, given the capability and
how it is deployed?

Severity Magnitude of harm if it occurs How many are affected, how badly, and at
what scale?

Reversibility Whether the harm can be undone Can affected parties recover, or is the
damage lasting?

Distribution Who bears risk versus benefit Are burdens and benefits shared fairly
across groups?

http://www.ijaiet.com


International Journal of Artificial Intelligence and EvolveTech
ISSN: 0000-0000
Volume 1, Issue 1 | PP 19-26 | www.ijaiet.com |

Int. J. Artif. Intell. EvolveTech 23

Dimension What it captures Guiding question

Timescale When the harm manifests Is it immediate, near-term, or long-run?

Tractability How amenable to mitigation Can available levers meaningfully reduce it?

3.4 Indicators and governance responses. Assessment is only as useful as the evidence that supports it, so the
framework correlates each domain with the indicators listed in Table 3 that shift judgements from speculation to
measurement in the prevalence and detectability of synthetic content, and in measured prevalence and effect on
beliefs in the case of misinformation, task-exposure, productivity, and employment measures in the case of labour,
and disaggregated performance audits and access analyses in the case of equity. Assessment then leads to a
governance response once completed. Table 4 assigns mitigation levers to the actors that can apply them, in
recognition that there is a distributed responsibility, from developers to build-in provenance and auditing, and data
practices be made more inclusive; from platforms and firms, to adopt policies and redesign tasks; from governments,
to support the transition, standards, and oversight; from affected communities, to participate in design and evaluation.
There is no single player who holds all the levers; it usually takes several players to be effective in mitigation.

Table 3. Domain-specific indicators that ground the assessment in observable evidence.

Domain Assessment indicator Example evidence source

Misinformation Prevalence and detectability of synthetic
content; measured effect on beliefs and
trust

Platform data; controlled experiments; fact-
checking corpora

Labor Task exposure; productivity and
employment effects; wage and job-quality
changes

Task-level analyses; field experiments; labor-
market statistics

Equity Performance disparities across groups;
distribution of access and benefit

Disaggregated model audits; access surveys;
representation analyses

Table 4. Governance and mitigation levers mapped to domains and the actors positioned to apply them.

Domain Response and mitigation levers Primary actors

Misinformation Content provenance and watermarking; detection;
platform policy; media literacy

Developers, platforms, regulators,
educators

Labor Reskilling and transition support; task redesign;
labor and education policy

Firms, governments, educators,
workers

Equity Bias auditing; inclusive data and design; access
programs; participatory evaluation

Developers, auditors, affected
communities, regulators

Cross-cutting Transparency, impact assessment, standards, and
ongoing monitoring

All actors, coordinated

4. Discussion

4.1 Using the framework. The framework is designed to be used in a specific context and with a specific system and
not generalized to generative AI in general. The candidate risks for each of the domains are identified, and the
indicators that are relevant to those risks are collected, evaluated to the six dimensions, then placed on the severity-
by-likelihood matrix, and a prioritised set of governance responses are read off. It's less important what they think of
it than it is that they impose a consistent and transparent framework for their discussion for example, if two analysts
disagree on a risk, they can pinpoint it more specifically in an estimate of likelihood, a weighting of distribution or a
reading of the evidence, rather than talking past each other.
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4.2 The uneven evidence base. One of the core principles of using the framework in all three domains is that they are
very unevenly developed in terms of the evidence that they contain; and that the way you assess them responsibly
needs to reflect that. Several equity harms are illustrated and can be measured based on evidence; the effects on
labor are actively measured, and we would expect net effects to depend on distributional choices, and the greatest
misinformation harms are still possible but not yet established at scale. Combining them all into just one verdict,
alarm or dismissal, is a distortion of all three. The framework's focus on likelihood, severity, and evidence is what
prevents it from becoming a "speculative harm" = "certain harm" or a "proven harm" = "hypothetical harm".

4.3 Governance implications. Answers will vary due to the difference in domains. Mitigation, as in many equity issues,
can be defined and mandated for mitigations in harms as well as access and inclusive data. When the effects are
unknown but a consequence of the investment, such as in the case of labour, the posture is to prepare and monitor
investment in transition support and instrumentation for detecting the effects as they become apparent. As with large
scale misinformation, there are harms that can occur in the future and thus there are reasons to pursue anticipatory
measures, including measures of provenance and detection, even if some of the harms might be difficult to fix. The
main governance recommendation in the framework is to match the strength and timing of the response to the
strength of the evidence.

4.4 Relationship to existing taxonomies and regulation. The framework builds on and complements the risk
taxonomies and ethics principles that come before it. Taxonomies list things that can go wrong; principles list things
that should be valued; emerging regulation specifies things that are required. It is placed between them, providing the
evaluative step which brings an enumerated risk and a prioritised response together and is expected to be used in
conjunction with institutional tools like algorithmic impact assessments and risk management standards. While this
type of process and obligation is provided by those instruments, here the dimensions and matrix serve as a common
analytic core that constitutes the substantive judgement these instruments invite.

4.5 Limitations. Conceptually, the framework provides a way to organise and structure assessment, but does not
address the empirical questions that it can help to ask, and the evidence on which to apply it is, in some respects, still
underdeveloped or very dynamic. The three domains it focuses on are intended, but incomplete: privacy, security,
environmental cost and the focusing of economic power are other important elements of the social impact of
generative AI that a more comprehensive evaluation would include. The dimensions and matrix provide for structured
judgement, but do not eliminate the normative judgements made by assessment about acceptable risk and fair
distribution. Any use of the framework should be documented clearly in order to capture these limitations.

5. Conclusion

The social impact of generative Ai is far too significant to be a matter of fear or fascination. In this paper, I have
proposed a conceptual framework for shifting from general claims to specific, evidence-based and comparable
judgments, specifically in three of the most important and controversial fields: misinformation, labor, and equity. The
framework lists the key risks and mechanisms in each domain, assesses any potential risk across the shared
dimensions of likelihood, severity, reversibility, distribution, timescale and tractability, prioritises risks in a severity-by-
likelihood matrix, anchors the assessment by domain specific indicators, and maps out the different actors who can
implement mitigation levers. It reflects the principle of ‘matching the strength of the response to the strength of the
evidence' and is about responding to harms, preparing for harms, and monitoring harms, where the harm is
demonstrated, and taking anticipatory action, where the harm cannot be reverses easily. When applied in this way, it
provides a common language and a standard methodology for researchers, developers, and policymakers to consider
social risks from generative AI tools while remaining mindful of their social benefits.
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