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Abstract 

This paper argues that the concept “safety” in AI has under-
gone concept creep, a phenomenon which describes the grad-
ual semantic expansion of harm-related concepts. Originally 
observed in psychology, concept creep involves concepts 
broadening their meaning both vertically, to include less se-
vere phenomena, and horizontally, to encompass qualita-
tively new phenomena. We argue that safety, particularly 
when applied to AI, has crept along both axes. Our analysis 
traces this creep by contrasting a baseline definition of safety, 
which is grounded in the discipline of safety science, with 
contemporary discourse on the safety of AI systems. We 
demonstrate that safety has crept horizontally to cover new 
phenomena, such as systemic injustices and existential risks, 
and it has crept vertically to include less severe phenomena, 
such as those related to mental wellbeing. The primary aim 
of this paper is to map the conceptual expansion of safety. We 
stop short of arguing whether this expansion constitutes pro-
gress or regress for the design and development of AI sys-
tems. However, we argue that the process of concept creep 
produces both beneficial and costly effects for society, pol-
icy, industry, and academic research communities. We sug-
gest that some of the promising developments and the prob-
lematic trends recently witnessed within AI safety discourse 
can be understood, at least in part, as a consequence of con-
cept creep. 

Introduction    

As the advancements in AI proceed expeditiously, questions 

surrounding their safe development and deployment have 

become increasingly urgent. AI safety, as a research field, 

incorporates, amongst other things, technical research on 

topics like robustness and reliability (Akram et al. 2022), 

adversarial attacks (Ali et al. 2020), out of distribution de-

tection (Kamoi and Kobayashi 2020), XAI methods (Jia et 

al. 2022), and analysis of failure modes (Martinez et al. 

2023), as well as more theoretical topics including how to 

develop safety cases for AI systems (Clymer et al. 2024). 

Despite its centrality to public discussions of AI, no clear 

consensus has emerged, either in practice or in academia, 
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about what constitutes a safe AI system. Plenty of research 

papers have attempted to fill this lacuna by defending a def-

inition of safety and thereby delineating what research pro-

jects should fall under its purview (Gyevnar and Kasirzadeh 

2025; Harding and Kirk-Giannini 2025; Chiodo et al. 2025). 

In this paper, we take a different approach to analysing 

the safety of AI systems. We do not aim to gain normative 

ground by defending our preferred definition of safety, ra-

ther, we take a step back to look at the evolution of the con-

cept and its associated meaning within AI discourse. We 

find that following technical advancements in AI, what it 

means for a system to be safe has dramatically shifted. Spe-

cifically, we argue that the concept of safety has undergone 

“concept creep”, a phenomenon which describes the gradual 

semantic expansion of harm-related concepts over time 

(Haslam 2016). Originally observed in psychology, concept 

creep involves concepts broadening their meaning both ver-

tically, to include less severe phenomena, and horizontally, 

to encompass qualitatively new phenomena (Haslam 2016). 

We argue that safety in AI has crept along both axes.  

Our analysis traces this creep by contrasting a baseline 

definition of safety, which is grounded in the discipline of 

system safety or safety science, with contemporary dis-

course on the safety of AI systems. We suggest that safety 

has expanded horizontally, beyond its historical engineering 

roots, to cover qualitatively new kinds of phenomena, spe-

cifically, systemic injustices and speculative long-term ex-

istential risks. Vertically, the concept has broadened down-

wards; safety in AI is increasingly associated with prevent-

ing less severe degrees of harm, such as those related to 

mental wellbeing.  

The creep of safety is not random semantic drift, but 

driven, amongst other things, by the evolution of AI tech-

nology itself. Changes in complexity, adaptability, interac-

tivity, and scale have enabled AI systems to generate and 

intensify harmful phenomena beyond the capabilities of tra-

ditional, non-AI systems. Those employing large language 

 



models (LLMs) or recommender algorithms, can dynami-

cally personalise outputs in ways that reinforce existing cog-

nitive biases or exacerbate emotional vulnerabilities (Chan-

dra et al. 2025), and their capacity to rapidly scale across 

platforms enables them to propagate these risks at a pace and 

level of granularity that are beyond the reach of conven-

tional systems. The proposal advanced here is that, as a con-

sequence of these advancements, the concept of safety is 

creeping to account for the novel and amplified risks posed 

by AI systems. 

One important comment on what’s to follow. In this pa-

per, our primary aim is to map the conceptual expansion of 

safety. We stop short of defending a position with regards to 

whether this expansion constitutes overall progress or re-

gress for design and development of responsible AI systems. 

However, we argue that the process of concept creep pro-

duces both beneficial and costly effects for society, policy, 

industry, and academic research communities. We suggest 

that some of the promising developments and problematic 

trends recently witnessed within AI safety discourse can be 

understood, at least in part, as a consequence of creep. So, 

whilst we do not argue that concept creep constitutes pro-

gress or regress, we do draw out some significant normative 

implications of the process. 

To develop this argument, we begin by outlining concept 

creep. Next, we introduce a baseline definition of safety 

which is rooted in safety science. Then we show that this 

conception of safety has crept both horizontally and verti-

cally following advancements in AI systems. We end by ex-

amining some potential costs and benefits of safety’s creep, 

before reflecting on the trajectory of the field as its concep-

tual boundaries continue to evolve.  

Conceptual Framework: Concept Creep 

The backdrop for analysing the shifting conceptions of 

safety is “concept creep”. The term was introduced by psy-

chologist Nick Haslam (2016) to describe the gradual se-

mantic expansion or inflation of harm-related concepts over 

time, such that they come to encompass a broader range of 

phenomena than they originally did. Haslam initially evi-

denced his theory with case studies focused on abuse, bully-

ing, trauma, mental disorder, addiction, and prejudice, argu-

ing that their boundaries had stretched, and meanings dilated 

over recent decades. However, the theory is not limited to 

these examples, for it posits a general tendency for harm-

related concepts to broaden semantically. Later work explic-

itly clarified that the phenomenon can apply to positive or 

desirable concepts associated with mitigating harm, such as 

care, compassion, and safety (Vylomova et al. 2019).  

Haslam (2016) distinguishes two primary mechanisms 

through which this semantic expansion occurs: vertical 

creep and horizontal creep. Vertical creep involves the 

downward extension of a concept’s meaning to encompass 

milder, less extreme, or less severe variants of the phenom-

enon it originally denoted. This can occur through a lower-

ing of the threshold for identifying the phenomenon or a re-

laxation of the defining criteria. For example, the concept of 

bullying was initially used in the 1970s to refer to aggressive 

behaviour among children that was intentional, repeated, 

and perpetrated downward in a power hierarchy. Bullying 

underwent vertical creep to include less extreme behaviour 

such as acts that were unintentional, unrepeated, and di-

rected at people of equal or higher power than the perpetra-

tor (Haslam et al. 2021). Horizontal creep, in contrast, in-

volves the outward extension of a concept to encompass 

qualitatively new phenomena or its application in entirely 

new contexts. For instance, bullying moved horizontally to 

include the behaviour of adults in workplaces, exclusionary 

rather than intimidating behaviour (e.g., shunning), and in-

timidation carried out online rather than in-person (“cyber-

bullying”). Concept creep is largely considered to be ambiv-

alent (Haslam 2016; Furedi 2016). On the one hand, broad-

ening harm concepts allows for the recognition of previ-

ously overlooked forms of suffering and maltreatment (Cas-

cardi and Brown 2016). On the other hand, concept creep 

risks pathologising everyday experiences at the cost of triv-

ialising more severe instances through semantic dilution 

(Harper et al. 2023).  

Since Haslam’s 2016 paper, the theory has gained wide 

recognition in psychology and beyond, prompting a substan-

tial body of empirical research (Brandt and Proulx, 2016; 

Niemi and Young 2016; Haidt 2016). Various drivers of 

concept creep have been proposed. Some suggest it reflects 

a growing cultural sensitivity to risk and vulnerability in 

Western societies (Furedi 2016), which has led to the iden-

tification and problematisation of forms of suffering and 

maltreatment that were previously overlooked or tolerated. 

Relatedly, the decline in violence in the West (Pinker 2011) 

may have led to the inclusion of milder or borderline in-

stances of harm within existing concepts that were reserved 

for more severe phenomena. Other factors also play a role 

in creep, including the emergence of new phenomena requir-

ing conceptualisation (e.g., cyberbullying), and political ac-

tors strategically broadening concepts to amplify the per-

ceived seriousness of a social issue (Charmaz et al. 2019). 

Conceptualisations of safety have been shaped by some 

of the dynamics and drivers that parallel those which have 

led to concept creep in psychology. AI technology has intro-

duced novel harmful phenomena, such as “toxic content” 

and deepfakes (Weidinger et al. 2022), all of which require 

conceptualisation. Furthermore, the potential for AI systems 

to affect our lives and livelihoods on unprecedented scales 

may have led to a heightened sensitivity to risk among re-

searchers, the government, and the public. This confluence 

of new risks and moral concern creates fertile ground for the 



semantic expansion of safety beyond its traditional bounda-

ries, mirroring the psychological patterns Haslam described. 

The expanded meaning of safety which we wish to highlight 

here, may therefore not be mere semantic drift, but a process 

actively shaped by the evolving landscape of artificial intel-

ligence. 1 

Conceptions of Safe AI: Foundations in Safety 

Science 

To see that safety has crept, we require a baseline against 

which subsequent conceptual expansion can be measured. 

To this end, we take as our starting point a conception of 

safety articulated in the field of safety science. The safety 

science conception serves as a germane baseline for three 

chief reasons.  

First, many have argued that safety research in AI is an 

extension of this broader tradition. Different authors make 

different claims here; some contend that the historical roots 

of contemporary AI safety can be traced to systems engi-

neering and safety science practices (Gyevnár and Kasirza-

deh 2025), while others characterise AI safety as a special 

case of safety engineering (Hendrycks 2024). Several have 

also advanced the view that ongoing research in this area 

should align itself with the discipline of safety science. For 

instance, Dobbe (2022) advocates for continuously applying 

insights from safety science to AI development and deploy-

ment, while Weidinger et al. (2023) defend the claim that AI 

safety research should be fully subsumed within the disci-

pline of safety science. Regardless of the particulars, there 

is a clear trend framing AI safety as closely aligned with 

safety science. In practice, this alignment is reflected in the 

objectives, methodologies, and conceptual frameworks that 

the AI safety research community has inherited. Much tech-

nical and non-technical work in this area relies on estab-

lished safety science methods to evaluate and manage the 

risks posed by AI systems (Rismani et al. 2023; Hendrycks 

et al. 2021; Johnson 2022). This historical and ongoing 

alignment makes safety science a natural foundation for our 

initial conceptualisation of safety. 

Second, the safety science conception of safety is opera-

tionalised in legally and industrially recognised standards. 

For example, the international standard IEC 61508, which 

governs the functional safety of electrical, electronic, and 

programmable electronic safety-related systems, uses a con-

ception of safety that is both informed by and reflected in 

safety science discourse. The definition is similarly embed-

ded across its sector-specific derivatives, such as ISO 26262 

for the automotive industry. These international standards 

 
1 Haslam’s (2016) account focuses on the inflation of harm-related 
concepts (e.g., trauma, bullying, prejudice) over time. Our use of 
concept creep similarly reflects on the semantic expansion of safety 

provide frameworks for designing, implementing, operat-

ing, and maintaining safety-related systems, many of which 

govern the kinds of systems into which AI is being increas-

ingly embedded. Compliance is widely regarded as best 

practice and often serves as evidence that legal and regula-

tory requirements have been met (IEC and ISO 2015). Using 

the safety science definition as a baseline thus grounds our 

analysis in the realities of engineering practice and regula-

tory compliance. 

The third reason to begin with safety science is pragmatic. 

It turns on the thought that safety has a literal meaning 

within the field. There is general consensus on what safety 

means, and what conditions must be met to develop safe sys-

tems, albeit at a high-level of description. Safety science 

therefore provides a lucid notion of safety which can serve 

as a baseline against which subsequent conceptual expan-

sion can be examined. For the purposes of our analysis then, 

we take our initial understanding of safety as one inherited 

from safety science. 

What, then, is the safety science understanding of safety? 

Safety is often characterised as the state of being free from, 

or not causing, unacceptable risk of harm (Lowrance 1976; 

Habli 2025a; Knight 2002; Bozzano and Villafiorita 2010; 

IEC 2010). It’s important to stress that this is by no means 

the only way of understanding safety in the field (Swuste et 

al. 2011; Hollnagel et al. 2015), but it is a dominant defini-

tion, especially in industry. It’s also important to recognise 

that safety is a context sensitive property. Whether a system 

is safe depends upon the operational context and the sys-

tem’s ability to carry out its intended purpose within and be-

yond the defined context. Two key principles underpin our 

adopted conceptualisation of safety that are worth delineat-

ing. 
 

Risk acceptability: Risk is typically defined as a combina-

tion of the likelihood and severity of harm (Leveson 2023). 

Complete elimination of risk is often impossible or imprac-

tical. Whether a system can be classified as safe therefore 

depends upon whether the level of risk posed by the system 

is acceptable. Consequently, risk assessments form a foun-

dational part of safety methodologies, and include the iden-

tification, analysis and evaluation of risk. There is no uni-

versal standard of what constitutes an acceptable level of 

risk. Ultimately, decisions about acceptability depend on 

several criteria which change according to the industrial sec-

tor and the specific application at hand. Decisions about ac-

ceptability entail value judgements based on existing good 

practices (Manuele 2010).  

 

in light of technological advancements over time, but it also con-
siders changes following contextual shifts between safety in gen-
eral and AI safety in particular. 
 



Harms: Safe systems do not cause unacceptable risk of 

harm. According to the safety science definition adopted 

here, not all kinds of harm produced by a system constitute 

compromises to the safety of that system. The kinds of harm 

that can compromise safety are those that affect human 

health, property, and the environment (Knight 2002; Boz-

zano and Villafiorita 2010; Manuele 2010; Bell 2006).  

The types of harm traditionally prioritised in safety as-

sessments are those with direct, immediate, and often phys-

ical manifestations. In terms of human health, emphasis has 

typically been placed on bodily damage and severe psycho-

logical injury, with death, breaks, burns, and trauma serving 

as core categories of concern. For instance, a system that 

poses an unacceptable risk of causing traumatic brain injury 

would be categorised as unsafe under conventional safety 

standards. Moreover, safety researchers also address a sys-

tem’s ability to reduce cognitive function through cognitive 

overload, fatigue, and distraction caused by overly complex 

or poorly designed interfaces (Wickens et al. 2021). In avi-

ation, for example, a pilot’s performance may deteriorate 

under high cognitive load induced by information dense 

cockpit displays, potentially leading to lapses in attention 

and delayed response times. In addition to concerns about 

human health, safety assessments have traditionally focused 

on damage to property, including the loss or degradation of 

infrastructure, critical resources, and equipment. Environ-

mental harm, such as ecological degradation, pollution, and 

habitat destruction, have also become increasingly recog-

nised as a relevant dimension of safety, particularly within 

high-impact sectors like transport and energy (Habli 2025a).  

   In the next section, we argue that the concept of safety 

has expanded both horizontally to encompass new catego-

ries of harm, and vertically by lowering the threshold for 

what qualifies as a relevant harm. Our analysis focuses on 

how concept creep has reshaped the core harm domains tra-

ditionally associated with safety: human health, property, 

and the environment. 

 

The safety science conceptualisation of safety outlined here 

has evolved organically through discussions among a di-

verse range of stakeholders, including customers, regulatory 

bodies, user groups, insurance companies, professional so-

cieties, and industry standards organisations (Leveson 

2023). The focus on harm to human health, property, and the 

environment arguably reflects the nature of the systems that 

safety science has traditionally addressed. Non-AI systems 

are limited in both complexity and societal reach, which in 

turn constrains the kinds and degrees of harm they could 

produce. As the systems under evaluation grow more com-

plex and socially embedded, conceptualisations of safety 

shift too. In the next section, we examine how the changing 

landscape of systems has changed the notion of safety itself 

as it moves to absorb a wider variety of phenomena that 

were once thought to fall outside its scope.  

Safety’s Creep 

The initial conception of safety as grounded in the field of 

safety science formed at a time when systems were simpler 

and less interdependent. Hollnagel et al. (2015) explain that 

in traditional systems, the dependence on Information Tech-

nology (IT) was limited (mainly due to the size and imma-

turity of IT itself), which meant these systems largely oper-

ated according to fixed rules and predictable processes, 

making it possible to understand and follow, to a high degree 

of confidence, what went on in a system. Furthermore, the 

level of integration across systems and sectors was low 

(Hollnagel et al. 2015), systems were typically static and do-

main specific. Importantly, this meant that traditional sys-

tems were naturally limited in what kinds of phenomena 

they could produce and the degree to which they could im-

pact individuals and society. For example, in the context of 

nuclear power, safety protocols were developed around a 

well-defined set of physical and procedural processes, with 

clear thresholds for failure and well-understood causal 

mechanisms. Nuclear power systems were largely closed 

and their boundaries well-specified, primarily making safety 

assessment a matter of rule-following and technical redun-

dancy rather than adaptive or cross-domain risk manage-

ment (National Research Council 1997).  

However, significant changes have occurred in the types 

of systems being built today and the context in which they 

are being deployed. Contemporary AI systems are dynamic, 

often unpredictable, largely opaque, and have a high level of 

integration across subsystems and sectors. Those incorpo-

rating frequently updated machine learning components, 

can adapt and learn over time (e.g. reinforcement learning 

from human feedback), producing emergent and unpredict-

able behaviours. Foundational models (e.g., OpenAI’s GPT-

4, Anthropic’s Claude) present new levels of complexity and 

capabilities, performing a wide range of general tasks, in-

cluding text synthesis, image manipulation and audio gener-

ation. Their ability to engage in open-ended conversations 

across a wide variety of domains with fluency and contex-

tual sensitivity marks a qualitative shift in how systems can 

communicate, respond, and influence users. Large-scale de-

ployment across sectors and higher levels of integration 

have also given AI systems further reach than their tradi-

tional counterparts. Changes in complexity, adaptability, in-

teractivity, and scale have meant that AI systems can pro-

duce novel kinds of harm that were improbable with older, 

non-AI technologies, while also amplifying familiar harms 

to degrees not previously addressed in traditional safety sci-

ence. 

The proposal advanced here is that as a direct conse-

quence of technological advancement, the concept of safety 

has undergone a process of conceptual expansion as it ab-

sorbs a wider variety of phenomena that were once thought 



to fall outside its scope. In the next section, we turn to ex-

amine one particular mode of this expansion—horizontal 

creep—which involves the inclusion of qualitatively differ-

ent kinds of harm under the umbrella of safety. This form of 

creep has significant implications for how safety in AI is op-

erationalised and governed. 

Horizontal Creep 

In this section, we argue that what is meant by “safe” AI 

systems has undergone horizontal creep. This involves the 

broadening of its scope to encompass qualitatively new 

kinds of phenomena that extend beyond the traditional 

safety science focus on human health, property, and the en-

vironment. Arguably, there have been several new phenom-

ena folded into the concept of safety in AI. In this section, 

we focus on two particularly significant additions: systemic 

injustices and existential risks. 

Perhaps the most salient expansion is the increasing in-

clusion of systemic injustices within safety discourse. Sys-

temic injustices or systemic harms refer to broad, wide-

spread negative impacts that extend beyond individuals to 

affect entire communities, societal structures, or ecosys-

tems. Philosopher Sally Haslanger (2023) argues that sys-

temic injustice occurs when “an unjust structure is main-

tained in a complex system that its self-reinforcing, adap-

tive, and creates subjects whose identity is shaped to con-

form to it”. Unjust societal structures can encode patterns 

like unjustified biases, racial and gender discrimination, and 

their manifestations can undermine the attainment of long-

established goods and norms, such as democratic institu-

tions, principles of justice, human rights, and personal au-

tonomy. The ways in which AI systems can contribute to the 

maintenance of unjust structures, thereby producing sys-

temic harms, is becoming a prominent focus within the con-

versation about the safety of such systems. For instance, the 

UK Government’s AI Safety Institute (now rebranded as the 

AI Security Institute) argues that “safety-relevant proper-

ties” include “future societal harms” which can manifest 

through a system’s “psychological impacts, its capacity for 

manipulation and persuasion, its influence on democracy, 

biased outputs and reasoning, and systemic discrimination” 

(UK Government, Department for Science, Innovation and 

Technology, 2024). Similarly, the 2023 AI Safety Summit, 

a global event that brought together governments, industry, 

academia, and civil society, published a discussion paper, 

where they argued that safe AI systems should be assessed 

according to three broad categories: societal harms, misuse, 

and loss of control. Under societal harms, the authors iden-

tified issues such as bias, fairness, representational harms, 

and disruptions to labour markets (UK Government, Depart-

ment for Science, Innovation and Technology, 2023).  

Beyond government initiatives, independent research or-

ganisations have also called for a broader understanding of 

safety in AI. The Ada Lovelace Institute, in its 2023 report 

‘Regulating AI in the UK’, argued that “[i]t will be im-

portant for the definition of ‘AI safety’ used by the Govern-

ment, the Foundation Model Taskforce and the AI Summit 

to be an expansive one, reflecting the wide variety of harms 

that are arising as AI systems become more capable and em-

bedded in society” (Davies and Birtwistle 2023). The report 

categorises AI safety-related harms into four types: acci-

dental harms from system failures or unexpected behaviours 

(e.g., self-driving car crashes or discriminatory hiring algo-

rithms); misuse by bad actors (e.g., the spread of misinfor-

mation through generative AI); structural harms from 

changes to social, political, or economic dynamics (e.g., the 

erosion of democratic institutions due to widespread misin-

formation); and upstream harms arising further up the AI 

value chain (e.g., poor labour practices). 

In an article published in Science, Alondra Nelson, who 

spearheaded the White House Blueprint for an AI Bill of 

Rights, alongside co-author and philosopher Seth Lazar, 

neatly encapsulated the shift toward including systemic in-

justices in AI safety management. They wrote: “Years of so-

ciotechnical research show that advanced digital technolo-

gies, left unchecked, are used to pursue power and profit at 

the expense of human rights, social justice, and democracy. 

Making advanced AI safe means understanding and mitigat-

ing risks to those values, too” (Lazar and Nelson 2023). The 

discourse reveals that the locus of safety-relevant phenom-

ena has expanded from our initial starting point within safety 

science to include new phenomena relating to the design of 

equitable and just systems.  

One important clarification is needed here to ward off a 

potential objection. We do not wish to insinuate that our in-

itial baseline for safety as one aligned with safety science 

was not at all concerned with preventing systemic injustices. 

Rather, the point we wish to highlight is that preventing the 

unacceptable risk of certain immediate harms (i.e. to human 

health, property and the environment) were, and by many 

still are, considered to be the core categories of concern for 

the safety community. Other kinds of phenomena, such as 

systemic injustices, were treated, if at all, as peripheral, con-

tributory or secondary safety concerns.  

The second major horizontal expansion we wish to high-

light here involves incorporating concerns about long-term, 

catastrophic, existential risks (often termed “x-risks”). X-

risks are generated by concerns regarding the potential ca-

pabilities of future, highly advanced AI systems, such as Ar-

tificial General Intelligence (AGI) or Artificial Superintelli-

gence (ASI). This perspective posits that sufficiently intelli-

gent AI systems might develop goals misaligned with hu-

man values, become power-seeking, resist shutdown, or oth-

erwise pose uncontrollable threats leading to human extinc-

tion or irreversible collapse of civilisation. Research agen-

das within this area focus on technical problems like value 



alignment, scalable oversight, and detecting deceptive be-

haviour, as well as normative work connected to movements 

such as rationalism, effective altruism, or longtermism 

(Gyevnar and Kasirzadeh 2025). 

X-risks are becoming increasingly interwoven into what 

constitutes a safety concern for AI systems. Many AI re-

searchers, major AI labs, and organisations like the Centre 

for AI Safety are explicitly linking AI safety with the miti-

gation of such existential threats. A recent study of the ‘ep-

istemic community’ of AI safety characterises the discipline 

as follows: “generally, AI safety practitioners are interested 

in preventing catastrophic long-term events precipitated by 

the deployment of machine learning systems” (Ahmed et al. 

2024). The European Network for AI Safety (ENAIS), a 

consortium of experts, researchers, and policymakers, ex-

plains that “AI safety is about the safeguarding of humanity 

from uncontrollable AI scenarios. This can include global 

systemic risks like nuclear war and cyberwarfare from the 

use of artificial intelligence but also the dangers from self-

improving AI systems with their emergent uncontrollable 

goals” (ENAIS 2023). Elsewhere Richard Ngo, an AI re-

searcher who has worked at OpenAI and DeepMind, writes 

that the key concern motivating safety research on AGI is 

that “if they [AIs] don’t want to obey us, then humanity 

might become only Earth’s second most powerful “species”, 

and lose the ability to create a valuable and worthwhile fu-

ture” (Ngo 2020).  

Gyevnar and Kasirzadeh (2025) observe that contempo-

rary discourse on the safety of AI systems has increasingly 

been framed as a project aimed at minimising existential 

risks associated with future, highly advanced AI systems. 

They lament that “[t]his concentrated attention on existential 

risk has emerged despite — and perhaps overshadowed — 

decades of engineering and technical progress in building 

robust and reliable AI systems”.  

As the preceding discussion indicates, x-risks encompass 

more than the threat of human extinction. They also include 

concerns about the erosion of human agency, autonomy, and 

self-authorship. In this sense, x-risks go beyond traditional 

safety concerns about physical harm, extending to worries 

about humanity’s capacity to create value and meaning. The 

focus on speculative, high-impact, long-term risks therefore 

constitutes a horizontal expansion to the safety agenda, in-

troducing a qualitatively distinct category of concern. 

Vertical Creep 

In the previous section, we argued that safety in AI has come 

to encompass qualitatively new kinds of phenomena, 

stretching it beyond the traditional safety science focus. In 

 
2 We do not mean to trivialise these effects by characterising them 
as less severe. We merely wish to convey that thought that some 

this section, we argue that safety in AI has also come to en-

compass degrees of phenomena that extend beyond its ini-

tial scope. The expansion in degrees mirrors what Haslam 

(2016) describes as vertical creep; the downward expansion 

of a concept to include less severe or extreme phenomena.  

The most significant downward expansion, which will be 

our focus, is the lowering of the threshold for what consti-

tutes harm to human health. According to our initial under-

standing of safety, safe systems are those that do not cause 

unacceptable risk of harm to human health, property, or the 

environment (Knight 2002; Bozzano and Villafiorita 2010; 

Bell 2006). Within this definition, human health is typically 

understood in terms of physical integrity and high-level psy-

chological integrity. Injury, death, and severe psychological 

damage, such as trauma and cognitive burnout, represent the 

degrees of harm that could compromise the safety of a sys-

tem (Habli 2025a). Phenomena falling below this threshold, 

though potentially serious, were once thought to fall outside 

safety’s purview. One barrier to adopting a more expansive 

notion of human health is that psychological harm is not de-

fined by current laws and regulations, making it profoundly 

difficult to determine which risks cause psychological harm 

and, by extension, what forms of regulation could reduce 

exposure to such risks (Osman 2025). However, as AI sys-

tems grow more sophisticated and deeply embedded in our 

social world, it has become clear that they can impact our 

health in more subtle and pernicious ways. As a result, there 

is increasing attention being paid to the ways in which AI 

systems can impact mental and emotional wellbeing more 

generally (i.e., influences on affective states like attitudes, 

moods, emotions, as well as cognitive states).2  

AI systems, particularly GenAI and LLM driven conver-

sational chatbots, possess unique capabilities for social 

mimicry, allowing them to role-play with users and produce 

dialogues that are seemingly deep and meaningful. Empiri-

cal research on such systems have shown that in some cases 

regular use can lead to AI-induced emotional distress, over-

dependence, and addictive behaviours (Gabriel et al. 2024; 

Freitas 2024). One study found a deterioration in mental 

state in over 34.4% of participants that regularly engaged in 

dialogues with character-based chatbots, and that psycho-

logical deterioration was especially prevalent in vulnerable 

users (Qiu et al. 2025). Other studies have shown that over-

reliance on chatbots is both a risk factor and a complication 

of depression (Lock 2023) and loneliness (Laestadius et al. 

2022). Beyond direct interactions with GenAI and LLMs, 

AI-driven systems embedded in social media platforms also 

present risks to mental health. Recommendation algorithms, 

engagement-optimised content delivery, and personalised 

feed generation have all been shown to shape users’ emo-

phenomena fall below the threshold for what constitutes a relevant 
safety phenomenon according to our baseline concept. 



tional states through mechanisms such as algorithmically re-

inforced social comparison, manipulation, and the creation 

of compulsive interaction loops (Berryman et al. 2018; 

Montag et al. 2021). These systems exploit cognitive biases 

and emotional sensitivities to maximise engagement, but in 

doing so, they can contribute to increased anxiety and feel-

ings of isolation (Twenge et al. 2018). 

Following these findings, researchers and regulators 

working in safety have extended conceptualisations of hu-

man health to include the protection of individual emotional 

and mental wellbeing. For example, Qiu et al. (2025) high-

light the potential for “mental health hazards in human-AI 

interactions,” that can result in a failure to uphold essential 

safety principles. Whilst Zeng et al. (2024) argue that safety 

benchmarks for AI systems should include categories such 

as offensive language, hate speech, and sexual content, to 

mitigate potential impacts on mental wellbeing. Similarly, 

Zhang et al. (2024) argue that assessing the safety of LLMs 

necessitates evaluating their impact on users’ “emotional 

wellbeing” and propose the inclusion of a “mental health” 

benchmark as part of AI safety assessments. Other authors 

similarly draw direct connections between safety and the 

risks to mental and emotional wellbeing (Balesni et al. 2024; 

Osman 2025). 

Evidence of vertical creep can also be found in AI safety 

regulatory frameworks. Article 5 of the EU AI Act, for in-

stance, ties together concerns about psychological wellbeing 

and AI’s potential for manipulation. The Act prohibits AI 

systems deploying “subliminal techniques beyond a per-

son’s consciousness” or that exploit “any of the vulnerabili-

ties of a specific group of persons due to their age, physical 

or mental disability” in a manner “that causes or is likely to 

cause that person or another person physical or psychologi-

cal harm.” (EU AI Act. Article 5(1)). The Act is not explicit 

in its definition of psychological harm. But scholars have 

argued that it should be understood broadly to include im-

pacts on general mental health to accommodate for the com-

plexity of applying the term ‘psychological harm’ to the var-

ious uses of AI (Pałka 2024). 

The particular concern for vulnerable users in discussions 

of emotional and mental wellbeing suggests a nuanced 

driver for this vertical creep. It is not simply a generalised 

rising sensitivity to harm (Furedi 2016), but rather a targeted 

ethical concern for specific populations perceived as less re-

silient to the subtle psychological impacts of AI. Risk man-

agement techniques in traditional safety science typically 

consider the risks systems impose on the general public, alt-

hough specific vulnerable groups (e.g., children and toy 

safety standards) are also recognised. However, in the AI 

domain, the capacity for personalised interaction and the po-

tential for subtle forms of manipulation or emotional influ-

ence might render certain psychological vulnerabilities 

more exploitable or exacerbate existing conditions. The 

recognition of these specific vulnerabilities in human-AI in-

teraction propels the safety boundary downwards to include 

phenomena which might be considered mild for the general 

population but can be significant for vulnerable groups. This 

targeted sensitivity contributes directly to the vertical expan-

sion of safety within AI.  

Table 1 presents examples of both the vertical and hori-

zontal creep of safety in AI. 

 

 

Type of 

Creep 

Phenomena Description/Example 

Horizontal  Systemic in-

justice:  

erosion of 

democratic 

processes 

AI generating and disseminat-

ing convincing fake news or 

propaganda, influencing public 

opinion, sowing discord, or un-

dermining trust in democratic 

institutions (UK Government, 

Department for Science, Inno-

vation and Technology, 2024; 

Lazar and Nelson 2023).  

Horizontal  Systemic in-

justices:  

algorithmic 

bias 

AI systems used in hiring, loan 

applications, or criminal justice 

making decisions that unfairly 

disadvantage individuals based 

on protected characteristics 

(race, gender, etc.) due to biased 

training data or model design 

(Weidinger et al. 2023; Davies 

and Birtwistle 2023). 

Horizontal  Existential 

risk:  

loss of con-

trol  

Superintelligent AI pursues 

goals misaligned with human 

values and exerts control over 

global infrastructure, decision-

making, or weaponry in ways 

that lead to irreversible catastro-

phe (Ahmed et al. 2024). 

Vertical  Psychologi-

cal deterio-

ration 

Conversational AI engaging in 

inappropriate or manipulative 

dialogue, leading to user anxi-

ety, depression, or exacerbation 

of mental health conditions 

(Qiu et al. 2025).  

Vertical Diminished 

emotional 

wellbeing 

AI-driven social media algo-

rithms promoting addictive use 

patterns, social comparison, or 

exposure to distressing content 

(Berryman et al. 2018; Montag 

et al., 2021).  

 

Table 1. Examples of creep in Safe AI.  

 



Consequences of Creep 

Thus far, we have aimed to map some of the corners of 

safety’s conceptual expansion. However, we have stopped 

short in arguing that the expansion constitutes progress or 

regress for the responsible design and development of AI 

systems. In line with Haslam’s (2016) characterisation, we 

understand concept creep as an ambivalent outcome, neither 

positively nor negatively valanced. With that said, we do ar-

gue that the process of concept creep gives rise to conse-

quences that can be both beneficial and costly to society, in-

dustry, policy, and academic research communities. In this 

section, we suggest that some of the promising develop-

ments and the problematic trends recently witnessed within 

AI safety discourse can be understood, at least in part, as a 

consequence of concept creep. We begin by outlining two 

positive developments. 

Holistic Risk Management 

Risk management methodologies are central to determining 

whether the risk posed by a system is acceptable and there-

fore whether the system is safe. Risk management tech-

niques, which include the identification, analysis and evalu-

ation of risk, are supported by standards, guidelines, and 

best practices which have gradually evolved over decades 

by the relevant academic disciplines and professional com-

munities (Habli 2025a). Collectively, these techniques, and 

ones like them, are used with the aim of eliminating or re-

ducing the risk of harm caused by sociotechnical systems. 

Completing these steps successfully and transparently is es-

sential for well-informed, responsible decision-making on 

system development and deployment (Stilgoe et al. 2017).  

Whilst risk management methodologies have been rela-

tively effective for assuring the safety of non-AI systems, 

many authors have urged for risk management techniques 

that take a more holistic approach in the domain of AI. For 

example, Weidinger et al. (2023) identify a critical “soci-

otechnical gap” in current AI risk assessments, where AI 

safety is often evaluated narrowly, focusing predominantly 

on technical components such as data quality, model archi-

tecture, and sampling strategies. While these technical as-

pects remain vital, they are insufficient on their own to de-

termine the overall safety of an AI system. Instead, an effec-

tive approach must integrate human and systemic factors 

that co-determine risks of harm (Weidinger et al. 2023).  

One significant potential advantage of broadening the 

concept of safety is the enablement of a more holistic and 

comprehensive approach to risk management. Expanding 

safety, both horizontally and vertically, encourages practi-

tioners and policymakers to consider the diverse and multi-

faceted impacts AI systems can have throughout their entire 

lifecycle, and there is now a burgeoning literature which in-

terlaces a rich landscape of risks relevant for safety evalua-

tions (Zeng et al. 2024; Li et al. 2024; Shelby et al. 2023; 

Raji and Dobbe 2023). 

The benefits of this shift towards more holistic risk man-

agement are manifold. In a straightforward sense, it 

acknowledges the plurality of ways AI systems can induce 

harmful phenomena, a recognition which is essential for as-

suring the safety of such systems. Furthermore, risk man-

agement not only sheds light on, predicts, and quantifies the 

likelihood of potential downstream harms, but also surfaces 

the intricate factors and mechanisms influencing their oc-

currence. A more comprehensive risk management strategy 

will thereby cultivate a better picture of how new and famil-

iar risks can interact and coalesce. This upshot is not only 

beneficial from the point of view of assuring safety, insights 

can also assist other disciplines, such as AI ethics, which 

also seek to mitigate the harmful impacts of AI systems. Re-

latedly, more holistic risk management frameworks will 

help bring to light the different kinds of normative trade-offs 

that arise as AI systems are developed and deployed in real-

world settings. By performing these functions, holistic risk 

management frameworks play an important role in respon-

sible innovation and deployment of AI systems. 

Safety Cases 

A second benefit of safety’s conceptual expansion lies in its 

impact on the development of safety cases, particularly 

through improved clarity and communication. As the scope 

of safety broadens, stakeholders are increasingly required to 

specify what kind of phenomena they aim to mitigate. This 

demand for specificity ultimately strengthens safety dis-

course and decision-making by making underlying assump-

tions and priorities more transparent. 

A safety case is a structured argument, supported by ex-

plicit evidence, that explains why a system is acceptably 

safe for a specific application within a particular context 

(UK MoD 2017). It represents established best practice 

across various safety-critical sectors, especially in transport 

and energy, underpinned by regulatory and industry stand-

ards (Sujan et al. 2016). The concept originated in the UK 

nuclear industry over six decades ago. A key overarching 

goal of a safety case is to promote transparency and improve 

communication among the many and diverse stakeholders 

who are either interested in or directly affected by the risks 

posed by a system. 

Current safety literature is largely dominated by argu-

ments focused on the risk of physical harm (Habli et al. 

2025b). This emphasis results from the priorities of major 

safety standards in sectors such as automotive and defence, 

which traditionally focused on risks to physical health or 

property. However, more recent work is beginning to 

broaden the scope of AI assurance to include ethical issues 

(Porter et al. 2024; Burr and Leslie 2023) and existential 



risks (Clymer et al 2024), particularly those associated with 

general-purpose models. These efforts build on earlier, al-

beit limited, attempts to expand the remit of safety cases to 

address safety and security risks in a more integrated fashion 

(Bloomfield et al. 2013). 

The broadening of safety’s conceptualisation in the cur-

rent AI debate presents an opportunity for safety cases to 

evolve. They can encourage developers and deployers to ar-

ticulate more explicitly the specific types of harms they con-

sider, and to present clearer arguments for why these risks 

are relevant and significant to their AI systems. Further, they 

can explain how such risks have been mitigated to accepta-

ble levels, and for whom. This approach and mindset has the 

potential to improve clarity and communication, whether the 

risks involve refinements of existing harms (i.e. vertical 

creep, such as addressing previously under-recognised psy-

chological wellbeing) or new harms (i.e. horizontal creep, 

such as addressing the spread of misinformation). 

Given that safety is rarely absolute, the central focus of a 

safety case lies in proportionality and trade-offs (Lowrance 

1976). The explicit consideration of new (horizontal) types 

of harm or refined (vertical) types of harm reinforces the 

communicative role of the safety case in explaining and jus-

tifying how risk-benefit analyses are conducted. It also clar-

ifies why emphasis may be placed on certain risks over oth-

ers, how trade-off decisions are made, and by whom. 

Internal Disciplinary Conflicts 

With that said, safety’s creep is not without its challenges. 

In recent years, the field of AI safety has experienced grow-

ing internal tensions, with disciplinary disputes and the 

emergence of distinct factions among those working on dif-

ferent aspects of safety. A particular point of contention 

seems to be the horizontal expansion which extends safety 

to include systemic injustices. As an illustrative example, 

consider the comments made by John Tasioulas, Director of 

the Institute for Ethics and AI at the University of Oxford, 

in the wake of the 2023 AI Summit: “as anticipated, the con-

cept of safety is stretched in the Declaration to include not 

only avoiding catastrophe or threats to life and limb, but also 

securing human rights and the UN Sustainable Development 

Goals etc. Pretty much all values under the sun” (University 

of Oxford 2023). Tasioulas’s thoughts were echoed by Reed 

Albergotti, technology journalist and founder of Semafor, 

who argued that “AI safety is becoming an umbrella term 

that lumps nearly every potential downside of software au-

tomation into a single linguistic bucket”. Albergotti notes 

that in more traditional industries, we deal with safety very 

differently: “The Occupational Safety and Health Admin-

istration (OSHA), for instance, is tasked with making work-

places safe from physical harm. Imagine if OSHA were also 

responsible for preventing workplace discrimination, retain-

ing workers who are laid off [...] that’s similar to what some 

people are suggesting we do with AI Safety” (Albergotti 

2024). Tasioulas and Albergotti express two related worries 

here. Firstly, incorporating wider systemic injustices into 

safety assessments would in practice require mitigating 

against a whole host of undesirable outcomes, thereby sig-

nificantly overloading the discipline. And secondly, that this 

overload risks turning AI safety into a nebulous, ill-defined 

concept. These debates reflect broader uncertainties about 

the aims and limits of AI safety and raise important ques-

tions about how best to define and manage the risks posed 

by increasingly complex sociotechnical systems. 

There is also a backlash with regards to the inclusion of 

x-risks in AI safety research. The focus on x-risks has been 

particularly connected to normative theories and movements 

such as effective altruism or longtermism. Although these 

theories offer valuable perspectives on long-term chal-

lenges, their specific institutional or industrial embodiments 

have attracted considerable criticism (Acemoglu 2024). 

This development has been concerning for researchers and 

practitioners who work on safe and responsible AI, but do 

not wish to align themselves with x-risk-related normative 

movements. The inclusion of x-risks has led to a somewhat 

divided community, with some researchers even question-

ing the contribution of the “AI safety” community (Bender 

2023; Albergotti 2024).  

Whether members of the AI safety community lament or 

welcome the conceptual expansion of safety, it has nonethe-

less contributed to a somewhat fractious atmosphere within 

the field. Indeed, the field of AI safety is increasingly de-

fined not only by its subject matter but also by recurring in-

ternal disagreements over its scope and priorities. This on-

going contestation reflects deeper tensions about what kinds 

of phenomena count as safety-relevant, who gets to define 

them, and which methodologies are deemed authoritative. 

Discussion 

The scope of safety in AI is not merely of semantic interest; 

it is inherently political. As noted in the original outline of 

concept creep, the expansion of concepts can be influenced 

by underlying moral or political agendas (Haidt 2016; Char-

maz et al., 2019). In the case of AI, how safety is conceptu-

alised has far-reaching consequences for regulation, policy, 

research, and the formation of academic communities. Dis-

ciplinary boundaries determine which risks are prioritised, 

how funding is allocated, which areas of expertise are val-

ued, and the kinds of regulation that are pursued. Harding 

and Kirk-Giannini (2025) explain that disciplinary bounda-

ries influence every aspect of research, from what research-

ers are expected to read, who they collaborate with, how re-

search is evaluated, and which directions gain intellectual 

and institutional traction. Boundaries also shape how disci-



plines interact with the wider world, affecting who is in-

cluded in public and policy debates, who is responsible for 

assuring safety, and who regulates such assurances. Concep-

tualisations of safety are thus pivotal. For these reasons, fur-

ther analyses of safety’s creep requires not only mapping se-

mantic shifts but also understanding the underlying political 

drivers. Safety’s creep is both a symptom of a field which is 

grappling with a complex, fast-moving and unpredictable 

technology, and a tool in ongoing struggles over resources, 

influence, and the contested future direction of AI safety. 

In addition to affecting the field’s own boundaries, we 

might wonder how concept creep impacts the relationship 

with other fields. Conceptual expansion inevitably blurs the 

boundaries between AI safety and related fields like AI eth-

ics and AI governance. Is ensuring algorithmic fairness pri-

marily a matter of safety or ethics? Is preventing AI-driven 

erosion of democratic norms a safety concern or a matter of 

political governance? In many cases, the answer may not be 

exclusive; rather, these challenges straddle multiple do-

mains simultaneously, reflecting the inherently interdiscipli-

nary nature of the risks posed by advanced AI systems. With 

that said, maintaining some domain distinctions might be 

valuable. A distinction, even if imperfect, could help allo-

cate forward-looking responsibilities, identify backward-

looking responsibilities, tailor methodologies, and structure 

research agendas. Furthermore, completely collapsing disci-

plinary boundaries might lead to problematic implications 

for AI design and research. For instance, it has been argued 

that conflating safety properties with other valuable proper-

ties may obscure what kind of benchmarks are needed to as-

sess safety and hinder the ability to evaluate trade-offs be-

tween assuring system safety and achieving other valuable 

goals (Ren et al. 2025). At its worst conflating properties can 

enable “safetywashing”—misrepresenting or misinterpret-

ing improvements in the general capabilities of the AI model 

as safety advancements (Ren et al. 2025). These risks sug-

gest that the conceptual expansion of safety should be criti-

cally examined and strategically managed. Examining 

safety’s semantic expansion is not merely an academic ex-

ercise, its boundaries have important implications for how 

AI systems are designed, evaluated and regulated. 

Conclusion 

This paper has argued that the concept of “safety” in the con-

text of Artificial Intelligence has undergone a process of 

“concept creep”. Drawing upon safety science as a base-

line—where safety is often characterised as the prevention 

of unacceptable risk of harm to human health, property, and 

the environment—the analysis demonstrates that safety has 

expanded both vertically and horizontally. Vertical creep is 

evident in the increasing inclusion of less severe phenom-

ena, such as emotional and mental wellbeing, and horizontal 

creep is marked by the incorporation of qualitatively new 

categories, including systemic injustices and existential 

risks.  

We have suggested that as a direct consequence of tech-

nological advancement in AI systems, our baseline concept 

of safety has undergone a process of conceptual expansion 

as it absorbs a wider variety of concerns and phenomena that 

were once thought to fall outside its scope. The semantic ex-

pansion of safety may be overall ambivalent, but the process 

can have both profound costs and benefits to research, pol-

icy, and the regulation of AI technology. The ultimate chal-

lenge posed by the conceptual expansion of safety lies in 

striking a delicate balance. It is crucial to acknowledge and 

address the full spectrum of risks that AI systems can create 

and perpetuate, yet this must be done in a way that results in 

practical, actionable, and conceptually coherent frame-

works. An “everything is a safety issue” approach risks ren-

dering the concept of safety so broad as to become opera-

tionally meaningless. Conversely, an overly narrow defini-

tion, which clings strictly to traditional safety science para-

digms, may well fail to address many of the real and press-

ing negative consequences emerging from the deployment 

of advanced AI. The future necessitates a more nuanced and 

open approach, whereby researchers, practitioners, and pol-

icymakers are explicit about their own conceptualisations of 

safety.  
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