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Introduction 
Work at the intersection of behavioural science and AI is often framed as a single, 
emerging field. In reality, it resembles a constellation of overlapping conversations—
sharing vocabulary but lacking a common centre. Papers using similar terms may not 
address the same problem, and apparent disagreements often reflect different questions 
rather than true conflict. 

The challenge isn’t just the field’s breadth; it’s that diverse kinds of work are described 
with the same language. This can obscure disagreement, making it seem as though 
authors are debating identical questions when they’re actually tackling distinct problems. 
At times, this creates the false impression that one perspective dismisses another, when 
in fact each is oriented toward a different task. 

This guide offers a way to read the literature that clarifies these differences. Rather than 
starting with how papers claim to relate behavioural science and AI, it examines the 
problems they aim to solve. The goal isn’t to impose a rigid taxonomy, but to map 
recurring problem orientations - patterns that shape how the field is currently explored. 

Purpose of the guide 

This guide doesn’t evaluate which orientation is "correct." Instead, it distinguishes the 
problems each orientation revolves around, because those differences determine what 
each perspective highlights and what it overlooks. 

As a practical tool, the guide helps you: 

 Locate the problem a paper or argument is organised around. 
 Identify what that focus illuminates. 
 Notice what it tends to leave unexamined. 

This approach doesn’t resolve disagreements, but it reframes them. It becomes easier to 
recognise when different kinds of work are conflated and to engage with each on its own 
terms. 

Most of the variation in this literature stems from two foundational questions: 

1. What is the object of interest? Is the focus on human judgement and behaviour, 
AI systems themselves, or the broader sociotechnical systems embedding both? 

2. What is behavioural science being asked to do? Is it tasked with design and 
intervention, explanation and evaluation, or organising the field itself? 

The orientations that follow represent distinct answers to these questions.  

This framing shifts the conversation from "Which approach is right?" to "What problem is 
this work addressing?" It equips readers to navigate the literature with greater precision, 
avoiding false conflicts and recognising the unique contributions of each orientation. 
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Seeing the field as a set of problems 
This guide adopts a simple but powerful shift in perspective: instead of focusing on how a 
paper describes the relationship between behavioural science and AI, it starts with the 
problem the work aims to solve. This shift is crucial because the same terminology can 
describe very different kinds of work, while distinct language may actually address the 
same underlying concern. 

To apply this approach, ask three key questions when engaging with research: 

1. What problem is this work organised around? Is it about improving system 
performance, understanding human responses, scaling interventions, analysing 
system behaviour, or defining the field’s scope? The answer shapes what counts 
as a meaningful contribution within that orientation. 

2. What does this focus highlight? Each orientation brings certain phenomena into 
sharp relief (whether user behaviour, system dynamics, organisational 
constraints, or theoretical coherence) making them easier to address. 

3. What does it leave in the background? Attention is inherently selective. What 
isn’t central to the problem at hand is often simplified, deferred, or excluded. 
These omissions aren’t necessarily mistakes, but they influence how the work 
should be interpreted. 

By reading the literature through this lens, navigation becomes clearer. Papers that seem 
to disagree may actually address different problems, while those that appear aligned 
might be working at cross purposes. Identifying the problem orientation doesn’t resolve 
these differences, but it makes them visible and easier to engage with. The following 
sections outline a set of recurring problem orientations that can be used in this way. 

Notes on approach 
This guide is neither a formal systematic review nor purely impressionistic. The material 
was gathered using search tools (Consensus.ai, Google Scholar, Liner.ai) and an existing 
collection of papers spanning behavioural science, AI, policy, and human–computer 
interaction. 

Each source was analysed through a consistent lens: What is the object of interest? What 
role does behavioural science play? What level of analysis is prioritised, and what is 
overlooked? This approach allowed for comparisons across seemingly disparate works. 

The goal was not to impose a rigid classification, but to surface recurring patterns in 
problem framing. The “problem orientations” described here are one such pattern—a way 
to map how different kinds of work are organised, not a prescription for how the field 
should be structured. The result is a working map: a tool for navigating the landscape 
while acknowledging where simplification falls short. 

Two papers from human-centred AI and human–AI interaction are included as deliberate 
reference points, not as part of the core sample. Their inclusion highlights the blurred 
boundaries between behavioural science and adjacent fields, revealing whether shared 
questions are framed distinctly or overlap under different labels. 
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The problem orientations 
The following sections outline recurring problem orientations in the behavioural science 
and AI literature. Each orientation represents a distinct way of defining the central 
problem, the kinds of contributions that matter, and what constitutes a satisfactory 
answer. 

These orientations are not mutually exclusive - individual papers often span multiple 
orientations or shift between them. The goal isn’t to pigeonhole each piece of work into a 
single category, but to illuminate the diverse problems that shape the field. 

Each orientation is described in terms of the problem it addresses, how it treats AI, the 
role of behavioural science within it, and what that focus highlights or overlooks. 
Together, they offer a way to navigate the literature without assuming it forms a single, 
unified field. 

Working with systems in practice 
The first set of orientations focuses on making AI systems work in real-world settings. 
The primary concern is the interaction between people and systems - whether through 
user behaviour, system design, or observed responses during use. 

In these approaches, behavioural science plays a practical role: it informs system design, 
deployment, and evaluation, bridging technical capabilities with outcomes that depend on 
human behaviour. The emphasis is on uptake, performance, and adaptation over time, 
often within organisational constraints. 

Because these orientations are grounded in real-world interaction, they are immediately 
recognisable and actionable. However, their focus on implementation and optimisation 
can sometimes overshadow broader questions such as purpose, context, or system-level 
effects that remain less explicitly examined. 

Core idea Central problem Brings into view In the background 

Implementers & intervention-scalers 

AI helps behavioural 
interventions and 
systems function in 
practice 

How can AI help 
systems and 
interventions work 
effectively at scale 
and over time? 

Strong on 
implementation, 
uptake, routines, 
and real-world 
constraints 

Can treat “making it 
work” as more 
important than 
questioning 
underlying goals 

Behavioural-risk & response analysts 
AI changes human 
judgement, 
emotion, trust, and 
behaviour 

How does 
interacting with AI 
shape how people 
think, feel, and act? 

Empirically tractable 
and often closest to 
measurable 
outcomes 

Can individualise or 
psychologise 
structural and 
institutional 
problems 

Designers & complementarians 
Psychology should 
inform AI design 
upstream 

Which aspects of 
human cognition 
and behaviour 
should shape 
system design? 

More specific and 
disciplined than 
broad “humans 
matter” claims 

Often assumes 
better design is the 
primary solution 
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Implementers and intervention-scalers 
Central problem: How can AI be used to make behavioural interventions and 
organisational systems work more effectively in practice at scale, over time, and under 
real-world constraints? 

How AI is understood: AI is treated as delivery infrastructure embedded in workflows, 
services, and repeated user interactions. It appears as an adaptive support system, 
monitoring layer, or intervention mechanism that operates within existing organisational 
settings. 

What behavioural science is doing: Behavioural science provides the intervention logic. 
It defines which behaviours matter, identifies points of friction, specifies mechanisms of 
change, and determines what successful adoption looks like. It is used to translate 
abstract system capability into workable routines and outcomes. 

What this orientation brings into view: This orientation foregrounds the gap between 
technical capability and practical use. It makes visible how adoption depends on trust, 
incentives, routines, and integration within organisations. It is attentive to how behaviour 
can undermine otherwise well-designed systems, and to the fact that implementation is 
an ongoing process rather than a one-off event. 

What it tends to leave in the background: By focusing on making systems work, it can 
narrow the problem to questions of optimisation and uptake. Broader issues (such as 
whether a system should be deployed, who benefits from it, or how it redistributes power 
and responsibility) may be treated as secondary or assumed rather than examined 
directly. Resistance can be interpreted as friction rather than as disagreement with 
underlying goals. 

Representative examples:  

 Behavioural Insights Team (2025), Adopt, Align, Adapt, Augment 
 Mills (2023), AI for Behavioural Science (in its intervention-system strand) 
 LSE perspective on AI-enabled behavioural intervention systems 
 Pedersen et al. (2018), Behavioural computer science 

Behavioural-risk and response analysts 
Central problem: How does interacting with AI shape human judgement, emotion, trust, 
and behaviour over time? 

How AI is understood: AI is treated as a source of influence on human cognition and 
behaviour. It appears as a system that people respond to, rely on, resist, or adapt to 
across repeated interactions. 

What behavioural science is doing: Behavioural science is used as an analytical lens to 
study how AI affects human responses. It measures changes in judgement, trust, 
reliance, and decision-making, and identifies patterns in how people interact with and 
interpret AI systems. 

What this orientation brings into view: This orientation produces empirically tractable 
insights and is often closest to measurable outcomes. It makes visible how AI systems 
affect trust, fairness perceptions, willingness to rely, and behavioural patterns in real 
contexts. It is often where the first systematic evidence of AI’s behavioural effects 
emerges. 
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What it tends to leave in the background: By focusing on individual responses, it can 
frame problems in psychological terms even when they have structural or institutional 
causes. System design, organisational context, and power asymmetries may be treated 
as background conditions rather than as central objects of analysis. 

Representative examples:  

 Yalcin Williams & Lim (2024), Psychology of AI 
 Turner & Reczek (2025), Hype-free AI 
 Sacher et al. (2026), The Missing Discipline in AI 

Designers and complementarians  
Central problem: Which aspects of human cognition and behaviour should shape the 
design of AI systems, and how should those insights be translated into design decisions? 

How AI is understood: AI is treated as a design object whose behaviour can be shaped 
upstream. The focus is on system architecture, interfaces, and interaction patterns, rather 
than on downstream use alone. 

What behavioural science is doing: Behavioural science is used as a design input. It 
provides models of human cognition, decision-making, and behaviour that can be 
embedded into system design, guiding how systems present information, structure 
choices, and interact with users. 

What this orientation brings into view: This orientation makes the role of psychology in 
design more explicit and more disciplined than broad claims that “humans matter.” It 
highlights how assumptions about cognition and behaviour are already embedded in 
systems, whether intentionally or not, and treats design as a site where those 
assumptions can be made visible and adjusted. 

What it tends to leave in the background: By focusing on improving design, it can treat 
system behaviour as primarily a design problem. Broader questions about deployment 
context, institutional incentives, or power relations may be less visible. There is also a 
tendency to assume that better design can resolve issues that may be structural rather 
than interface-level. 

Representative examples: 

 Gigerenzer (2024), Psychological AI  
 Gonzalez & Malloy (2026), Toward Complementary Intelligence 
 Schmager et al. (2025), Understanding Human-Centred AI 

Studying systems as behavioural objects 
The orientations that follow shift the object of study away from individual users toward AI 
systems and the environments in which they operate. Behaviour is no longer limited to 
human response, but extends to how systems act over time, how they interact with other 
systems and people, and how patterns emerge at a collective level. 

In this part of the literature, behavioural science is used to describe, interpret, and 
sometimes intervene in systems that are treated as having behavioural properties of their 
own. This move expands what counts as behaviour, and with it, what kinds of questions 
can be asked. 
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Core idea Central problem Brings into view In the background 

Machine-behaviour and agent scholars 

AI systems 
themselves can be 
studied as 
behavioural objects 

How do AI systems 
behave in context, 
especially over time 
and in interaction? 

One of the more 
novel moves in the 
literature; shifts 
focus beyond users 

“Behaviour” can 
become so broad 
that levels of 
analysis blur 

Social-systems thinkers 
The object of study 
is the mixed 
human–machine 
system 

What forms of 
collective behaviour 
emerge when 
humans and AI are 
entangled? 

Strong on 
emergence, 
networks, and 
system-level 
effects 

Can obscure 
questions of 
ownership, power, 
and design 
asymmetries 

Machine-behaviour and agent scholars 
Central problem: How do AI systems behave in context, especially over time and in 
interaction with humans, environments, and other systems? 

How AI is understood: AI systems are treated as behavioural objects. The focus shifts 
from internal model properties to observable patterns of action, adaptation, and 
interaction across situations. 

What behavioural science is doing: Behavioural science is used to describe, measure, 
and interpret system behaviour as if it were the output of an agent. It provides concepts 
and methods for observing patterns, comparing behaviours across contexts, and 
analysing how systems act in the world. 

What this orientation brings into view: This orientation makes it possible to study AI 
systems in the wild, rather than only through benchmarks or internal metrics. It highlights 
how behaviour emerges through interaction with environments and other agents, and 
introduces a way of comparing systems based on what they do rather than how they are 
built. It is one of the more novel moves in the literature, because it extends behavioural 
analysis beyond human subjects. 

What it tends to leave in the background: By treating systems as behavioural objects, 
the concept of “behaviour” can become very broad. Differences between levels of 
analysis—such as individual decisions, system outputs, and collective effects—can blur. 
Questions about design intent, ownership, and responsibility may be less visible when 
attention is focused on observed behaviour alone. 

Representative examples: 

 Rahwan et al. (2019), Machine Behaviour  
 Chen et al. (2025), AI Agent Behavioural Science  
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Social-systems thinkers 
Central problem: What forms of collective behaviour and social order emerge when 
humans and AI systems are entangled? 

How AI is understood: AI is treated as part of a wider sociotechnical system in which 
outcomes arise from the interaction of multiple actors, technologies, and institutions. 

What behavioural science is doing: Behavioural science is used to analyse patterns at 
the level of populations, networks, and systems. It contributes concepts for 
understanding coordination, feedback, emergence, and how local interactions scale into 
system-level effects. 

What this orientation brings into view: This orientation highlights how AI reshapes social 
dynamics beyond individual interactions. It makes visible emergent patterns, network 
effects, and system-level consequences that cannot be reduced to individual behaviour 
alone. It is particularly attentive to how behaviour is distributed across actors and how 
outcomes arise from their interaction. 

What it tends to leave in the background: By focusing on system-level patterns, it can 
obscure questions of ownership, power, and design asymmetries. The mechanisms by 
which specific actors shape systems, and the distribution of control within them, may be 
less visible when analysis centres on emergent dynamics. 

Representative examples: 

 Tsvetkova et al. (2024), A New Sociology of Humans and Machines  
 Jackson et al. (2025), AI Behavioral Science (as a secondary overlap) 

Building the infrastructure of the field 
The next orientation shifts attention away from interaction and system behaviour toward 
the conditions that make behavioural work with AI possible in the first place. The focus is 
not primarily on users or systems, but on how behavioural knowledge is structured, 
formalised, and made usable at scale. 

In this part of the literature, behavioural science is treated as something that can be 
encoded, organised, and operationalised. The emphasis is on turning concepts, 
evidence, and intervention logic into forms that can be applied consistently across 
systems, datasets, and contexts. 

Core idea Central problem Brings into view In the background 

Infrastructure builders 

AI can make 
behavioural science 
more computable 
and usable 

How can 
behavioural 
knowledge be 
formalised, 
operationalised, and 
scaled? 

Concrete on 
taxonomies, 
evidence 
structures, and 
delivery 
mechanisms 

Risks mistaking 
formalisation for 
progress 
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Infrastructure builders 
Central problem: How can behavioural science be made more usable, operational, and 
scalable in the context of AI systems? 

How AI is understood: AI is treated as a means of structuring, processing, and deploying 
behavioural knowledge. It appears as infrastructure that supports classification, 
prediction, and the integration of behavioural evidence into systems. 

What behavioural science is doing: Behavioural science is formalised and translated into 
structured representations. This includes building ontologies, defining variables and 
relationships, and creating systems that can extract, organise, and apply behavioural 
knowledge in a consistent way. 

What this orientation brings into view: This orientation makes the practical requirements 
of scale visible. It highlights the need for shared definitions, structured data, and 
repeatable processes, and shows how behavioural knowledge can be made more 
accessible and usable across different applications. 

What it tends to leave in the background: By focusing on formalisation, it can treat the 
process of structuring knowledge as equivalent to improving it. Questions about whether 
categories are adequate, how context affects interpretation, or whether formalisation 
captures what matters can become secondary. 

Representative examples: 

 Mac Aonghusa & Michie (2020), Through the Looking Glass  
 Pedersen et al. (2018), Behavioural computer science  
 LSE perspective on AI-enabled behavioural intervention systems1 

Structuring and defining the field 
The next set of orientations is less concerned with specific systems or applications and 
more with how the space itself is organised. The focus shifts from solving practical 
problems to clarifying concepts, defining boundaries, and establishing standards for 
explanation.  

In this part of the literature, behavioural science is used to interpret, classify, and 
evaluate. The emphasis is on how different kinds of work should be distinguished, how 
claims should be assessed, and what it means for behavioural science to contribute 
meaningfully in this context. 

  

 
1 LSE perspective is based on a holistic analysis of the research themes because there was no 
single paper that would be representative (more information in references).  
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Core idea Central problem Brings into view In the background 

Field-cartographers 

The field needs 
conceptual 
organisation 

What are the right 
categories for 
organising this 
space? 

Helps prevent 
category errors and 
false unification 

Taxonomy can 
substitute for 
theoretical 
development 

Theory-protectors 
AI should extend, 
not dilute, standards 
of explanation 

Does AI improve 
theory, or 
encourage 
conceptual 
confusion? 

Maintains epistemic 
discipline and 
standards of 
explanation 

Can leave practical 
and governance 
questions 
underdeveloped 

Field-cartographers 
Central problem: What are the right categories for organising the behavioural science 
and AI landscape, and how should different kinds of work be distinguished? 

How AI is understood: AI appears as a heterogeneous set of systems and applications 
that are often grouped together under a shared label. The focus is on how these are 
described, compared, and classified. 

What behavioural science is doing: Behavioural science is used as an organising 
framework. It provides concepts and distinctions that help sort different kinds of work, 
identify category boundaries, and make the structure of the field more explicit. 

What this orientation brings into view: This orientation helps prevent category errors 
and false unification. It makes visible when different kinds of work are being treated as 
though they are the same, and provides a way to compare approaches without assuming 
a single underlying logic. 

What it tends to leave in the background: By focusing on classification and organisation, 
it can treat the act of mapping as sufficient. Questions about how the field should develop 
in practice, or how competing approaches should be prioritised, may remain under-
specified. 

Representative examples: 

 Xu et al. (2024), AI for social science and social science of AI 
 Schmager et al. (2025), Understanding Human-Centred AI 
 Guest (2025), What Does “Human-Centred AI” Mean? 

Theory-protectors 
Central problem: Does the integration of AI strengthen behavioural science as a field, or 
does it risk diluting its standards of explanation? 

How AI is understood: AI is treated as a source of conceptual pressure. It introduces new 
methods, metaphors, and claims that may or may not align with existing theoretical 
frameworks. 

What behavioural science is doing: Behavioural science is used to evaluate and defend 
standards of explanation. It assesses whether new approaches remain consistent with 
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established theories, and whether claims made in the context of AI are conceptually 
coherent. 

What this orientation brings into view: This orientation maintains epistemic discipline. It 
highlights when concepts are stretched, when explanations become vague, and when 
new terminology obscures rather than clarifies underlying mechanisms. 

What it tends to leave in the background: By focusing on conceptual clarity, it can leave 
practical questions underdeveloped. Issues related to implementation, governance, or 
system-level effects may be treated as secondary to maintaining theoretical consistency. 

Representative examples:  

 van Rooij et al. (2024), Reclaiming AI as a Theoretical Tool for Cognitive Science 
 Mills (2025), The Public Responsibilities of Behavioural Scientists in an Age of AI 

(as a partial overlap) 

Expanding and framing the field 
The final set of orientations is less concerned with analysing specific systems or 
clarifying concepts, and more with shaping how the field itself is defined. The focus shifts 
toward questions of scope, relevance, and responsibility. 

In this part of the literature, behavioural science is used to make claims about its role in 
the AI domain. These claims are often partly analytical and partly jurisdictional, in that 
they do not only describe the space but also participate in defining its boundaries and 
priorities. 

Core idea Central problem Brings into view In the background 

Field-builders and expansionists 

Behavioural science 
should play a larger 
role in the AI 
domain 

What role should 
behavioural science 
have in shaping AI? 

Clarifies the 
relevance of 
behavioural 
expertise in an 
expanding field 

Can treat adjacency 
as integration and 
expand scope 
without resolving 
tensions 

Humanisers 
AI should be 
designed and 
evaluated in 
human-centred 
terms 

How can AI systems 
better reflect human 
values, experience, 
and dignity? 

Keeps trust, 
fairness, and lived 
experience in view 

“Human-centred” 
can remain 
normatively 
appealing but 
analytically vague 

Field-builders and expansionists 
Central problem: What role should behavioural science play in shaping the development, 
use, and governance of AI? 

How AI is understood: AI is treated as a broad domain of activity with significant 
behavioural and societal consequences. The emphasis is on its reach across sectors and 
its potential to reshape decision-making environments at scale. 

What behavioural science is doing: Behavioural science is positioned as a relevant and 
often necessary contributor to this domain. It is used to frame AI as a behavioural 
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problem space and to argue for the inclusion of behavioural expertise in its development 
and governance. 

What this orientation brings into view: This orientation makes the relevance of 
behavioural science visible in contexts where it might otherwise be overlooked. It 
highlights how AI systems shape behaviour, institutions, and decision-making processes, 
and raises the question of who should be involved in defining and governing these 
systems. 

What it tends to leave in the background: By linking behavioural science to a wide range 
of adjacent problems, it can treat proximity as evidence of integration. The scope of the 
field may expand faster than its conceptual foundations, and tensions between different 
uses of behavioural science can remain unresolved. 

Representative examples:  

 Jackson et al. (2025), AI Behavioral Science 
 Behavioral AI Institute (2025), open letter 
 Mills, Costa, & Sunstein (2023), The Opportunities and Costs of AI in Behavioural 

Science 
 Mills (2025), The Public Responsibilities of Behavioural Scientists in an Age of AI 

Humanisers 
Central problem: How can AI systems be designed, evaluated, and governed in ways that 
reflect human values, experience, and dignity? 

How AI is understood: AI is treated as a system that affects people in ways that are not 
only technical, but also social and experiential. The focus is on how systems are 
perceived, trusted, and lived with. 

What behavioural science is doing: Behavioural science is used to articulate and 
interpret human experience. It contributes to defining what counts as fair, trustworthy, or 
acceptable, and helps translate abstract values into design and evaluation criteria. 

What this orientation brings into view: This orientation keeps questions of trust, 
fairness, and lived experience in view. It highlights how systems are encountered by 
users and how those encounters shape acceptance, resistance, and longer-term 
relationships with AI. 

What it tends to leave in the background: Because “human-centred” framing can be 
broad, it may remain at a high level of abstraction. The mechanisms by which values are 
translated into design decisions, or how competing values are prioritised, may be less 
clearly specified. 

Representative examples: 

 Fenwick & Molnar (2022), The Importance of Humanizing AI  
 Schmager et al. (2025), Understanding Human-Centred AI  
 Guest (2025), What Does “Human-Centred AI” Mean?  
 Sacher et al. (2026), The Missing Discipline in AI (overlap)  
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A summary of problem orientations in BeSci x AI 

 
 

 OBJECT OF STUDY 

  
Humans reacting 
to AI 

AI design & 
intervention 
systems 

AI systems & 
mixed 
sociotechnical 
systems 

FU
N

C
T

IO
N

 O
F 

B
E

H
A

V
IO

U
R

A
L 

S
C

IE
N

C
E

 

Conceptual, 
critical or 
jurisdictional 
(interpreting, 
evaluating, 
claiming 
territory) 

Humanisers 
(normative framing 
across design and 
impact) 
 
Behavioural-risk 
analysts (when 
focused on 
diagnosis and 
critique) 
 
Field-
cartographers 
(when interrogating 
concepts and 
definitions) 

Theory-protectors 
(guarding 
standards of 
explanation) 
 
Field-
cartographers 
(when organising 
the conceptual 
terrain) 

Field-builders and 
expansionists 
(claiming AI needs 
behavioural 
science) 
 
Social-systems 
thinkers (emergent 
collective order) 
 
Machine-
behaviour 
scholars  
(when building the 
field) 

Practical,  
design or 
implementation 
(building, 
running, 
improving 
systems) 

Implementers &  
intervention-
scalers (making AI 
work in practice) 
 
Behavioural-risk 
analysts (when 
improving 
outcomes in use) 

Designers & 
complementarians 
(psychology inside 
AI design) 
 
Infrastructure 
builders (making 
behavioural 
science 
computable and 
scalable) 

Machine-
behaviour and 
agent scholars 
(studying AI 
systems as 
behavioural 
objects) 
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A compressed view of the landscape 
The table maps the "orientations" (different ways of framing problems) against these two 
dimensions. It shows how each orientation clusters, but it’s not a strict classification 
because some orientations span multiple roles or objects of interest. For example, 
Implementers and intervention-scalers focus on humans reacting to AI and use 
behavioural science in an applied way (e.g., improving uptake or outcomes). 

 BeSci as application 
 (design, intervention, 

implementation) 

BeSci as lens  
(explanation, evaluation, 
classification, critique) 

Humans 
reacting to AI 

Implementers and 
intervention-scalers  
(when focused on uptake and 
outcomes in use) 
 
Behavioural-risk and response 
analysts  
(when improving behavioural 
outcomes in practice) 

Behavioural-risk and response 
analysts (diagnosing effects on 
judgement, trust, behaviour) 
 
Field-cartographers 
 (when interrogating concepts 
and definitions) 
 
Humanisers  
(normative framing of 
experience and impact) 
 
 

AI design and 
intervention 
systems 

Designers and 
complementarians 
(psychology informing AI 
design) 
 
Infrastructure builders (making 
behavioural science 
computable and scalable) 

Theory-protectors (standards 
of explanation and 
interpretability) 
 
 
Field-cartographers 
(organising the conceptual 
terrain) 
 

AI systems & 
sociotechnical 
systems 

Machine-behaviour and agent 
scholars  
(when studying behaviour in 
order to shape or operate 
systems) 

Machine-behaviour and agent 
scholars  
(studying systems as 
behavioural objects) 
 
Social-systems thinkers 
(emergent collective dynamics) 
 
Field-builders and 
expansionists  
(defining scope and claiming 
jurisdiction) 

 

The compression helps reveal that disagreements in the literature can stem from different 
assumptions about what is being studied and what behavioural science is for. When 
these assumptions aren’t explicit, work organised around different problems can seem to 
conflict, even if they’re just addressing different questions. 
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How the literature evolves 
The "orientations" described earlier help reveal differences in the literature, but in 
practice, work rarely fits neatly into one category. Instead, research often moves between 
orientations, combines elements from several, or shifts focus depending on the 
argument. These movements follow a few recurring patterns that shape how the field 
appears and develops. 

1. Expansion across adjacent problems: Research often starts with a specific question 
(e.g., how AI affects decision-making) and expands to include related issues like design, 
governance, or societal impact. This makes behavioural science seem broadly relevant, 
but it can blur distinctions between different types of work. As the scope widens, 
proximity can replace true integration, leaving tensions between behavioural concepts 
unresolved. 

2. Movement between application and analysis: Work frequently shifts between applied 
roles (e.g., designing interventions) and analytical roles (e.g., explaining or critiquing AI’s 
effects). While this can be productive, it can also obscure which problem is being 
addressed. When analysis and application are combined without clear separation, claims 
about "what works" and "what is happening" can become entangled. 

3. Shifts in the object of study: Research often moves between levels of analysis - from 
individual users to AI systems, and from systems to broader sociotechnical environments. 
This expands what counts as relevant, but it also changes the level at which explanations 
operate. Findings at one level (e.g., user behaviour) may not directly apply to another 
(e.g., collective dynamics), and distinctions between these levels can blur. 

4. Formalisation and operationalisation: Behavioural concepts are often translated into 
structured forms (e.g., taxonomies, ontologies, or computational models) to make them 
usable in AI systems. This enables scalability and consistency but can also lock in 
specific interpretations of behavioural concepts. Once formalised, these categories may 
become embedded in systems, even if they remain contested or context-dependent. 

5. Conceptual unification: There are repeated attempts to unify the field through 
overarching frameworks or shared definitions. While this can bring coherence and 
simplify communication, it can also create the illusion of agreement where underlying 
problem orientations differ. Conceptual unification may obscure the diversity it aims to 
address. 

These movements help explain why the literature can appear more coherent than it 
actually is. Shared language, shifting levels of analysis, and expanding scope create the 
impression that different contributions are addressing the same problem even when 
they’re not. Recognising these patterns doesn’t resolve differences between orientations, 
but it makes them easier to see. It also clarifies how the field evolves: not just through 
new findings, but through how problems are defined, extended, and connected. These 
patterns shape what questions are treated as central and how the field grows. 
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Closing thoughts 
Work at the intersection of behavioural science and AI often appears more unified than it 
is. Shared language and overlapping interests create the impression of a single, cohesive 
field, but in reality, the literature is organised around different problems, each with its own 
assumptions, methods, and criteria for success. 

This guide doesn’t attempt to resolve these differences. Instead, it makes them visible by 
mapping recurring problem orientations and showing how they relate. The value of this 
map is practical: it helps you locate a piece of work, understand what problem it’s 
addressing, and see what that focus highlights or overlooks. 

This doesn’t eliminate disagreement - it just changes how it appears. Work that seems to 
conflict may simply be organised around different problems, while work that appears 
aligned may be operating at cross purposes. Making these distinctions explicit allows 
each contribution to be understood on its own terms, rather than as part of a field that 
only appears coherent. 

The goal isn’t to fix the field’s structure but to make it easier to navigate as it continues to 
evolve. 
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First iteration of the mapping 
More details: https://artificialthought.substack.com/p/how-is-the-behavioural-science-and 
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