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Abstract. This paper presents the Supportive AI Framework, a conceptual frame-
work for the design of human-AI collaboration to augment human cognition. AI-
based decision support systems that are recommendation-driven (i.e. the AI 
makes a recommendation, and the human must decide whether to accept or reject 
it) often overstrain humans. The reason for this is the problem known as the ‘iro-
nies of automation’, which occurs when humans are expected to supervise a tech-
nology that exceeds human capabilities. In terms of recommendation-driven AI, 
this is an impossible task for humans, as they must decide on AI-generated rec-
ommendations that take into account far more data and factors than humans are 
able to consider. Against this background, the Supportive AI Framework aims to 
go beyond recommendation-driven AI towards AI that explicitly supports cogni-
tive processes of human decision-making, human learning, human trusting, and 
human motivation. This as a complement to providing comprehensibility through 
explainable AI and interpretable models. The Supportive AI Framework is the-
ory-based and includes theories from the areas of natural decision making, expe-
riential learning, intrinsic motivation, socio-technical system design and comple-
mentary function allocation. 

Keywords: Human-AI Collaboration, Augmented Cognition, Decision-Mak-
ing, Critical Infrastructure, Complementary Function Allocation. 

1 Introduction 

This is a conceptual, theory-based paper that introduces the Supportive AI Framework. 
The purpose of the framework is to conceptualize human-AI collaboration for true aug-
mented cognition in demanding decision-making scenarios. This is intended to com-
plement the usual approach to AI-supported decision-making, which is mostly recom-
mendation-driven, i.e. the AI provides recommendations with or without explanations, 
and the human must decide whether to accept or reject them. Recommendation-driven 
approaches are also mostly used for AI that is explicitly designed for human-AI team-
ing, as noted by Dubey et al. (2020). 

In contrast, the Supportive AI Framework does not aim to use AI for providing rec-
ommendations based on the AI's problem-solving capabilities. Rather, the function of 
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AI is to explicitly support the problem-solving capacities of humans by explicitly com-
plementing corresponding cognitive processes of humans. In relation to these cognitive 
processes, the Supportive AI Framework helps to identify opportunities for AI support. 

As work psychology is the basis of the framework, it therefore does not provide 
details for technical design of AI. However, it is integrated into an overall framework 
for AI development (Bessa et al., 2024) including technical aspects as it was partly 
developed in the project AI4REALNET, which aims to develop AI-based solutions for 
critical networks that are traditionally operated by humans, and where AI systems com-
plement and augment human abilities (cf. ai4realnet.eu). 

It is also not the aim of the Supportive AI Framework to provide operationalized 
criteria for the design of human-AI collaboration as other frameworks already do (e.g. 
Amershi et al, 2019). A very recent of these frameworks is from Kirwan (2025), which 
sets out detailed criteria for the design of human-AI teaming explicitly taking into ac-
count human factors in aviation, i.e. in safety-critical domains. However, he concludes 
that there is still an important research gap regarding “human-AI teamworking arrange-
ments” (p. 29). Adressing this gap is precisely the aim of the Supportive AI Framework 
presented in this paper, as it focuses on human cognitive processes in critical decisions 
in order to explicitly support them through AI. Thereby, our framework goes beyond 
human cognitive processes of decision-making in the narrower sense and includes the 
cognitive processes of human learning, human trusting and human motivation.  

The Supportive AI Framework was developed in applied research projects that focus 
on decision-making in knowledge-intensive tasks involving experienced human experts 
and where the stakes are high. It takes a complementary approach to human-machine 
function allocation and therefore aims to empower humans through AI rather than re-
place them. As a consequence, the framework is not suitable for projects aiming at full 
technical autonomy or support for non-experts, such as consumers. 

The next section justifies the need for the Supportive AI Framework. This is fol-
lowed by an overview of the framework and more detailed descriptions of the different 
types of AI support for cognitive processes of human decision-making, human learning, 
human trusting and human motivation. The paper concludes with a brief discussion. 

2 Why the Supportive AI Framework is required 

Bainbridge (1983) described a major challenge in human-machine interaction as “Iro-
nies of Automation“, referring to the fact that the design of technology often leads to 
an unrealistic task for humans. It is mainly the task of supervisory control (Sheridan, 
1987) that humans are not able to take. In this task, humans are expected to monitor 
and, if necessary, intervene in processes that are automated by a technology whose ca-
pabilities exceed those of humans. This exceedance mainly refers to the quickness of 
information processing and the amount of variables considered in computer controlled 
processes, which both overstrain human capabilities in real-time monitoring. Further-
more, humans lose skills due to the automation of processes, as they are no longer 
trained. These are skills that are essential for supervisory control to detect situations 
that require intervention and to choose the appropriate measures. However, because of 
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both, the exceedance of human information processing capabilities by computers as 
well as the deskilling due to automation, supervisory control assigns humans an impos-
sible task, which Bainbridge (1983) calls irony. 

While Bainbridge (1983) was referring to automation through programmed com-
puter control, Endsley (2023) builds on her work and discusses the “Ironies of AI”. 
According to her, models trained by machine learning not only pose similar problems 
to human-machine interaction, but create even further challenges, especially when used 
to support high stakes decision-making. Some of these challenges arise from the 
opaqueness and biases of machine-learned models and the possibility that they halluci-
nate. Furthermore, like any technology, decision support based on machine learning 
influences human behavior, and not necessarily for the better. Biases in human deci-
sion-making, for example, can be exacerbated by AI-generated decision recommenda-
tions (Endsley, 2023). This is because providing recommendations can trigger anchor-
ing and confirmation biases in human decision-making. 

Making AI comprehensible by the means of interpretability and explainability is the 
main approach to mitigating the challenges described so far (Schmid, 2024). While the 
former refers to the models trained by machine learning, the latter refers to the recom-
mendations generated by these models. However, in their literature review Buçinca et 
al. (2021; 2024) found that humans frequently over-rely on AI and that approaches to 
make AI comprehensible do not substantially reduce this overreliance. Their reasoning 
is, that contrary to the expectations of AI developers, humans do not tend to engage 
analytically with the means that are supposed to make AI comprehensible. Rather, hu-
mans switch to what Kahneman (2011) describes as “System 1 Thinking” when using 
AI, i.e. fast and unconscious thinking based on heuristics rather than conscious analysis. 
When humans do not engage with AI-generated functions and do not question them, 
performance decreases, as Dell’Acqua et al. (2023) found in their studies. They there-
fore raise the question of whether AI is suitable for high-stakes decision-making at all. 

To overcome the shortcomings as described above, functions of cognitive forcing 
are implemented. These functions aim at forcing humans to analytically engage with 
recommendations generated by AI and hence to switch to “System 2 Thinking“ (Kahne-
man, 2011) when using AI, i.e. slow, logical and conscious thinking. The functions of 
cognitive forcing ensure that the human remains in the loop, for example by prompting 
them to make a decision before receiving a recommendation generated by the AI, or by 
delaying the presentation of a recommendation generated by the AI. Buçinca et al. 
(2021) found in their study that cognitive forcing significantly reduces overreliance on 
AI. However, overreliance did not disappear completely. Despite cognitive forcing, the 
test persons tended to accept incorrect AI recommendations, even if they would have 
made a better decision without AI. Furthermore, the test persons who over-relied less 
on AI due to cognitive forcing also liked their tasks less. These results indicate that the 
improvement through cognitive forcing is accompanied by a poorer user experience. 

Buçinca et al. (2021; 2024) as well as Dell'Acqua et al. (2023) conclude that AI-
based decision support must go beyond leaving it to humans to accept or reject recom-
mendations generated by AI. Rather, the design of human-AI collaboration must con-
sider the specific knowledge flow required to accomplish a task (Dell'Acqua et al., 
2023), and thus not only support the knowledge and mental models of human decision 
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makers, but even aim to improve the corresponding human decision-making capabili-
ties (Buçinca et al., 2024). This is in line with Endsley's (2023) recommendation that 
the “ironies of AI” are partly mitigated when AI supports human cognitive decision-
making processes rather than just providing decision recommendations. 

With his concept of evaluative AI, Miller (2023) takes this claim. Evaluative AI goes 
beyond cognitive forcing and hence beyond human-in-the-loop towards machine-in-
the-loop. Thereby, control over the decision-making process remains with the human, 
who first formulates a hypothesis, while the AI then provides data-based evidence for 
and against it. Miller (2023) argues that this approach explicitly supports important 
steps in human decision-making, such as identifying options and possible outcomes, 
assessing outcomes, and evaluating trade-offs. This may be considered a paradigm 
shift, as evaluative AI does not make (comprehensible) recommendations based on its 
own computational process but rather provides evidence to support the humans in de-
veloping their own arguments and making up their own mind. 

With our framework for collaboration between humans and AI we extend Miller’s 
(2023) focus on decision-making to include cognitive processes of continuous learning, 
trusting and intrinsic motivation. Thereby, we aim at conceptualizing for an intensified 
human-AI collaboration (Waefler, 2021), in which AI explicitly supports these human 
cognitive processes. Our approach is in the tradition of the complementary design of 
human-machine systems (Jordan, 1963), which regards humans and machines as com-
plementary, i.e. as qualitatively different, each with different strengths and weaknesses. 
Accordingly, complementary system design aims at a function allocation that enables 
both mutual support of strengths and mutual compensation of weaknesses (e.g. Grote 
et al, 1996; Waefler et al, 2003). 

3 The Supportive-AI Framework 

Fig. 1 shows an overview of the Supportive-AI Framework. The main purpose of the 
framework is to conceptualize the collaboration between humans and AI in such a way 
that opportunities for AI to support human cognitive processes can be identified. Con-
sequently, the framework maps these cognitive processes and the various possibilities 
of AI support in detail, while the inner workings of AI are not the subject of the frame-
work. Generally, the framework contains four interconnected elements:  

• Human agent including cognitive processes of decision-making, continuous learn-
ing, trusting and intrinsic motivation. 

• Environment representing the subject matter of the decision-making process. 
• Human-machine interface (HMI) through which the AI agent supports the human 

cognitive processes. 
• The AI agent, which is not further differentiated. 

Although in human-AI collaboration humans and AI normally interact, the arrows 
from the AI agent via the HMI to the human agent are unidirectional, as they represent 
the support of human cognitive processes by the AI. Similarly, the arrows originating 
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from the environment are unidirectional as well, as they represent the flow of infor-
mation from the environment to the human agent and the AI agent, even though the 
agents normally interact with the environment. 

 

 
Fig. 1. shows the Supportive AI Framework with its elements Human Agent, Environment, Hu-
man-Machine Interface (HMI), and AI Agent. Deciding as a human cognitive process is in the 
core of the Human Agent. It is embedded in the human cognitive processes Situation Awareness 
and Monitoring as well as in four different areas of the Human Agent’s knowledge required for 
decision-making, which are represented as mental models (i.e. Environment Model, Human-Hu-
man Model, Self Model, and AI Model). In addition, Continuous Learning as well as Motivation 
are also part of the Human Agent’s cognitive processes.  

Following, the Supportive AI Framework is described in more detail. 

3.1 Different ways of AI support 

The Supportive AI Framework emphasizes that AI can support human cognitive pro-
cesses in different ways. Schmid (2024) provides an overview of the various options 
for providing transparency and comprehensibility. Although these possibilities of ex-
plainability and interpretability make the development and arguments for an AI-
generated recommendation transparent, they do not explicitly support the human’s own 
cognitive processes of decision-making. Therefore, the Supportive AI Framework adds 
three further possibilities of AI support to transparency: exploration, animation and 
mirroring. However, this list is not exhaustive, as further possibilities for AI support 
may be identified. Below, the different ways of AI support incorporated in the Support-
ive AI Framework are described. 
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Transparency ensures that AI is comprehensible for the humans through explainability 
and interpretability. 

Exploration enables humans to explore the subject matter of their cognitive processes, 
e.g. the environment or the AI. Its purpose is to increase the humans’ knowledge and it 
can be supported in different ways. Miller’s (2023) concept of evaluative AI is a way 
of AI support for exploring the subject of a decision as it provides humans with evi-
dence for and against their own hypothesis. This explicitly supports explorative human 
learning. Other forms of exploration may include AI-supported simulation of decision 
options so that humans can examine their different impacts and their trade-offs. Fur-
thermore, the possibility to explore the AI itself is very important as knowledge about 
its capabilities and limitations is a prerequisite for developing adequate trust into the 
AI (e.g. Hoffmann et al., 2018). 

Animation has the purpose to trigger cognitive processes and hence animates humans 
to think. This can take the form of an AI that alerts humans to unusual behavioral pat-
terns in the environment that might be worth taking a closer look at. The AI might also 
observe the humans’ behavior and ask questions about it. This might be especially help-
ful for experts as they tend to take decisions often intuitively without conscious control 
(Klein, 1998, 2008). Becoming aware of your own intuitive decisions and reflecting on 
them can support the learning process, e.g. by recognizing false assumptions.  

Mirroring is related to animation, but focuses the humans’ self-reflection. Human be-
havior in general, and also at work, is highly variable (e.g. Hollnagel, 2009). An AI can 
observe this variability and mirror it to the human. This allows the human to recognize 
their personal decision-making style, which may involve more risk at the end of the 
working day than at the beginning. In this way, mirroring can help humans to learn 
about themselves. 

 
These are just a few ideas of how supportive AI might explicitly support human cogni-
tive processes. However, corresponding AI functionalities still need to be developed. 
For animation and mirroring, for example, it would be helpful to have an AI that is 
inquisitive (cf. Wahde & Virgolin, 2022), and thus actively seeks out new insights.  

3.2 AI to support decision-making 

Since supportive AI aims at supporting human cognitive processes of decision-making, 
the framework considers the decision as the core element of the human agent (see Fig. 
1). To understand the cognitive processes involved in human decision-making, we pro-
pose to adopt the concept of “Natural Decision Making” (NDM) (Klein, 1999; 2008), 
as it explains expert decision-making in real-life situations where the stakes are poten-
tially high. However, the Supportive AI Framework does not limit the decision-making 
theories to be considered.  
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NDM is based on studies of experienced professionals who have to make quick de-
cisions in potentially risky situations (e.g. firefighters). These studies provide several 
important insights into how experts make decisions under time pressure. They are not 
looking for the optimal but for a satisficing decision. Neither are they evaluating dif-
ferent options for decisions. Rather, based on their experience they know relevant cues, 
expect certain developments, recognize anomalies, know plausible objectives as well 
as typical actions required to pursue these objectives. The corresponding cognitive pro-
cesses are not necessarily conscious, but often unconscious. Their basis is the human 
ability to recognize patterns in complex situations. This requires a great deal of experi-
ence with these situations that makes up the human experts’ tacit knowledge. The 
quickness and accuracy of NDM are its advantage as compared with analytical proce-
dures. However, the experts' tacit knowledge also includes all their erroneous assump-
tions and biases. AI that helps human experts to uncover such deficiencies in their own 
decision-making is supportive.  

With the concept of macrocognition Klein and colleagues (Klein et al., 2003; Klein, 
2018) further differentiated the cognitive processes and functions involved in decision-
making. These basic processes include developing mental models, mentally simulating 
and storybuilding, managing uncertainty and risk, identifying leverage points, manag-
ing attention as well as maintaining common ground. Based on these fundamental cog-
nitive processes are the macrocognitive functions, which include sensemaking, (re-
)planning, adapting, detecting problems, coordinating as well as deciding. 

For the graphical representation of the supporting AI framework (see Fig. 1), we 
have somewhat simplified the human cognitive processes involved in decision-making 
by focusing on monitoring, building situation awareness and the actual deciding. While 
monitoring involves the observation of the current situation, situation awareness com-
prises the three levels described by Endsely (1995) (i.e. Level 1: Perception of elements 
in current situation; Level 2: Comprehension of current situation; Level 3: Projection 
of the future state). Finally, deciding is the selection of a concrete decision. Of course, 
this simplified representation includes both NDM and the macrocognitive processes 
and functions in their entirety, as described above. 

In the following, examples are described of how AI can support human cognitive 
decision-making processes.  

• Exploration to support situation awareness: AI can support the building of level 3 
situation awareness by allowing the human to explore and test their assumptions 
about possible future states of the current situation.  

• Exploration to support deciding: AI can support the actual deciding by giving the 
human the possibility to explore the implications and trade-offs of using different 
leverage points to influence the environment.  

• Animation to support monitoring: AI can support monitoring by alerting the human 
decision-maker to situational developments that show unusual patterns.  

These examples have in common that AI does more than just make recommenda-
tions to humans. Rather, AI supports humans in various cognitive decision-making pro-
cesses. Identifying corresponding possibilities is the actual purpose of the supporting 
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AI framework. However, developing concrete options for AI support in a project re-
quires in-depth cognitive task analysis (e.g. Hollnagel, 2003). 

3.3 AI to support learning and knowledge building 

In the Supportive AI Framework monitoring and situation awareness provide the im-
mediate input for decision-making. Both refer to up-to-date information on the current 
state of the environment or how it is required in the timeframe of the decision. Infor-
mation is therefore volatile and must be constantly updated. The human agent’s 
knowledge on the other hand, as conceptualized in the Supportive AI Framework, is 
more enduring. It incorporates for instance insights about the environment’s specific 
characteristics, about its elements and their systemic interconnections, about its rele-
vant behavioral patterns, and the like. With such content, knowledge is a basis for mon-
itoring, as it tells for instance which indicators need to be monitored and which are not 
important, as well as for situation awareness, as it provides ground for perceiving, in-
terpreting and projecting.  

Like the cognitive processes of decision-making, knowledge is a complex construct. 
However, it is not the intention of this paper to discuss it in detail. For the purpose of 
the supporting AI framework, only basic aspects of knowledge and relevant content 
areas are outlined here. 

With the realization that we all know more than we can say, Polanyi (1962) in his 
fundamental work made the distinction between explicit and tacit knowledge. While 
humans can communicate their explicit knowledge, this is not possible with tacit 
knowledge. The latter remains, at least to a large extent, implicit. It is estimated that 
most of an organization’s knowledge is tacit (e.g. embrained or embodied in individu-
als) and only a minor part is explicit (Faust, 2007). Consequently, NDM assumes that 
human experts base a substantial part of their decisions on tacit knowledge (Klein, 
1998; 2008). The distinction of explicit and tacit knowledge is important for the Sup-
portive AI Framework not only because tacit knowledge is a major source for human 
experts’ decision-making. It is also important because tacit knowledge is not primarily 
learned through knowledge transfer, but rather by gaining experience through training, 
practicing, observing and trying things out. Therefore, AI that supports learning pro-
cesses must go beyond providing explanations and give humans the opportunity to ex-
plore and gain experience so that they can expand their tacit knowledge.  

Moreover, in the real world of work, where people work in different forms of labor 
division, relevant knowledge is distributed among many humans rather than owned by 
individuals. The literature therefore distinguishes between individuals and collectives 
(or social systems) as entities bearing knowledge (e.g Lam, 2000). Collectives can be 
formal teams or other forms of organizational units, but they can also be anonymous 
socio-technical systems (Waefler & Rack, 2021) in which the work of individuals is 
interconnected without those affected being aware of it. With growing networking as a 
result of increasing digitalization, there will certainly be even more of these hidden 
connections and dependencies in the future. There is therefore great potential for sup-
portive AI to provide humans with more transparency about hidden connections and to 
enable the exchange of knowledge.  
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Against this background, the Supportive AI Framework distinguishes four domains 
of human knowledge content, which are depicted as models in the graphical represen-
tation of the framework (see Fig. 1), and which are described below. 

The environment model contains knowledge regarding the subject-matter of decision-
making. This includes knowledge about its characteristics, its behavioral patterns, its 
elements and their interconnections as well as its typical problem areas with the corre-
sponding leverage points, and the like. More generally spoken, it includes system 
knowledge and control knowledge (e.g. Kluwe, 2006) regarding the relevant environ-
ment or the subject of decision-making.  

The human-human model contains knowledge about interrelations of one’s own work 
with the work of others. It takes especially into account, that knowledge about the en-
vironment is distributed and that decisions taken by an individual are normally interre-
lated with decisions of other individuals. The former offers the opportunity to learn 
from the experiences of others. The latter on the other hand entails the risk that deci-
sions taken individually are sensible from a local perspective, but suboptimal from a 
global perspective, according to the motto “my solution, your problem”. We assume 
that an increased awareness of these interrelations can support better tuned decision-
making. This is in line with Hutchins’ (1995) as well as Stanton’s et al. (2006) funda-
mental work on distributed cognition.  

The AI model (trusting) contains knowledge about the AI as a tool. This knowledge 
is not about the algorithms and the inner workings of the AI, but rather about its capa-
bilities and limitations as a basis for obtaining an accurate mental model of the AI 
(Bansal et al., 2019; Endsley, 2023). Corresponding awareness is prerequisite for de-
veloping adequate trust into a specific AI and hence for relying on it when appropriate 
while not relying on it when inappropriate (e.g. Hoffmann et al., 2018).  

The self model contains the human decision-makers’ knowledge about themselves, 
their own strengths and weaknesses, decision biases, behavioral patterns (e.g. the ten-
dency to make riskier decisions at the end of a work shift), and the like. Hence the self 
model contains what humans learn about themselves to gain a more comprehensive 
understanding of their behavior (Jelodari et al., 2023; Pronin, 2007). Therefore, the self 
model is prerequisite for self reflection and metacognition and hence supports continu-
ous improvement. 
 
AI is supportive regarding these domains of knowledge if it empowers corresponding 
human cognitive processes of learning. Learning is a complex process. It influences the 
learners’ perceptions of the world and their interactions with it. Learning bases on an 
ongoing, interactive relationship between the learners’ characteristics and the learning 
content, all situated within the specific environment (Alexander et al., 2009).  
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One suitable conceptualization of these processes is provided by Kolb’s (1984) “Ex-
periential Learning Theory”. However, as with decision-making (see above), the sup-
porting AI framework does not limit the learning theories that can be considered. Kolb 
(1984) suggests a cyclic process of experiential learning, consisting of the four phases 
(i) concrete experience, (ii) reflective observation, (iii) abstract conceptualization, and 
(iv) active experimentation: 

• Concrete experience: This initial phase involves making new experiences within the 
relevant domain of knowledge or transcending existing ones. 

• Reflective observation: In the second phase, humans reflect on their experiences and 
consider what was successful or where there is room for improvement. This is pre-
requisite for the internalization of learning outcomes. 

• Abstract conceptualization: In the third phase, humans conceptualize their thoughts, 
adapt existing ideas or develop new ones. In this phase, the abstract understanding 
materializes and enables the construction of new mental models or conceptual frame-
works. 

• Active experimentation: Finally, in the fourth phase, before iterating into the next 
learning cycle, humans test the cognitive representations acquired in the previous 
phases to observe the outcomes. Feedback from practice, based on active experimen-
tation, is crucial for refining the knowledge acquired. 

Kolb (1984) emphasizes the role of experience in human learning, and although it is 
related to conscious reflection, it applies not only to the learning of explicit knowledge, 
but also to tacit knowledge. This is because, for example, humans may consciously 
know and hence develop explicit strategies that are suitable for coping with certain 
situations based on their experience, although they are not able to justify this explicitly 
because the corresponding background knowledge is tacit. 

The following examples concretizes how AI can support human learning:  

• Exploration to learn about the environment: AI can support the human in refining 
their personal model of the environment by providing them the opportunity to make 
(simulation-based) new experiences and to reflect on them.  

• Animation to refine tacit knowledge about leverage points: AI can support identify-
ing biases in tacit knowledge by alerting human experts to actions they perform in-
tuitively, asking them about the assumptions behind these actions, and helping them 
to reflect on these assumptions.  

• Animation to support human-human knowledge sharing: AI can support learning 
about the environment by providing humans with experiences (e.g. ratings, likes) of 
other human experts with strategies for coping with a particular problem in the en-
vironment. 

• Mirroring to improve the self model: AI can support self-reflection by mirroring to 
the humans their personal style of decision-making. 

These examples are intended to illustrate how the Supportive AI Framework can 
help to identify multiple ways in which AI can support processes for both explicit and 
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tacit knowledge learning in the different knowledge areas. Of course, a much more in-
depth analysis and ideation process is required for corresponding projects. 

3.4 AI to support building adequate trust 

As briefly mentioned in the section above, the Supportive AI Framework considers trust 
to be related with the human’s knowledge about the AI, i.e. with their mental AI model 
(see Fig. 1). In line with the perspective of work psychology on human-machine col-
laboration, trust is seen as a dynamic process that is influenced by various aspects 
(Kaplan et al., 2023), including personal experience with a particular AI (Hoffman et 
al., 2018). While trust can be built on trustworthiness, it does not derive directly from 
trustworthiness (Hoffman, 2017), which is more of an attribute of a particular AI. Ra-
ther than being an AI’s attribute, trust is the degree of confidence a particular human 
has in the automated system’s ability to perform accurately in various contexts (Cahour 
& Forzy, 2009). With increasing experience with a certain AI, a human learns to trust 
or distrust the AI for certain tasks in certain contexts. Trust therefore does not develop 
by gradually rising to a more advanced state. Rather, it morphs between over-trust and 
under-trust in response to concrete experiences and ideally towards appropriate trust. 
When an appropriate trust is established, humans know when to confidently rely on the 
AI and when not to rely on it (Hoffman et al., 2018). In the context of the Supportive 
AI Framework, this knowledge is part of the human’s AI model.  

There is a huge body of literature on effects of inappropriate trust into automation 
(for an overview see e.g. Parasuraman & Manzey, 2010). Over-trust on the one hand 
can result in automation complacency, where humans accept information from the sys-
tem without checking it or searching for additional information. Consequently, AI er-
rors are not recognized, which leads to errors of commission (where the human blindly 
follows a recommendation provided by the automation) and errors of omission (where 
the human does not react in a critical situation because the automation does not prompt 
them to do so). On the other hand, under-trust can lead to humans not using the AI - or 
not using it as intended by the developers - and thus not having the opportunity to de-
velop appropriate trust based on experience.  

The complex processes in which trust continuously emerges from experience and 
thus from the specific way in which a technology is used make it clear that successful 
human-AI teaming requires a differentiated view of the many dimensions of human-AI 
interaction. This goes far beyond designing the technology. With the supporting AI 
framework, we want to contribute to this differentiated view. 

3.5. AI to support intrinsic motivation 

Motivation is considered in the Supportive AI Framework due to two main reasons. On 
the one hand, there is a tendency for algorithm aversion (Schaap et al., 2023). On the 
other hand, as already mentioned, even when using an AI, humans tend not to engage 
analytically with the explanations provided by the AI, but to over-rely on it (Buçinca et 
al., 2021). Both phenomena make it clear how important motivation is. However, mo-
tivation as well is a complex construct with multiple influencing factors (cf. e.g. Ulich, 
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2011). Many of these, such as personality or extrinsic motivators, are not influenced by 
the AI design. Nevertheless, AI has an impact on the human’s task and therefore on 
their intrinsic motivation (Parker & Grote, 2022). In the tradition of socio-technical 
system design (e.g. Clegg, 2000), the term “task orientation” has been important for 
many decades. It describes a mental state of interest and commitment to the task, which 
is caused by certain characteristics of the task (Emery, 1959). According to Hackman 
and Oldham (1976) these task characteristics must support the following three critical 
mental states as a prerequisite for intrinsic motivation, which can be considered similar 
to task orientation:  

• Experienced meaningfulness: Work needs to be experienced as intrinsically mean-
ingful by the worker, i.e. workers need to directly see why they do what they do. 
Task characteristics that provide to experienced meaningfulness are (i) skill variety 
(tasks that require several different skills rather than simple routine), (ii) task identity 
(tasks that produces an outcome recognizable for the worker, rather than tasks with-
out visible link to the product), and (iii) task significance (tasks that matter).  

• Experienced responsibility: Workers need to feel responsible for the outcome of their 
work. The task characteristic that evokes this feeling is autonomy. If the work pro-
cesses are fully controlled externally without the workers being able to influence 
them, they do not feel responsible for the outcome (even if they are held accountable 
for it by job descriptions or managers).  

• Knowledge of the work results: Feedback is the task characteristic that provides this 
knowledge. For this reason, pedometers for instance motivate people to exercise. 
Without knowing what they achieved or what they could change to improve their 
performance, workers cannot be motivated. 

These findings of Hackman and Oldham (1976) make it obvious that the integration 
of an AI into work processes can significantly influence the task characteristics for hu-
mans and thus their intrinsic motivation both for good work and for using the AI. Re-
garding the latter, it can be considered a prerequisite for the developers' intended use 
of AI that the human user understands the reasons for the AI's behavior and has some 
control over it. However, the Supportive AI Framework does not limit theories of in-
trinsic motivation to be taken into account when designing human-AI interaction. 
Buçinca et al. (2024) for instance suggest to consider the Self-Determination Theory 
(SDT), which postulates that the three psychological needs of competence, autonomy 
and relatedness must be met to promote intrinsic motivation.  

The following examples describe, how AI can support intrinsic motivation according 
to Hackman and Oldham (1976):  

• Transparency to support experienced meaningfulness: AI can support experienced 
meaningfulness if it makes its behavior comprehensible.  

• Exploration to support experienced meaningfulness: AI can also support experienced 
meaningfulness if it supports the human to explore causal relations in the environ-
ment. This enables humans to understand the why of phenomena they observe in 
their environment. 
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• Exploration for experienced responsibility: AI can support human autonomy and 
hence experienced responsibility if it allows humans to explore their hunches about 
weak signals that could indicate emerging problems in the environment. This in-
creases the humans’ scope of action. 

• Transparency for knowledge of the work results: AI can support the feedback and 
thus the knowledge of the work results if it makes the effects of a decision on the 
environment transparent in comparison to the effects of other options.  

As these examples show, there are many ways in which AI can support intrinsic 
motivation both for supporting task orientation and thus the human endeavor to do a 
good job, as well as for the use of AI. 

4 Discussion 

A large proportion of AI-supported decision-making aids focus on the objective of the 
decision and aim to make recommendations to humans. As the AI capabilities of data 
processing far exceed the corresponding human capabilities, it often becomes difficult 
or even impossible for humans to take the final decision and responsibility for these 
recommendations. The Supportive AI Framework presented in this paper addresses this 
problem by shifting the focus of decision support to the human cognitive processes of 
decision-making. In this way AI is supporting processes of human decision-making 
rather than recommending decisions. This alternative approach is intended to comple-
ment recommendation-based approaches.  

Against this background, the aim of the Supportive AI Framework is to enable the 
identification of various possibilities for supporting human decision-making processes 
through AI as a basis to derive requirements for AI design. To this end, the framework 
proposes to take into account a variety of human cognitive processes involved in deci-
sion-making. In addition to the actual deciding, these human cognitive processes in-
clude monitoring and building situation awareness, but also learning in different 
knowledge domains such as the environment, the contexts of distributed decision mak-
ing, the person of the decision maker and the AI. The latter is also important so that 
humans can build appropriate trust in a particular AI, which requires experience-based 
knowledge of the AI's capabilities and limitations. Furthermore, human cognitive pro-
cesses of intrinsic motivation are included in the framework regarding both, the use of 
the AI and hence to avoid algorithm aversion as well as task orientation. All these hu-
man cognitive processes may be supported by AI not only through transparency (i.e. 
interpretability and explainability), but also through exploration, animation, and mir-
roring.  

The Supportive AI Framework is conceptual and theory-based. Its application to AI 
research or development projects requires an in-depth analysis of the relevant tasks and 
the content of the associated cognitive processes. Further research is needed to develop 
corresponding methods and suitable AI solutions. 
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