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Abstract

This paper explores how Levels of Automation (LoA) in Al-assisted decision-making (AIDM) affect cognitive
engagement. We argue that the human decision-making process is often unintentionally automated rather than
supported in AIDM, and that this has consequences for cognitive engagement. When automation replaces rather
than augments human analysis, the role of the decision-maker risks shifting to that of a passive supervisor,
potentially reducing reflection, learning, and critical scrutiny. Inspired by the LoA framework, we discuss how
different system designs influence the distribution of cognitive work between humans and machines across some
decision-making stages. We highlight how some forms of automation may invite disengagement, while others
preserve or even foster cognitive engagement. Our goal is to promote a more intentional design of AIDM tools;
tools that not only deliver outcomes, but also sustain meaningful human engagement.
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1. Introduction

Artificial intelligence (AI) systems are increasingly used in decision-making across domains. While these
systems often enhance efficiency, they risk reducing cognitive engagement by automating aspects of the
decision-making process. The Al community initially believed explanations would help decision-makers
rely appropriately on Al leading to human-AI complementary performance [1, 2], but empirical results
have been mixed and context-dependent [2, 3, 4, 5, 6, 7, 8].

We argue that the design of Al-assisted decision-making (AIDM) tools influences whether they support
or automate aspects of the human decision-making process. Automating entails “replacing” humans to
some degree, whereas supporting entails enhancing them. This distinction matters because automation
changes the human’s role [9, 10] and can reduce cognitive engagement [11]. Cognitive engagement
is important when we want humans to analyze information actively rather than passively [5, 6]. For
instance, for learning, reasoning, or critical scrutiny. This paper adopts the Levels of Automation
(LoA) framework to explore how different AIDM pipelines influence the human role and cognitive
engagement.

This paper aims to elucidate how the implementation of AIDM tools shapes the human decision-
maker’s role and cognitive engagement. In particular, we discuss how automation at different stages
of the decision-making process, such as analysis or decision selection, can either diminish or support
user involvement. We also connect our discussion to the emerging concept of frictional AI [12], which
challenges the assumption that efficiency and seamlessness are always desirable. Instead, this perspective
explores how deliberate forms of friction, such as prompting reflection or lowering automation, can
help preserve or restore cognitive engagement in AIDM. We return to this in Section 3.
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Figure 1: Upper: A fully human decision-making process supported without automation. Lower: The flow of a
reflection machine [13], where Socratic questions are generated based on data insights and the decision-maker’s
analysis with the aim of prompting reflection.

2. Levels of Automation in AIDM

We employ the Levels of Automation (LoA) framework to describe varying degrees of automation of
the human decision-making process. LoA places processes on a spectrum ranging from manual to fully
automated [14, 15, 16, 17].

Decision-making involves multiple stages, including information acquisition, analysis, decision
selection, and action implementation. Each stage can have a different LoA [15]. For instance, information
gathering can be fully automated while analysis remains manual. This paper focuses on the analysis
and decision-selection stages. However, the LoA analysis could be extended to include all stages. The
following tiers (inspired by [15, 14]) are not meant as distinct levels, but as examples across a spectrum.

Fully Human (No/Low LoA): The human controls the decision-making process completely. Analog
strategies (e.g., checklists, guided reflection) can support decision-making without automation [18, 19]
(Fig.1, upper). Al can also support reasoning without providing analysis or recommendations. For
instance, the Reflection Machine [13] uses (Socratic) questions to encourage reflection, forcing users to
stay cognitively engaged throughout the decision-making process (Fig.1, lower).

Al for Insight (Moderate LoA): The decision-maker remains the primary driver in the decision-
making process, while Al can assist by automating aspects of the analysis or offering hypotheses. One
example of this is Evaluative AI[20, 21], where the system presents (automated) evidence for and against
different hypotheses during the analysis, without explicitly recommending anything. However, this
evidence is generated independently from the human analysis (Fig.2), i.e., the human decision-maker is



typically not a part of generating the evidence for and against hypotheses.

Human-Supervised Al (High LoA): The system’s analysis and decision selection is automated and
separate from the human’s, shifting the human to a supervisory role (Fig.3), which may lower cognitive
engagement [9, 11]. To re-engage decision-makers, strategies like requiring a judgment before showing
the AT output have been proposed [5]. However, even if decision-makers get re-engaged, they must still
make sense of the Al output post-hoc using backward reasoning [22, 23, 24]. Backward reasoning can
introduce bias in decision-making processes [24].

Fully Automated (Max LoA): The system operates independently, making decisions with minimal
human intervention (Fig.4). Human cognitive engagement is thus (intended to be) low or absent by
design. These systems remove the human decision-maker from the picture. Indeed, these systems
typically need to be overseen. But not at every distinct decision.
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Figure 2: The decision-making flow using the evaluative Al paradigm [20]. The Al-generated evidence is fed to
humans during the analysis. However, humans are not a part of this evidence generation.
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Figure 3: Upper: The decision-making process in most recommendation-driven systems. The decision-maker’s
starting point is the system output. Lower: A cognitive forcing attempt where the user is forced to make their
own prediction before seeing the Al output [5]. The analysis processes are separate, and the human is anchored
in their own prediction when making sense of the Al output.
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Figure 4: This figure illustrates a fully automated decision-making process without human involvement.

3. Cognitive Engagement and Frictional Interventions Across LoA

By exploring how frictional Al and LoA relate conceptually, we hope to help identify where and
when frictional interventions may be appropriate within the decision-making process. By mapping
specific stages, such as information analysis or decision selection, to varying degrees of automation, it
is potentially possible to identify opportunities for introducing friction in a more targeted way. For
instance, some frictional strategies may be particularly valuable in moderate-to-high LoA settings,
where the system mostly automates the analytical tasks and the user risks becoming disengaged. In
contrast, systems operating at low LoA may already sustain engagement, but can still benefit from
scaffolding mechanisms (e.g., [13, 25]). This mapping supports a nuanced understanding of cognitive
engagement as something that can be proactively designed for, not merely recovered after the fact,
depending on how automation is distributed across the decision-making pipeline.

Many AIDM systems follow a “recommend and defend” approach [20], where Al provides a recom-
mendation and an explanation. Studies show this approach can lead to over-reliance, where users are
convinced by the explanations [5, 6, 20, 26]. One critical issue is that recommendation-driven AIDM
often separates human analysis from Al analysis, forcing users to interpret system-generated recom-
mendations and explanations post-hoc (Fig. 3) [22, 23], potentially reducing decision-makers to passive
supervisors [20, 26, 13], with low engagement. To address this, several studies have proposed cognitive
forcing strategies [5, 6, 27, 23], such as requiring users to make an initial judgment before seeing the
AT’s recommendation, as a way to increase engagement and reduce anchoring effects. However, even
interventions like this must contend with the fact that the system’s analysis and output remain separate
from the user’s reasoning process (Fig. 3), requiring the decision-maker to make sense of the output
post-hoc [22, 23, 24].

Higher LoA makes it more difficult to maintain cognitive engagement [9, 11]. Thus, when the purpose
is to support rather than automate human decision-making, one could keep the LoA low and potentially
preserve user engagement more naturally. This way, intentionally lowering LoA at strategic places in
the decision-making process could be seen as introducing friction. Indeed, low LoA does not guarantee
an engaged decision-maker. However, decision-makers can still benefit from supportive scaffolding,
such as prompts for reflection, as exemplified in the Reflection Machine [13].

Taken together, cognitive engagement in AIDM systems is not only a matter of avoiding high
automation but of deliberately designing for the right kind of friction at the right point in the process.
Friction should not be seen as a usability flaw, but as a design resource [28], especially in systems
where automation risks cognitive disengagement. By deliberately introducing moments that slow down
interaction, lowering automation, prompting reflection, or challenging user assumptions, friction in
AIDM design can potentially support cognitive engagement across varying levels of automation. Rather
than opposing automation, friction and automation can be seen as co-determining forces that shape
cognitive engagement in AIDM.



4. Concluding Remarks

Designing AIDM systems requires careful consideration of whether their purpose is to automate or
support human decision-making. When the goal is to support human decision-making, designers should
be careful when introducing automation in ways that risk reducing cognitive engagement. Lower LoA
can help maintain cognitive engagement throughout the decision-making process by keeping users
actively involved in the decision-making process.

However, we do not argue that all AIDM tools should have low LoA. The appropriate LoA depends
on the context, stakes, and goals of the system. In low-stakes or time-critical environments, high
automation with minimal human involvement may be both acceptable and beneficial.

Still, this paper has argued that too often, the human decision-making process is unintentionally
automated when the intention is to support it. Design choices that shift analysis away from the user
can reduce opportunities for reflection and understanding. In particular, we emphasize that fostering
cognitive engagement may not only require reducing automation but also deliberately introducing
friction, moments that encourage users to slow down, reflect, or reassess, and lowering LoA could be a
part of that. Friction, in this sense, is not a flaw in the interface but a tool for keeping human decision-
makers cognitively engaged in increasingly automated systems. We hope to inspire researchers and
designers to reflect on how and where interventions can be introduced to sustain cognitive engagement
in AIDM.
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