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Abstract

It is often argued that effective human-centered explainable artifi-
cial intelligence (XAI) should resemble human reasoning. However,
empirical investigations of how concepts from cognitive science can
aid the design of XAI are lacking. Based on insights from cognitive
science, we propose a framework of explanatory modes to analyze
how people frame explanations, whether mechanistic, teleologi-
cal, or counterfactual. Using the complex safety-critical domain of
autonomous driving, we conduct an experiment consisting of two
studies on (i) how people explain the behavior of a vehicle in 14
unique scenarios (N7 = 54) and (ii) how they perceive these expla-
nations (N2 = 382), curating the novel Human Explanations for
Autonomous Driving Decisions (HEADD) dataset. Our main find-
ing is that participants deem teleological explanations significantly
better quality than counterfactual ones, with perceived teleology
being the best predictor of perceived quality. Based on our results,
we argue that explanatory modes are an important axis of analysis
when designing and evaluating XAI and highlight the need for a
principled and empirically grounded understanding of the cognitive
mechanisms of explanation. The HEADD dataset and our code are
available at: https://datashare.ed.ac.uk/handle/10283/8930.
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1 Introduction

The field of explainable AI (XAI) is attracting considerable and grow-
ing multi-disciplinary attention. Recent years have seen a shift from
viewing XAl as a sterile scalpel for dissecting AI models toward
using XAI to coordinate knowledge both between expert and non-
expert stakeholders and, in a more expansive near-future vision,
between natural and artificial agents [29, 72]. Cross-disciplinary
work in XAI draws on, among others, the social sciences [21, 67],
psychology [25, 88, 96], philosophy [98], and natural language pro-
cessing [31, 62, 83]. These collaborations fuel an increasing empha-
sis on human-centered XAI [22].

A central premise of human-centered XAI research is that the
design of XAI systems cannot exist in a vacuum but must involve
stakeholders from the start [17, 22]. This has already resulted in a
rich literature that analyzes and categorizes requirements and user
preferences [44, 52, 68, 71, 97]. A common observation throughout
these works is that ‘participants prefer explanations that resem-
ble human reasoning and explanations’ [44, p.9] and explanations
should ‘align with the cognitive decision-making process that peo-
ple use when making judgments’ [68, p.1].

This ‘cognitive approach’ to designing XAI systems has been
heavily popularized by Miller [67], such that significant efforts were
invested into creating algorithms that provide causal explanations
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(for a comprehensive survey, segd). Unfortunately, most of this Descriptive: Describes a situation by rephrasing what was ob-
work lacks a robust human-centered motivation for the particular  served, without reference to stable or abstract principles. For exam-
causal framework. This is apparent not only in the lack of user ple: the car stopped because it ground to a halt. This mode is not
evaluations used to validate explanation generation methot [ strictly an explanation at all but is included here because people
but also in the choice of quantitative metrics, which are ill-suited to  often o er as explanation what others would class as description,
assess whether people would give these explanations on their own. both in daily life and science [8, 15, 26, 66].
A major issue here is that work often focuses solely on explanation
delity (i.e., how faithful an explanation is to the algorithm) asan 1.2 Why and how we apply this framework
objective metric, even though di erent people may understand an
explanation di erently and value di erent causal content depending
on their context or background [22, 91].

Fidelity is a popular metric, as most algorithmic research in
XAl focuses on supervised machine learning (for a meta-survey, generate and interpret explanations in context.

see B(). In contrast, autonomous decision-making systems have = pagearch in cognitive science reveals that generating and inter-
received qonS|dera_ny less atte_ntlon, as thesg systems are usuallypreting causal explanations involves sophisticated computations
d_eployed in dynamically c_hanglng, oftgn partially ob_servable en- and inferences1Q 11, 45 54,70, 74. In particular, humans often
vironments, where behavior may be di cult to explain even for 5445t anintentional stanc§l16 when they explain the behavior
humans. Although explainable reinforcement learning has worked ot 5 complex system, ascribing goals, beliefs, and intentions to the
to_addres_s the algorithmic challenges of explanation generation in system, for example, “they went to the fridge because they wanted
this domain 63, the human-centered aspect has largely been unex- 4 heer [goal] and believed there was one in there [belief]. These
plored. As these systems often operate in social and safety-critical gyp|anations are inherently teleological; they explain an agent's
settings, understanding the cognitive processes of how humans g isjon in terms of the purpose of that decision. In contrast, XAl

explain autonomous behavior is essential for more e ective XAl gy stems usually generate mechanistic explanations that appeal to
design and accurate trust calibration 20, 61]. the mathematical, logical, or external processes and conditions in-
volved in making a decisiond4. An explanation of the inherent
purpose of the decision is often lacking.

Furthermore, to understand how people interpret causal expla-
) h ) . - nations, it is also important to assess whether people tend to give
is further complicated by the facts that di erent academic traditions mechanistic or teleological explanations, even when the agent is
have developed their own, sometimes con icting nomenclature of -, 5 nerson but a machine. We also need to understand whether
causal reasoning and that the same words can have confusingly eqne's preferences for teleological and mechanistic explanations

disparate folk meanings. To aid our discussion in this work and the - 6 5t odds with applications of di erent theories of causation. This
broader context of XAl, we have attempted to unify many complex o 6ved understanding would allow us to base the design of causal
strands under the following framework ofxplanatory modes.e., explanations on empirically validated principles.

types of explanatlon). ] However, research in cognitive science has traditionally been

Teleological: Makes reference to purpose, function, oranagent's  ,0re focused on tightly controlled environments, while XAl sys-
goals, intentions, or desires, for example, following the pattemn "X toms especially in the case of autonomous decision-making, need
happened in order to bring about y'. This mode is also called inten- 5 4ran e with the complexities of real-world deployment. There-
tional, purposive, or functional. We include purpose and function fore, rather than taking a simpli ed toy environment, we scope our
here because the “agent' may not be an explicit single agent but can experiments on decision-making for autonomous vehicles (AV), a
be implied or distributed, as in phrases like “tra c laws are there popular and complex application domain for XAdg. Against this

to coordinate driver behavior and prevent accidents". background, we aim to answer two research questions:
Mechanistic: This mode follows the pattern “x happened be- '

cause y happened' and implicitly or explicitly cites stable or abstract
principles of how things work, assuming the same thing would hap-
pen again if the same conditions pertained. For example: the car
stopped because it ran out of gas. This mode is also sometimes
calledcausal but, as that word in folk usage means any reason, and
so is the superclass of teleological and counterfactual, in this work
we usemechanisti@any time we mean to emphasize factors which To answer these questions, we discuss relevant research in cog-
precede an e ect. nitive science on causality, counterfactuals, and teleology as they
Counterfactual: An explanatory mode that references how relate to explanation and formulate hypotheses about the frame-
events could have turned out di erently from how they, in fact,  work of explanatory modes. To test these hypotheses, we designed
did. For example, following the pattern "if x had been di erent,y  an experiment consisting of two studies with human participants re-
would have happened'. In some literature, this mode is also called cruited through the online crowd-sourcing platform Proli ci; =
contrastivewe use contrastive in our experiment instructionsto 54 #2 = 382. In the rst study, participants were asked to watch
avoid jargon. short driving scenarios with multiple interacting vehicles and then

In this paper, we suggest that getting traction on how to give e ec-
tive explanations to people about autonomous systems will involve
a combination of integrating theoretical insights from cognitive
science and conducting targeted empirical studies of how people

1.1 Framework of explanatory modes
Understanding the algorithms or cognitive processes of explanation

RQ1: Which modes of explanation do people prefer to use and
receive when explaining behavior in the complex decision-
making domain of autonomous driving?

RQ2: How do people's preferences for explanatory modes change
when the explained agent is an autonomous machine versus
when it is a human?
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explain, in their own words, the behavior of a particular vehicle
along the di erent explanatory modes. In the second study, a di er-
ent set of participants evaluated these explanations along various
dimensions, such as perceived explanatory mode and perceived
complexity, quality, and trustworthiness. This setup has the ad-
vantage of (i) generating explanations with a diverse sample of
real people rather than writing them ourselves, (ii) having realistic
situations where the ground truth is still relatively accessible to the
explainer, and (iii) allowing us to explore various scenarios while
keeping constant the overall context.

We nd that the mode of explanation had a signi cant e ect
on the judgments of participants who preferred teleological and
mechanistic concepts to counterfactual explanations. They were
also just as likely to refer to the mental states of AVs as human
drivers. In addition, perceived teleology was the best predictor of
explanation quality and trustworthiness. Based on these results, our
primary recommendation to the eld of XAl is to consider di erent
explanatory modes as an important axis of analysis, especially
focusing on the role and e ect of teleology. In summary, our main
contributions are as follows:

Discussion of causality, counterfactuals, and teleology from
cognitive science as they relate to explanation, highlighting
the role of di erent explanatory modes (Section 2);
Curation of a noveldataset of human-generated and
evaluated explanations for autonomous driving, called
the Human Explanations for Autonomous Driving Decisions
(HEADD) datasét (Section 3);

A human participants experiment providing evidence that
teleology is preferred by people when explaining agents'
decision, regardless of whether the agent is perceived as
human or machine (Section 4);

Recommendations for the design and evaluation of

XAl in autonomous systems for better motivating and un-
derstanding the use of causality in human-centered XAl
systems (Section 5).

2 Foundations of Explanation

Causation is a cornerstone of e ective explanation, and thus XAl.
Several elds investigate the notion of cause, albeit slightly di er-
ently: the XAl literature focuses on a distinction between causal
explanations and counterfactuals, whereas the psychological litera-
ture has often made less of a di erence and instead used counter-
factuals as a means to study causal cognition, making an additional
distinction between teleological explanations (focused on goals,
intentions, or functions) versus causal-mechanistic ones [38, 57].

2.1 Causal and counterfactual explanations

Explanation has a close relationship with causali§y7 and, al-
though there are nuances in the details of how each is formal-
ized [32 34,50, it is broadly accepted that explaining a phenome-
non usually involves asserting (some of) its cause(s). In turn, causal-
ity has a close relationship with counterfactuald9 50, 78§. The
counterfactual theory of causation, prominent in philosophy and
psychology, holds that the meaning of "C caused E' is (roughly),

1The HEADD dataset and the code used for preprocessing and quantitative analyses
are all available with documentation at https://datashare.ed.ac.uk/handle/10283/8930.
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that if C had not happened (but other factors had still played out
the way they did) then E would not have happened [50, 73, 95].

Although causal explanations implicitly involve counterfactual
reasoning, it is nonetheless useful to distinguish a narrower mean-
ing of causal explanations from counterfactual explanations. Coun-
terfactual explanations explicitly highlight ways that things could
have turned out di erently (e.g., 'If | had done theny would have
happened'), whereas causal explanations as researchers often use
the term refer to a chain of events (e.gy, happened because
happened'). To avoid ambiguity, we here use the temmechanis-
tic for explanations that cite chains of events. Empirically, when
people give mechanistic explanations they tend to focus on direct
causes that co-vary with an outcome, for example, "a drunk driver
caused the crash7g. When constructing counterfactuals, they
tend to focus on controllable conditions that could have altered the
outcome, for example “the crash would not have happened if the
protagonist had driven home a di erent way' [63].

Recent research has studied whether counterfactual or mecha-
nistic explanations of an Al system are more e ective. Empirical
studies have found that users who are given a counterfactual expla-
nation of a decision made by an autonomous system report more
satisfaction with that explanation than users who are given a mech-
anistic explanation 12 92 93. Counterfactual explanations are
also more e ective at improving the user's ability to predict the
behavior of the system. For example, Celar and Byrh# Fhowed
participants the decisions made by an algorithm designed to de-
termine whether someone's blood alcohol content (BAC) is above
or below the legal limit for driving. The decisions were accompa-
nied by a counterfactual explanation ('if the person had drunk 3
units of alcohol, they would be below the limit'), a mechanistic
explanation ("drinking 5 units of alcohol caused the person to be
above the limit'), or no explanation. Participants rated counterfac-
tual explanations as more satisfying than mechanistic ones. This

nding is intriguing when considering computational models of
counterfactual reasoning which suggest people simulate several dif-
ferent counterfactual worlds as part of their process of generating
explanations [18, 59, 76, 78].

However, the research that suggests an advantage for counter-
factual explanations has focused on counterfactuals that typically
highlight one possible alternative state of the world and on expla-
nations generated by very simple algorithms. For example, deter-
mining whether someone is under the legal BAC limit can be done
by applying simple rules. The question arises as to whether this
advantage of counterfactuals generalizes to more complex settings.
In particular, if the system is su ciently complex, like a self-driving
car, people might take aimtentional stanceéoward that system,
conceiving of it as an agent.

2.2 Explanatory modes

The human mind entertains di erent types of causal explanatio@s [

10 28 3§. Often, the same event can be expressed in di erent
modes, particularly either in mechanistic terms (‘the door opened
because she kicked it') or in terms of the person's goals and desires
("she opened the door to let her friends in'). Explainable Al most
often takes the former mechanistic stance, as the design of XAl
methods is usually targeted at tracing the causal chain from input
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to output in terms of mathematical manipulations and algorithmic
mechanisms. In contrast, the latter example corresponds to taking
anintentional stanceavhereby we can conveniently characterize and
therefore predict an agent's behavior by attributing to them mental
states such as beliefs, desires, and intentiakd.[The intentional
stance reliably emerges very early in developmeB¥][ and its
computational underpinnings are beginning to be mapped out by
cognitive scientists [4, 58, 77].

Explanations that use the intentional stance are teleological: they
explain something in terms of the purpose it serves. For example,
saying that Mary opened the fridgim order toget some milk is a
teleological explanation as it explains Mary's action in terms of its
purpose. Teleological explanations are intuitive to the human mind,
even outside the domain of psychological reasoning. They are read-
ily produced and endorsed by childred], 55. Adults sometimes
endorse teleological explanations even for inanimate processes, for
example, when under time pressurdg 43. Teleological expla-
nations are generally useful because they identify causes that are
robustto changes in background circumstances: for example, my
intention to drive home would have caused me to get home even
if my usual route was closed, because | would then have taken a
di erent route [16 54, 56, 57]. That is, under this conception the
causes of an intentional system's behavior are its goals.

Evidence suggests that people can adopt the intentional stance
toward arti cial systems [L4 74. Whenever this is the case, tele-
ological explanations of autonomous system decisions might be
particularly e ective, because they are consistent with the way the
user intuitively represents the systeni() 104. In our study, we
test whether this is the case for autonomous driving which involves
explaining the coupled decision-making of multiple agents with a
mixture of both human and arti cial agents. Will people prefer ex-
planations of a self-driving car that are framed in teleological terms,
or will they prefer more classic causal explanations (mechanistic
or counterfactual)? In the next section, we explain the relevance of
teleology to the appropriateness of counterfactual explanations.

2.3 Teleology and counterfactuals

There is an interesting potential tension between counterfactual
explanations and teleology. One recipe for generating counterfac-
tual explanations is to take inspiration from the counterfactual
theory of causation and produce a counterfactual of the form "if C
had not happened, then E would not have happened' where C is

Gyevnar, et al.

Teleological explanations are still implicitly causal: the car stopped
because it computed that not stopping would have worse conse-
quences than stopping. Nonetheless, the complexity of teleological
explanations might mean that they will be di cult to express in
terms of more standard counterfactuals.

These considerations suggest the following prediction: if partici-
pants intuitively conceive of self-driving cars as agents, and apply
the intentional stance toward them, they might not be satis ed by
counterfactual explanations of their behavior, especially if these
counterfactuals are of the form "ifC then: E'.

2.4 The present study and hypotheses

We curate a dataset, called Human Explanations for Autonomous
Driving Decisions (HEADD), of human-generated explanations of
the decisions of AVs as well as evaluations of these explanations
by a di erent set of participants. We anticipate that this dataset
can shed light on a variety of questions regarding both explana-
tion generation and interpretation. Below, we focus on our main
predictions as they relate to the issues we reviewed in this section.
Our key experimental manipulation was thexplanatory mode
prompt the explanatory mode that participants were asked to use.
Our Counterfactual 2 explanatory mode prompt requested partici-
pants to “describe changes to the scenario so that the blue vehicle
takes di erent actions'. That is, it requested a counterfactual of the
type “if: C then: E', which is di cult to interpret in teleological
terms. OurMechanistic explanatory mode prompt asked partici-
pants to “explain how the blue car was in uenced in the scenario
to take these actions'. This request elicits a causal explanation and
does not speci cally target teleological features of the situation
(although it does not preclude them). Finally, otlieleological ex-
planatory mode prompt requested participants to “explain why the
blue car took these actions over di erent actions to reach its goal’,
foregrounding the agent's intentions, and emphasizing that the
relevant counterfactuals are ones where the agent acts di erently.
Suppose there is a robust preference for counterfactual explana-
tion for arti cial systems. In that case, we expect that explanations
generated in response to the Counterfactual prompt should be rated
as better than explanations generated in response to the other two
prompts (replicating the results in12, 92). In contrast, if the be-
havior of a complex agent (such as a self-driving car) activates an
intentional stance, then the explanations generated in response
to the Teleological (and possibly Mechanistic) prompt should be
rated as better than the Counterfactual explanations. Additionally,

the cause of outcome E. Consider, for _example, a sc_enario where ajf participants adopt an intentional stance, we predict that expla-
self-driving car stops because pedestrians are crossing the road. A pations containing more teleological features should be seen as

counterfactual explanation obeying the standard template would
be "if the pedestrians were not crossing the road, the car would not
have stopped'. This explanation e ectively highlights the material
cause of the car's behavior but does not have teleological content.
To generate a counterfactual explanation of the car's behavior in
teleological terms, we might instead say "if the car had not stopped,
it would have run over the pedestrians'. This counterfactual im-
plicitly highlights the reasorfor the car's behavior: the car stopped
because if it had not, a bad consequence would have followed. Note
that this kind of counterfactual has a di erent structure than the
standard "if. C then: E' template: instead of altering the cause
(the pedestrians crossing), we alter the e ect (the car stopping).

more satisfying. Therefore, our rst two hypotheses test people's
preferences for which explanatory modes they likereceivevhen
explaining complex autonomous behavior:

H1: Explanations given to the Teleological prompt are rated as
better than the Counterfactual explanations.

H2: Explanations are rated as more satisfying if they are per-
ceived to contain more teleological features.

Finally, we saw that people can readily form mental models of
human agents by ascribing to them mental states such as beliefs,

2We capitalize the explanatory mode when we refer to it as the independent variable
of an experimental manipulation (i.e., prompt).
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Figure 1: The work ow of our experiment with two studies. In the rst study (Section 3.2), online participants generate explana-
tions along the four explanatory modes. In the second study (Section 3.3), new participants evaluate the generated explanations
along various subjective measures. Finally, we quantitatively analyze participant judgments and test our hypotheses (Section 4).

desires, and intentionsllg, 27). There is also evidence to suggest by both within-institution (i.e., internal) and crowdsourced (i.e.,

that people do this even for arti cial systemslf, 74. Suppose that external) pilots. For the rst study, we received 10 internal partici-

people do not ascribe mental states to arti cial agents. In this case, pants and recruited 5 external participants. For the second study,

we expect to see a di erence between the e ectiveness of teleolog- we received 13 internal participants and recruited 15 external par-

ical explanations when the explanations are generated about the ticipants for the pilots.

perceived behavior of a human versus an autonomous system. In

contrast, if people do ascribe mental states to arti cial systems, then 3.1 Driving scenarios

we should not observe a signi cant di erence between explanation e designed 14 unique driving scenarios based on previous works

ratings of human and autonomous agents. Therefore, our third from autonomous driving and XAI{, 33 48 94 and used these

hypothesis tests people’s preferences for teleological explanations 14 scenarios in both studies. We picked scenarios to cover critical

with both human and autonomous agents: aspects of driving: safety, time e ciency, and comfort, to various
H3: Given the same degree of perceived teleology, explanations degrees. For example, some scenarios were designed to focus heav-

of autonomous agents are rated as less satisfying than expla- ily on actions related to safety, while others were designed to focus

nations of human agents. more on reaching a goal faster, that is, time e ciency. We sum-
marize all 14 scenarios in Table 1 with full details available in the

3 Experimental Methods HEADD dataset.
Our experimental work ow is summarized in Figure 1. The experi- We recreated each scenario from a top-down bird's eye view in

ment consists of two human participants studies such that the rst  the form of 5 to 15-second-long animated videos using the soft-
study provided the data used in the second study. In the rst study, Ware RoadRunner 2023a by Mathwork each scenario, a single
participants generated natural language sentences about the behav-V.elh'Cle is highlighted n blue (hereafter, ‘ego ve.hlcle'). Study 1 par-
ior of a pre-selected vehicle in various driving scenarios along the  ticipants were always directed to explain the actions of the blue ego
four explanatory modes of Section 1.1. In the second study, we took vehicle. Example snapshots from such videos are shown in Figure 2.
these sentences and asked a di erent set of participants to evaluate . .
the sentences as explanations according to their causal content and 3.2 Study 1: Generating explanations
subjective quality. 3.2.1 Participants\ total of 54 participants (25 male, 27 female,
For both studies, we designed surveys using the Qualtrics plat- 2 non-binary) lled out Study 1 with a median completion dura-
form and relied on the online crowd-sourcing platform Prolicto  tion of approximately 27 minutes. The participants' ages ranged
recruit participants3 We recruited from the USA and Itered for between 19 to 73 years, with a median of 36 years. The majority
participants whose rst language was English. Participants were of participants had some form of tertiary education (49 people)
paid a pro-rated fee of ¢, 11 per hour and were shown an information with the largest group having a Bachelor's degree (19 people). Most
sheet and our ethics approval. Participants had to give their con- participants reported having a valid driver's license (48 people) and
sent before they could access the studies. This study received ethics the majority of participants had been driving for at least 2 years at
approval according to the Research Ethics Process of the School of the time of taking the experiment (44 people).
Informatics, University of Edinburgh with reference #282628.
Our design choices for both studies, including the phrasing of
prompts and the number of iterations per study, were informed

3.2.2 DesignThe work ow of Study 1 is shown in Figure 3. Based
on internal comments and the external completion rates in our pi-
lots, we showed each participant seven driving scenarios, sampled
3Qualtrics: https://www.qualtrics.com/ Proli c: https://www.proli c.com/ Road- randomly and evenl_y from the collection of 14 scenarios. For each
Runner: https://www.mathworks.com/products/roadrunner.html of the seven scenarios, participants were rst shown the top-down
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