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Abstract

We present an ongoing longitudinal in-the-wild study of an office
delivery robot that adapts the level of detail of its explanations to
users of failure or unexpected events. We compare three explanation
strategies: minimal “what happened” explanations, fully detailed
including “what + why” reasons, and a personalised variant that
tailors detail based on tracked user knowledge. Additionally, some
users can request on-demand extra follow-up explanations. Ongo-
ing results from the first two weeks indicate that personalised expla-
nations preserve both subjective and objective understanding while
providing a level of detail closer to correct when compared to fully
detailed explanations. Moreover, users who receive personalised
explanations request fewer extra follow-up explanations compared
to the group receiving minimal explanations. Full study results will
confirm these results and provide their evolution through the next
2 weeks of deployment.
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1 Introduction

In Human-Robot Interaction (HRI), explainability is broadly ac-
knowledged as a crucial element for improving human comprehen-
sion of robotic behaviour and decision-making processes [47, 69].
From a Theory of Mind (ToM) standpoint, the purpose of explain-
ability is to foster more accurate human mental models of the ro-
bot [24, 66]. Since robots must infer separate models for each user,
personalisation becomes an essential component [59]. Nonetheless,
only a small number of works have directly investigated person-
alised explanations in HRI [4].

Accounting for the dynamic nature of a user’s knowledge presents
significant challenges in integrating direct and indirect estima-
tion methods. However, user models may be iteratively refined by
leveraging interaction data to tailor several dimensions of commu-
nication, such as the level of detail, technical nomenclature, and
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content structure [11]. While detailed explanations can enhance
understanding, excessive information may require more time and
attention needed to make sense of the explanation [39] or over-
whelm the users [31, 49]; thus, explanations must remain concise
and appropriate [48], since simpler explanations tend to be more
comprehensible [30].

In this work, we focus on the personalisation of explanations by
adapting the level of detail to individual users. While prior work has
explored this aspect in non-embodied Al systems [32, 38, 39], its ap-
plication to robotics remains underexplored. Robots present unique
challenges due to their physical and social presence: users tend
to anthropomorphise robots, attributing intentions and agency,
which elevates expectations for explanations of physical move-
ments, failures, and norm violations [10, 67]. Furthermore, different
explanation types and modalities (e.g., counterfactuals, verbosity,
non-verbal cues) can significantly influence user attributions of
robot behavior [27].

Moreover, adapting explanation detail is particularly critical
in longitudinal in-the-wild interactions, where repeating already-
mastered information proves inefficient in an ecologically valid
task. Despite the prevalence of long-term robot deployments in
real-world settings, longitudinal, in-the-wild studies in HRI are
scarce [18], including the ones adapting the level of detail of expla-
nations. Our prior work [17] introduced an algorithm that dynami-
cally adjusts explanation detail based on tracked user knowledge
while accounting for forgetting, and this work evaluates the effects
of such personalised explanations on end-users.

The main contributions can be summarised as follows:

e We perform a longitudinal and in-the-wild study of a ro-
bot performing internal deliveries within an office for two
weeks. We present ongoing results, as the robot will con-
tinue running for two more weeks.

o We compare the effects of minimally detailed, fully detailed
and adaptive explanations, with results pointing to a benefit
of explanations that adapt the level of detail.

This work is organised as follows: In Sec. 2, we present the related
work. In Sec. 3 we detail the study design. In Sec. 4, we present
and discuss the preliminary results. Sec. 5 concludes the paper and
outlines future work.



2 Related Work

This section reviews the need for explanations in HRI, the contex-
tual factors to adapt these explanations, how such adaptation affects
users and the methods to generate personalised explanations.

2.1 Need for explanations in HRI

In HRI, explanations and other transparency mechanisms help users,
especially non-experts, to understand a robot’s internal logic and
support basic recovery in failure cases [13, 21, 70, 76]. By improving
users’ mental models, explanations can foster trust, usability, task
performance, and perceived accountability [25, 35, 64], but their
usefulness depends on context and user characteristics.
Explanations are most valuable in situations with negative con-
sequences, such as unforeseen events, inabilities, errors, or social
norm violations [14, 73]. A recent taxonomy distinguishes user-
centred needs (e.g., incomplete mental models or social concerns)
from robot-centred ones (e.g., inabilities, errors, unforeseen situa-
tions [71]), and links explanation seeking to user mindsets such as
utilitarian, interrogative, or critical [9]. Several approaches estimate
when explanations are needed, including Large Language Models
(LLMs) [72], non-verbal cues [29], eye-tracking and performance-
based prediction [74], and in-situ co-design with end users [19].
At the same time, more explanations are not always better. Peo-
ple often have only coarse intuitions about complex systems [26],
and explanation preference varies with personality and techno-
logical comfort [54] as well as cognitive style, with low need for
cognition users benefiting the most and high need for cognition
users sometimes losing confidence [46]. Transparency can also
pose problems by exposing algorithmic errors [65]. Progressive and
interactive disclosure approaches, which provide hierarchically or-
ganised, on-demand information, mitigate these issues and can im-
prove perceived usefulness, task performance, and trust, especially
when explanations are timely and proactively provided [6, 36, 65].

2.2 Context criteria to adapt explanations

Many works have employed the user role as the primary criterion
to adapt explanations, distinguishing experts from non-experts’
information needs [53, 56]. LLM-based systems can explicitly query
expertise and tune technical depth [45], and explanation preferences
have been linked to demographic and psychological factors rather
than app-specific knowledge [52]. Related work further connects
preferred detail levels to characteristics such as technical expertise,
innovativeness, need for cognition, and problem-solving style [1,
12], and shows that user type moderates the effect “why” versus
“what” explanations [15, 63].

Other studies de-emphasise user profiles and instead focus on
situational factors [51]. For instance, some adapt detail to the type of
explained information (input, process, output) [23], or to predicted
confusion, mental state, and familiarity with the issue [50].

A third line of work highlights user preferences. Allowing users
to choose can better accommodate diverse goals and improve trans-
parency, trust, and satisfaction [22]. Preferences may concern not
only the level of detail but also modality, vocabulary, and expla-
nation goals [7, 61]. Since preferred explanations do not always
maximise performance, some approaches combine user preferences
with workload and performance estimates [68].
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2.3 Effects on users of personalised
explanations

Many works have explored the effect of changes in the level of
detail on users of a system. For non-robotic systems, it has been
suggested that good explanations must be both useful and under-
standable for a given user [38]; too much detail can reduce trust or
demand excessive cognitive effort [28, 39], while oversimplification
can also increase mental demand and erode trust when understand-
ing is very low [33]. Some forms of detail are perceived as more
transparent and satisfying despite higher effort [20], and varying
initial information levels do not necessarily increase cognitive over-
load [32]. Personalisation may also incur a “predictability cost”, as
highly adaptive systems become harder to learn [60].

Similar patterns appear in HRI works. Increasing explanation
detail can improve perceived and objective understanding, but users
may still regard explanations as overly detailed [48, 49]. Detailed
explanations can raise confidence in navigation and perceived un-
derstanding of behaviour and decisions, whereas simpler ones are
easier to grasp [30]. Context and history matter: when robots fail
(e.g., cannot find an object), non-experts need sufficient but not
overwhelming detail to diagnose and resolve problems [13]. A lon-
gitudinal work shows that the effectiveness of explanation level
depends on failure type and prior exposure: explanation strate-
gies with fixed or decaying levels of detail across rounds affect
novices’ satisfaction differently, with satisfaction shaped jointly by
current and past explanations [27]. Other studies separate what-
and why-information [34] and compare how-, why-, and what-if-
explanations for failure detection, finding that why-explanations
are often preferred yet not always the most understandable [29].

Although ecologically valid longitudinal studies are needed to
move beyond novelty effects [5], most prior works on explainability
in HRI remain online or lab-based and not longitudinal [18], leaving
open questions about how personalised explanation detail plays
out in everyday HRI, which we address in this work.

2.4 Generation of personalised explanations

Despite substantial work on the effects of personalised explanations
on users, fewer contributions address the issue of how to generate
them automatically.

Generally in HRI, personalisation has mostly targeted robot
decision-making and behaviour via user models [2, 57], including
recent LLM-based approaches [78], while explanation personali-
sation remains comparatively understudied [4]. LLMs enable per-
sonalised dialogue through prompting [78], retrieval-augmented
generation over external knowledge [55, 58], fine-tuning [77], and
memory-based user modelling [43]. Existing LLM-based explana-
tion systems for robots use templates [37], RAG over robot logs [62],
or episodic memory [40, 75], but typically do not adapt to prior user
knowledge. Our recent work [17] proposes a method that stores
previously explained concepts for each user in an embedding space
and uses a heuristic to drive an LLM prompt that adapts the level
of detail to this tracked knowledge. This personalisation genera-
tion algorithm is employed in the present study to adapt the level
of detail of explanations generated with the hierarchical genera-
tion framework HEXAR [41] that provides specialised explainers
tailored to specific robot software components.
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Figure 1: Delivery robot within the office

Maria Postman  1240pm
can you deliver a candy from @John Courier to me?
DIEGo app

12:40PM :,;' | will start right away with the delivery of a candy from @John Courier to you.
I'm going to pick it up, I'll be here soon! ()

1z42eM - i | already have the candy! I'm bringing it to you

12.43pM - _L g | have arrived to deliver the candy

Please, confirm with the button below that you have picked up the item: candy

DIEGo app

[T SEN X There is no object

12.20rm  g)  @Maria Postman  asked me to get a candy from you. I'm coming to pick it up! x
12:42PM Hey! I'm here to pick up the candy.

Please, confirm with the button below that you have placed the item in the box: candy

W Confirm object placed 1 will not collaborate

Figure 2: Strip of conversations for a user that requested a
delivery (top) and the sender (bottom).

3 Study Design
3.1 Environment and task

The robot operates in a large, open space accommodating around
100 employees (Fig. 1). This environment is particularly relevant, as
a recent review highlights a lack of longitudinal research in work-
place settings, especially offices [44]. The company engineers and
manufactures robots, and the employees in the office are from all de-
partments, such as human resources, business, project management,
field technicians, IT, and engineering.

The DIEGo (Deliver Internal Employee Goods) robot’s primary
function is to deliver items among employees, who can commu-
nicate with the robot via the messaging app “Slack”, which they
already internally use. DIEGo is an additional profile with which
users can engage privately in natural language, utilising an LLM
that detects when they wish to schedule, delete, or inspect deliver-
ies, or to request explanations. The app features buttons that allow
users to confirm or decline the placement or pickup of deliveries.

The robot emits sounds upon arrival and when its path is ob-
structed, but it does not engage in verbal communication. Users
can initiate three types of deliveries: requesting the robot to come
to them to pick up an item for someone else, asking the robot to
go to another person to retrieve an item for them, or requesting a
delivery between two other users. The robot consistently informs
both the sender and receiver regarding its approach and arrival
through the messaging app. Fig. 2 illustrates a conversation flow
between two users during a successful delivery. The top strip shows
the receiver’s (and requester’s) perspective, while the bottom strip
shows the sender’s perspective.

< [ ‘
blocked
< navigation
low .
idle emergency
Lo [ L ] {mp)
delivering

regular returnlng unable to
delivery item return

available
unavailable}

Figure 3: Simplified state machine of the delivery robot.

In the event that the queue is empty, the robot will autonomously
proceed to its docking station to charge while awaiting new delivery
requests. Conversely, it will sequentially execute deliveries when
requests are present. Should the robot’s battery level fall below a
critical threshold, it will also navigate to the charging station and
defer further requests until an adequate battery margin is restored.

The queue of tasks has priorities based on historical usage. This
approach ensures that novel or less engaged users do not find
themselves relegated to the end of the queue, thereby mitigating
potential demotivation. Users have the capability to view the queue
and can delete future deliveries they have requested, as well as
cancel ongoing deliveries that they initiated. In instances where
the robot is unable to pick up an object, it will proceed to the
next scheduled deliveries. However, if the object has already been
collected and cannot be delivered, it will be returned to the sender.

Some situations require resolution by the research team, who
will be present throughout the deployment. The first of these sit-
uations is triggered when the red emergency button is pressed,
allowing personnel to halt the robot immediately in the event of a
potential collision, cancelling the current delivery and resuming
operations only after the emergency mode has been reset. If the
robot encounters navigation difficulties over multiple attempts, it
will classify the current delivery as failed. In many instances, the
robot will be able to proceed to the next deliveries, as it might not
be entirely obstructed but rather unable to access a specific corridor.
However, if the robot consistently fails to reach various destina-
tions, it will designate itself as blocked until assistance from the
research team is provided. Finally, if the robot attempts to return
an item that could not be delivered, but the original sender does
not confirm receipt, the research team will be notified by the robot
to effectively resolve the return of the item.

If the aforementioned situations (emergency button pressed,
navigation blocked, unable to return item) remain unresolved by the
research team within a specified timeframe, the robot will transition
into an unavailable state. In this state, the robot will cease to accept
new requests while retaining the existing queue in anticipation of
potential intervention by the research team.

Requests are only accepted between 9:30 AM and 5:00 PM (up to
14:00 PM on Fridays). Before being turned off at the end of the day,
a message is sent to all requesters of pending deliveries, informing
them that the robot will be shut down and that the queue will be
cleared, as it may no longer be relevant for the following day.

A summary overview of all the robot states can be seen in Fig. 3.



3.2 Explanation generation

The robot proactively provides explanations whenever it identifies
a failure or unexpected situation. A comprehensive list of these
supported situations is presented in Tab. 1, which includes a sum-
marised version of the explanations detailing the “what” occurred
and the “why” it transpired, a classification inspired by previous
studies on explanation’s level of detail [15, 34].

Explanations are generated automatically in real-time through
the HEXAR hierarchical approach developed by the authors [41],
which incorporates specialised component explainers aligned with
each of the "what" categories from Tab. 1 that leverage LLMs or
template-based explanations from the robot’s logs. The robot em-
ploys the same explanation generation system to respond to specific
questions in natural language.

For some users, the robot supports personalisation of the level of
detail [17]. This algorithm takes an explanation in natural language,
calculates its embeddings, and performs a thresholded retrieval
in a per-user database that contains embeddings of previously re-
ceived explanations. Depending on the relatedness of the retrieved
knowledge, an heuristic guides an LLM to reduce the detail level.

To ensure experimental control, two specific failures (starting
later due to low battery and cannot complete due to blocked path)
will be deliberately triggered up to two times throughout the exper-
iment for each of the participants. This guarantees that participants
receive the corresponding explanations, ensuring that certain fail-
ures are presented. A target of 0, 1, 2, and 3 occurrences for each
of these failure types is established for each participant for each
week, respectively, facilitating their distribution across the study. If
these failures occur for real, the forced triggering is skipped.

3.3 Apparatus and technical implementation

The robot (as seen in Fig. 1) is a TIAGo from PAL Robotics running
ROS2 Humble middleware on an Intel Core i7-10700. It uses the nav2
framework [42] to navigate autonomously using two 2D LIDARs
and a depth camera mounted on the head. The robot has a box on
its tray where the participants can put the items to be delivered.

The robot operates through a “slack_bolt” backend that processes
user messages utilising an LLM that generates structured outputs
comprising two main components: user intent and a verbal response.
These components are mutually exclusive. The intent is populated
only when the user requests actions such as creating or cancelling
a delivery, or viewing the schedule. This intent is then transmitted
via ROS to the mission controller, which controls the schedule,
updates the state machines and triggers the necessary skills (e.g.
navigation, pickup, dropoff, and explain), which will render the
user message updates through the delivery process. Conversely, if
the user does not make a specific request or provide incomplete
details, the LLM will populate the verbal response field to maintain
a natural conversational flow.

3.4 Participants

A total of N=102 participants are participating in the study (76
males, 26 females). All the employees of the company who work
in the area reachable by the robot have agreed to participate. Not
all of them are always in the office due to hybrid schedules and
holidays, with a mean office attendance of approximately 70%.
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What Why

Pickup and dropoff users are the same
. Pickup and dropoff users are very close
Invalid request
Pickup or dropoff user not indicated with @tag

Outside of operating hours.

Unavailable robot  The robot waited for assistance for too long

Deleting all the

schedule The robot is going to be turned off for today

There are other scheduled deliveries

The robot has a low battery and needs to charge
Starting later a
The emergency button was pressed

request
There is an unresolved unreturned item
The robot movements are stuck
Delivery further ~ The robot has a low battery and needs to charge
delayed The robot is waiting for assistance to continue

There are no active deliveries to cancel

More than 1 cancellable delivery, which one?
Cannot cancel Task is already being cancelled
Returning item after an unsuccessful delivery

Could not return item

Robot path was blocked
User declined to place
User did not confirm placement
Delivery could not  User declined to pick
be completed User did not confirm picking
The object was missing at dropoff
User requested cancellation

Emergency button pressed

Robot path was blocked

User declined to pick
Return could not User did a i
be completed ser did not confirm picking

The object was missing at return

Emergency button pressed

Table 1: Overview of failure types explainable by the robot.

Although employees are accustomed to seeing robots, only a sub-
set has expertise in robotics, and many have never interacted with
an autonomous robot. Therefore, the participants have also been
segmented on whether they are roboticists or not, that is, if they
have technical backgrounds in robots’ application layers (e.g. ex-
cluding non-engineers, but also firmware or electronics engineers).
A total of 53 participants have been considered as roboticists, and
49 as non-roboticists. A total of 93 participants have interacted at
least once with the system at the end of the second week.
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DIEGo APP 1:32 PM

|nl>|r~/\ The delivery could not be completed I\ §gd. The robot was unable to pick up the
item because it did not receive confirmation from the person placing the item on its tray
within the expected time 7. Without this confirmation, the robot cannot be sure the item
is present to proceed.

/V How detailed was this explanation? (1 = not enough, 3 = just right, 5 = too much, or X
= the explanation was wrong and it didn't tell what has happened)

1 2 3 4 5 X

Figure 4: Example explanation with the level of detail rating.

3.5 Procedure

The study is initiated by a formal recruitment announcement and
the distribution of a conceptual infographic to participants. To en-
sure experimental control, a researcher provides a standardised
briefing regarding the study’s scope; however, the provided in-
formation is intentionally limited to prevent disclosing specific
functionalities that the robot should communicate autonomously.
Participants are then required to complete a consent process.1

Throughout the deployment, the system captures ratings in the
messaging app regarding the preferred level of detail in the robot’s
communications. These continuous data points are supplemented
by three primary evaluation points: at the conclusion of the first
week, the beginning of the third week, and the beginning of the
fifth week, with the last two still pending. These longitudinal ques-
tionnaires are designed to measure both objective and subjective
understandability of the system. The final questionnaire will also
include a usability questionnaire [8].

3.6 Independent variables

This study follows a between-subjects design with 2 main criteria
distributed evenly throughout the background roboticist variable.

Explanations level of detail. Participants in the WHAT group
receive only the minimal “what” explanations from Tab. 1. Partic-
ipants in the WHY group receive both the “what” and the “why”
components. Participants in the PER group receive the “what” and
the “why” components, but processed by a personalisation algo-
rithm from the authors [17] that takes into account the user’s pre-
vious knowledge. Notably, due to space limitations, Tab. 1 contains
only a summary of the situations, whereas the actual “what” and
“why” explanations are further elaborated (example in Fig. 4).

Possibility to request extra explanations. The participants in the
EXTRA group can see a button right after the explanations named
“I want to know more”. Pressing this button presents the full WHY
explanation to participants in the WHAT and PER groups, whereas
for participants in the WHY group, the robot replies that no addi-
tional information can be provided. The use of this button is entirely
optional. Moreover, for users in the EXTRA group, the robot can
respond to any new or follow-up questions, while for users in the
NO_EXTRA group, no such button is shown, and all explanation-
related questions are answered with a message informing that the
system cannot respond to them. The NO_EXTRA group aims to
avoid providing additional information, especially to the WHAT
and PER groups, while the EXTRA group enables results on the
proportion of explanations with requested further explanations.

!Ethical approval 210/2025 from CSIC Ethical Committee

The robot’s overall functioning is a mystery to me (R)

It is hard to make sense of the robot’s general functioning (R)

It is difficult to get a clear picture of the robot’s overall operations (R)
I am confused about the robot’s general objectives (R)

I am unsure what the robot does (R)

I cannot comprehend the robot’s inner processes (R)

I cannot explain the robot’s behavior (R)

It is impossible to know what the robot does (R)

It is clear to me what the robot does

I have a clear understanding of how the robot operates in general

Table 2: Subjective understandability statements for a 7 Lik-
ert, reversed from TOROS [3] illegibility sub-scale.

1-When the robot has a low battery, it will ...

(O A:Stop any delivery, go to charge, and reject any new delivery requests until recharged
(O B:Stop any ongoing delivery, go to charge, and queue any new delivery requests until recharged
(O C:Finishthe current delivery, go to charge, and reject any new delivery requests until recharged
(O D:Finishthe current delivery, go to charge, and queue any new delivery requests until recharged
(O E:None of the above applies

2 3 4 5 6 7

0 0O o o o o

verylittle verymuch

1
|am confident about my response... O

I know this answer thanks to ...

O A: Initial briefing when signing consent form
(O B: Observing the robot

(O C: The explanations given by the robot

O D: Someone else told me

O E:I'mguessingit

QOther: _____________

Figure 5: One of the 3 objective understandability questions.

3.7 Dependent variables

The following measurements have been recorded.

Perceived level of detail. It is recorded on a scale from 1 to 5 (as
in Fig. 4), with 3 being a correct level of detail, 5 too much detail
and 1 not enough detail. It was developed by merging in a single
scale similar statements from other works [25, 49]. Moreover, we
added the possibility to state that the explanation is not correct.

Requests of extra explanations. We automatically record the count
of button presses to request further explanations.

Subjective understandability. We use the reverse of the illegibility
subscale from the TOROS scale [3] (as seen in Tab. 2), which was
found to be correlated with the meta-understanding construct.

Objective understandability. We use 3 single-choice questions.
Two of them are about the two forced failures, and the third one
is about a non-responsive person during pickup, one of the most
frequent failures. Similar to our previous work[16], we also record
the confidence and reasoning behind their answers (Fig. 9).

3.8 Hypotheses

The following hypotheses have been made:

H1: For the NO_EXTRA participants, the perceived of detail is
WHY > PER > WHAT.

H2: For the EXTRA participants, WHAT participants will request
more explanations than PER and WHY participants, which is a
proxy measure for not having enough detailed information.

H3: For the NO_EXTRA participants, the objective and subjective
understandability of PER participants is similar to that of WHY
participants, since personalisation avoids repeating only known
information, and is higher than that of WHAT participants, who
might receive insufficient information.



WHAT (n=106) PER (n=163) WHY (n=137)

Level of detail rating
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Figure 6: Rating of the perceived level of detail per group.

4 Ongoing results

By the second week, 247 items had been successfully delivered, and
1,030 explanations had been sent related to 769 situations. Explana-
tions can be sent only to the requester (e.g. for an invalid request),
or both to the sender and receiver. From those 769 situations, the
main “what” categories were a request starting later (406), an incom-
plete delivery (139) or a delivery further delayed (118). Within the
incomplete delivery, the main “why” subcategories were obstructed
paths (36), timeouts to pick (31) and timeouts to drop (29).

First, we use the data from the participants who cannot get fur-
ther explanations (NO_EXTRA). This ensures that those participants
have only received the information related to WHAT, PER or WHY
groups. We proceed to evaluate the perceived level of detail. We
discard ratings marked “X”, as they refer to explanations that par-
ticipants rated as wrong. After validating with a Shapiro-Wilk test
that they are not normal, a Kruskal-Wallis H-test proves significant
differences (p = .001) and pairwise Mann-Whitney U tests with
Bonferroni corrections demonstrate that WHY users perceive the
level of detail higher than WHAT and PER users (p = .010 and p =
.003 respectively), but that there are no significant differences for
PER vs WHAT users (p = 1.0). Therefore, we can partially support
H1. It can be observed from Fig. 6 that the PER group presents the
highest count of “just right” ratings, and that, unexpectedly, WHAT
participants reported excessive detail in many cases, although pre-
senting more insufficiently detailed explanations. WHY participants
generally considered explanations as too detailed. These results
will be further analysed by explanation categories from Tab. 1 and
evolution over repeatedly received explanations.

Regarding the request of extra explanations, we can accept H2,
since a chi-squared test proves the significance of the count of
presses for extra explanations (p < .001), and pairwise Fisher exact
tests with Bonferroni correction show that WHAT participants
press it with more frequency than PER (p < .001) and WHY (p <
.001) participants. This suggests that WHAT participants do not
have enough information within initial explanations.

Finally, regarding the levels of objective and subjective understand-
ability, we include only the NO_EXTRA participants—presenting
a consistent amount of received information-who have responed
the initial questionnaire between the end of the first week and the
beginning of the second. A total of 79 participants responded it,
being n=39 from the NO_EXTRA group. Both metrics do not pass a
normality test, and neither presents significant differences between
explanation level of detail groups in a Kruskal-Wallis H-test (p =
0.761 for subjective, p = 0.874 for objective), partially supporting
H3 (Fig. 8 and 9). As expected, PER explanations do not lead to a

N
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Figure 7: Presses of the button to know more when an expla-

nation is displayed for the EXTRA group.
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Figure 8: Subjective understandability per detail group.
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Figure 9: Objective understandability per detail group.

decrease in understanding respect from WHY explanations, but
unexpectedly, users receiving only WHAT explanations do reach
similar levels of both objective and subjective understandability.
Interestingly, results suggest an overestimation of subjective vs
objective understanding. An extended analysis considering the sub-
questions of confidence and reasoning combined with the actual
information received by each of the participants related to each
of the questions, as well as the two future rounds after prolonged
interaction with the system, will clarify these results.

5 Conclusions

We reported an ongoing longitudinal in-the-wild study of an of-
fice delivery robot that adapts the level of detail of its explana-
tions. Ongoing results indicate that personalised explanations can
preserve understanding comparable to fully detailed explanations
while providing a more correct level of detail, while purely minimal
explanations are often insufficient. Future work will analyse the
full deployment results based on usage profiles, confidence in the
responses, evolution in time and usability.
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