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A robot arm explaining to a human how it detected an error using social signals, employing post-hoc explanations to commu-
nicate the predictions of an error detection deep-learning model. The study explored three explanation types: why-explanations 
(global feature importance), how-explanations (local feature contributions), and what-if-explanations (counterfactual scenarios). 
The fgure shows a what-if explanation, illustrating how changes in the user’s facial expressions could alter the prediction. 

Abstract—As black-box AI systems become increasingly com-
plex, understanding when and how to provide explanations to 
users is crucial. Multimodal signals, such as facial expressions, 
offer novel insights into how frequently explanations should 
be given. This paper explores whether users’ facial features 
can help estimate the need for explanations in a collaborative 
robot task. We applied three state-of-the-art eXplainable AI 
(XAI) methods, addressing how, why, and what-if questions, 
explaining the robot’s failure detection model. Each explana-
tion type conveyed information differently: how-explanations 
described how the model functions, why-explanations provided 
personalised insights into input-feature-related cues, and what-
if-explanations explored alternative scenarios. In a mixed-design 
study (N = 33), participants performed a robot-assisted pick-
and-place task, receiving different explanation types. Our results 
show that users responded differently to these explanations, 
with why-explanations being the most preferred and prompting 
closer alignment in facial expressions with the robot. Contrary to 
expectations, what-if explanations led to the least alignment and 
required greater vocal effort. These fndings demonstrate how 
non-verbal cues can guide the frequency and type of explanations 
(personalised or general) and further highlight the importance 
of model transparency in human-robot collaboration. 

Index Terms—explainability; failure detection; multimodality 

I. INTRODUCTION 

In the 1950s, science fction writers predicted that by 
2000, robots would integrate into daily life. As we near the 
2030s, general-purpose robots capable of performing com-
plex tasks remain out of reach. Despite progress in AI, 
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signifcant technical and ethical challenges persist, particularly 
with robots [139]. Issues such as limited dexterity, diffculty 
navigating unstructured environments and transparency remain 
problematic. Although AI systems can make decisions, their 
ability to explain them remains inadequate. Regulatory ini-
tiatives, like the EU’s GDPR [143], aim to address con-
cerns related to privacy and the “right to an explanation” 
[23, 47]. Explaining actions is crucial, especially when errors 
occur [4, 60, 82, 103, 115, 116, 118, 121]. This paper focuses 
on mechanistic interpretability of error detection and on how 
different explanation types infuence user behaviour. While 
much of the work on robot errors centres on causality [85, 88], 
few works have examined error detection explanations, partic-
ularly when users provide social signals indicating an error. 
Approach 
In this study, we focus on user-centred transparency, proposing 
the use of human non-verbal signals to guide the explanation 
process. Robots should clearly show how these signals are 
used and automatically recognise when users need explana-
tions [144]. We employed a deep-learning error detection 
model trained on Facial Action Units (FAUs) [35] from 
a public HRI dataset [133] to classify states of confusion 
[78, 79, 146]. This model was deployed on a robot arm for a 
pick-and-place task, where random perturbations induced er-
rors. The robot detected these errors using users’ social signals 
and provided explanations to make its model transparent. 

We applied three state-of-the-art XAI techniques (within-
subject factor) to deliver explanations of how errors were 

979-8-3503-7893-1/25/$31.00 ©2025 IEEE

Session 7A: Robot Transparency and Expressiveness HRI 2025, March 4-6, 2025, Melbourne, Australia

717

mailto:shah@csail.mit.edu
mailto:dimos@csail.mit.edu
http://crossmark.crossref.org/dialog/?doi=10.5555%2F3721488.3721577&domain=pdf&date_stamp=2025-03-04


detected. We also explored the frequency of explanations 
(between-subject factor), varying whether they were explicitly 
requested by the user or proactively generated by the system 
based on positive or negative classifcations. This allowed us 
to assess how users responded to explanations, even when they 
did not request them. The three explanation types (how, why, 
and what-if) offered different ways to make the error detection 
model transparent. We analysed user behaviour through mul-
timodal input, such as facial expressions and vocal effort, and 
we also asked participants to evaluate the explanations based 
on cognitive load, trust, and model understanding. Finally, we 
examined whether users adjusted their behaviour to align with 
the robot’s model after receiving explanations. 
Research questions 
This study aimed to address the following research questions: 

• RQ1: Which type of explanation (how, why, or what-if) 
is most suitable for explaining error detection in HRI, 
based on users’ preferences and behaviours? 

• RQ2: How do the prediction label and explanation fre-
quency affect user behaviour and explanation perception? 

• RQ3: After receiving explanations, do users adjust their 
behaviour and social signals to better align with the 
robot’s error detection model? 

Contributions of this article 
To our knowledge, this is the frst study to provide interactive 
explanations of an error detection model using non-verbal 
cues. Our study contributes to the HRI literature as follows: 

• We developed a real-time robot explanation system, ap-
plying XAI methods interactively and using facial cues 
to explain an error detection model. 

• We show that the type and frequency of explanation can 
alter users’ behaviour and infuence model understanding. 

• We present fndings suggesting that users may adjust their 
behaviour in response to robot explanations and that the 
type of explanation plays a role in shaping this process. 

A robot’s ability to detect errors through social signals 
and provide explanations has an impact on learning and care 
applications by addressing confusion, guiding users through 
training, and supporting therapy or care by identifying distress 
and providing personalised explanations. 

II. XAI: EXPLAINABLE ARTIFICIAL INTELLIGENCE 

XAI has been applied across various felds 
[6, 52, 87, 92] to interpret the black-box nature of 
AI models, including areas like Affective Computing 
[48], HCI [2, 15, 63, 73, 74, 129, 149, 152, 159], NLP 
[7, 95, 117, 147, 156], recommender systems [32, 50, 53, 62], 
and social and cognitive sciences [18, 24, 104, 131, 138]. 
XAI has also been explored in philosophy [13, 67, 105, 130], 
folk-psychological approaches [28, 29, 140, 141], journalism 
[126], and across different modalities [137]. 

Explaining AI decisions has far-reaching implications, as 
computing is now central to human communication and in-
formation management [76]. Transparency has been studied 
in autonomous vehicles [150], especially in relation to in-
tent communication for pedestrian trust [98], and in faulty 

robot scenarios [17, 31, 69, 77, 114, 127, 145]. The relation-
ship between transparency, trust [37], and anthropomorphism 
[150, 153] has also been examined. Emerging research high-
lights a growing interest in user-adaptive explanations that 
leverage human input to tailor their content [34, 45, 86]. 

A. Explaining causality - explanations as justifcations 

Much of the work in HRI explainability has focused on 
causality. Research in this area aims to make robot behaviour 
transparent by providing justifcations or clarifying intentions, 
such as through legibility [3, 33, 85], repeating failed actions 
[109], or selecting actions that lead to failures [110]. Other 
work focuses on robot planning [21, 44, 54, 55, 91, 101, 122]. 
Das et al. [26] used causal knowledge to generate context-
aware explanations, while Han et al. [56, 57] explored hierar-
chical and failure-focused robot explanations. Other research 
has examined how to explain misalignment between human 
and robot expectations [1, 14, 135, 136]. Providing justifca-
tions has been shown to reduce negative perceptions of robots 
following errors [25] and mitigate decision-support challenges 
[96]. However, none of these works focus on explaining error 
detection models, especially those based on user signals. 

B. Explaining the model - explanations for interpretability 

In this paper, we adopt the mechanistic interpretability 
approach, using the SAFE-AI framework [119] to guide our 
study design and defne explanation types for robot behaviour. 
This framework provides a high-level view of explanation 
methods in robotics, applicable to both causal explanations 
and model interpretability. It builds on situational awareness 
and transparency concepts [22, 36] aligning with Lim et al. 
[90] and the XAI Question Bank by Liao et al. [89]. Our 
within-subject factor uses the three SAFE-AI layers: (1) 
XAI for Perception, answering “how” questions; (2) XAI for 
Comprehension, answering “why” questions; and (3) XAI for 
Projection, addressing “what-if” questions [103, 115, 118]. 
How-explanations: XAI for Perception 
This layer explains how decisions are made, covering both 
input and output of ML models. Common approaches include 
global feature importance [38, 61, 94, 99, 108, 125, 142], class-
level information [111, 162], and summarising the model’s 
learned patterns [11, 12, 19, 40, 70]. Techniques include pro-
totypes [68, 71], linear model approximations [10, 66, 84], and 
rule extractions [27, 154, 163], with SHAP [97] being widely 
used. For robot error detection, the robot would display its 
training data and the features important for its predictions. 
Why-explanations: XAI for Comprehension 
These explanations link specifc inputs to outputs, 
highlighting which features in the input are 
informative for the model’s predictions [59, 72, 112]. 
Local feature importance and saliency methods 
[39, 42, 55, 65, 93, 97, 120, 124, 128, 134, 155, 157, 161] or 
rule extraction [51, 113, 158] are often used. LIME [112] is a 
popular technique. In the case of a failing robot, this type of 
explanation would show users which features of their input 
led to the current prediction. 
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What-if-explanations: XAI for Projection 
This layer explores alternative outcomes by showing what 
changes in the input would lead to different results, using 
counterfactuals to guide future behaviour changes [9, 100]. 
Techniques include feature change infuence [5, 43, 46, 83] and 
counterfactual features [30, 148, 160]. For a failing robot, this 
explanation would show users what changes in their input 
could alter the prediction. 

C. The need for error detection explainability 

While much research focuses on explaining causality and 
justifying robot behaviour, a gap remains in explaining how 
errors are detected through users’ non-verbal signals. This 
presents an opportunity to improve transparency by showing 
users how their data is used in error detection. It is critical not 
only to use error detection as a recovery tool but also to reveal 
when the robot is wrong, as all ML models will eventually 
make incorrect predictions. Explaining why a robot error 
wasn’t detected can be as valuable as explaining how it was, 
provided the user understands how the model operates. This 
paper does not aim to explain robot behaviour or address task-
related errors. Instead, our approach, grounded in mechanistic 
interpretability, focuses on aligning user expectations with the 
system’s interpretation of social signals. 

III. METHOD 

This study aims to investigate how different explanation 
types infuence error detection empirically and whether proac-
tively displaying explanations or allowing users to prompt 
them affects their utility. We used post-hoc, interactive, and 
model-agnostic explanations [144], presented uniformly across 
methods. We employed a 3x3 mixed-factor design, with one 
within-subject and one between-subject factor. 

A. Explanation design 

Within factor: explanation type 
We examined three explanation types applying widely used 
XAI methods for how, why, and what-if explanations. 

How-explanations. Global feature importance explains 
model predictions by showing how features impact the model’s 
overall output. We use a SHAP algorithm to compute Shapley 
values [123] based on feature permutation, applying Shapley 
Value Sampling [20] from Kokhlikyan et al. [75]. 

Why-explanations. Local feature contribution shows how 
specifc user inputs contributed to the model’s prediction. We 
use Kernel-SHAP, which locally approximates the decision 
boundary and leverages the LIME framework [112] to com-
pute local Shapley values [75, 97]. 

What-if-explanations. Counterfactuals display how minimal 
changes in two features could alter the prediction, keeping 
other features constant. This provides greater human intuition 
about the model’s decision boundaries. We applied Mothilal 
et al.’s method [106] to generate feature-perturbed versions of 
the input to modify the model output. 
Between factor: explanation elicitation 
We aimed to assess how explanations are elicited based on 

information needs [119], either proactively displayed by the 
robot or prompted by the user while varying the level of detail. 
Participants were divided into three groups: 

User-initiated. Explanations were provided only when ex-
plicitly requested by users. Participants informed the robot of 
an error to trigger the robot’s prediction and an explanation. 

Proactive - Low Frequency (Errors). The robot proactively 
displayed explanations only when errors were detected. 

Proactive - High Frequency (Errors+NoErrors). Explana-
tions were shown for both error and no-error predictions, with 
a maximum of four no-error explanations per interaction. 

Participants could request the robot’s prediction if they 
observed an error. This design ensured exposure to the model 
across various prediction classes, allowing for disagreement 
(e.g., a user reporting an error that the robot did not detect). 
As no-explanation baselines are well-established in HRI, we 
chose a user-initiated condition as the baseline to emphasise 
the importance of explanations without proactive provision. In 
the proactive conditions, the robot provided explanations based 
on positive and negative classifcations (as interpreted from 
its perspective). Notably, there was no external ground truth 
beyond the robot’s own predictions. Though widely applied 
in XAI research, there is little consensus on the relevance of 
these techniques in HRI, particularly for error detection. 
Hypotheses 
RQ1 - Hypothesis H1: We expected what-if explanations, 
which simplify information by only highlighting minimal 
changes, would be preferred due to cognitive load reduction 
(following Miller’s 7±2 rule for information chunks [102]). 
RQ1 - Hypothesis H2: We anticipated that how-explanations 
would be less engaging, as they are independent of user input. 
RQ2 - Hypothesis H3: We hypothesised that participants in 
the Errors+NoErrors group would better understand the model 
as they are exposed to more diverse predictions. 
RQ2 - Hypothesis H4: We hypothesised that the number of 
explanations would vary across conditions, with User-initiated 
having the fewest and Errors+NoErrors the most. 

B. Introducing errors 
Prior work shows that human reactions to robot errors are 

predictable [41, 81], and that failures in HRI are typically 
deviations from expected behaviour [82]. To stimulate the 
error detection model, we introduced random perturbations 
in the robot’s input and output. We were interested in how 
users reacted during moments of uncertainty and how the 
robot’s model interpreted these signals to provide explanations. 
Each interaction included four errors, each occurring once 
in a random order, and used confusion as a trigger for 
explanations. The failures were informed by Honig and Oron-
Gilad’s taxonomy [64] and Stiber et al.’s error dataset [133]. 
This study focuses on hardware and software errors, such 
as robot gripper and orientation issues, as well as ASR and 
computer vision errors (Table I). 

C. Error detection deep-learning model 
We used the robot error dataset from Stiber et al. [133], 

which contains 28 interactions and records 17 Facial Action 
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Gripper position error: (send perturbed position value to ROS node) 
Hardware the robot drops an object before reaching the target 

Griper orientation error: (send perturbed orientation value to ROS node) 
the robot does not pick up an object because of gripper misconfguration 

ASR error: (add noise to user’s utterance) 
Software the robot incorrectly picks up an object due to ASR mis-understanding 

Computer vision error: (simulate CV failure) 
the robot is not able to fnd the object because of CV error 

TABLE I: Technical errors used in every interaction. 

Fig. 1: Experimental setup with task objects and the UR5 robot 
positioned next to the user for the pick-and-place task. 

Units at 3Hz. The error detection model (average detection 
delay: 3.2s) is trained to detect errors based on user behaviour 
and reduces false positives by employing weighted classif-
cation with Softmax probabilities (sliding window of 3.6s) 
[132]. The algorithm traces back to the estimated start of the 
error, which serves as the input for the explanation algorithms. 
In User-initiated conditions, predictions were displayed only 
when requested, while Errors and Errors+NoErrors conditions 
proactively displayed them when errors were detected or when 
programmed to display a negative prediction. 

D. Experimental setup 

The experiment involved a pick-and-place task where par-
ticipants interacted with a robot arm. An external monitor 
displayed task instructions and explanations. Multiple sensors 
were used to capture participant behaviour (Figure 1). 

Facial expression and body pose tracking. Two Azure 
Kinect captured participants’ facial expressions via RGB cam-
eras and body poses via depth cameras. This ensured continu-
ous facial data capture, even if one camera was occluded [133]. 
An additional HD webcam (Logitech C615) mounted on the 
robot’s gripper provided a robot’s-eye view of the interaction. 

Speech input and output. Participants wore close-talking 
microphone headsets to issue voice commands to the robot and 
hear responses through headphones. Microsoft’s Azure ASR 
system transcribed their speech, prompting them to repeat if 
transcription confdence was low. If no errors were reported 
by the participant, the transcript was sent to a Large Language 
Model (OpenAI GPT-4) for intent parsing. The LLM disam-
biguated user commands based on a custom prompt designed 
to handle varied object descriptions and ASR misrecognitions 
(e.g., “the shot pipe” instead of “the short pipe”, “the same 
one as before”, “the one on the right”). 

Fig. 2: Sample of global explanation bar chart in the study. 

Robot motion and planning. Once the LLM identifed 
the correct object, the robot’s custom motion planner directed 
the robot’s end effector to fetch the object. The robot, a 
Universal Robots (DK) UR5e with a Robotiq Hand-e gripper, 
was controlled by ROS1 Noetic nodes running on a Linux 
workstation. The robot always returned to a neutral position. 

Error detection and multimodal signal processing. The 
robot’s error detection model was integrated with custom LED 
lights on the gripper, which turned red when an error was 
detected. Simultaneously, the monitor displayed the robot’s 
prediction and an explanation for 10 seconds. The ML and 
explanation system, synchronised through the Platform for 
Situated Intelligence (PSI) [16], ran on an NVIDIA RTX 
3060 GPU. PSI synchronised multimodal data from facial 
expression tracking, voice input from the ASR, and visual 
input from the webcam, enabling real-time robot responses. 

Explanation presentation and feedback. Explanations 
were visually displayed using bar charts (Figure 2), common 
in XAI for representing tabular data. Green bars indicated 
features positively contributing to the model’s prediction, and 
red bars indicated negative contributions. The robot verbally 
introduced the explanation, explaining that it had analysed the 
participant’s facial expressions to determine if an error had 
occurred, specifying the type of explanation (local, global, or 
counterfactual), however without naming the specifc features. 

Task. Participants sat at a 90-degree angle, with the robot 
on their left and their workspace in front of them, where 
pipe connectors were placed. The robot’s workspace held PVC 
pipes for a collaborative pick-and-place task, in which partic-
ipants used voice commands to request pipes to build three 
different structures. This assembly task, designed to require 
no prior skills, consisted of 12-14 pieces of varying colour 
and size. The robot communicated through Azure’s text-to-
speech (TTS) system, providing feedback such as “OK” or 
“Sure” to confrm user commands. 

E. Behavioural measures 

We extracted 23 features (Table II), focusing on participants’ 
utterances, error detections, and explanations data points. Fa-
cial expressions were captured using OpenFace [8], extracting 
17 facial Action Units as defned by the Facial Action Coding 
System (FACS) [35]. Using voice activity detection (VAD), 
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AU1 (Inner Brow Raiser) 
AU2 (Outer Brow Raiser) 
AU4 (Brow Lowerer) 
AU5 (Upper Lid Raiser) 
AU6 (Cheek Raiser) 
AU7 (Lid Tightener) 
AU9 (Nose Wrinkler) 
AU10 (Upper Lip Raiser) Facial Action AU12 (Lip Corner Puller) Units AU14 (Dimpler) 
AU15 (Lip Corner Depressor) 
AU17 (Chin Raiser) 
AU20 (Lip stretcher) 
AU23 (Lip Tightener) 
AU25 (Lips part) 
AU26 (Jaw Drop) 
AU45 (Blink) 
FrequencyDomainEnergy 
Total energy in the signal’s frequency spectrum Speech LogEnergy Features Logarithm of the signal’s total energy 
LowFrequencyEnergy 
Energy in the lower-frequency components 
ZeroCrossingRate 
Rate of zero-amplitude crossings 
Gaze to explanationGaze Proportional gaze towards the explanation Features Gaze to robot 
Proportional gaze towards the robot 

TABLE II: Behavioural measures captured in the interactions. 

we identifed all voiced segments during the interaction and 
extracted the acoustic components of participants’ speech. 
Head rotation was also tracked to measure visual attention. 

F. Subjective measures 

Objective understanding. We adapted the model under-
standing measure from Wang and Yin [151] to assess global 
model understanding, local feature contributions, and counter-
factual thinking. After each interaction, participants were given 
a list of all AU features used as inputs and asked to select the 
most infuential features or identify the changes required to 
fip the prediction. For local and counterfactual explanations, 
participants were shown a prototype of facial features from 
the robot error dataset [132] along with a prediction. 

Subjective understanding. Participants rated their per-
ceived model understanding as in [151], the overall model 
accuracy, cognitive load (NASA-TLX [58]), trust (Muir’s 
Trust scale [107]), perceived explanation information amount 
and frequency using a 5-point Likert scale. They also ranked 
their most and least preferred explanations. 

G. Qualitative data 

After each interaction, participants provided open-text feed-
back on the benefts and drawbacks of each explanation type. 
At the end of the study, they refected on its overall purpose. 

H. Procedure 

After providing consent, participants were shown mock-ups 
of the explanations and informed that the robot used a deep-
learning model to detect errors. Participants were informed 

that the robot was autonomous and that some errors might 
occur. They were also told they could ask for explanations 
if they noticed errors and that the robot would explain how 
it detected the error (without pointing to the cause). The 
robot was unaware that an error might occur and relied 
solely on users’ social signals. Gaze was calibrated before 
interactions, and participants were instructed to pay atten-
tion to explanations and assess the model. Each participant 
engaged in three interactions with the robot, corresponding 
to the three explanation types. After each interaction, they 
completed questionnaires on their understanding of the model 
and other subjective metrics. Finally, participants completed 
a demographics questionnaire and ranked their explanation 
preferences, followed by debriefng. 

I. Participants 

We recruited 33 participants (11 per between-factor condi-
tion, reporting 14 female and 19 male) from the MIT campus, 
with an average age of 30.3 years (±9.7). A priori power 
analysis suggested that 36 participants would be needed for 
detecting medium-sized effects. Our sample size falls slightly 
below this threshold, with a weighted post hoc power analysis 
indicating an overall study power of approximately 73%, offer-
ing moderate sensitivity for exploratory analyses. We therefore 
advise caution when interpreting the results. Participants rated 
their English fuency at 4.6 (±0.5), technology experience at 
4.6 (±0.7), and robot experience at 2.9 (±1.2) on a 1-5 scale. 
Ethics approval was obtained from the Institutional Review 
Board prior to the study (Protocol #2405001314). Each exper-
iment lasted between 1 to 1.5 hours, and participants were 
compensated with a $30 Amazon voucher. The conditions 
were balanced using a Balanced Latin Square design. 

IV. RESULTS 

We focused our analysis on the three RQs, using be-
havioural, subjective, and qualitative data. To account for the 
mixed-design structure, we employed Linear Mixed-Effects 
Models (LMMs), allowing us to test the main effects of within-
subject factors (explanation type), between-subject factors 
(explanation elicitation), and their interactions. Random inter-
cepts were included for participants to account for individual 
variability, for the order of interaction and the number of 
explanations exposed to, with the following notation: DV ∼ 
ExplanationType * ExplanationElicitation + (1|Participant) + 
(1|InteractionOrder) + (1|ExplanationNum). Pairwise compar-
isons were performed using post-hoc Tukey’s tests. 

A. Behavioural measures 

Facial action units. Table III shows the results from the 
LMMs on FAUs extracted during user utterances, comparing 
the fxed factors. Several facial expressions were linked to how 
participants responded to different explanation types (Figure 
3), with why-explanations prompting greater expressiveness, 
as seen in higher activations of AU1, AU9, AU25, AU26, and 
AU45 (RQ1). Additionally, AU5 (upper lid raiser) was more 
active in the Errors+NoErrors condition (RQ2). 
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Fig. 3: Effects of explanation type and elicitation on FAUs, indicating greater expressiveness on why-explanations. All fgures 
depict within-factors, except when marked in red (between-factor). P-value indicators: ∗p ≤ 0.05, ∗ ∗ p ≤ 0.01, ∗ ∗ ∗p ≤ 0.001. 

Fig. 4: Participants exerted greater vocal effort during interac-
tions with what-if explanations. 

Multimodal Features Explanation Type Explanation Elicitation Explanation 
Type*Elicitation 

AU1 (Inner Brow Raiser) F=5.203, p=0.005 - F=8.1668, p<0.001 
AU2 (Outer Brow Raiser) - - F=5.543, p<0.001 
AU5 (Upper Lid Raiser) - F=4.196, p=0.024 F=4.010, p=0.002 

AU6 (Cheek Raiser) - - F=4.279, p=0.001 
AU7 (Lid Tightener) - - F=9.790, p<0.001 
AU9 (Nose Wrinkler) F=7.840, p<0.001 - F=4.316, p=0.001 

AU10 (Upper Lip Raiser) - - F=2.706, p=0.028 
AU14 (Dimpler) - - F=2.633, p=0.032 

AU15 (Lip Corner Depressor) - - F=7.791, p<0.001 
AU17 (Chin Raiser) - - F=13.493, p<0.001 
AU20 (Lip stretcher) - - F=10.249, p<0.001 
AU23 (Lip Tightener) - - F=9.423, p<0.001 

AU25 (Lips part) F=5.352, p=0.004 - F=6.932 p<0.001 
AU26 (Jaw Drop) F=3.253, p=0.038 - -

AU45 (Blink) F=6.267, p=0.001 - F=2.934, p=0.019 
FrequencyDomainEnergy F=7.669, p<0.001 - F=4.796, p<0.001 

LowFrequencyEnergy F=7.463, p<0.001 - F=4.793, p<0.001 
ZeroCrossingRate - - F=4.242, p=0.001 

Gaze to explanation - - F=4.763, p<0.001 
Gaze to robot - - F=2.414, p=0.047 

TABLE III: Multimodal features across within and between 
factors, overall indicating greater expressiveness with why-
explanations and greater vocal effort with what-if explanations. 

Acoustic features. Table III presents the statistical tests 
on the acoustic components from users’ voiced segments, 
showing greater vocal effort during interactions with what-
if explanations (RQ1), indicated by higher values in Fre-
quencyDomainEnergy and LowFrequencyEnergy (Figure 4). A 
similar effect was observed for ZeroCrossingRate in the Errors 
(p<0.05) and Errors+NoErrors (p<0.05) conditions (RQ2). 

Gaze features. We measured participants’ head direction 
during calibration, using cosine similarity on angular dif-
ferences to calculate the gaze direction. Focusing on par-
ticipants’ visual attention during explanations, revealed that 

Fig. 5: a) Normalised objective and subjective understanding 
for each explanation type. b) Perceived frequency of explana-
tions by between-factor condition, alongside the actual number 
of explanations participants were exposed to. 

Explanation type Most preferred Least preferred 
How 18% 42% 
Why 58% 6% 
What-if 24% 52% 

TABLE IV: Participants’ preferences for explanation types. 

participants spent less time engaging with the explanations in 
the Errors+NoErrors condition. An interaction effect between 
explanation type and elicitation (Table III) showed that partici-
pants in the Errors group engaged more with how-explanations 
(p<0.01), while those in the Errors+NoErrors group engaged 
the least with how-explanations (p<0.05). The opposite effect 
was observed for gaze towards the robot. 

B. Subjective measures 

We extracted participants’ responses for both objective 
and subjective model understanding. For each explanation 
type, we assessed whether participants correctly identifed the 
relevant features (How: AU06 & AU20, Why: AU15 & AU26, 
What-if: AU20 & AU45). Following Wang and Yin [151], we 
normalised the objective and subjective understanding scores 

Session 7A: Robot Transparency and Expressiveness HRI 2025, March 4-6, 2025, Melbourne, Australia

722



Subjective Measures 

Measure W1: How W2: Why W3: What-if B1: User-initiated B2: Errors B3: Errors+NoErrors Explanation Type Explanation Elicitation Explanation 
Type*Elicitation 

Objective 
Understanding m=0.53, se=0.41 m=0.31, se=0.27 m=0.34, se=0.26 m=0.43, se=0.32 m=0.36, se=0.38 m=0.39, se=0.29 F=4.216, p=0.019 - -

Trust m=2.98, se=0.91 m=3.10, se=0.94 m=3.06, se=0.88 m=3.15, se=0.93 m=2.90, se=0.90 m=3.10, se=0.88 - - F=2.918, p=0.028 

TABLE V: Mean values for subjective measures across within and between factors, along with statistical test results. 

by dividing them by the maximum possible values (Figure 5). 
A signifcant main effect of explanation type was found for 
objective understanding (Table V), with better understanding 
observed for how-explanations, which referenced global fea-
ture importance independent of user input (RQ1). No signif-
icant effects were found for explanation elicitation (RQ2) or 
its interaction with explanation type. Similarly, no signifcant 
differences were observed in subjective understanding. 

No signifcant effects were found in the perceived model 
accuracy dimension, which was expected since participants 
were exposed to the same detection model across all con-
ditions (with explanations being post-hoc and not infuencing 
predictions). Likewise, no statistical differences were observed 
in cognitive load (NASA-TLX) across explanation types or 
elicitation forms. However, an interaction effect on trust was 
identifed (Table V), with users in the Errors+NoErrors group 
showing lower trust in how-explanations compared to why-
and what-if explanations, possibly indicating overwhelm due 
to the repetitive nature of how-explanations. 

No signifcant effects were found on the amount of infor-
mation, across explanation types or elicitation. However, we 
observed differences in the number of explanations between 
the groups (RQ2). LMMs indicated that explanation elicitation 
signifcantly infuenced how many explanations participants 
received (Figure 5), confrming the success of the between-
group manipulation: F=14.711, p<0.001. No signifcant ef-
fects were found within the explanation type condition, as 
anticipated. Interestingly, participants’ perceived frequency 
of explanations did not show a signifcant difference, but 
a high correlation was found between the actual number of 
explanations and perceived frequency: r=0.325, p=0.001. 

Overall, we found that participants had a strong preference 
for why-explanations (Table IV): χ2 = 8.909, p = 0.011, 
whereas what-if-explanations were the least preferred: χ2 = 
11.454, p = 0.003 (RQ1). 

C. Effects of facial AU alignment with explanations 

We calculated the alignment between users’ facial ex-
pressions and the explanations they were exposed to. Using 
Dynamic Time Warping (DTW), we compared the continuous 
stream of explanations shown to users during the interaction 
with the time series of their facial expressions on error 
detections. This allowed us to measure the distance similar-
ity between the two temporal sequences and calculate how 
aligned they were. For each feature, we computed the mean 
DTW distance (ignoring zero cases), then aggregated these to 
create a single alignment measure per feature, accounting for 
explanation type. This allowed us to observe whether facial 
expressions aligned with the “peaks” and “valleys” of the ex-
planations. Features such as AU7, AU12, and AU45 exhibited 

Fig. 6: DTW across explanations (lower values indicate higher 
alignment), indicating lower alignment in what-if explanations. 

Explanation Benefts Drawbacks 

How 
Generalised (45%) 
Intuitive / understandable (36%) 
Consistent / concise (6%) 

Not personalised (42%) 
Unclear / unspecifc (18%) 
Frustrating (9%) 
Non-adaptive (6%) 
Additional information (6%) 

Why 

Personalised / user-specifc (45%) 
Understandable (18%) 
Easy / concise (12%) 
Helpful (6%) 

Unclear - diffcult (18%) 
Non-adaptive (15%) 
Limiting (9%) 
Making me self-conscious 
of my reactions (9%) 

What-if 

Understanding input changes (39%) 
Understandable (18%) 
Easier (12%) 
Clear / concise (9%) 

Confusing / counter-intuitive (21%) 
Unclear (18%) 
Making me self-conscious 
of my reactions (18%) 
Non-adaptive (9%) 
Repeating (6%) 

TABLE VI: Benefts and drawbacks expressed by participants 
for each explanation type. Percentages indicate the proportion 
of participants who commented on each theme. 

high alignment overall, while AU15, AU17, and AU20 showed 
less alignment. We found a statistically signifcant main effect 
of explanation type (Figure 6): F=17.071, p<0.001, with why-
explanations producing the closest alignment and what-if-
explanations the least (RQ3). No signifcant effects were found 
for explanation elicitation groups or interactions. 

D. Qualitative data 

Table VI summarises participants’ perceptions of the ex-
planations, highlighting recurring themes and the percentage 
of participants who mentioned them among the listed ben-
efts and drawbacks. Open-ended questions were presented 
between tasks to gather participants’ views on the explana-
tions. Thematic analysis revealed that how-explanations were 
generally seen as clear and easy to understand, but lacked 
personalisation. In contrast, why-explanations were perceived 
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Explanation Behavioural measures Subjective measures 

How 
high FAU expressiveness 
low vocal effort 
high FAU alignment 

high model understanding 
low preference 

Why 
high FAU expressiveness 
low vocal effort 
high FAU alignment 

low model understanding 
high preference 

What-if 
low FAU expressiveness 
high vocal effort 
low FAU alignment 

low model understanding 
low preference 

TABLE VII: Summary of results from behavioural and sub-
jective measures for each explanation type. 

as personalised and user-specifc, though some participants 
found them diffcult to interpret. Counterfactual thinking in 
the what-if explanations was understood by many participants, 
but others found it confusing or unclear, as also refected in 
the overall explanation preferences (RQ1). 

V. DISCUSSION & CONCLUSION 

Key fndings 
1. How-explanations were considered intuitive but impersonal. 
Users in the Errors+NoErrors group trusted how-explanations 
less, increased exposure did not lead to better understanding. 
2. Why-explanations were preferred, perceived as person-
alised and led to the highest facial alignment, although how-
explanations were understood the best. 
3. What-if-explanations, despite being expected to be simpler, 
resulted in the least alignment. They required more vocal effort 
and were less engaging overall, with lower expressiveness 
despite participants reporting no additional cognitive load. 
RQ1 - Effects of explanation type 
Building upon the work of Stiber et al. [133] and Kontogiorgos 
et al. [81], our study offered a user-centred perspective on 
the types of explanations expected from an error detection 
model. Why-explanations consistently outperformed how- and 
what-if-explanations (Table VII) aligning with prior research 
[73, 145]. Unexpectedly, what-if-explanations were the least 
effective, requiring greater vocal effort and leading to lower 
expressiveness, potentially indicating disengagement (AU25) 
or attentiveness loss (AU1). In contrast, why-explanations 
prompted higher expressiveness, possibly as users tried to align 
their facial expressions with the model, and were preferred 
by users, rejecting H1. This may be because counterfactual 
explanations provide a high level of granularity, whereas 
users might prefer lower granularity and a broader overview 
of features rather than engaging in counterfactual reasoning. 
Despite the overall performance of why-explanations, how-
explanations were less engaging, even though they were the 
most easily understood, partially confrming H2. 
RQ2 - Effects of explanation elicitation 
We found few effects related to how explanations were elicited 
(user-initiated or proactive), aside from trust measures showing 
that the Errors+NoErrors group trusted how-explanations less. 
That group also showed a signifcant increase in AU5 (Up-
per Lid Raiser), potentially indicating frustration, rather than 
understanding the model better, therefore rejecting H3. Some 

Errors participants noted that seeing true negatives could be 
helpful (P21: “It would have been nice to see a comparison 
of facial features when the robot also guessed no error”). 
However, others felt self-conscious (P15: “Showing me what 
fips the model’s predictions can bias me to suppress certain 
facial expressions”). This suggests that explanations might 
sometimes hinder interactions. Finally, explanation frequency 
was not perceived as expected, despite the manipulation check 
confrming its success (confrming H4). 
RQ3 - Effects of behaviour alignment 
We observed a stronger behavioural alignment with why-
explanations, as indicated by DTW distance, compared to 
other conditions. Participants also consciously adjusted their 
behaviour (P27: “Understanding how the robot considers 
facial features, it’s helpful to change your own expressions”; 
P5: “I get feedback on my expressions, so I can adapt to 
the system”). Additionally, some participants appreciated the 
transparency in how their data was used (P27: “It keeps me 
aware of how my data is being gathered and used”). 
Limitations and impact 
The visualisation format has its limitations, as not all users 
may easily comprehend bar plots and may beneft from al-
ternative modalities, such as natural language. Furthermore, 
these results should be interpreted with caution due to power 
limitations. While they may generalise to error detection 
models, they may not be directly applicable to causality expla-
nations. Additionally, readers should consider implementation-
specifc results when attempting to replicate this study, as 
different implementations could lead to alternative outcomes. 
We encourage replications across diverse interaction settings 
and detection models to further validate these fndings. The 
purpose of error detection models is to inform the robot of an 
error that the user already knows occurred. If the model does 
not perform well, it may disrupt the user’s task, leading them 
to seek an explanation. While users may engage with explana-
tions, they primarily want to continue their task. Explanations 
must be concise and useful, avoiding information overload. 
Like human conversations, they should be integrated into the 
interaction, following audience design principles [49, 80]. 
Conclusion 
In summary, our study provides empirical evidence on the 
types of explanations that are most effective for error detection 
models based on facial expressions. Explanations not only help 
users understand the robot’s decisions but may also affect 
behavioural alignment with the user. We hope our fndings 
will guide the design of future studies on robot error detection 
models, encouraging the integration of multimodal signals and 
the combination of error detection with error causality, placing 
multimodal HRI at the forefront of XAI research. 
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