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Abstract— Remote caregiving robots have the potential to
support older adults aging in place, but caregivers often
lack awareness of users’ attentional states during remote
interactions. Existing attentiveness estimation approaches have
primarily been developed using younger populations and may
not generalize well to older adults due to age-related changes
in facial appearance and behavior. This pilot study investigates
facial indicators of attentional engagement in older adults
performing a Sustained Attention to Response Task (SART).
Four older adults (69.5 £+ 5.1 years) completed the task while
facial videos were recorded and analyzed using OpenFace 2.0.
Facial Action Units (AUs) were extracted and examined using
mixed-effects statistical models. Results identified several facial
behaviors associated with attentiveness, including increased oc-
currence and intensity of eye blinks (AU45), lip parting (AU25),
lip corner pulling (AU12), and chin raising (AU17), while
AU14 (dimpler) was negatively associated with attentive states.
These findings provide preliminary evidence that attentional
engagement in older adults can be inferred from age-specific
facial behaviors and offer a foundation for developing age-
aware attentiveness estimation systems for remote caregiving
and human-robot interaction.

I. INTRODUCTION

As populations age, the demand for caregiving support
continues to rise. At the time of writing, individuals aged 60
or older will account for nearly 22% of the global population
by 2050 [1]. While many older adults prefer to age in place,
age-related functional decline and limited access to care can
make independent living challenging [2], [3].

Recent advances in assistive robotics [4], [5] show promise
in delivering remote caregiving support. Such robots enable
caregivers to assist older adults from a distance with physical
and verbal support for daily tasks. However, existing teleop-
eration frameworks mainly focus on the user’s physical state
and surrounding environments. Comparatively little work has
been done to assess users’ cognitive states, such as attentional
engagement, which are essential for caregivers to ensure that
users understand caregiving instructions and perform tasks
safely.

Attentional engagement is a fundamental cognitive process
that enables individuals to maintain focus, monitor ongoing
events, and detect errors during everyday activities [6],
[7]. Although older adults can maintain sustained attention
for extended periods of time [8], aging is associated with
changes in response behavior and information processing [9].
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This may affect their performance in daily activities. For
caregivers operating remotely, determining whether an older
adult is attentive and ready to receive assistance remains
challenging, particularly when camera feedback captures
mostly the task rather than the older adult, and when the
complexity of multimodal sensing interfaces further limits
observation [4]. As a result, important cues to attentional
engagement may be overlooked, leading to less effective
robotic assistance.

Equipping assistive robots with attentiveness estimation
capabilities could identify disengagement and notify care-
givers to adapt their support accordingly. However, most
existing attentiveness estimation methods in psychology and
computer vision have been developed and validated using
younger adult populations [10], [11], [12], [13], [14]. Aging
is associated with changes in facial morphology, musculature
[15], gaze characteristics [16], scleral coloration [17], and
motor behavior [18] that influence how attentional states are
manifest in their appearance. These age-related changes may
reduce the reliability and generalizability of conventional
attentional cues. Consequently, attentiveness estimation sys-
tems may produce biased assessments when applied to older
adults.

To address this gap, there is a need to systematically
investigate how attentional states manifest in older adults
and to identify age-specific facial cues. In this work, we
present a pilot study examining attentional facial behaviors
in older adults during a Sustained Attention to Response Task
(SART) [19]. Using facial Action Units [20] extracted with
OpenFace 2.0 [21], we analyze how attentional states are
expressed through facial activity and identify candidate cues
for age-aware attentiveness estimation. By bridging cognitive
psychology and human-robot interaction, this work con-
tributes toward the development of socially and cognitively
aware assistive robots for remote caregiving.

II. METHODOLOGY
A. Experiment Task

We conducted an experiment using a hidden camera to
capture the facial expressions of older adults during the
Sustained Attention to Response Task (SART). The setup is
shown in Fig.[I] In this task, participants were presented with
a rapid stream of single-digit numbers displayed sequentially
on a computer screen. They were instructed to respond as
quickly as possible to each digit by pressing the spacebar,
except for a designated target digit (“3”), for which they were
required to withhold their response.

In total, 225 single-digit stimuli were presented, with
each digit from 1 through 9 appearing 25 times. Each digit



Hidden camera

(@ ()

Fig. 1. (a) Experiment setup showing a participant performing the Sustained
Attention to Response Task (SART) while being recorded by a hidden
camera. (b) Example video frame captured from the hidden camera, showing
the participant’s facial expressions during the task.

was displayed for 250 ms and followed by a mask for
900 ms, resulting in a 1150-ms interval between successive
digit onsets. Across the task, the digit “3” appeared on 25
trials, distributed throughout the sequence in a quasi-random
manner. This design established a strong prepotent response
tendency, making failures to inhibit responses to the target
digit indicative of disengagement, while correct inhibitions
reflected sustained attentional engagement.

B. Data Processing

As for recording processing, facial features were extracted
offline using OpenFace 2.0, with facial action units (AUs) as
indicators of attentional engagement.

C. Statistical Analyses

We analyzed the relationships between facial Action Units
(AUs) and attentional conditions. For binary AUs, indicating
whether an AU was present or absent, we used logistic
mixed-effects models. For continuous AU intensity measures,
we used linear mixed-effects models. Each AU was examined
separately to account for variability across participants and
frames. To compare multiple AUs, adjusted p-values were
reported using false discovery rate (FDR) in Table

TABLE I
SIGNIFICANT ACTION UNITS ASSOCIATED WITH ATTENTIONAL STATE.

AU* Estimate Statistic p-value?
AUI12. (Lip Corner Puller) 4.83 OR = 12528 < 0.001
AU25. (Lips Part) 4.44 OR = 84.66 < 0.001
AU45. (Blink) 4.09 OR = 59.88 < 0.001
AU17. (Chin Raiser) 1.29 OR = 3.64 < 0.01
AU14. (Dimpler) -7.34 OR = 0.001 < 0.001
AU45,. (Blink) 0.07 t=4.98 < 0.001
AU26,- (Jaw Drop) 0.09 t=4.32 < 0.001
AU25, (Lips Part) 0.06 t=3.81 < 0.01
AU15, (Lip Corner Depressor) 0.02 t=3.63 < 0.01
AUO1,- (Inner Brow Raiser) 0.04 t = 3.50 < 0.01
AU17, (Chin Raiser) 0.05 t=3.26 < 0.01
AUQ09, (Nose wrinkler) 0.008 t=2.84 < 0.05
AU20,- (Lip Stretcher) 0.02 t = 2.60 < 0.05
AU23,. (Lip Tightener) 0.02 t=2.52 < 0.05

* AU, denotes Action Unit occurrence, and AU,- denotes Action Unit
intensity, analyzed with logistic and linear mixed models, respectively.
p-values were adjusted using false discovery rate (FDR).

D. Farticipants

A pilot sample of 4 older adults (69.5 + 5.1 years old, 2
males, 4 Caucasian) was recruited. Participants met inclusion
criteria, including normal vision with/without glasses, no
attention-related disorders and no motor impairments affect-
ing facial or body movements. All participants provided in-
formed consent before participation and were fully debriefed
afterward. The protocols were reviewed and received ethics
clearance through a University of Waterloo Research Ethics
Board (REB-46826).

III. RESULTS

The results in Table [l demonstrate that attentional states
in older adults are associated with distinct facial behaviors,
primarily involving eye blinks and lower-face movements.

For AU occurrence, the linear mixed model revealed sev-
eral facial actions that significantly differentiated attentional
states after multiple comparison correction. In particular,
AU12 (lip corner puller), AU25 (lips part), and AU45 (blink)
showed strong positive associations with participants’ at-
tentiveness, with large effect sizes (odds ratios = 125.28,
84.66 and 59.88 respectively, p < 0.001), indicating that
these movements were substantially more likely to occur
during attentive periods. Similarly, AU17 (chin raiser) was
positively associated with attentiveness (odds ratios = 3.64,
p < 0.01), suggesting subtle lower-face engagement during
focused states. In contrast, AUI4 (dimpler) demonstrated
a significant negative relationship, with a very small odds
ratio (i.e., 0.001, p < 0.001), indicating that this facial
configuration was less frequent during attentive states.

Complementing the occurrence analysis, linear mixed
modeling of AU intensities revealed a broader set of facial
dynamics associated with attentiveness. Similar to AU occur-
rence, AU45 (blink intensity)(t = 4.98,p < 0.001) emerged
as one of the strongest predictors. As for mouth-related activ-
ity, increased intensities were observed for AU26 (jaw drop)
(t =4.32,p < 0.001), AU25 (lips part) (t = 3.81,p < 0.01),
AU15 (lip corner depressor) (t = 3.63,p < 0.01), AU20 (lip
stretcher) (t = 2.60,p < 0.05), and AU23 (lip tightener)
(t =2.52,p < 0.05). Besides, we observed other significant
effects included AUO1 (inner brow raiser) (¢t = 3.50,p <
0.01), AU17 (chin raiser) (t = 3.26,p < 0.01), and AU09
(nose wrinkler) (¢ = 2.84,p < 0.05), suggesting coordinated
engagement across upper and lower facial regions.

IV. DISCUSSION AND FUTURE WORK

The results of this study provide preliminary evidence
that attentional states in older adults can be inferred from
AUs. Notably, attentiveness was more consistently reflected
in specific AUs, such as blinks and lower-face movements.

From a human-robot interaction perspective, these find-
ings have important implications for the design of socially
assistive robotic systems. Incorporating attentiveness estima-
tion into teleoperated or autonomous robots could enable
more responsive and adaptive interactions, allowing systems
to adjust their behavior based on the user’s cognitive engage-
ment. For example, a robot could slow down instructions,



repeat information, or prompt re-engagement when signs of
inattention are detected. Such capabilities are particularly rel-
evant for remote caregiving scenarios, where caregivers must
rely on limited sensory input and may otherwise miss subtle
cues of disengagement. By grounding attentional inference
in age-aware facial features, this work contributes toward the
development of robots that are not only functionally effective
but also socially and cognitively attuned to older users.

Despite these contributions, the present study has several
limitations that point to directions for future research. The
most immediate limitation is the small sample size, which
constrains the generalizability of the findings. Expanding the
dataset to include a larger cohort of older adults will be
essential for validating the findings and ensuring robustness
across demographic factors such as age range, ethnicity,
and cognitive ability. In addition, while this work focuses
exclusively on AUs, attentiveness is inherently multimodal.
Future work should integrate complementary signals such as
gaze directions and head movement to develop a more com-
prehensive representation of attentional engagement. Another
important direction involves moving from offline analysis
toward real-time attentiveness estimation. Embedding the
proposed approach within a teleoperation framework would
enable continuous monitoring of user engagement and adap-
tive robot control strategies during interaction.

Finally, understanding how cognitive states manifest in
older adults is critical for developing assistive technologies
that support not only task completion but also well-being,
independence, and dignity. In this way, the present work
represents an initial step toward a more holistic, human-
centered approach to socially assistive robotics for aging
populations.
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