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Abstract

Artificial intelligence (AI) has applications in assisting older
adults to age in place and provide support to them and their
care givers as their cognition declines with age. However, ef-
fective assessment methods of this technology are needed in
order to benchmark their performance and a common set of
metrics and evaluation methods would enable such assess-
ments to be compared to one another. To this end, we pro-
pose a common framework for human-AlI interaction involv-
ing care recipients and their care networks. From the results
of a literature review exercise, a framework with sample met-
rics, related measures, qualified evaluation tools, and contex-
tual factors that impact assessment are reviewed. This paper
provides a sample of common metrics in one of the frame-
work’s measurement spaces (human-Al interaction) and dis-
cusses some of the impacts of contextual factors and how use
of the common metrics and evaluation framework can be used
for meta-analysis and to guide future research. Additional
future articles are planned to cover the other measurement
spaces in the framework (system performance, task perfor-
mance, and well-being), including their particular common
metrics and evaluation methods. This effort aims to provide
guidance for researchers in this domain as well as highlight
measurement gaps that can be filled by future research.

Introduction

Advanced technologies with artificial intelligence (Al) have
demonstrated their potential at enhancing the lives of older
adults to allow them to age in place and support their qual-
ity of life despite cognitive decline. In addition to the care
recipients, considerations for how these technologies can
impact the caregivers (e.g., doctors, nurses, family mem-
bers, friends) and the larger collaborative network of peo-
ple must be taken. Effective measurement techniques are
needed in order to quantitatively (and qualitatively) under-
stand the progress being made, of which there are many in
this domain and those adjacent to it. Additionally, common-
ality in metrics and evaluation methods is needed to: (1) al-
low for comparisons across studies, (2) provide guidance to
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new researchers, (3) encourage researchers to utilize vali-
dated assessment tools and dissuade them from developing
novel ones, and (4) highlight gaps in measurement science
to chart new research areas for the future.

Given the intersection of fields for the use case — such
as human-computer interaction (HCI), human-robot interac-
tion (HRI), medicine, computer science, and human factors
— there are already many examples of performance evalua-
tion that can be culled from. To this end, we propose a com-
mon metrics and evaluation framework for the assessment of
older adults (care recipients) and their caregivers when in-
teracting with AlL. This paper proposes a series of categories
and a sample set of metrics for human-Al interaction (HAI).
This work is still under active development and additional
articles covering the entire proposed metrics and evaluation
framework are planned for the future.

Broader Impact

The metrics and evaluation framework is used to guide
evaluations for the research conducted by the Al Institute
for Collaborative Assistance and Responsive Interaction for
Networked Groups (AI-CARING), whose mission is to de-
velop the next generation of personalized collaborative Al
systems that improve the quality of life and independence of
aging adults living at home (AI-CARING 2024). At the time
of publication, research within the institute is largely under-
going usability testing and deployment with older adults and
their caregivers. Adoption of the framework is underway, but
continued exercising of it and the common metrics is needed
to refine it. The literature review that informed much of the
framework focused on research that involved older adults
of varying capabilities including mild cognitive impairment
(MCI) and dementia. As Al is developed to improve the abil-
ity for people to age in place, effective and understandable
assessment of each technology and experiment is needed in
order to characterize its positive and negative impacts. The
proposed framework aims to fill this gap by uniting the vari-
ous areas for evaluation in the target application, providing a
common lexicon for performance evaluation across the mul-
tiple research domains it encompasses.



Related Work

There are many prior examples of metrics and evaluation
frameworks used across the various fields that this particular
application involves. For example, specific to Al in health-
care settings, (Reddy et al. 2021) uses capability, utility, and
adoption as the three main components of evaluating the in-
tegration of Al into these applications. (Tanguay et al. 2023)
is an example of an application-specific framework that fo-
cuses on the performance of Al in radiology, evaluating fac-
tors like quality, efficiency, and costs, with several software-
specific metrics including accuracy and reliability. Others in
the clinical domain focus on the subjective evaluation of the
users, including ease of use, acceptance, satisfaction, and
perceived benefit of use (Ji et al. 2021). The development
and evaluation of explainable Al (XAI) systems in multiple
contexts have produced assessment frameworks including
the model usability evaluation (MUSE) framework (Dieber
and Kirrane 2022) and XAI metrics that outline the measur-
able qualities of an explanation including goodness, satis-
faction, and validity (Hoffman et al. 2018).

For embodied Al systems like robots, the foundational
work in (Steinfeld et al. 2006) produced a common set of
HRI metrics that relate to the performance of the robot, the
impact of the communication factors, as well as task and op-
erator performance. Building off of this broad framework,
more specific efforts have been undertaken that include the
definition of metrics to evaluate the effectiveness of inter-
faces in collaborative manufacturing (Marvel et al. 2020)
and assessing the effectiveness of robot proficiency self-
assessment and communication of proficiency (Norton et al.
2022). The latter provides a framework designed around
each stage of interaction with a proficiency-based system,
specifying metrics at each stage, thus uniting aspects of sys-
tem performance and HRI.

The metrics and evaluation framework proposed in this
paper aims to unite multiple measurement spaces relevant to
the application and leverages similar structures to many of
these related works.

Methodology

We conducted a semi-structured literature review of 350+
papers culled from the fields of medicine, psychology, com-
puter science, robotics, and human factors by searching mul-
tiple online databases (e.g., Google Scholar, ACM Digital
Library, IEEE Xplore, etc.) with a loose set of search terms
(e.g., older adults, Al systems, etc.) to identify publications
that covered studies and reviews. Initially, this review was
limited to publication dates within 2000 to 2024, but that
range was expanded as the citations within review papers
were researched as well as incorporating external commen-
dations from colleagues. This flexible approach was adopted
as we intend to continue this literature review exercise as
more work as published.

The reviewed literature was cataloged in a database ac-
cording to various aspects of the studies conducted, includ-
ing the type of Al technology used (if any), participant pop-
ulation, tasks performed during experimentation, and other
contextual information. We have analyzed this ever-growing
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Used with Used in
Tier Rec Cronbach older experiment
adults settings
. . Interacting
1 High o >0.7 With MCI with Al
2 Med «>0.7
% L None With or Interacting
oW . .
reported without with or
3 1Very o <07 MCI without Al
oW

Table 1: Tier definitions and levels of recommendation used
in the evaluation tools dataset from (Kiyemba et al. 2024).

database to produce a dataset of qualified evaluation tools,
distilled common metrics specifications, and the proposed
framework that unites these assets. Readers are strongly en-
couraged to review the studies that are cited throughout this
paper for more detail on the various metrics, measures, and
tools that are discussed.

The evaluation tools dataset (Kiyemba et al. 2024) con-
sists of 240+ tools categorized as being used to assess ei-
ther: cognitive ability; demographics, personality, and expe-
riences; activity level; state of mind; or perceptions of the
Al and noting if training is required to use the tool. Individ-
ual instances (560+) of the tools being used in studies were
then qualified based on whether or not the study involved
interaction with Al/technology (i.e., if the participants in the
study utilized an Al system to assist them in performing one
or more tasks), if the participants included older adults (with
MCI, dementia, or not cognitive impairment), and/or their
caregivers, and any reported internal reliability scores. The
dataset also indicates if a modified version of the original
tool was used. Qualifications are distilled into tiers (1, 2, *,
or 3) which corresponds to their applicability to use with
older adults with MCI interacting with Al systems. Tier def-
initions can be seen in Table 1), with each corresponding to
a level of recommendation:

* Tier 1: high; matches all relevant criteria for reliability
and domain.

e Tier 2: medium; further research is needed for tool val-
idation through experimentation with Al systems and/or
the target population.

* Tier *: low; further research is needed for tool validation
and reliability.

* Tier 3: very low; further research is needed not only for
tool validation and reliability, but also validation when
using Al systems and/or the target population.

After conducting the literature review and extracting all
metrics evaluated per study, the metrics were analyzed and
distilled in order to merge metrics that evaluated similar as-
pects of an interaction while including various examples of
measures and tools used that evaluated the metric differently.
This exercise was an attempt to limit the number of unique
metrics named for simplicity of identifying commonalities
while also allowing flexibility in how metrics are evaluated



given the variety of research goals and Al capabilities de-
ployed during experimentation. This information was also
used to determine the four unique measurement spaces used
in the framework, covered in the next section.

Framework

The depth of each of the metrics and evaluation efforts de-
scribed in the “Related Work™ section varies widely, with
some covering the performance of the Al system, the hu-
man’s experience interacting with the system, and/or the
tasks they perform together. The framework this paper pro-
poses unites each of these areas with particular focus on the
application to HAI involving older adults and caregivers,
adding an axis for how the AI impacts the human beyond
the interaction.

The proposed metrics and evaluation framework (see Fig-
ure 1) is divided into four measurement spaces that classify
the type of assessment being conducted:

* Human-AlI Interaction (HAI): evaluating the interactions
between one or more humans (e.g., person with MCI,
professional care provider, informal care provider, other)
and the developed Al technology.

» System Performance (SP): evaluating the performance of
the developed Al technology either as part of a human-
Al interaction or a separate experiment (e.g., using an
existing dataset).

* Task Performance (TP): evaluating the performance of
tasks by one or more humans, systems, or both as part of
an experiment including activities of daily living (ADLSs).

* Well-Being (WB): evaluating a user’s state of comfort,
health, or happiness, either self-reported by the user or
reported by a third party (such as their caregiver) with
their interpretation of the user’s well-being.

Within each space, a series of metrics are specified with
associated tools (if applicable/available) and measures that
can be used to evaluate that metric. A series of contextual
factors are outlined that should be considered when select-
ing appropriate measures and tools as they impact how eval-
uations are conducted, including:

» Technology: augmented reality, computer, phone/tablet,
robot, simulation/videos, wearable, virtual reality.

* Population: age, gender, ethnicity, occupation.

 Stakeholders involved: care recipient, professional care-
giver, informal caregiver.

» Cognitive ability of participants: (if care recipients)
MCI, dementia, Alzheimer’s, Parkinson’s, traumatic
brain injury, physical disabilities, no impairment.

or enhanced

* Application tasks: basic, instrumental,

ADLs, or other task.
* Setting/environment: hospital, nursing home, research
lab, home, simulation, remote/online, public space.

e Timeframe: number, frequency, and length of sessions.
* Methods: survey, interview, observation, experiment.

For this domain, the evaluation of activities of daily liv-
ing (ADLs) is incredibly important as they are typically how
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Figure 1: The proposed metrics and evaluation framework.

the performance of tasks and degradation thereof is tracked
as older adults age and potentially develop cognitive impair-
ments. The three categories and their corresponding ADLs
are as follows:

* Basic (B-): Ambulating (B-A), Feeding (B-F), Dressing
(B-D), Personal hygiene (B-P), Continence (B-C), Toi-
leting (B-T)

* Instrumental (I-): Transportation and shopping (I-TS),
Managing finances (I-MF), Meal preparation (I-MP),
Housecleaning and home maintenance (I-HM), Manag-
ing communication with others (I-MC), Managing med-
ications (I-MM)

* Enhanced (E-): Hobbies (E-H), New learning (E-NL),
Social communication (E-S)

Each of the contextual factors can affect how an evalu-
ation should be conducted, which metrics and measures to
use, what tools will be most effective, etc. For example,
when evaluating WB: Level of Stress and Burden, if the
stakeholders involved (i.e., the participants in the study be-
ing evaluated) are care recipients, then the State-Trait Anxi-
ety Inventory (STAI) can be used (tier *) (Pino et al. 2020),
but if caregivers are being evaluated, then the Caregiver Bur-
den Scale (CBS) may be more appropriate (tier 2) (Fuh et al.
1999). Depending on the application task(s) selected for an
experiment, each ADL has different performance criteria
that can be evaluated. For example, the Assessment of Mo-
tor and Process Skills (AMPS) method provides criteria for
performing 125 standardized ADL tasks (Center for Innova-
tive OT Solutions 2023), which can be used to measure TP:
Accuracy, Efficiency, and Level of Performance.



Sample of Common Metrics

This paper does not cover all proposed common metrics;
rather, summaries of the proposed common metrics only in
the HAI measurement space are provided as a sample. Fu-
ture articles are under development that will provide more
thorough reviews of common metrics within the framework
for HAI, TP, and WB. Aside from a general outline of com-
mon SP metrics, we do not intend to cover all possible mea-
sures and evaluation tools (e.g., published benchmarks for
comparison) for SP due to high variety of Al technologies
that are applicable to this use case, each with their own con-
siderations. For each metric reviewed in this section, a brief
definition is provided, noting if the associated measures are
subjective and/or objective, can be evaluated a priori or post
hoc, with references to example studies that evaluated one
or more ADLs using the qualified evaluation tools from our
dataset. A summary of the sample HAI metrics, tools, and
measures reviewed can be found in Table 2.

Acceptance measures a user’s ability to accept and use
the Al technology. Measures of acceptance are largely sub-
jective and administered post hoc wherein the participant is
asked to provide an acceptance rating towards an Al/tech-
nology. There are several examples in the literature for sub-
jective evaluation of acceptance post hoc for managing com-
munication with others (I-MC) (Hossain and Ahmed 2012;
Luperto et al. 2022), managing medications (I-MM) (Lu-
perto et al. 2022), and feeding (B-F) (McColl and Nejat
2013; Di Napoli, Ercolano, and Rossi 2022), using evalu-
ation tools including the Almere Model (tier 1), the Unified
Theory of Acceptance & Use of Technology (UTAUT; tier
1), and the Robot Acceptance Questionnaire (tier 2).

Attitudes assesses a participant’s overall feelings, beliefs,
reactions, and perspectives towards the Al technology. This
is exclusively a subjective measure and can be evaluated
both a priori and post hoc, often comparing the two. Ex-
amples in the literature that utilized ADLs include (Mitzner
et al. 2010) which evaluated all IADLs and (Stafford et al.
2014) for managing communication with others (I-MC)
only. The latter utilized the Robot Attitudes Scale (RAS; tier
2). Several other tools are available including the Negative
Attitudes towards Robots Scale (NARS; tier 1) (Johansson-
Pajala et al. 2022), the Computer Attitudes Scale (tier 2)
(Mitzner et al. 2019), and the Positive Attitudes Towards
Robots (tier 2) (Rantanen et al. 2020) which is an inverse
of the NARS.

Engagement measures the extent of the participants’ ac-
tive or passive involvement with the technology while it is
being used. This metric can be measured subjectively via es-
tablished tools or objectively by observing physical actions.
For subjective measures, (Tulsulkar et al. 2021) used tools
such as the Observed Emotion Rating Scale (OERS) and
Menorah Park Engagement Scale (MPES) (both tier *) dur-
ing social communication (E-SC). The same study also used
The Almere Model (tier *) for post hoc subjective evalua-
tion. Examples of objective measures include those to eval-
uate E-SC such as the number and length of conversations
between the participant and the Al/technology (Abdollahi
et al. 2017, 2022; Fan et al. 2021; McColl and Nejat 2013)
or the number of times a caregiver extended their hand to-
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wards the robot (Kramer, Friedmann, and Bernstein 2009).

Level of Interaction assesses the degree to which a par-
ticipant actively interacts with an Al/technology during an
experiment. Subjective evaluation use tools like UTAUT
(tier 1) during social communication (E-SC) (Heerink et al.
2010) or the Borg Rating of Perceived Exertion (RPE; tier
3) when performing hobbies (E-H) (Fitter et al. 2020). Ob-
jective measures include more detailed assessments of con-
versational speech analysis to measure characteristics like
length of utterances, silence, filler, jitter, and shimmer dur-
ing E-SC (Yoshii et al. 2021) or measuring the number of
times participants used a robot to assist with managing com-
munications with others (I-MC) (Stafford et al. 2014). Level
of Interaction and Engagement were both the second most
evaluated HAI metric in the studies reviewed.

Perception measures components of how users think
about and interpret the behavior of Al/technology and its
impact on daily activities. All examples in the literature re-
view were subjectively evaluated post hoc, such as in (Mois
and Beer 2020) wherein the Robotic Social Attributes Scale
(RoSAS) and the Perceived Usefulness, Perceived Ease of
Use, and User Acceptance of Information Technology tool
(both tier *) were used to assess performance of hobbies
(E-H). Another study used the Dimensions of Mind Percep-
tion Scale (tier 3) to evaluate a service robot supporting ex-
ecution of managing medications (I-MM), managing com-
munications with others (I-MC), and new learning (E-NL)
(Stafford et al. 2014).

Preference refers to the user’s subjective selection and fa-
vor of one option over another (e.g., Al/technology system,
feature, or method) based on its ability to meet their spe-
cific needs, ease of use, and/or the overall enhancement it
provides. Amongst the HAI metrics used in studies found
during the literature review, Preference was most frequently
evaluated. For example, evaluating user preference of how
a robot delivers their medications for managing medications
(I-MM) (Prakash et al. 2013), assists with house cleaning for
housecleaning and home maintenance (I-HM) (Beer et al.
2017), or voice-based interface design choices for Al sys-
tem assisting with transportation and shopping (I-TS) and
manging communication with others (I-MC) (Granata et al.
2010). Some of the most commonly used tools include the
Robot Opinions Questionnaire and the Assistance Prefer-
ence Checklist (both tier 3), both of which were used to eval-
uate preferences of older adults on robots assisting with all
ADLs in (Smarr et al. 2012, 2014).

Satisfaction is measured to determine the extent to which
users feel the Al/technology meets their needs, evaluated
subjectively as a post hoc measure after interacting with
the Al/technology. In (Viswanathan et al. 2011), the Que-
bec User Evaluation of Satisfaction with Assistive Technol-
ogy (QUEST 2.0; tier *) was used to evaluate satisfaction
with using robotic wheelchair for navigation (i.e., ambulat-
ing [B-A]), while other studies use unvalidated scales such
as a Likert scale ranging from “not at all” to “very much”
(Hughes et al. 2014) after playing an interactive video game
(i.e., hobbies [E-H]).

Self-Efficacy measures a user’s self-assessed evaluation
of their capacity and ability to complete certain tasks, pos-



Metric Type Associated tools and/or measures = Example study citations Tier ADLs
The Almere Model (McColl and Nejat 2013) 1 B-F
Unified Theory of Acceptance & (Di Napoli, Ercolano, and Rossi 1 MM
Use of Technology (UTAUT) 2022)
Acceptance Sub Robot Acceptance Questionnaire (McColl and Nejat 2013) 2 B-F
Rating acceptance 1 to 7 (Hossain and Ahmed 2012) n/a -MC
Open responses during conversation  (Luperto et al. 2022) n/a
and monitoring social interactions (Hebesberger et al. 2017) n/a E-SC
Robot Attitudes Scale (RAS) (Stafford et al. 2014) 2 I-MC
Positive Attitudes Towards Robots (Rantanen et al. 2020) 2 n/a
Attitudes Sub Computer Attitudes Scale (Mitzner et al. 2019) 2 n/a
Is\lceaglitl(\ﬁ A%tél)tudes towards Robots (Johansson-Pajala et al. 2022) 1 n/a
The Almere Model (Moro et al. 2019) * I-MP
Sub Observed Emotion Rating Scale
(OERS); Menorah Park Engagement  (Tulsulkar et al. 2021) * E-SC
Scale (MPES)
Engagement Number and length of conversations (Abdollahi et al. 2017, 2022; Fan wa E-SC
. with Al/technology et al. 2021)
Obj Participant compliance with robot (Sgraa et al. 2021) n/a I-HM, -MM
reminders and prompts (Begum et al. 2013) n/a [-MP
Unified Theory of Acceptance & .
Sub Use of Technology (UTAUT) (Heerink et al. 2010) 1 E-SC
Level of ?ﬁ’;gE)Ratmg of Perceived Exertion g er et al. 2020) 3 EH
Interaction Number of robot usages (Stafford et al. 2014) n/a I-MC
Obj Analyzing conversational speech for ..
utterance length, filler, jitter, etc. (Yoshii et al. 2021) nfa  E-SC
Robotic Social Attributes Scale (Mois and Beer 2020) % E-H
Perception Sub (RoSAS)
. . . . I-MC,
Dimensions of Mind Perception Scale (Stafford et al. 2014) 3 MM, E-NL
Robot Opinions Questionnaire; (Smarr et al. 2012, 20_14) 3 All ADLs
Preference Sub . ) (Prakash et al. 2013; Beer et al.
Assistance Preference Checklist 2017) I-MM
From “not at all” to “very much” (Hughes et al. 2014) n/a E-H
Satisfaction Sub Quebec User Evaluation of Satis-
faction with Assistive Technology (Viswanathan et al. 2011) * B-A
(QUEST 2.0)
Daily Living Self-Efficacy Scale g\ 1 and Rogers 2017, 2019) 2 B-P,I-HH,
(DLSES)
Self-Efficacy  Sub - I-MF, I-TS,
Robot Usage Self-Efficacy; Robot (Stuck and Rogers 2017) 3 E-H
Familiarity and Use Questionnaire g
Trust in Medical Technology Scale ~ (Mann et al. 2015) 2 n/a
;li“glllls;a llrr:3 Automation (TIA) Ques- (Korber 2019) 2 w/a
Trust Sub (Langer et al. 2019) * n/a
Trust in Assistance Checklist; B-D, B-P,
Propensity to Trust Scale (Stuck and Rogers 2017) 3 I-HM, I-MM,
I-MP
System Usability Scale (SUS) (Barg-Walkow et al. 2017) 2 E-H
Unified Theory of Acceptance & .
Sub Use of Technology (UTAUT) (Heerink et al. 2010) n/a
Usability Open response feedback on usability
Task success rate: accepting a video .
Obj call, mute and unmute the (Wu et al. 2017; Seelye et al. 2012) n/a I-MC

microphone and speakers, etc.

Table 2: Summary of a subset of the sample common metrics for HAIL
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sess knowledge of specific skills, and the ability to carry
them out. This is also often referred to as “confidence”
in the literature. For example, in (Stuck and Rogers 2017)
older adults’ self-efficacy was evaluated when performing
task related to personal hygiene (B-P), managing finances
(I-MF), transportation and shopping (I-TS), housecleaning
and home maintenance (I-HM), and hobbies (E-H), using
the Robot Usage Self-Efficacy tool (tier 3), the Robot Fa-
miliarity and Use Questionnaire (tier 3), and the Daily Liv-
ing Self-Efficacy Scale (DLSES; tier 2). The latter tool was
also used to evaluate the same ADLs in a follow-on study
(Stuck and Rogers 2019).

Trust, while its own research field, there have been stud-
ies that attempt to utilize established trust scales for the tar-
get domain. For example, (Stuck and Rogers 2017) utilized
the Trust in Assistance Checklist and the Propensity to Trust
Scale (both tier 3) to evaluate whether older adults would
prefer to trust a human or robot to assist with dressing (B-
D), personal hygiene (B-P), housecleaning and home main-
tenance (I-HM), managing medications (I-MM), and meal
preparation (I-MP). The same two tools were also used in
(Langer et al. 2019) for using robots in rehabilitation (tier
*). There are many other trust tools available with varying
applicability to this domain, including the Trust in Medical
Technology Scale (tier 2) (Mann et al. 2015) and the Trust
in Automation (TIA) questionnaire (tier 2) (Korber 2019).

Usability measures the degree to which an Al/technol-
ogy can be used effectively and easily, the latter of which
is often referred to as “ease of use.” Usability can be evalu-
ated subjectively and objectively. For subjective evaluation,
tools like Unified Theory of Acceptance & Use of Technol-
ogy (UTAUT) (tier 1) (Heerink et al. 2010) or the System
Usability Scale (SUS) to evaluate performing hobbies (E-H)
(tier 2) (Barg-Walkow et al. 2017) are used. Objective mea-
sures typically refer to the successful completion of tasks,
such as participants answering and making calls, powering
the device on and off, or adjusting its settings, performing
tasks related to managing communication with others (I-
MC) (Seelye et al. 2012).

Discussion

Using this framework, the results of one or more studies
can be compared, with alignments and differences in met-
rics, measures, and context described using a common lex-
icon. Effectively all experimental studies conducted in this
domain (HAI with older adults and caregivers) can be char-
acterized using the framework, enabling meta-analyses to be
conducted of the state-of-the-art. For example, of the lit-
erature review conducted, it was found that the three most
common HAI metrics evaluated were Engagement, Level of
Interaction, and Preference. When investigating studies that
evaluated Engagement, such as (Abdollahi et al. 2017) and
(Sgraa et al. 2021), both used objective measures of this met-
ric, but in different contexts (humanoid robot in a nursing
home in the United States vs. flower pot robot in residen-
tial homes in the Netherlands, Italy, and Switzerland, respec-
tively). The goals of each study also differed, with the for-
mer relying largely on HAI evaluation (linking Engagement
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to Acceptance of life-like robots) while the latter also in-
cluded WB metrics (evaluating domestication of technology
and its impact on social relations, linking HAI: Engagement
to WB: Quality of Life). This also demonstrates how the re-
lationships between each metrics within each measurement
space or across multiple spaces can be assessed. When con-
ducting evaluations during development, correlations found
between metrics (e.g., HAI: Engagement of certain types of
care recipients — as characterized by the contextual factors
axes — and the SP: Efficiency of the Al system) may result
in system design revisions to improve its effectiveness.

Some preliminary takeaways of the HAI measurement
space have been revealed thus far for future investigation.
Given the number of subjective metrics and evaluation tools
used, and the target population’s potential for limited in-
teraction means and understanding (e.g., due to cognitive
decline or impairment), it is important to note what target
stakeholder is under evaluation compared to the stakeholder
who is physically responding or inputting the response. For
example, if the target stakeholder for an Al technology is a
care recipient, it is not uncommon for a caregiver to partic-
ipate alongside them helping them to understand the ques-
tions being asked and respond accurately. In other cases, a
caregiver may respond independently of the care recipient
and provide their own analysis of the care recipient. A com-
mon language must be developed in order to categorize and
understand the context of how these subjective metrics are
derived.

Another takeaway is that, in general, evaluation of the
caregiver experience while interacting with Al is signifi-
cantly under-researched compared to that of the care re-
ceiver. There are some evaluation tools for this type of
assessment, though, including the Caregiver Burden Scale
(CBS) qualified as tier 2 in (Fuh et al. 1999) and the Zarit
Burden Interview (ZBI) qualified as tier * in (Inoue, Wada,
and Shibata 2021). Given the integral role that caregivers
play in a care recipient’s quality of life and the larger net-
work of caregivers, their experiences must be properly eval-
uated in order to ensure Al/technology for this domain will
be accepted and effective.

Conclusion

This paper proposes a metrics and evaluation framework for
assessing older adults (i.e., care recipients) and caregivers
interacting with Al. A sample of metrics from one of the
framework’s measurement spaces (HAI) are covered briefly
with several examples of measures and evaluation tools used
in the literature. Many more metrics remain to be analyzed
in the other spaces (SP, TP, and WB) in future publications.
Some examples of the impact of various contextual factors
are provided, but many more are still to be explored. By pro-
liferating this framework throughout the research domain,
dedicated studies can be run that investigate these impacts.
Through this exercise, we aim to further identify the trends,
strengths, and limitations of previously used measurement
techniques towards the development of common metrics and
evaluation methods to assess older adult care recipients and
their caregivers interacting with Al
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