Task-based Embedded Assessment of
Functional Abilities for Aging in Place

Matthew L. Lee

CMU-HCII-12-106
August 2012

Human-Computer Interaction Institute
School of Computer Science
Carnegie Mellon University

Pittsburgh, Pennsylvania, USA 15213

Thesis Committee

Anind K. Dey (chair), Carnegie Mellon University
Scott Hudson, Carnegie Mellon University
Sara Kiesler, Carnegie Mellon University
Judith Matthews, University of Pittsburgh
Elizabeth Mynatt, Georgia Institute of Technology

Submitted in partial fulfillment of the requirements

for the degree of Doctor of Philosophy

Copyright © 2012 Matthew L. Lee. All rights reserved.

This work was supported by National Science Foundation Quality of Life Technology ERC Grant
EEEC-0540865 and Robert Wood Johnson Foundation Project Health Design Grant RWJ67167.
Any opinions, findings, or recommendations expressed in this material are those of the author and do
not necessarily reflect those of these funding agencies.



" H#$%8" ()

Task-based embedded assessment, dwellSense, User Reflective Design Process, sensors, smart home,
sensemaking, behavior change, ubiquitous computing, capture and access, home monitoring, older
adults, reflection, self-awareness, Instrumental Activities of Daily Living, functional ability,
functional assessment, aging in place, testing effect, medication adherence, ratings of ability, field
study, case study, information needs, feedback, real-time feedback, long-term feedback, tablet
display, wellness, embedded assessment, health monitoring, self-report, performance testing,
automated assessment, sensor-based assessment, caregiver, doctor, early diagnosis, task performance,

telephone use, coffee making, and goal setting.



*+),-__’!

Many older adults desire to maintain their quality of life by living and aging independently in their
own homes. However, it is difficult for older adults to notice and track the subtle changes in their
own abilities because these abilities can change gradually over a long period of time. Technology in
the form of ubiquitous sensors embedded in objects in the home can play a role in keeping track of
the functional abilities of individuals unobtrusively, objectively, and continuously over a long period
of time. This work introduces a sensing technique called “task-based embedded assessment” that
monitors how well specific tasks important for independence are carried out using everyday objects
found in the home with which individuals regularly interact. Following formative studies on the
information needs of older adults and their caregivers, a sensing system called “dwellSense” that can
monitor, assess, and provide feedback about how well individuals complete tasks, such as taking
medications, using the phone, and making coffee, was designed, built, and evaluated. Multiple long-
term (over 10 months) field deployments of dwellSense were used to investigate how the data
collected from the system could support greater self-awareness of abilities and intentions to improve
in task performance. Presenting and reflecting on data from ubiquitous sensing systems such as
dwellSense is challenging because it is both highly dimensional as well as large in volume, particularly
if it is collected over a long period of time. Thus, this work also investigates the time dimension of
reflection and has identified that real-time feedback is particularly useful for supporting behavior
change, and longer-term trended feedback is useful for greater awareness of abilities. Traditional
forms of assessing the functional abilities of individuals tend to be either biased, lacking ecological
validity, infrequent, or expensive to conduct. An automated sensor-based approach for assessment is
compared to traditional performance testing by a trained clinician and found to match well with
clinician-generated ratings that are objective, frequent, and ecologically valid. The contributions from
this thesis not only advance the state of the art for maintaining quality of life and care for older
adults, but also provide the foundations for designing personal sensing systems that aim to assess an
individual’s abilities and support behaviors through the feedback of objective, timely sensed

information.
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Chapter 6: The Time Dimension of Reflection

term reflection can highlight the patterns of function (or dysfunction) that an individual can use to
reassess and adjust the ratings of their own abilities. Reflecting on the long-term data seems to have a
little more of a “shock” factor, showing an individual’s trends in their own behaviors, particularly
trends that they did not expect. These unexpected trends can induce a feeling of cognitive dissonance

that make individuals re-evaluate their abilities in a way that continuous real-time feedback does not.
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The real-time feedback did not trigger the real-time group to make any significant changes in the
ratings of their ability to take their medications. The results show no significant interaction effect
between condition and phase (F[1,10]=0.65, p=0.438) when comparing the BASELINE and
DISPLAY phases (Figure 6-24). Again, the main effect of Phase is an artifact of the normalization

routine where the baseline values are normalized to zero and can therefore be ignored.

Figure 6-24. There was no significant interaction effect across phase and condition in the change in
subject ratings of adherence. Even though the members of the real-time group did change their
ratings more than the long-term group, as was predicted by hypothesis H6.3, the magnitude
difference was not statistically significant. The real-time display did not have a strong effect in
affecting the individual’s ratings of their medication adherence.

Likewise, there were no significant interaction effects when analyzing changes in ratings across the
BASELINE, POST-INTERVENTION, and FOLLOWUP phases (F[2,51]=1.48, p=0.2362)
(Figure 6-25). At BASELINE, there are no statistically significant differences (using a t-test)
between the pre-normalized ratings of the two groups, with the real-time group averaging 6.4 and

the long-term group averaging 5.5, p=0.226. Thus the two groups are equivalent at the BASELINE.
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Figure 6-25. There was no significant interaction effect across phase and condition for ratings of
adherence. Reflecting on the long-term data did not seem to contribute to any significant differences
in how members of the long-term group rated their medication adherence.

Therefore, when considering whether H6.3 can be supported by the data, the results concerning
changes in ratings of medication adherence do not provide additional support, above what was

already found in the ratings of medication promptness.

U;U;KK G933-"$1&8511GICC&",15& 1 I$C&, A#):)!U;K!

As predicted by hypothesis 6.3, the results show that individuals in the long-term group did change
the subjective ratings of how on time they took their medications after the reviewing 6-8 weeks of
their medication taking data. Indeed, they changed it to a much larger degree than the changes that
the real-time group made to their own ratings of how on time they were. This difference in how
individuals rated themselves can be explained by the fact that reviewing long-term trended data

provides a “dramatic relief” by which the individual can notice how different their behaviors are from

Hé6.3 Did the long-term group change their ratings of their abilities more
) than the real-time group?
PROMPTNESS Yes
ADHERENCE No
Hypothesis 6.3 is supported in ratings of promptness but not in ratings
of adherence.
CONCLUSION The long-term group changed their ratings of promptness more from

baseline than the real-time group because the long-term reflection
session provided trend information that challenged their existing self-
perception of their abilities.

Table 6-15. Summary of support for Hypothesis H6.3
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Chapter 6: The Time Dimension of Reflection

their own self-perception. The long-term reflection challenged their existing self-perception of their
abilities and provided them with data to re-evaluate themselves. In contrast, the real-time display
worked more subtly, helping individuals to improve their performance, but doing so one day at a
time, rather than showing a trend of dysfunction that contrasted with the individual’s current self-

perception.
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The introduction of the real-time feedback display for the real-time group was shown to be effective
in supporting individuals in their goal to take their medications more consistently over the long term.
Individuals received immediate feedback helpful for showing progress on the short-term sub-goals of
taking their medications well each day. However, the question arises as to whether the real-time
feedback made any permanent changes in the individual’s abilities or provided motivation to perform
their medication taking tasks better. Without the support of real-time feedback, individuals will not
receive incremental feedback about how well they are achieving their overall long-term goal of taking
all their medications correctly, promptly, and consistently. This long-term goal can be broken down
into a series of sub-goals, each of which is taking medications well for the current day. Real-time
feedback provides progress reports on how well individuals are achieving their daily sub-goals.
Frequent feedback on achieving sub-goals has been shown to support higher goal achievement
(Latham, Mitchell, & Dossett, 1978). We consider the contrapositive claim about whether removing
feedback, once individuals have grown accustomed to it, would result in a relative decrease in goal

attainment (in this case, a reduced level of task performance). We consider the following hypothesis:

H6.4 Individuals will decrease their medication task performance (less adherent, less prompt, less
correct, more late, and more variable in the time of day taken) after the real-time feedback

display is removed, when compared with their performance with the display.

In order to investigate the persistence of the effect of real-time feedback, the real-time tablet display
was removed from the homes of the individuals in the real-time display group five months after the

display was initially deployed. Individuals continued to use the dwellSense sensors to log their task
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performance behaviors. In this section, the effect of removing the support of the real-time feedback is
analyzed along the five dimensions of medication taking: adherence, promptness, correctness,

lateness, and the variance in the time of day.

The analysis of behavior change associated with the removal of the real-time feedback display
considers the 12 weeks of behaviors surrounding the date when the real-time display was removed
from the individual’s home. The “DISPLAY” phase consists of the six weeks of behaviors before the
display was removed, and the “NO DISPLAY” phase consists of the six weeks after the display was
removed. Averages were computed for two-week chunks of the data, resulting in a total of six
repeated measures of each feature of the medication-taking task. Two-week units of analysis
provided the best compromise between the number of repeated measures (because more measures are
useful for more statistical power) and the noisiness of the data as the individual varies in performance
from one week to another. A repeated measures, within-subjects one-way ANOVA was used to
identify whether individuals differed in their medication-taking behaviors with and without the
support of the real-time feedback display. The presence of a main effect of Phase indicates a change

in how the task is performed.

In contrast to the earlier analysis of behavior change, the long-term group is not used as a control
group here because individuals in the long-term group are undergoing changes as the result of their
own informational intervention of the long-term feedback. Comparing the behaviors of groups at
this point in the study would highlight the differences in the intervention type rather than
highlighting specifically the within-group, within-subject effects of removing the real-time feedback,

which is the focus of the current analysis.

The results of the analysis provide support for Hypothesis H6.4 by demonstrating that individuals
decreased in the performance of their medication taking after the display was removed from the
homes of the individuals. Individuals were significantly less adherent, less prompt, less correct, more

late, and more varied in the time of day they took their medications.
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Hypothesis 6.4 predicts that individuals will decrease their medication adherence without the support
of real-time feedback. The analysis reveals a statistically significant decrease in medication adherence
when going from the DISPLAY (mean=98.2%, SE=1.0%) to the NO DISPLAY phase
(mean=95.2%, SE=1.0%) (F[1,29]=4.85, p=0.0355) (Figure 6-26). Even though the difference in
adherence rate was rather small (averaging 3% across the six participants in the real-time group), this
difference was nonetheless statistically significant. The statistical significance of this small change in
a relatively small sample size (n=6) suggests a very clear pattern of change once the display was
removed. Participant 102 provides a particularly apparent pattern of 100% adherence (missing zero
medications) with the display, but without the display missed taking his medications seven times in
the four weeks following the removal of the display. Individuals missed their medications more often

after the real-time display was removed.
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Figure 6-26. Medication adherence decreased by approximately 3% after the real-time display was
removed (p=0.0355).
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Hypothesis 6.4 predicts that individuals will be less prompt without the support of the real-time
feedback. Promptness is a binary measure for each medication-taking episode corresponding to
whether the medications were taken before or after the pre-defined late time for each individual. The
analysis reveals a significant decrease in medication promptness when going from the DISPLAY

(mean=89.9%, SE=3.9%) to the NO DISPLAY phase (mean=82.5%, SE=3.9%) (F[1,29]=8.23,
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p=0.0074). (Figure 6-27) Without the support of real-time feedback, individuals took their

medications before their pre-defined late time less often.

[ 100% —
T 90%-
L ]
8 80% —
E -
Q. 70% —
g 70% i
g 0% - - - -1
0°/o |
DISPLAY NO DISPLAY
Phase

Figure 6-27. Medication promptness decreased by 7.5% after the real-time display was removed
(p=0.0074).
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Hypothesis 6.4 predicts that individuals will be less correct in the medication-taking task without the
support of real-time feedback than with the real-time feedback. Correctness corresponds to whether
the individual has opened the pillbox door that corresponds to the current day of the week. The
analysis reveals a marginally significant decrease in correctness when going from the DISPLAY
(mean=99.6%, SE=1.0%) to the NO DISPLAY phase (mean=97.3%, SE=1.0%) (F[1,29]=3.53,
p=0.0704) (Figure 6-28). Without the support of real-time feedback individuals selected the wrong

door on the pillbox more often.
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Figure 6-28. Medication correctness decreased by 2% after the real-time display was removed

(p=0.0704).
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Hypothesis 6.4 predicts that individuals will deviate from the normal time they take their pills (that
is, increase in lateness) to a greater degree without the support of real-time feedback than with the
real-time feedback. In contrast to promptness, which is a binary measure of whether pills are taken
late or not late, the lateness measure quantifies the degree of difference from the normal time
medications are regularly taken. It is important for individuals to take their medications close to same
time every day so that the levels of medication in their body remain relatively stable. The analysis
reveals a significant increase in lateness when going from the DISPLAY (mean=61.7minutes,
SE=15.1) to the NO DISPLAY phase (mean=92.90 minutes, SE=15.1) (F[1,29]=35.09, p<0.0001)
(Figure 6-29). Without the support of real-time feedback, individuals deviated from the time they

said they should be taking their medications.
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Figure 6-29. Individuals deviated from the time they normally take their medications to a greater
degree after the real-time display was removed (p<0.0001).
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Hypothesis 6.4 predicts that individuals will vary more in the time of day they take their medications
without the support of real-time feedback than with the feedback. Similar to the lateness metric, the
variance in the time of day is a measure of the “sloppiness” in the medication-taking routine.
Individuals attempt to take their medications at roughly the same time every day to maintain a steady
level of medication in their system. The analysis reveals a significant increase in the variance of the

time of day for medication taking when going from the DISPLAY (mean=5.48minutes, SE=3.24) to
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Figure 6-30. The time of day individuals took their medications was more spread out after the real-
time display was removed (p=0.0438).

the NO DISPLAY phase (mean=10.78minutes, SE=3.24) (F[1,29]=4.44, p=0.0438) (Figure 6-30).

The times the medications are taken are more spread out after the real-time display is removed.
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Even though real-time feedback supported a higher level of performance in the medication-taking
task, the higher level of performance was not sustained after the real-time feedback was taken away.
Individuals in the real-time feedback group significantly decreased their medication adherence,
promptness, and lateness, and significantly increased in lateness and in the variance of the time of day
they took their medications. There was also a marginally significant decrease in correctness (choosing
the correct pillbox door to open) after the real-time feedback was removed. The results provide fairly
strong support for hypothesis H6.4 and show that the real-time display provides the immediate
feedback necessary for reinforcing and motivating individuals to perform their medication taking
well. Without the frequent, immediate feedback from the display, individuals did not see progress on
how well they were achieving the daily sub-goals of taking their medications well and were therefore
unable to see progress towards the longer-term goal of taking medications well over time. Without
the reaffirming feedback of the display, individuals were not as aware of their mistakes and likely
assumed they were performing rather well, despite the mistakes they made after the display was taken

away.
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The magnitude of the changes in these measures was small yet statistically significant. It is also
notable that individuals exhibited a very high level of performance with the display, in fact, the levels
were very close to perfect (100%) adherence, promptness, and correctness. The decreases in
performance from these very high levels to a level slightly less than perfect suggest that individuals
went from making zero (or very nearly zero) mistakes to a significantly higher positive number of
mistakes after the real-time display was removed. Even though statistically significant, it is not clear
(nor is it the focus of this particular analysis) whether the changes are significant from a personal or
clinical perspective. Perhaps it is not important whether individuals miss zero pills per month, two
pills per month, or seven pills per month. Based on qualitative feedback from the individuals
themselves, it was their goal to never miss taking their medications, and therefore skipping more
than one or two was a concern. As a result, they valued the support of the real-time display for

helping them sustain a near-perfect level performance.
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We examined the impact that reflecting on data in real-time and reflecting on long-term data has on

people’s behaviors, accuracy of self-awareness, and the subjective ratings of their abilities.

U;\;7 B#O#5:,)1&5IN#-H, . B#>##(+-./!

The display that provided real-time feedback helped individuals to be more adherent, more prompt,
and less late in their medication taking routine, as well as reduced the variance in the time of day the
medications were taken. The improvements in these behaviors occurred not only immediately after
the introduction of a real-time feedback display, but the improvements in adherence, promptness,
lateness, and variance in the time of day persisted at least 3 months after the display was introduced.
The real-time feedback provided individuals with the constant feedback loop that sustained the
improvements in behavior over time. Individuals could check to see if they were meeting their goals
on a daily basis and adjust their behaviors from one day to the next in order to meet their goals.

These results provide a strong confirmation for hypothesis Hé6.1a.
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Even though real-time feedback was effective at helping people improve their behaviors, real-time
feedback had little effect on making them more self-aware of the mistakes they made in their tasks.
For example, they still under- or overestimated the number missed pills by the same amount before
and after the introduction of the display. Thus, real-time feedback enables behavior change without
necessarily improving self-awareness of their abilities, or at least the type of retrospective self-
awareness that we asked about in our questionnaires. The real-time dashboard style display
encourages individuals to reflect “in the moment” and to use the immediate information to reinforce
proper behaviors. However, it does not necessarily encourage individuals to remember the data values
for future recall or comparisons. Thus, increases in the “in-the-moment” real-time awareness
provided by the real-time display may not be directly measurable by asking them, as we did in our
questionnaires, to recall the number of missed pills or incorrectly opened pillbox doors in the past
week. Based on these results, we did not find direct evidence for hypothesis H6.2a, which suggests
that even though real-time feedback increases task performance, it does not influence the accuracy of

the individual’s self-awareness.

The real-time feedback also had a small effect on people’s rating of their abilities to carry out tasks
important for independence, such as taking medications promptly. In the month following the
introduction of the real-time display, individuals in the real-time group changed their ratings more
than the long-term group, which was acting as a control for the real-time group during this time
period. Relative to the subsequent reassessment of abilities in the long-term group, the change in
rating of medication promptness was rather subtle, indicating that the real-time feedback had a more

subtle influence on the real-time group’s ratings of their abilities.

In summary, real-time feedback was effective at behavior change to improve task performance but it
achieved this rather subtly, without significantly impacting the individual’s self-awareness or the

individual’s subjective rating of their abilities.
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Reflecting on eight weeks of trended data helped individuals in the long-term group to be slightly
more prompt in their medication taking but had only very subtle effects on adherence, correctness,
lateness, and the variance of time taken. While none of these latter task performance attributes were
statistically significantly better than baseline, they all were higher immediately after the reflection
session than during the baseline and follow up phases. A “V-shaped” curve was found for the long-
term condition in the graphs where the immediate phase was usually higher or lower than both the
baseline and follow-up phases. This repeated pattern across different attributes suggests that
reflecting on long-term data may be result in subtle (yet temporary) improvements in behavior that
are not detected by statistics alone. This pattern, as well as the statistically significant improvement in

medication promptness, provides some support for hypothesis H6.1b.

The long-term data view, with each data point contextualized within its neighbors, can highlight
trends and make individuals aware of their own behaviors over an extended period of time. The data
is also shown all at once, so the full effect of the data could be observed after the reflection session.
Long-term feedback was effective at helping people be very accurate (to be almost without error) in
their self-awareness of how often they took pills late, but this accuracy did not persist beyond a
month, as the accuracy started to decrease over time without the support of continued reflection or
real-time feedback. These results support hypothesis H6.2a, suggesting that reflecting on long-term
data is effective at supporting a greater self-awareness of behavior, but the improvement in self-

awareness is temporary.

Individuals in the long-term group also changed their subjective ratings of their abilities to take their
medication promptly after reflecting on the long-term data. These results provide support for
hypothesis H6.3. Moreover, they changed their ratings to a much greater degree than did the real-
time group and they continued to adjust the ratings of their abilities months after the reflection
session, whereas the real-time group made smaller changes to their ratings and did not change them
much over time. This longer lasting pattern in the long-term group can be attributed to the “shock”

factor that they experienced when reflecting on their data. That initial re-adjustment of their self-
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rating caused them to re-evaluate themselves frequently in the future. This suggests that the long-
term reflection was more convincing and useful for people to re-assess their abilities and rate them

differently than before, but not as effective as real-time reflection for supporting behavior change.
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Ideally, a combination of both long-term and real-time feedback provides complementary forms of
support for individuals in setting and reaching behavioral goals. Based on the results of this study,
designers of personal sensing systems need to know when and how to use these two types of
feedback. A system should start with presenting long-term feedback in order to help individuals gain
an accurate awareness of their behaviors, to re-evaluate themselves, and be motivated to set
appropriate goals for behavior or attitude changes. To present long-term feedback, the system must
first collect the data in a way that does not intrude on the natural behaviors of the individual.
Unobtrusive sensing, combined with techniques such as visualizing non-critical behavioral
information (from another task, for example), can be used to provide direct value to the individual
during this initial sensing phase. After the individual has a chance to reflect on the long-term trends
in their behaviors, the system should provide real-time feedback to support the individual’s ability to
achieve and meet their goals and sub-goals. Periodically, individuals can reflect on their long-term
trends to see whether they have reached their overall long-term goals. If the goals have not been met,
then the system should continue to provide the real-time feedback important for supporting behavior

change.
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Even though this deployment and study was able to reveal some significant effects of different types
of reflection on self-awareness and behavior change, there are some limitations in the design of the
study. One limitation is that the sample size of twelve older adults is small and may not be
representative of the larger population. Recruitment of individuals proved to be rather difficult, due
to the depth of involvement of the study. Individuals initially perceived the study (and the

technology) to be designed for the frail or cognitively impaired and thus did not feel they “needed
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assistance” with their daily tasks. It is not surprising that technology, in the way it is currently used, is
typically seen as an assistive technology, rather than for monitoring and wellness. Despite the small
number of participants, we were able to monitor their behaviors for over 10 months and used within-

subjects analyses for greater statistical power.

Furthermore, individuals in the study were already were fairly adherent (averaging above 90%) to
their medication routine. The study involved a long-term deployment and close monitoring of their
medication adherence, as well as other tasks, and thus individuals likely only self-selected for the
study if they thought they had little to hide (that is, they were not embarrassed by their medication
adherence). The gains in medication adherence were statistically significant, but rather small in
magnitude (increasing from 93% to 98%). This study provides promising results that show feedback
can help those who are already fairly adherent to their medications. The individual in the real-time
group with the lowest baseline adherence rate was participant LO5, who started at 88% adherence,
and improved to 95% with the help of the real-time display. The individual in the long-term group
with the lowest baseline adherence rate was participant L12 who started at 74% and improved to
100% after reflecting on the long-term data. Further investigations are necessary to determine
whether the same increase in adherence would be found for individuals who were less adherent. Even
though there were statistical improvements in task performance for the sample in this study, this
work also does not investigate the clinical significance of these changes. Further studies that engage
clinicians with the data about these changes are necessary to determine whether these improvements
in adherence are important to consider in clinical decision-making. It should also be noted that the
way adherence is measured in this study (using sensors) has not been available in previous clinical
studies, and thus the adherence figures may be slightly different from the more typical measures of
adherence (based on self-reports, proxy-reports, and pharmacy records) which are known to have

certain biases or inaccuracies.

Even though the significant changes in medication adherence were small, there were significant
changes in other measures of medication taking, including the promptness of medication taking and

the variance in the time of day the medications were taken. Individuals in the study were much less
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prompt than they were adherent to taking their medications at baseline. With either real-time or
long-term feedback, individuals were able to take their medications more on time and at a more
consistent time of day. The increase in promptness was more dramatic, going from 75% to 91% on-
time for the real-time group. Moreover, the variance in the time of day the medications were taken
also reduced significantly. These results not only show that individuals were taking their medications
more often, but their routine for taking them became more consistent with the help of feedback.
Thus, feedback appears to help individuals create and reinforce more consistent routines for IADLs

like medication taking, which is important for maintaining their independence to age in place.

Self-awareness was measured by comparing self-reports of the previous week’s behaviors (missing
medications, late medications, etc.) with the behaviors recorded by the sensors for the past week. The
sensor data is assumed to be correct, which is due to the rigorous maintenance and data management
strategies employed in the study. The self-reports require the individual to rely on their memory of
their actions from the past week. As discussed previously, self-reports are often inaccurate due to
memory, limited attention, and personal biases. Perhaps a better measure of self-awareness of task
performance can be based on the individual’s memory of yesterday’s and/or today’s performance,
which is likely to be more reliable than memory of performance from the past week. Although there
is value in having an immediate awareness of one’s abilities, having a slightly larger window of
awareness (say over the past week) may provide individuals with a better basis for comparing their
current performance with their recent performance. Furthermore, prior measures of self-awareness
for medication taking have not had access to the objective sensor data as a point of comparison. Prior
measures of self-awareness of medication taking have focused on the semantic details of taking
medication with questions like “What meds are you currently taking?” and “What color is your blood
pressure pill?” rather than on actual medication taking behaviors, which is the type of self-awareness
enabled by sensors and is the focus in this study. Thus, even though the measures of self-awareness
used in this study may depend on the individual's memory abilities, the study nonetheless

demonstrates a new objective measure of self-awareness of actual medication taking behaviors.
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In summary, real-time feedback was effective at behavior change to improve task performance, but it
achieved this rather subtly, without impacting the individual’s self-awareness or the individual’s
subjective rating of their abilities. Individuals were likely to have been encouraged to perform better
because the immediate feedback provided them with progress reports on their sub-goals of taking
their medications every day. Long-term reflection, on the other hand, facilitated only a limited
amount of behavior change but instead the long-term data made the individuals more self-aware of
their habits and motivated them to re-evaluate themselves much more often. The less frequent
feedback did not give them frequent indications of progress on their sub-goals of taking their meds
everyday but did provide them with an opportunity to see how far their perceived behaviors differed

from their actual behaviors and thus become more accurate in their self-awareness.

162



Chapter 7: Automatic Assessment with Sensors

*9 &3-,:.1%))#)) 340, 1%:, AlG#0)&")!!
Assessment of functional abilities is a standard part of clinical care. Assessments are carried out by
either having individuals self-report their abilities, asking informants such as family members to
report on an individual’s abilities, or having professionally trained clinicians directly assess the
individual’s abilities. In the previous chapters, we have investigated how well individuals were able to
self-report their behaviors and found that their self-reports could not match the accuracy or precision
of the sensor data. By reflecting on objectively collected sensor data, individuals were able to readjust
their self-awareness of their behaviors and abilities and use the data to support their ability to carry

out tasks important for independence.

Having demonstrated the usefulness of embedded assessment data on individuals themselves, now we
investigate how embedded assessment can be useful for clinicians. We turn to the question of
whether sensing embedded in the home can collect the relevant data and automatically assess how
well individuals are carrying out their everyday tasks. One of the main qualities of embedded
assessment data that makes it useful for supporting an individual’s self-awareness is its objectivity.
Performance testing, where a trained clinician observes and rates how an individual carries out a
structured task, is currently the primary way of collecting objective data about an individual’s
functional abilities. Prior literature has compared performance testing with measures based on self-
reporting of functional abilities. While in some cases “subjective” self-reports and “objective”
performance testing align fairly well (Myers 1992), there are many more cases where there is only a
modest correlation between self-reports and performance testing, particularly in those cases where
individuals are affected by cognitive or psychological conditions (Reuben 1995; Hoeymans 1996).

Performance testing often requires specialized equipment and training to be administered, which
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makes it both time-intensive and costly (Sager et al., 1992). Embedded sensing technology in the
home that can monitor and assess the performance of everyday activities has the potential to reduce
the burden and costs of live performance testing, while maintaining its objectivity and even

increasing its precision and validity.

This chapter investigates how embedded assessment compares with performance testing along
dimensions beyond simply objectivity such as accuracy, precision, and representativeness. This
chapter addresses research question RQS5 and describes how automated assessment based on only

sensor data compares with assessments by a human clinician.

\:7 Q#'5&'3-0.#4#),:02!

Performance testing is most commonly used to provide objective clinical data about an individual’s
functional abilities in a number of situations, such as planning the discharge of hospital patients,
screening for conditions like cognitive impairment, tracking treatment efficacies such as
rehabilitation following a stroke, and detailed assessments of wellness. In performance testing, a
trained clinician observes and rates how well an individual carries out a structured task common in
everyday life that has well-structured steps that can be assessed relatively independent of each other.
Many tools for performance testing have been developed to allow clinicians to observe and assess how
an individual carries out a structured task with objective, repeatable, standardized metrics (for a
review, see Loewenstein & Mogosky, 1999). Performance testing was developed and is
recommended to complement self-reports of ability that have been found to be inaccurate or biased

due to low perceptions of physical competence or depressive symptoms (Wadley et al., 2003, Kempen

et al., 1996).

Common tasks in performance testing include telephone use, handling money, meal preparation,
dressing, medication management, eating, telling time, taking transportation, and grooming. Some
instruments such as the Direct Assessment of Functional Status (Lowenstein et al., 1989) and the
Cognitive Performance Test (Burns et al, 1994) are targeted for individuals with particular

conditions such as dementia. Other instruments have been developed to test the tasks and skills more
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commonly performed by healthy older adults, including the Everyday Problems Test (Willis 1996)
and Observed Tasks of Daily Living (Diehl, Willis, & Schaie, 1995). We selected the Performance
Assessment of Self-care Skills (PASS) (Holm & Rogers, 1999) as our benchmark performance-
testing tool because 1) its assessment is based on decomposing the overall task into atomic steps and
2) it provided templates for authoring new tasks (such as medication taking) not already included in
the standard battery. It should also be noted that the PASS was developed at the University of

Pittsburgh, a collaborator on this research.

The PASS was developed as a performance-based, criterion-referenced tool for occupational
therapists to assess how well individuals carry out activities important for independence. The PASS
consists of 26 tasks within four functional categories: functional mobility, personal self-care,
instrumental activities of daily living (IADLs) with a cognitive emphasis, and IADLs with a physical
emphasis. Some tasks require standard props (such as pill bottles and beads for the medication
management/sorting task), particularly when the PASS is administered in a clinic. The PASS can
also be administered in the individual’s home using the objects in their home as props. The therapist
first explains the instructions of the test to the individual and asks if the individual understands the
instructions. If the individual responds yes, then the therapist observes how the individual carries out
the task and notes any safety issues or errors. In the study discussed in this chapter, the occupational

therapist administered three PASS tasks: medication taking, phone use, and coffee making.

The medication-taking task (Appendix G) required individuals to demonstrate to the therapist how
they used their pillbox for taking medications and how they followed through with consuming their
pills. Some common errors included selecting the wrong pillbox (PM instead of AM) or opening a
door on the pillbox that does not match the current day of the week. The phone use task was an
updated version of the standard phone use task found in the standard PASS battery. The updated
phone use task (Appendix H) tested whether individuals could dial a pharmacy, navigate the store’s
phone menu to hear the opening and closing times, and then report this to the therapist. Some
common errors included misdialing the pharmacy number (even though it was written on a piece of

paper) or selecting incorrect phone menu choices. The coffee-making task (Appendix I) assessed how
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well an individual performed the different steps in making a pot of coffee using the coffeemaker.
Some of the steps assessed included measuring out the right amount of water, filling the reservoir,
scooping coffee grounds into the filter, and turning on the machine. Individuals generally did not

have problems performing this task during the PASS assessment.

The PASS is a criterion-based tool, not a normative tool. Individuals are assessed on their ability to
carry out a task and whether they are able to meet pre-defined criteria while completing the task,
rather than assessed relative to the normative ability of a particular population. PASS tasks are
decomposed into atomic steps that can each be rated on independence, safety, and adequacy.
Independence refers to how much assistance the individual needs to complete the step, with more
assistance equating to a lower independence score. The PASS structures the types of assistance the
therapist can provide, starting with 1) verbal supportive encouragement, to 2) verbal non-directive, to
3) verbal directive, and all the way to 9) total assist (where the therapist completely performs that
step for the individual). Each step is assigned an independence rating from 0 (total dependence) to 3
(completely independent) based on the amount and level of assistance provided during that task step.
To calculate the overall independence score of the entire task, the independence scores are averaged
across all the steps. Safety refers to whether the individual is taking risks to their personal safety while
completing the step. Each step is assigned a safety score from 0 (step stopped by therapist to prevent
personal injury) to 3 (completely safe practices). The aggregate safety score across all the steps is

computed as the minimum of the safety scores for each step.

Adequacy refers to how well the task is performed. Adequacy has two components: the quality of the
outcome of the task and the quality of the process of reaching that outcome. For example, in a
phone-use task, when individuals are navigating a pharmacy phone menu, the quality of the outcome
might be good (reached the menu that tells them the pharmacy opening and closing hours), but the
quality of the process might be poor, such as having difficulty remembering the menu options,
pressing multiple buttons at once, or having to repeat the options again and again. The overall
adequacy score for a task is quantified subjectively by the therapist who considers the frequency and

severity of the process and outcome issues encountered by the individual while performing the task.
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The therapist will consider which is lower, process or outcome, and assign an overall rating based on
the lower of the two. The overall adequacy score ranges from a 0 (outcome standards not met,
process so poor that it prevents the completion of the task) to a 3 (task performed relatively efficiently
and with outcome standards met). By identifying the steps in which the individual encounters
breakdowns in independence, safety, or task adequacy, the therapist can use the PASS data to know
exactly which steps require intervention and also know what type and amount of assistance is

necessary.

Performance testing, while providing objective data, requires a trained clinician to administer and can
be burdensome to the individual because assessments can be rather lengthy (Moore et al., 2007).
Clinicians are continually looking for ways to reduce the administration time (and thus cost) while
maintaining the fidelity and objectivity of an assessment. In developing new tools for performance
testing and evaluating existing tools (like the PASS which, for the sake of clarity, is a test that
measures performance, not a software tool), establishing predictive validity is an important criterion
for a meaningfully useful tool. Predictive validity requires that the scores and measures resulting from
a performance-based tool actually reflect the abilities or habits of the individual as they are in their
everyday lives. Currently tools for performance testing are compared with each other to establish a
certain level of agreement among the tools. Ideally, studies of tools would also involve extended
observations and assessments of the individual’s behavior in order to establish that the results of
performance testing are actually directly related to how individuals perform tasks in their lives. The
data collected by embedded sensors in the home that monitor everyday activities can be used in

comparisons to establish predictive validity.
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Performance testing by a trained clinician is analogous to how an embedded assessment system
monitors and assesses the performance of an activity. In performance testing conducted with a
clinician, each step of a structured task is first observed and then assessed, in terms of its outcome
and process, according to pre-established criteria. Similarly, sensors can be embedded in specific

places in home environments that correspond to critical steps of a task. A system using these sensors
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can first observe and recognize whether a step was started or completed and then assess how well that
step was performed based on metrics in the sensor data (for instance, recovered errors or task

completion time).

Even though the human clinician and automated system are both attempting to perform analogous
tasks, they are limited by the inputs they have available. A human clinician can have a broad view of
the task and notice details that might not typically fit within the schema of completing the task, but
the human clinician is limited by the frequency of her observations and the duration of her visit. In
contrast, a sensor-based system has a comparatively narrower view of the task, focusing on particular
steps and leaving out the steps that may be too difficult to sense. In the steps that the system does
monitor, it can record details with a high level of precision (such as task completion time).
Furthermore, automated sensor-based assessment is not limited to observations from a single visit
but can be used continuously for an extended period of time, particularly if it is designed to monitor

passively with a minimal amount of intrusion into the lives of the monitored individual.

To understand the relative benefits of automated sensor-based assessment versus traditional
performance testing (conducted manually by a trained clinician), we consider the following research

questions:

RQ6.1 Can automated sensor-based assessment rate people’s abilities as accurately as traditional

performance testing by a trained expert?

RQ6.2 Are behaviors recorded during traditional performance testing different than the actions
taken during the individual’s everyday performance? Can the reactivity of performance testing

be quantified?

RQ7 What aspects of task performance is sensor-based assessment better suited for? What aspects

of task performance is performance testing better suited for?

To address these research questions, both automated sensor-based assessments and traditional
performance testing were applied to twelve older adults in a longitudinal study with sensors in their

homes.
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During the same 11-month sensor deployment described in Chapter 6, a trained occupational
therapist administered performance testing (using the Performance Assessment of Self-Care Skills
tool, or "PASS") up to a total of three times for each of the twelve older adults participating in the
study. Each of these older adults received a suite of sensors appropriate for their routines to monitor
their medication taking, phone use, and coffee making. Individuals were told at the beginning of the
study that a trained occupational therapist would schedule a time to observe and test how they carried
out common activities at home. In each of three visits, the occupational therapist would assess three

different PASS tasks (medication taking, phone use, and coffee making).

The occupational therapist rated how each individual carried out their tasks in person and only
provided assistance when necessary as outlined by the rules of PASS. The occupational therapist,
contrary to standard practice, only assessed how the participant performed and refrained from fixing
any problems they observed by suggesting modifications to participant’s task routine. The
occupational therapist was also careful not to provide any feedback to participants about how well
they performed their task unless it was necessary for them to complete the task correctly. Thus, the
visits from the occupational therapist were not intended (nor were they in practice) to be
interventional visits, that is, with the goal to alter and improve the way the participants carry out
their tasks. The occupational therapist in this study is acting as an objective and non-interventional
rater, much in the same way as the sensors are passively monitoring, without providing explicit

feedback (except for the individuals who received the real-time feedback tablet display).

The occupational therapist visited each participant and administered the PASS three times, except
for participant .14 who withdrew from the study before the second round of PASS tests. The first
round of the PASS was administered in November 2011, which corresponded to either the 4%, 5%,
6™, or 7" month of the deployment, depending on when the participant was first enrolled in the
study. The second round of PASS was administered two months after the first, in January 2012, and

the third and final round of PASS testing was administered in late February and early March 2012.
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When administering the PASS at home, the ideal situation is to observe how individuals carry out
their daily tasks as they actually perform their tasks as part of their routine. For example, to assess
medication taking, the occupational therapist would ideally visit early in the morning when the
individual is actually taking their morning medications. However, scheduling visits can be difficult
(both in this study and in clinical practice) because therapists must visit many people in a single day
and cannot always schedule visits to coincide with the individual’s routines. In many cases during the
visits in this study, the occupational therapist visited the individual after the time the individual
would take her morning medications. In these situations, the therapist would ask the individual to
simulate taking her medications, usually with a prompt such as: “imagine that you just realized you
forgot to take your medications this morning, can you show me what you would do to take your
morning medications now?” The individual would walk the therapist through the task by
demonstrating what they would do, including opening the pillbox, getting a glass of water, and
swallowing the pills. Similarly, the coffee-making task was often simulated because the time of the
therapist’s visit did not coincide with the normal time the individual would be making coffee (for
example, right when they get up in the morning). Nonetheless, the individual would demonstrate all
the steps of making coffee, from filling the machine with water, putting a new filter in, scooping in
the coffee grounds, etc. In some cases, individuals refused to perform the coffee-making task because
they had just made a fresh pot prior to the therapist’s visit or did not want to make coffee at that time
of day. Thus in practice, even though performance testing can be conducted in the home
environment, it is limited in the frequency of assessment, and in many cases also limited to observing

simulated behaviors, rather than actual behaviors performed naturally by the individual.

During these assessments, in addition to the occupational therapist, the sensors deployed in the
participant’s apartment monitored the participant’s task performance. The occupational therapist
noted the start time for each task so the corresponding sensor episode could be identified for
comparison. The following sections describe how the sensor data was used for automatically

generating ratings of task performance and how these ratings compare with the ratings from the

PASS.
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Sensors embedded in the home environment can passively monitor how individuals actually carry out
their tasks, particularly if they are designed to be unobtrusive and are deployed over an extended
period that allows the novelty effect of monitoring to extinguish. Most prior research employing
sensors in the home focus on recognizing which activities an individual is performing rather than
assessing the quality of any particular activity. However, research conducted in relatively controlled
laboratory settings have looked at assessing the quality of specific tasks, such as hand-washing
(Mihailidis et al., 2003), coffee making (Hodges et al., 2010), and meal preparation (Cook &
Schmitter-Edgecombe, 2005). These approaches use rule-based criteria, such as requiring certain
steps and the correct sequencing of steps, to rate the quality of tasks. For a more detailed discussion
of these task-based assessments, please see Chapter 2. Another approach is to semi-automatically
learn these rules using machine learning and apply these rules to sensor data sequences in order to
determine the errors in task execution. For example, by representing sensor states over time using a
Hidden Markov Model, sequences of recognized actions can be recognized as a task. Furthermore,
there are efficient algorithms that can calculate the edit distance (the degree of error) from an
incorrect sequence to a correct sequence, assuming that a human expert has trained the system and
has labeled a subset of these sequences of recognized actions with a pass or fail rating (Wilson &
Philipose, 2005). In order to align best with the approach used in non-automated performance
testing and also to remove the requirement for a clinician to take the extra step of training the

system, the automatic error-detection approach used in this thesis uses pre-defined rules based on the

Performance Assessment of Self-Care Skills (PASS) tool.
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Using the sensor data we had available for each task, rules for automatically rating the quality of how
a task was performed (the task adequacy) were derived from the description of the steps for each
PASS task. The PASS task description included more steps than could be monitored using sensors,
and thus the rules for the sensor data were naturally based on only the steps that could be monitored

by the sensors. The system focuses on rating task adequacy instead of task safety or task
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independence because declines in task adequacy usually precede declines in safety or independence
(Holm & Rogers, 1999) and can therefore be earlier indicators of changes in abilities. The rules
implemented by the system and the results of the subsequent analysis provide a proof of concept for a
more generalizable system that can take in a set of rules and a set of sensor events and generate a

rating of how well the task was performed.
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The phone use task (Appendix H) is a prompted task where the therapist asks the individual to call a

drug store and find out what time its pharmacy closes. The therapist first provides a sheet of paper
with a list of pharmacies and phone numbers, and the individual has to perform the rest of the task
without assistance. The PASS breaks down the phone use task into seven distinct steps for
evaluation: 1) reading handout and selecting a pharmacy to dial, 2) locating the telephone, 3) dialing
the pharmacy number correctly, 4) holding the phone receiver correctly, 5) listening and navigating
the pharmacy’s phone menu by pressing the right sequence of numbers, 6) ending the call, and 7)
reporting the pharmacy closing hour to the therapist. The pharmacies listed on the handout were all
local Rite-Aid pharmacies with local telephone numbers and different closing times. Each pharmacy
had a similar phone menu system with nearly identical options but announced in different orders.
The phone menu consisted of six options, one of which, the number 6, was to hear the store hours.
Other notable options were the number 3 (to speak with someone in pharmacy) and the number 9
(to repeat the menu options). The optimal path through the phone menu was to press the number 6
to hear the phone hours and then hang up. After the individual pressed 6 from the menu, the
opening and closing times of the store were first read out and then the opening and closing times of
the pharmacy were read out. Individuals had to retain the initial instructions in their heads to make
sure they reported the correct time (closing time of the pharmacy) to the therapist. If the individual
did not report the correct time, the therapist repeated the instructions and asked the individual to try

again.

The phone sensor installed in the individual’s home can decode the DTMEF signal generated from

pressing buttons on the phone and can directly detect the two most complex steps in the phone use
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as outlined in the PASS: step 3 (dialing the number correctly to reach the drug store) and step 5
(navigating the phone menu choices). The sensor data can also indirectly detect step 7 (reporting the
correct pharmacy closing time to the therapist) by looking at the number of times the individual had
to redial to listen to the information again. However, the system cannot track the case when the
individual gives up and refuses to dial the pharmacy again. An adequacy rating is automatically
generated based on rules for each step (described in the subsequent paragraphs) ranging from 0
(inadequate performance) to 3 (perfect performance). The overall adequacy rating for the task is
calculated by taking the minimum of the ratings for each step. For example, if the adequacy ratings in
step 3 and step 5 are 2 and 3, respectively, the overall adequacy rating for the phone use task is

calculated as min(2,3)=2.

To detect whether the individual is dialing the drug store number correctly (step 3), the DTMF
tones are decoded into numbers and the sequence of numbers is compared with the numbers in the
list of drug stores. The highest rating of 3 is assigned if the number is dialed correctly on the first
attempt with no missing, additional, or misplaced digits. A rating of 2 is assigned if the first attempt
was incorrect and the individual had to hang up and make one other (successful) attempt. A rating of
1 is assigned if the individual needs two or more redials to reach the drugstore. A rating of 0 is

assigned if the individual could not dial the correct number and reach the drug store before giving up.

To detect whether the individual is navigating the phone menu correctly to reach the selection that
announces the store and pharmacy hours, the numbers dialed after the drugstore phone number are
analyzed. In all cases, the menu option number 6 was the correct option to select to hear the
pharmacy hours. The highest rating of 3 is assigned if the individual pressed the number 6 either
immediately after hearing the option or at the end of the menu choices. If the individual needed to
have the menu options or pharmacy hours repeated one extra time either by pressing ‘9 or “ or
having to redial (correctly) to hear the hours a second time, a rating of 2 would be assigned. A rating
of 2 would also be assigned if the navigation path through the phone menu was inefficient, for

example, choosing ‘1’ (refilling a prescription), then backing up by pressing ‘9, and then selecting the

correct choice of ‘6’ (to hear store hours). A rating of 2 was also assigned if the individual chose to
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speak with a live person to ask for the store hours by either selecting menu option ‘3’, ‘5’, or waiting
on the line until an employee answered the phone. A rating of 1 would be assigned if the individual
needed to make more than a total of two attempts at navigating the phone menu, either by hanging
up and starting anew or by pressing the menu option ‘9" or * to start over more than two times. The
lowest rating of 0 would be assigned if the individual could not navigate far enough into the menu to

hear the store hours.

To detect (indirectly) whether the individual was able to retain the task instructions during the final
steps of the task and report the correct closing time of the pharmacy to the therapist, the number of
calls that have successfully reached the point of hearing the announcement of the pharmacy hours can
be counted. Recall that if the individual successfully navigated the phone menu to hear the store and
pharmacy hours, but if they report the wrong time (for example, the store’s closing hour rather than
the pharmacy’s closing hour) then the therapist repeats the task instructions and asks them for the
pharmacy’s closing hour. If the individual is unable to recall that from the announcement, they are
asked to try again by initiating another attempt at calling the pharmacy. The system can identify the
first and repeated attempts by matching the pattern of a correctly dialed number followed by a
sequence of phone menu selections that would lead to the announcement of the pharmacy hours.
The highest rating of 3 would be assigned in the case that the individual used only one attempt to
find out pharmacy closing hour. A rating of 2 would be assigned if the individual had to make a
second call but remembered the pharmacy closing time before hearing the pharmacy hours
announcement for the second time, essentially a spontaneous recall of the information from their
subconscious memory, probably triggered by the act of dialing and navigating the phone menu. A
rating of 1 would be assigned if the individual needed to hear the announcement a second time
before reporting the correct pharmacy closing time. Normally a rating of 0 would be assigned if the
individual wanted to quit the task and decide not to want to dial any more. However, it is difficult to
disambiguate between the situations in which the individual decides to quit or just remembers the
information before reaching the announcement a second time. However, it is clear that if the

individual never reaches the hours announcement at all, then a rating of 0 would be assigned.
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In summary, the rules for assigning a rating to the phone use task focus on three of the seven steps
outlined in the PASS for phone use. The minimum rating across the three steps of dialing the correct
number to the drugstore, navigating the phone menu, and reporting the correct pharmacy hours to
the therapist (as measured by the number of attempts needed to retrieve this information) provides

the overall adequacy rating for the phone use task.
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In the medication-taking task (Appendix G), the individual retrieves their pills from the pillbox and
swallows them. In contrast to the phone use task, the medication-taking PASS task was designed to
be more observational, allowing the individual to carry out the task in her own way rather than
following a set of instructions. The PASS decomposed the medication-taking task into 8 steps for
evaluation: 1) locating pillbox, 2) opening the correct pillbox door, 3) removing pills from the pillbox,
4) handling pills between pillbox and consumption, 5) getting a beverage, 6) swallowing pills with
beverage, 7) resetting the pillbox doors (so that it reminds them that they have taken their pills), and

8) putting away the pillbox in a place consistent with their routine.

The sensor-augmented pillbox can monitor three of the steps in the medication-taking task: step 2
(opening the correct pillbox door), step 3 (removing the pills from the pillbox), and step 7 (resetting
the pillbox doors). Each of these steps was assigned an adequacy rating from 0 to 3. The overall
adequacy rating for the task is calculated by taking the minimum of the ratings for each step. The
dwellSense system also has the potential to monitor a proxy for step 5 (getting a beverage) using the
motion detector in the kitchen to detect whether the individual has entered the kitchen to get a
beverage. However, data from the motion sensors were excluded because the extra presence of the

therapist in the apartment might have generated erroneous motion signals.

To detect whether the individual has opened the correct pillbox door, data from the augmented
pillbox is analyzed to determine which open and close actions the individual has performed on the
pillbox doors. The individual has opened the correct pillbox door when she has opened the door for
the current day of the week. For example, if it Tuesday, then the individual should have opened the

Tuesday door on the pillbox. The highest rating of 3 is assigned if the individual selects the correct
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pillbox door on the first attempt. A rating of 2 is assigned if the individual selects the correct pillbox
door using more than one attempt. A rating of 1 is assigned if the individual opens one or more
pillbox doors but none of them are correct. A rating of 0 is assigned if the individual could not open

any of the pillbox doors.

To detect whether the individual has continued with the task and removed the pills from the pillbox,
data from the accelerometer in the augmented pillbox is analyzed for instances of inverting the
pillbox to pour out the pills. Tipping the pillbox on its side or upside down is a gesture commonly
performed by the older adults in our study to pour out their pills, particularly if the individual has
many pills in the same slot. However, two of our study participants L03 and L10 do not regularly
invert the pillbox to retrieve their pills because they each keep only one large pill in each slot and they
have the dexterity to reach in and grab that one large pill. Inspection of the data logs of another
participant, .11, reveals that she occasionally inverts the pillbox and occasionally does not invert the
pillbox. For these three participants, the automated assessment excludes the requirement of inverting
the pillbox because they are not expected under normal circumstances to invert the pillbox. For these
individuals, they automatically receive a rating of 3 for this step. For the remaining nine participants,
their task performance is assessed based on whether they invert the pillbox or not. A rating of 3 is
assigned if the individual inverts the pillbox (with any door open) and a rating of 2 is assigned if the
individual does not invert the pillbox. A rating of 0 or 1 would be assigned by a therapist during the
PASS if the individual had substantial difficulty taking out the pills from the pillbox or could not
retrieve the pills at all, but the automated system cannot detect this substantial level of difficulty so it

assigns a 2 as its lowest rating as a conservative estimate.

To detect whether the individual has concluded the medication-taking task correctly by leaving the
pillbox doors in a state that reminds them that they have taken their pills for that time of the day, the
data about which doors are opened or closed is analyzed for an acceptable pattern for each individual.
Different individuals used their pillboxes differently. Most individuals closed the pillbox door after
taking their pills. For this majority of individuals, a rating of 3 was assigned if they closed all the

pillbox doors. A rating of 2 was assigned if they did not close the door they just opened. A rating of 1
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was assigned if they left more than one door open. A rating of 0 was assigned if they left open any
future door (except tomorrow’s) that had pills in it (which is a hazard and improper cue). However,
two study participants, L02 and LO1, had slightly different habits. LO2 opened up the pillbox door
for the current day and left it open as a cue for tomorrow to open up the adjacent pillbox door. At the
end of the week, all the pillbox doors would be open and he would close them after refilling the
medications. 101 used just one pillbox for both her morning and evening pills, so she had the habit
of opening up the pillbox in the morning when she took her morning pills and leaving it open to
remind her that she has evening pills to take later. Once taking her evening pills (and inverting the
pillbox to get the pills), she leaves that same pillbox door open until the next morning so that she has
a visual reminder the next morning about whether she took her pills on the night before. She would
close yesterday’s pillbox door and open up the pillbox door for today and repeat the process. These
habits were first self-reported by the individuals when a researcher asked them at the beginning of
the study to walk through their pill-taking routine. These routines were also easily identified as a
repeated pattern in the data. The pill-taking analysis code accommodated these habits via a
parameter in a configuration file for these two study participants. For these individuals, a rating of 3
was assigned if they followed their normal pattern. A rating of 2 was assigned if they did not follow
their pattern. In practice when the PASS is administered by the therapist, it is rare for them to assign
a rating less than 2 because participants can usually rationalize why they might have deviated from

their normal way of resetting the pillbox or that resetting the pillbox is not that important.

Other aspects of the pillbox door selection and opening step such as the number of “extra” doors
opened before the individual selected the correct door could also be factored in the adequacy rating

for this step. However, the concept of extra doors was not part of the original PASS task.

In summary, the rules for assigning adequacy rating for the medication-taking task focus on three of
the eight steps outlined in the PASS. The minimum rating across the three steps of opening the
correct pillbox door, removing/inverting the pills from the slot, and resetting the pillbox doors back
to a state consistent with their routines provides the overall adequacy rating for the medication-

taking task.
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In the coffee-making task (Appendix I), the individual is asked to make a pot of coffee using the

coffeemaker provided during the sensor deployment. By the first administration of the PASS, they
have already grown accustomed to using this coffeemaker for the past four months. Similar to the
medication-taking task, the coffee-making task was designed to be observational, rather than
prescribing specific instructions for the individual to follow. The therapist prompted the individual to
make a pot of coffee with the coffeemaker and observed how they carried out the task, intervening
only when required by the PASS. The PASS coffee-making task included a total of 12 steps for
evaluation: 1) cleaning out the old coffee from the carafe, 2) measuring the water, 3) filling the water
reservoir on the coffeemaker, 4) removing the old filter and grounds from the machine, 5) placing a
new filter in the machine, 6) retrieving a can of coffee grounds from where it is kept, 7) measuring
out the coffee grounds, 8) scooping coffee grounds into the filter, 9) putting away the coffee grounds,
10) closing the filter door on the coffeemaker, 11) placing the carafe into the machine, and 12)

turning on the machine.

The sensor-augmented coffeemaker can sense six of the twelve steps in the coffee-making task, steps
2,3,9,10, 11, and 12. Step 2, measuring out the water, could be measured using the distance sensor
mounted on the water reservoir door, but this data about this step was excluded from the automatic
assessment because it was difficult for the therapist to know what was an unusual amount of water for
each individual, and thus all individuals were scored a 3 for this step in the PASS. Step 9, putting
away coffee grounds, could be detected using data from the cabinet sensor about whether the
individual opened and closed the cabinet that contained the coffee. However, these data were not
included in this analysis because some individuals were inconsistent in the storage of their coffee

grounds.

Each of the remaining four steps (pouring in the water, closing the filter door, replacing the carafe,
turning on the machine) was assessed individually to see whether the step was completed (in only one
attempt), repeated more than once, mis-ordered (turning on the machine had to be the last step, but

all other orders of the first three steps are acceptable), or missing (that is, either forgotten or not
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attempted). The overall adequacy score for the task was assigned a score based on how each step was
performed. A top rating of 3 for the overall adequacy of the task was assigned if all steps were
completed each in one attempt. A rating of 2 was assigned if there was at least one repeated or mis-

ordered step. A rating of 1 was assigned if any of the steps were missing.
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The sensor data corresponding to each episode of PASS were used to generate adequacy ratings
based on the rules for automatic assessment described above. To address research question RQ6.1,
the automatically generated ratings based on the sensor data were compared with expert ratings by an
occupational therapist using the PASS tool. For each task, two statistics, Cohen’s kappa (!) and
Spearman’s rank correlation coefficient (**) were calculated to reveal how closely the sensor-based
ratings and the PASS ratings aligned with each other. Cohen’s kappa (Cohen 1960) represents
agreement between two raters with categorical data and provides a conservative estimate of agreement
because both the ratings based on the sensors and on the PASS are actually ordinal in nature (with 3
being greater than 2, which is greater than 1, which is greater than 0). Spearman’s rank correlation
coefficient also represents agreement between two raters but takes into account the ordering of the

categories and thus provides a more powerful estimate of agreement between the sensor-based rating

and PASS-based rating.

In the follow sections, the results of the analysis of the agreement between the sensor-based rating
and PASS-based rating are each described for phone use, medication taking, and coffee making.
There was a fairly high level of agreement in the phone use task, indicating that the phone sensor,
even though it is limited in what it can sense, captured some of the most critical steps that determine
performance. However, there was much poorer agreement in the medication-taking and coffee-
making tasks due to the fact that individuals were performing simulations of the activity rather than

actually carrying them out.
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Ten of the twelve participants in the study had a phone sensor installed in their home to monitor
their phone use. However, in two cases, L07 and L.14, both chose to use their cell phone to perform
the phone use PASS task instead of their landline because they felt more comfortable using their cell
phone. Others also elected to use their cell phone to perform this task because they reported that
their landline was not working correctly at the moment. There were also other instances where the
phone sensor was not working correctly or the individual just refused to perform the task. At the end
of three attempts to administer the phone use PASS task to each study participant, a total of 19
episodes had sensor data available for analysis. For each of these 19 episodes, the corresponding
phone sensor data was calculated and the rules described in Section 7.4.1.1 were applied to calculate

an adequacy score for phone use.

The initial analysis of phone use will include the first six steps, leaving out the last step of reporting
the correct closing time of the pharmacy to the therapist. As discussed in Section 7.4.1.1, the phone
sensor can only indirectly detect this step. Nonetheless, the overall adequacy ratings for the phone use
PASS tasks were calculated based on the first six steps and the automatically generated sensor-based
ratings were calculated based on the two steps (dialing the number and navigating the phone menu).
The agreement between the 19 PASS ratings and sensor-based ratings was perfect with a Cohen’s
kappa value of 1=1.0 and Spearman’s correlation of "=1.0. This perfect agreement shows that the
variability in the overall adequacy scores for the phone use task (excluding the last step) in the sample
population can be captured by the two steps that sensors can easily monitor (dialing the phone and
navigating the phone menu). This shows that sensors can automatically detect at least two of the

three most important factors in the performance of the phone use task.

The PASS data shows that in 5 of the 19 instances of the phone use task, the individual had
difficulty in the last step, that is, reporting the correct closing time of the pharmacy (for example,
reporting the opening time of the pharmacy or the closing time of the store instead). With the last
step (#7) included in the analysis, the agreement between the 19 PASS ratings and sensor-based

ratings drops to a lower level, with a Cohen’s kappa value of !=0.677 (SE=0.1366). A closer
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examination of the agreement among the different values shows that good agreement in the
categories for ‘3’ rating (1=0.8831) and ‘1’ rating (!=1.0), but poorer agreement in the intermediate
category for a 2’ rating (1=0.5778). Using #=0.70 as a rule of thumb, we see the agreement as
calculated by the kappa value shows a somewhat substantial level of agreement, despite the fact that
the sensor-based score can only indirectly assess the quality of step 7. Furthermore, using a more
powerful calculation that takes into account the relative order of the ratings, Spearman’s correlation is
calculated to be ""=0.8144, which represents a fairly strong correlation (and thus agreement) between
the expert rating and sensor-based rating. Overall, the sensor-based approach generated ratings that

matched well with the ratings from performance testing by a trained therapist.
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The medication-taking PASS task was administered to each participant a total of three times, except
tor L14 who withdrew between the first and second visits. There was one instance when the
augmented pillbox was not functioning correctly (L05’s third PASS assessment) and so there was no
sensor data available for comparison. Of the remaining 33 instances of the medication-taking PASS
task, the corresponding sensor data was analyzed and adequacy ratings were calculated based on the
rules described in Section 7.4.1.2. The analysis shows that there was little agreement between the
sensor-based ratings and the PASS ratings, with a Cohen’s kappa of 1=-0.021. The correlation
between these two sets of ratings also reveals poor agreement, with Spearman’s correlation coefficient
of "=-0.0231. The negative sign on both the kappa and correlation coefficient indicate that the
observed agreement between the two ratings is actually lower than what is expected by chance. These
results indicate that sensors are not able to assess how well individuals are able to carry out their tasks

when demonstrating them in the presence of the therapist.

A closer examination of the PASS data and the sensor data reveal some interesting differences that
can explain the poor agreement between the sensor-based rating and the PASS rating. The sensor-
based assessment takes into account only three of the eight steps outlined in the medication-taking
task. Either the discrepancy lies in a misinterpretation of the three steps or in not taking into account

the other five steps that affect the overall adequacy score for the task. In fact, it is the former (a
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misinterpretation of one of the steps) that accounts for a significant difference between the sensor-

based and PASS ratings.

The discrepancy lies in whether the individual inverted the pillbox or not. In many cases during the
PASS, the individual did not invert the pillbox when they normally would. The automated
assessment appears to be classifying a number of instances rated as a "3" in the PASS as a "2" because
these instances were missing an inversion. However, in these instances, the human expert
administering the PASS did not mark the individuals off for not inverting their (empty) box but

merely observed and listened to individuals describe how they would access their pills.

For the eight participants that regularly invert their pillbox, we administered the PASS medication-
taking task a total of 21 times. It is expected that participants invert their pillbox in each of these 21
instances because that is how they normally would carry out the task. However, in 8 of these
instances, there were no inversions found in the sensor data during the PASS assessment. This
discrepancy can be explained by the fact that most of the PASS administrations were simulated
rather than purely observational. That is, participants were asked to perform the medication-taking
task outside of their normal routine. For example, individuals were asked to imagine they had not
taken their morning pills and to pretend to take their morning pills (even though they had already
taken their morning pills and the slot was already empty). If the pillbox was already empty of their
morning pills, then the individuals might not automatically invert the box to pour out the
"imaginary" pills in their simulation of their pill-taking routine. This discrepancy between their
actions during the PASS assessment and the actions they normally do (and the actions they actually
performed earlier that morning) illustrates some of the limitations of live expert assessments. A
prompted request to simulate a task does not always provide the individual with the physical
affordances typically present in the task (such as having pills in the pillbox) necessary to carry it out in
the same way as if they were actually performing it. Furthermore, when looking at the pill taking that
the individuals self-initiated (earlier or later in the day, when they were not simulating the task for
the therapist), in each of the 8 instances where they did not invert the pillbox in the presence of the

therapist, they actually inverted the pillbox to take their morning or evening pills as part of their
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normal routines. If the rules were changed to use whether or not they inverted the pillbox earlier or
later in the day as part of their normal routine, then the results provide a much stronger agreement
between the sensor-based rating and the PASS rating. In fact, the Cohen’s kappa value with the
revised rules would be 1=0.7100 (SE=0.1931) and the Spearman’s correlation coefficient would be a
strong "=0.7100. This discrepancy between the pill-taking actions the individuals performed during
the PASS and the actions they do regularly in their normal lives begins to reveal how different an
individual might behave during a visit from a therapist from when they are on their own, living their
everyday lives. Overall, the rating generated using the sensor-based approach for the medication-
taking task matches fairly well with the rating from performance testing, but steps skipped because
the individual was simulating the task can mislead the sensor-based approach into mis-categorizing

the rating.
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Across the six participants who used the augmented coffeemaker to make their coffee, the coffee-
making PASS task was administered a total of 17 times. There were two instances in which L09 had
just made a fresh pot of coffee prior to the therapist’s arrival, so she did not want to make another
pot. Another instance involved LO7 simply deciding she did not want to perform that task at the
moment. Thus, there were a total of 14 successfully administered PASS tasks. For each of these 14
coffee-making instances, the corresponding sensor data from the coffee maker were analyzed and a
rating was calculated automatically according to the rules described in 7.4.1.3. Similar to the results
found in the analysis of medication taking, there was little agreement between the PASS rating and

sensor-based rating, with Cohen’s kappa of 1=0.1327 and a Spearman’s correlation coefficient of

"=0.0542.

The low agreement points to either a misinterpretation of the existing steps that the sensors are able
to monitor or a lack of accounting for the other coffee making steps that the sensors cannot monitor
(such as how well the coffee grounds are scooped or cleaning out the old coffee from the pot). A
closer look at the data shows that it is a combination of both the former and latter. In two instances

when participant LO5 was simulating the coffee-making task, she did not complete the task by
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pressing the power button to start the brewing process. Instead she explained to the therapist what
she would press to start and the therapist found that to be acceptable. The sensor data reveals she did
not press the button, but the PASS data says she did (or at least explained what she would do).
Another example of a misinterpretation of the data occurred when participant L06 actually had to
open and close the water reservoir door a few times (instead of just once) during the task. The rule-
based system marked this as a repeated water-filling step and correspondingly assigned a rating of 2
to the overall task. However, the therapist either did not notice this repetition or deemed it to be an

acceptable repetition, and assigned an overall rating of 3.

Other instances of misclassification also reveal factors that affect task adequacy in the steps of making
coffee that the sensors cannot monitor. The therapist noticed issues such as difficulty placing the
filter into the machine, sloppiness when scooping out the coffee grounds, or difficulty measuring out
water when filling it from the faucet. These factors were unaccounted for in the sensor-based ratings,
yielding a discrepancy between the sensor-based ratings and the PASS ratings. The analysis of the
discrepancies between the sensor-based ratings and the PASS ratings show that 1) simulated tasks
prompted by a therapist sometimes does not reflect what people actually do when they carry out the
task in their everyday lives and 2) the sensing-based approach is limited in the factors it can monitor
(but are actually easily noticed by a trained human observer) and this affects how well it can classify

coffee-making performance.
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Addressing research question RQ6.1, the analyses of the agreement between the sensor-based ratings
and the PASS ratings for the phone use, medication taking, and coffee making tasks provide
evidence that the sensor-based approach captures many of the critical factors for evaluating task
performance. In the phone use task, the sensors only consider two of the seven steps in the task and
yet the ratings generated based solely on the sensor data can match the PASS ratings fairly well.

Likewise, the medication-taking task considers only three of the eight steps in the task and yet there

184



Chapter 7: Automatic Assessment with Sensors

is still a fairly substantial amount of agreement and a strong correlation between the sensor-based

ratings and the PASS ratings.

The analysis of the medication-taking and coffee-making tasks reveals that there are significant
differences in how an automated system and a human expert would assess how an individual takes
their medications and make coffee. Individuals tended to act differently in the presence of an
observer, in a way that they might not normally behave on their own. Thus, in situations where the
individual is asked to simulate a task in the presence of a human evaluator, the human evaluator is
better at assessing the quality of the simulated task. This is because during a simulation, certain
shortcuts are taken subconsciously, such as not inverting the pillbox or turning on the machine when
making coffee, and the human evaluator can reasonably assume that the individual is able to perform
that step. However, the sensor-based assessments see these shortcuts as missing steps and, knowing
no better, assign a lower rating. In the medication-taking task, individuals who normally inverted
their pillbox to retrieve their pills often did not invert the pillbox when demonstrating to the
therapist how they took their morning pills. Likewise, in the coffee-making task, individuals might
not actually press the button to start the machine when they are simulating how they make coffee in

front of the therapist.

The coffee-making task illustrates not only how performance during a test might differ from actual
routine behaviors but also how other factors that sensors cannot detect, such as how well the coffee
grounds are scooped or how well the individual is able to measure out the water from the faucet, can
be noticed by a human evaluator and factored into the overall task adequacy score. Thus, to get a
complete picture of functioning, human evaluators still must play an important role in assessing
aspects of the task that technology is (currently) unable to monitor well. Nonetheless, automated
rule-based assessment derived from an individual's typical patterns when performing the task alone is
more accurate at assessing instances when the individual is alone. This analysis provided concrete
examples of how people behave differently when being assessed and when they performing the same
tasks on their own. In the next section, we quantify the differences between how individuals perform

tasks in the presence of a human evaluator and how they perform tasks on their own.
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The goal of performance testing is to understand how individuals carry out the tasks important for
independence. One of the drawbacks of performance testing is that it is performed infrequently and
thus, might not be able to accurately capture how individuals carry out their tasks in their everyday
lives. On the particular day of testing, the individual might unconsciously change how they carry out
the task. The individual may feel additional pressure to perform better (or worse) when tested by a
human evaluator than when alone. In other words, there may be a testing effect. In psychometrics,
the term reactivity is used to describe the testing effect because the individual being tested reacts to
the test itself and changes her performance (Portney & Watkins, 2008). The concern of a testing
effect in performance testing for everyday functioning has been raised by researchers who develop
new performance-based assessment techniques (Kapust & Weintraub 1988; Matheson et al., 2002),
but the reactivity of performance testing has not yet been actually measured. It was not previously
possible to monitor objectively how individuals typically behaved in the absence of a human observer.
Comparisons of performance testing with self-reports (such as Myers et al., 1993) show differences

but do not address the possibility of a testing effect for performance testing.

Moreover, the analysis of the results from the automatic assessment suggest that the human evaluator
is often limited to evaluating only simulated, prompted tasks, rather than observing how people carry
out the tasks as they would in their normal routine. While simulating a task, the same affordances
(such as the presence of pills in the pillbox or the physical weight of water when making coffee) as
when the task is actually performed might not be present to guide the individual. The trend for
performance testing is to assess individuals in their own context, such as their home, with the goal of
collecting more ecologically valid data about task performance. However, the infrequency of
assessments and common use of simulated tasks are still a threat to ecological validity. Thus, a
natural question that follows is research question RQ6.2, about whether the actions people take
during a visit from a human evaluator for performance testing differ from the actions individuals

would normally perform while alone.
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In this section, we quantify the testing effect of performance testing by using sensor data to compare
the actions individuals took during a visit from an occupational therapist with the actions taken while
alone. We consider the medication-taking and the coffee-making tasks because these tasks did not
require the individual to follow specific instructions during performance testing. Instead individuals
were told to carry out the tasks or demonstrate how they would normally carry them out. In contrast,
the phone use task was a somewhat contrived task, where the individual had to follow directions to
call a pharmacy and ask for its closing time. Thus, the phone use task was not a replication of a task
that individuals performed regularly and does not lend itself to direct comparisons between how it
was performed during performance testing and when the individual is alone. The following sections
detail the differences in how the medication-taking and coffee-making tasks are performed when

being tested and when alone, followed by a summary of these differences.
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During performance testing, individuals demonstrated how they took their pills so the occupational
therapist could observe and assess how well they were able to take their medications using the pillbox.
In only 2 of the 34 times that the occupational therapist assessed the medication-taking task did the
individual actually take her pills instead of just simulating the task by walking and talking through
the steps with the therapist. In this section, we investigate whether these 34 instances observed by the
therapist are representative of the instances of medication taking when the individual is alone. We
consider differences along three metrics of the medication-taking task: task duration, the number of
extra doors opened, and whether the pillbox was inverted or not. Task duration gives an indication of
effort or attention paid to the task. The number of extra doors opened shows how inefficiently the
task is performed. Whether the pillbox was inverted or not is important for showing that individuals
actually carry through with taking their pills instead of just opening the box. The results show that
the pill-taking behaviors of (not) inverting the pillbox and taking additional time to carry out the task
that were observed during performance testing with a human evaluator actually are statistically

different than what individuals normally did on their own.
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Task duration of the medication-taking task is a measure of how long it takes an individual to take
her pills. By looking at the timestamps in the pillbox sensor data, the task duration is calculated as
the number of seconds between picking up the pillbox (to initiate the pill taking task) to setting it
down (to end the pill taking task) and not moving the pillbox again for at least five minutes. When
the accelerometer in the pillbox detects a change in acceleration in any direction (that is, any sort of
movement), the pillbox wakes up the wireless radio and begins to transmit the accelerometer and
door state data to the laptop, where the events are promptly timestamped. The timestamp of the first
accelerometer event serves as the starting point of an instance of pill taking. The time for the action
of setting down the pillbox to end an instance of pill taking is found by looking for the accelerometer
event that precedes a series of steady-state accelerometer values that reflect no vertical (z-axis)
movement. Task duration can be interpreted as the amount of effort the individual is devoting to the

task, with greater time indicating greater effort or attention.

In this analysis, the natural logarithm is used to transform the number of seconds to minimize the
correlation between the mean and the variance of the data and also to transform the data to align
more closely with the normal distribution. A mixed-effect ANOVA model was used to find
differences in task duration between the contexts of whether the instance was performed while being
tested by a human evaluator during a PASS assessment or while alone as part the individual’s normal
routine. In this model, the participants were treated as a random factor and the context of the pill-
taking instance (TEST or ROUTINE) as a two-level factor. The results show that the task duration
for pill taking when being evaluated by the therapist (mean=3.60 [70.7 seconds on non-log scale],
SE=0.31) was significantly higher than the duration when individuals performed the same task alone
(mean=2.80 [58.4 seconds on a non-log scale], SE=0.25) (F[1,4822]=19.22, p<0.001). On the days
when the therapist visited to observe their medication taking, individuals took on average 12 seconds
(or 21%) longer than they normally took when performing the same task on other days without the
therapist present. The mere effect of being tested seems to have resulted in individuals taking longer

and being more careful when taking their pills. The difference in task duration suggests that
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individuals are paying closer attention to what they are doing and exerting greater effort to make sure

they do it correctly in the presence of the therapist.
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The number of extra doors opened is a metric that counts the number of pillbox doors opened in
addition to the correct door (the door that matches the current day of the week). For example, if it is
Thursday and the individual opens (and optionally closes) the Monday and Tuesday doors on the
pillbox before opening the Thursday door, the number of extra doors is equal to two. If the individual
does not open the correct door at all, then number of extra doors is not considered in the analysis.
Instances when the individual is refilling the pillbox, which is identified by the opening of at least
five doors on the pillbox, are also excluded from this analysis. The number of extra doors opened can
indicate how confused or unsure the individual is when selecting the correct pillbox door to open,
and thus is a measure of inefficiency in the pill-taking task. An optimal pill-taking instance would

have zero extra doors opened.

The number of extra doors opened for each pill-taking instance was calculated and associated with a
context, that is whether it was the pill taking was performed for the PASS under the observation of a
therapist or performed alone in their normal routine. The majority of the data points for the number
of extra doors opened was zero, indicating that individuals often chose the correct pillbox door
without having to open any others before or after. Thus the variance in the data when individuals
took their medications on their own was fairly low. Instead of treating each instance as a separate
data point and using a mixed model ANOVA for analysis, the rates of extra doors opened were
calculated in the context when the individual was performing the task for the PASS, and when the
individual was performing the task alone in their normal routine. The rates were calculated by
summing up the number of extra doors opened and dividing it by the number of pill-taking
instances. For example, L01 averaged 15 extra open doors per 100 pill-taking instances when taking
pills on her own and 0 extra doors per 100 pill-taking instances when being assessed by a therapist.
These two rates were calculated for each of the 12 study participants. A paired t-test was used to

compare the mean rates across the two contexts while controlling for individual differences. The
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mean number of extra doors opened was 9.2 doors per 100 instances in the ROUTINE context and
8.3 doors per 100 instances in the TEST context. The results show that there was not a significant
difference between the rates in the two contexts (TEST vs. ROUTINE) t[11]=-0.2029, p=0.841.
Given that the sample size in the PASS context was limited to at most three, it is not surprising to
expect that there needs to be a much larger difference between the means to reach statistical
significance. Nonetheless, it is interesting to note in the results that individuals tended to open more
extra doors (which means they are being more “inefficient”) when they are alone than when they are
being tested. Another interesting finding in the data was that 9 of the 12 individuals did not open
any extra doors at all (and can be considered very efficient) when being tested, but when taking their
medications on their own, they open extra doors at a non-trivial rate, averaging 8.5 doors per 100
pill-taking instances with a standard deviation of 4.9 doors. The remaining 3 of the 12 participants
who did open an extra door when being evaluated each opened an extra door only once across the
three times they were evaluated, and because there were only three PASS instances, the statistical
rate of extra doors opened for them was extrapolated to 33 per 100 pill-taking instances. The small
sample size for the TEST context was likely the main factor for a lack of statistical significance for
this metric. Nonetheless, the relative rates across the TEST and ROUTINE context still are useful
for understanding whether merely being evaluated by a human evaluator affects how efficiently a task
is carried out. In this case, even though the results are not statistically significant, the difference in
the means suggests that individuals tend to be more inefficient (opening more extra doors) when

taking their medications on their own than when being tested.
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Some individuals turn the pillbox upside down when taking their pills to pour out the pills into their
hands. Others, who keep only one large pill in the box, keep the box stationary on a surface and use
their fingers to grab the pill rather than inverting the pillbox. For those individuals who routinely
invert their pillbox, knowing that they invert their pillbox can indicate they are following through
with the pill-taking task safely and not just gaming the sensor. Inversion is generally a fairly stable

trait in the pill-taking routine. That is, individuals who invert the pillbox tend to always invert the
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pillbox, close to 90% of the time. Those who do not invert the pillbox do so very rarely at around 4%
of the time. Therefore, if there were no testing effect as a result of performance testing with a human
evaluator, then it would be expected that the rate of inversion would be roughly the same when the
individual is being tested as when the individual is performing the task alone. To identify whether
the data supports this expectation, the inversion rates for each individual was calculated by summing
the number of times the pillbox was inverted and dividing the sum by the number of pill-taking
instances in each context: TEST (when being tested by the therapist) and ROUTINE (when the
individual is taking her pills on her own). The analysis approach is similar to the analysis for the rate
of extra doors opened. A paired t-test was used to identify whether any differences existed in how
often the pillboxes were inverted between the TEST and ROUTINE contexts, while controlling for
individual differences. The results reveal that the inversion rate in the ROUTINE contexts (mean of
76 inversions per 100 pill-taking instances) was significantly higher than in the TEST context (mean
of 44 inversion per 100 pill-taking instances) t[8]=-2.858, p=0.0212. These results quantify how
individuals inverted the pillbox much less when being tested than what they would normally do when
taking their pills on their own. As discussed in Section 7.5.2, individuals simulated the pill-taking
task during the PASS assessment and may not have inverted the pillbox when demonstrating how

they took the pills they already consumed earlier in the day.
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Individuals were asked to make coffee using the coffeemaker in the PASS test so the therapist could
observe and assess how well they performed this multi-step task. Six of the twelve individuals made
coffee using the instrumented coffeemaker on regular basis (at least 3 times a week). An occupational
therapist administered the PASS coffee making three times for each individual at different times. On
four of these visits, the individuals refused to perform this task because they just made a fresh pot of
coffee or did not feel like performing this task, leaving a total of 14 instances of coffee making logged
by the instrumented coffeemaker while the individuals were assessed by the therapist. In this section,
we investigate whether these 14 coffee-making episodes differ from the how individuals make coffee

on their own as part of their routines.
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We consider three metrics of the coffee-making task that should remain the same if there is no
testing effect: the number of missing steps, the task duration, and the amount of coffee. The number
of missing steps can be considered a measure of forgetfulness when performing the task. The task
duration can indicate the level of mental alertness, especially because coffee is usually made early in
the morning. The amount of coffee made does not serve as a measure of abilities per se, but it is a
feature of the task that should remain fairly stable because most individuals, who all live alone, make
roughly the same amount of coffee every time. The results of the analysis show that there were some
differences between how they made coffee when being tested and when they are alone. Individuals
missed significantly fewer steps, that is, made fewer errors, when being evaluated in person by the
therapist. Task duration was also found to be different, though not statistically significant. The
results still suggest a trend that individuals were more alert and faster when performing the task while
being tested than when performing the task on their own. The amount of coffee brewed was found to

be similar between the times individuals were being evaluated and when they made their coffee alone.
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A step is classified as a missing step in the coffee-making task if the individual did not complete a
step before turning on the machine. For example, they may have forgotten to put water in the
machine, turn the machine on and realize only after the machine beeps to warn the user that there is
no water in the reservoir. Another common missing step is to forget to put the carafe back into the
machine before turning the machine on. The number of missing steps is an indicator for

forgetfulness. A perfectly executed instance of coffee making would have no missing steps.

The number of missing steps was calculated for each instance of coffee making. The number of
missing steps can range from 0 to 3, though most commonly the number of missing steps in any
given coffee making instance is 0 or next most commonly, 1. Instead of treating each instance as a
separate data point, the rates of missing steps was calculated in under two contexts: 1) when the
individual was performing the task while being TESTed by the therapist and 2) when the individual
was performing the task alone in their normal ROUTINE. The rates were calculated by summing up

the number of missing steps and dividing it by the number of coffee-making instances. For example,
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L01 averaged 4.5 missing steps per 100 coffee-making instances when making coffee on her own,
and 0 missing steps per 100 coffee-making instances when being assessed by a therapist. These two
rates were calculated for each of the 6 study participants who used the instrumented coffeemaker. A
paired t-test was used to compare the mean rates across the two contexts and to control for individual
differences. The mean number of missing steps of 8.9 missing steps per 100 instances in the
ROUTINE context was significantly higher than the mean of 0.0 missing steps per 100 instances in
the TEST context. The results show that there was a significant difference between the rates in the
two contexts (TEST vs. ROUTINE) t[5]=-3.883, p=0.0116. Individuals made far fewer mistakes
when making coffee when being evaluated (in fact they made NO mistakes at all) than when they are
making coffee on their own. The testing effect seems to result in participants performing better

(making fewer mistakes) than they normally would on their own.
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Task duration is a measure of how quickly the individual starts and completes the steps in making a
pot of coffee. Coffee making, unlike other tasks, is one of the first tasks performed at the beginning
of the day right after the individual wakes up. Medications are also taken early in the morning, but
taken with breakfast (after the coffee is made). How long it takes an individual to make coffee is an
indicator of the efficiency of their coffee-making process, as well as an indicator for the alertness of
the individual. Task duration is calculated as the number of seconds between the timestamp of the
first action (for example, opening the filter door or taking the carafe out) and the last action, which is

typically pressing the power button to start the brewing process.

The task duration was calculated for each coffee-making instance. A mixed-effect ANOVA model
was used to find differences in task duration between the contexts of whether the instance was
performed when being tested by a human evaluator during a PASS assessment or while alone as part
the individual’s normal routine. In this model, the participants were treated as a random factor and
the context of the coffee-making instance (TEST or ROUTINE) as a two-level factor. The results
show that the task duration for coffee making when being evaluated by the therapist (mean=119.2

seconds, SE=32.9) was lower than the duration when individuals performed the same task alone
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(mean=146.7 seconds, SE=20.4). The differences in the means are not statistically significant
(F[1,926]=1.46, p=0.226), though the differences between the means suggest that on the days when
the therapist visited to observe their coffee making, individuals took on average 27 seconds (or 18%)
less than they normally took when performing the same task on days when the therapist was not
present. Individuals appeared to have been more alert and more efficient when making coffee while
the therapist was observing. A higher level of alertness is most likely due to the fact that the therapist
visited either in the late morning or afternoon, typically after the individual had already had their
morning cup of coffee. Individuals are likely slower when performing the task on their own because
they normally perform the task right after getting up, before they have had breakfast or have taken
their medications. In contrast the medication-taking task where individuals slowed down when being
tested, individuals sped up their coffee making because they were more alert. The difference in the
level of alertness does not apply as much to the medication-taking task in which they slowed down to
be more careful. These results show that individuals tend to perform the coffee-making task more

efficiently when being observed by a human evaluator.
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Individuals in the study typically made coffee for themselves because they lived alone and would
therefore make roughly the same amount of coffee every time. The amount of coffee they made can
be measured by how long the machine needs to run to brew the coffee. The brew time is linearly
related to the amount (cups) of coffee made. The brew time is measured by looking at the pattern of

electrical current used by the machine.

The brew time was calculated for each instance of coffee making. A mixed-effect ANOVA model
was used to find differences in brew time between the contexts of whether the instance was
performed while being tested by a human evaluator during a PASS assessment or when alone as part
the individual’s normal routine. In this model, the participants were treated as a random factor and
the context of the coffee-making instance (TEST or ROUTINE) as a two-level factor. The results
show that the brew time for coffee making when being evaluated by the therapist (mean=295.9

seconds, SE=46.45) was slightly higher than the duration when individuals performed the same task
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alone (mean=271.7 seconds, SE=42.07). The small difference in the means is not statistically
significant F[1,929]=1.46, p=0.227. It is also unlikely, given the fairly large value of the standard
errors for the means in the TEST and ROUTINE contexts, that a larger TEST sample would
increase the level of significance. Thus, the results suggest that individuals tend to make the same
amount of coffee when being tested by a human evaluator as when they make it on their own.
Individuals likely are relying almost entirely on their routines to determine the amount of coffee they
make, and thus the amount of coffee made seems to be fairly stable trait of coffee making across both
contexts. There is little to be gained by changing the amount of coffee made, but in fact, changing
the amount of coffee requires two changes in their routine (a different amount of water and a
different amount of coffee grounds) which may require additional attention that the individual would
rather devote to performing the task correctly. Performance testing seems to be able to capture the
typical amount of coffee being made, which shows that some aspects of the task are representative of

the individual’s typical actions.
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Performance testing to assess how individuals carry out IADLs is limited by the frequency of visits.
Like many traditional forms of administered testing, there is also the potential for the test itself to
affect how individuals behave. Given that one of the main potential benefits of in-home performance
testing is to be able to measure how people function and behave in their own environments, it is
important to address research question RQ6.2 and quantify any differences that might exist between
the observed behaviors during testing and the typical behaviors found in an individual’s everyday life.
Table 7-1 summarizes the results of differences between tasks performed when being tested in their

homes by an occupational therapist and performed while alone.

The results show that individuals took significantly more time when taking their medications and
also inverted the pillbox significantly less when being tested. Individuals also were, on average, more
efficient and opened fewer extra pillbox doors when being observed. For the coffee-making task,
individuals did not leave out any steps when making coffee while being tested but typically left out a

small, but non-trivial, average number of steps when making coffee alone. Individuals were faster and
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more alert when making coffee when being observed due to the fact that coffee making typically
happens early in the morning when the individual is not as alert and may be less efficient. However,
the amounts of coffee they made when being watched and when alone were about the same because
it is easy to follow the same routine and use a routine amount of water and coffee grounds. Across
both the medication and coffee tasks, there were significant differences in how the task was carried
out when the individual was being tested. These results highlight how performance testing by a
human evaluator in the home, even though considered to be more accurate and more ecologically
valid than other reporting techniques such as self-report and performance testing in the clinic,
unavoidably impose a testing effect that changes the way individuals carry out tasks when being
watched. In contrast, the sensor-based assessments are not limited to only observing behaviors during
isolated visits but can unobtrusively observe how the individual naturally behaves in their own home

while not performing for a test.

Performance . . .
Task Task Feature with human S_tatl_s_tlcally Rationale for dlfferen_t
significant? | performance when being tested
observer
Task duration ngher than Yes Being more care‘ful when human
typical observer is watching
Medi- Number of extra Lower than Being more efﬁc1‘ent when human
. pillbox doors . No observer is watching
cation opened typical
taking P
How often Did not perform all steps of the
] Lower than i . . .
pillbox was . Yes task when simulating pill taking
. typical
inverted
Number of Lower than % Being more careful when human
missing steps typical ° observer is watching
Typically perform task early in the
Coffee Task duration Lox‘zver than No morning when alertness is low,
. typical and testing happens later in the
making
day when they are more alert
Amount of ‘ Making the t?fplcal amO}lnt (?f
No difference | n/a coffee according to routines is
coffee i
easiest sequence to follow.

Table 7-1. Summary of how individuals performed the medication-taking and coffee-making tasks
differently when being tested and while alone.

196




Chapter 7: Automatic Assessment with Sensors

\;\ 6&3C-":02!,A#G, #02,A)I&5IGH#0)& H+-)#(1*))#)) 3#0,!-0(!
Q#'5&' 3-0.#14#),:02!

To address research question RQ7, this section discusses the relative strengths of sensor-based
assessment and performance testing. Automatic sensor-based assessment and traditional performance
testing conducted by an occupational therapist have overlapping, as well as complementary,

strengths.
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Automatic sensor-based assessments were found to capture many of the steps in a task that
contribute to most of the variance in the how tasks are performed. For example, in the medication-
taking task, sensors were able to capture three of the most important steps—whether the correct door
was opened, whether the pillbox was inverted, and whether the pillbox doors were reset. Likewise,
the simple circuit plugged into the phone line could detect two of the three most important steps in
the phone use task—whether the number was dialed correctly and how efficiently individuals
navigated the store’s phone menu. As discussed in Section 7.5.4, monitoring only this limited
number of steps, automated sensor-based ratings still corresponded fairly well with the ratings from

the human evaluator.
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By contrast, in some tasks that involve more objects and interactions, a sensor-based approach is
limited in the scope of its observations and can still be misled by unaccounted steps. Where the
sensors captured most, if not all, of the critical steps in the phone use and medication-taking tasks,
the instrumented coffeemaker in the coffee-making task was more limited in its ability to sense some
of the steps that impact the overall task adequacy rating. For example, in the coffee-making task, the
occupational therapist can observe if the individual spills coffee grounds when scooping them into
the coffeemaker or how easily the individual aligns the paper filter into the machine. Assessing
whether steps like putting in coffee or a filter is easy, but assessing the quality of the process of these
steps is difficult. In 3 of the 14 instances of coffee making observed, the therapist noticed that the

individual was messy with scooping the coffee grounds into filter and subsequently reduced the
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adequacy rating for that instance. The sensor-based approach can only sense if the individual has put
water in the machine or opened/closed the filter drawer and cannot take into account the quality of
the coffee grounds scooping and water filling steps. Performance testing with a human evaluator also
can detect subtle and infrequent safety issues that a sensor-based system may not be able to detect.
For instance, the therapist noticed that one individual (LL11) dropped her pills on the ground when
she inverted the pillbox. In another instance, the therapist noticed that the individual (LO7) was
wearing her oxygen tube, but when making coffee in the corner of the kitchen, the oxygen tube was
stretched in a way that made it difficult for the individual to reach certain items in the kitchen to
make coffee. Especially for tasks that require the individual to interact with multiple objects located
in different parts of the room, the sensor-based assessment approach can be inaccurate due to its
limitations in the number and scope of steps it can track. In-person performance testing with a

trained therapist can identify these issues much more easily.

Another source of error in sensor-based assessment is when individuals do not follow the same
process for carrying out the task. For example, if individuals normally invert the pillbox to pour out
their pills when taking their medication, but they decide on one day to not invert the pillbox, then
the absence of an inversion can be construed by the system as an error and reduce the rating. These
deviations from normal patterns were found to be particularly common when the individual was
asked to simulate the task. When simulating the task, individuals tended to skip steps (like inverting
the pillbox) or just talk about steps (like turning on the coffee machine) instead of physically
performing every step they normally would when actually performing the task on their own. Thus,
sensor-based assessment, because of the rigidness of the rules it applies, can be misled by simulated
(rather than performed) actions and interpret the missing steps as errors. In the case of task
simulations, the human expert is a better observer of the task because the human can monitor both
the actions performed, as well as any descriptions of actions that the individual intended to perform

but did not because of the circumstances of the simulation.
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Whereas traditional performance testing is better suited to isolated episodes of tasks simulations, a
sensor-based approach is ideally suited for monitoring routine task performance in the everyday lives
of individuals. The choice of sensors and devices used in this study were designed to be unobtrusive,
and indeed individuals reported that they carried on with their normal routines without feeling like
they were constantly reminded their behaviors were being monitored. As a result, individuals felt
comfortable “just being themselves” after a few weeks, and the longer term deployment of the sensors
motivated individuals to let the sensing fade into the background. Thus, the behaviors captured by
the sensors were as close to the behaviors if there were no monitoring in place, essentially the actual

behaviors that individuals would normally perform.

A sensor-based approach is well suited for monitoring an individual’s true behavior over a long
period of time. As the study described in this dissertation demonstrates, the value of sensor-based
assessment is to be able to see how behaviors (in this case, task performance) change or stay the same
over a long period of time (in this case, 10 months). Equipped with data points for each task from
nearly every day over long period, a system (or human interpreter) can quantify what behaviors are
considered typical for the individual. For example, an individual with severe arthritis in his hands
may report that he normally inverts their pillbox to pour out his pills, but in performance testing with
a simulated task, he does not invert the pillbox. To resolve this contrast, the sensor data can provide
objective and frequent data about from the individual’s historical pill-taking actions. A therapist can
base her judgment on both what she saw during the assessment, what the individual self-reported,
and also the objective sensor data to determine whether the individual regularly inverts the pillbox
when taking his pills. As a result, the therapist can assess whether the arthritis is impacting the
individual’s ability to hold all the pills when inverting the box and provide adaptations to the task in

order to improve the safety and efficiency of task.

The long-term sensor-based approach for monitoring can also provide data that complement the
measurements taken during performance testing. For example, it is common in performance testing

for individuals to perform the task flawlessly without error because they want to demonstrate a high
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level of skill for the observer, but the sensor data from other instances of the same task performed
alone by the individual may show some errors. Thus, performance testing usually assesses an
individual’s abilities (what they can do if they really tried) but long-term sensor data about task
performance can provide a window into an individual’s habits (what they normally do on their own).
An individual’s abilities form the upper bound on how well (independently, safely, and adequately) a
task is performed regularly. Individuals may not normally operate at their peak ability levels in their
everyday lives, but it is in their everyday lives that individuals encounter the hazards and
consequences (such as taking the wrong pills, misdialing the phone, or spilling hot coffee) of their
typical, normal level of performance. Everyday assessment of task performance using sensors is
critical for knowing how to provide the right interventions for an individual’s everyday lives in order
to help them operate a level closer to their abilities (or indeed raise their abilities). Therefore, a
sensor-based approach provides a more ecologically-valid data stream than performance testing,
reveals how individuals typically perform their tasks, and potentially assists therapists in knowing

how to support the individual in their everyday lives.

\;\:M GHO)&'H+-)#(1-))#))3#0,!.-01.-C,9"#IB&#IC"#..)#13#-)9"#)!, A-0!
C#'58" 3-0.#1,#),:02!

A sensor-based approach naturally lends itself to using computation to quantify precise measures of
performance such as precise timing and sequencing of individual actions as well as aggregating
measures across steps or task instances for task duration or average task durations. The value of
precision in measures of task performance lies in the fact that more precise measures can reveal subtle
changes useful for tracking trajectories of change. Subtle patterns can emerge in the data with greater

precision and can provide earlier warning signs of changes.

Precise timings of tasks are not commonly recorded in traditional performance testing because the
therapist is often focused on observing the individual rather than focused on operating a stopwatch.
Explicitly timing an individual can also put undue pressure on the individual performing the task.
Another reason precise timings, such as task duration, are not collected in performance testing is

these precise values only make sense if they are interpreted with respect to the norm for that
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individual, and performance testing is not performed frequently enough to be able to establish these
individual-specific norms. A passive sensor-based approach can address these limitations encountered
by the therapist. The system can easily record timings without losing focus on how the task is
performed and can do so passively and unobtrusively so that it does not place undue testing pressure
on the individual. The system can also assess on a frequent basis, providing enough data points from
different time periods to be able to assess if an individual is performing at a level different from
before. In fact, the dwellSense system can easily capture precise task durations for medication taking
and coffee making over time or misdial percentages for phone use to identify trends of change in the
data. These types of data at these levels of precision were previously not collected easily through
traditional performance testing. Sensor-based assessment can quantify task performance at a level of

precision that was not previous possible with traditional performance testing.
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In this chapter, automatic sensor-based assessment was compared to traditional performance testing
by a human expert. An occupational therapist administered a traditional performance testing tool,
the PASS, to assess and rate how well individuals performed medication taking, phone use, and
coffee making. The ratings from the therapist were compared with the ratings generated
automatically based on sensor data that recorded the actions the individuals took during the
performance testing. The sensor-based assessment used heuristics based on the rules used in
traditional performance testing that assigned a rating for each task. The sensor-based approach was
found to capture most of the critical steps in the phone use and medication taking tasks and thus
generated a rating that matched well with the ratings from performance testing. In order to identify
whether performance testing unintentionally imposed any significant testing effects, the tasks actions
taken during performance testing was compared with the typical actions that individuals took when
performing the task on their own as part of their normal routines. The results of the analysis show
that there are significant differences (longer task duration) in how the medication-taking task is
carried out between the contexts of being tested and when the individual is alone. Likewise

individuals made no mistakes when being assessed by the therapist but made small but non-trivial
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amounts errors when making coffee on their own. Therefore, sensor-based assessments are well-
suited to assessing, with great precision, well-constrained tasks like medication taking, but traditional
performance testing still had a wider scope during assessment, as the therapist can notice safety or
process issues that sensors, in their more limited scope, are not designed to detect. Performance
testing is well-suited to assessing an individual’s abilities, but the long-term sensor-based approach
for assessing everyday task performance can provide a window into the individual’s typical habits.
Sensor-based data about how individuals typically perform their tasks can provide an important piece
of context for interpreting the results of performance testing, tracking trajectories of decline over
time, and also knowing how to best support individuals in their everyday lives. Thus, the sensor-
based approach for assessing task performance can match the ratings of traditional performance
testing in many cases and also provide long-term data about an individual’s typical level of

functioning.
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The need for an objective, frequent, and ecologically-valid record of how individuals carry out tasks
important for independence has long been recognized by individuals who value their ability to live
independently, as well as their caregivers and clinicians who support their wellbeing. These types of
records have hitherto been estimated based only on a combination of infrequent performance testing
and biased information sources including self-reports and caregiver-reports. One of the earliest
applications of ubiquitous computing was to embed sensors in spaces to activate them as “smart”
spaces that can track and understand which activities individuals are doing (Weiser 1991). This thesis
examines a specific application of sensing technology to collect information about how individuals
carry out tasks around the home important for independence that is more objective, more frequent,
and more ecologically-valid than existing information sources. In doing so, this thesis investigates
both the potential and actual utility of collected sensor data, how to design sensors to track how tasks
are performed, the usability aspects of interacting with the sensor data, and how well a computer-
automated approach for assessing the quality of task performance compares to expert-based

assessment by a human.

This thesis describes the process of developing a ubiquitous, embedded sensing system for
recognizing, monitoring, and assessing Instrumental Activities of Daily Living. The process began
with formative evaluations of the embedded assessment concept and provided the initial design
parameters and validation to design a prototype. The prototype was deployed for over 18 months to
evaluate in-depth its usefulness and usability using a case study approach. The prototype was
redesigned based on the lessons learned from the initial pilot deployment and then deployed to a

larger sample of users. The larger deployment provided evidence that the system can assess task
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performance nearly as well as a trained occupational therapist and also demonstrated how reflecting
on sensor data about task performance can support a more accurate awareness and improved task

performance.
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The goal of this work was to prove the following thesis statement (from Section 1.3):

Task-based embedded assessment can provide ecologically-valid assessments of task
performance, and reflecting on the generated information supports new

opportunities for timely assessment of functional abilities for older adults.
The thesis statement can be decomposed into two sub-statements:

A. Task-based embedded assessment can provide ecologically valid assessments of task

performance.

B. Reflecting on the generated information supports new opportunities for timely

assessment of functional abilities for older adults.

Thesis sub-statement B was supported initially from the results of the initial concept validation study
(Chapter 3). This work first examined the potential usefulness of sensing systems embedded in the
home and the task-based embedded assessment approach introduced in this thesis to track how
individuals carry out tasks important for independence using a concept validation study. Stakeholders
found that sensing concepts and the data collected from the concepts would provide new
opportunities to understand changes in functional abilities and to intervene to fix problems before
they lead to disability. In particular, older adults found the information potentially useful for
understanding the subtle changes in their abilities. Their caregivers, as well as therapists, found the
information potentially useful for knowing when and how to intervene and provide care for older
adults. Physicians found the information potentially useful for seeing the longer-term trends in an

individual’s functioning that would not normally be available to them.
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With the potential usefulness of sensing-based approach established and the information needs of
stakeholders identified, this thesis describes the design, development, and deployment of dwellSense
(Chapter 4), a system that uses sensors embedded in the home that recognizes, records, and assesses
the quality of Instrumental Activities of Daily Living, in particular, medication taking, phone use,
and coffee making. The dwellSense system provides a concrete example of a system that uses a task-

based embedded assessment technique, providing the initial step in proving thesis sub-statement A.

The initial concept validation provided support for thesis sub-statement B based on hypothetical
scenarios. To provide concrete evidence for thesis sub-statement B, this work also used a case study
approach in the 18-month pilot deployment of dwellSense (Chapter 5) to reveal how reflecting on
objective sensor data helped support an accurate self-awareness of how well IADLs were carried out.
The two individuals in the case studies were able to use the sensor data as an objective, frequent, and
ecologically-valid data source to compare with their own impressions and learn how well or poorly
they were carrying out tasks important for living on their own. By engaging users with their own
personal data, this thesis identified the sensemaking process and the meaning attached to sensor data
values. Breakdowns in the sensemaking process revealed new opportunities for additional sensor data
streams to aid the automated interpretation of sensor data, in addition to forms of feedback to
support the individual’s ability to understand and explain the behaviors captured in the sensor data.
dwellSense was revised to capitalize on these opportunities by adding motion sensing in order to
automatically interpret whether individuals are excused from taking their medications because they
are not home and also by adding a real-time feedback display to support a more continuous

awareness of their behaviors.

To find further support for thesis sub-statement B beyond the two individuals in the case study, a
larger deployment of dwellSense (version 2.0) with twelve community-dwelling older adults for ten
months (Chapter 6) was conducted to identify the differences between reflecting on short-term task
performance in real time and reflecting on long-term task performance without real time support.
Reflecting on real-time task performance via an in-home information display helped individuals

improve their task performance by providing them with immediate feedback on their sub-goals to
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take their medications correctly every day. Upon removing the real-time display, individuals
significantly decreased in their task performance because they no longer received feedback about how
they were achieving their daily goals to take their medications. Without the feedback, they could not
continue the daily process of optimizing their medication taking routines to be adherent, prompt,
correct, and consistent in the time of day they take their medications. Similarly, individuals who did
not receive real-time feedback, but instead reflected only on visualizations of long-term data, were
able to improve their behaviors slightly for a short period of time (approximately three weeks) before
reverting back to their pre-reflection level of performance. However, reflecting on the trends and the
large volume of data in long-term view of the data triggered individuals to re-evaluate their subjective

ratings of their abilities and awareness of their abilities.

Thus, in both the pilot study and the larger deployment of the dwellSense system, individuals were
able to reflect on the information from the sensing systems and find opportunities to become more

self-aware of their actions and in some cases to even improve their task performance.

In addition to supporting greater awareness and improvements in task performance, the objective
sensor data collected by dwellSense can be used to assess how well a task is performed. Support for
thesis sub-statement A was found by analyzing how well a heuristic-based approach for automatically
rating task performance using sensor data matches the assessment approach used by a trained
occupational therapist (Chapter 7). Heuristics for the automated sensor-based assessment were
developed based on the heuristics used in the PASS, a tool for performance testing used by
occupational therapists. Ratings from the sensor-based assessment approach matched well with
ratings from the occupational therapist. However, there were differences in the way tasks were
performed while the individual was alone and when the individual was being tested by the therapists.
dwellSense data provided the basis for understanding and quantifying just how differently individuals
performed their tasks when being tested by a therapist. Individuals committed significantly fewer
mistakes and were more intentional in their actions when being tested than when they carry out the

same task on their own. A sensor-based approach for monitoring how an individual carries out their
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everyday activities can capture more ecologically-valid data than performance testing, the current

most objective standard for assessment.
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This thesis makes contributions in three different disciplines: Human-Computer Interaction/Design,

Computer Science, and Health Science.
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The research described in this thesis has generated contributions in understanding how people
interact with their own personal data, how to present data in a way that supports particular behaviors
or attitudes, and also a methodology for designing sensing systems that record data with human-

mediated meaning.
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The User Reflective Design Process provides a methodology to leverage human insights when
designing intelligent sensing systems. Many sensing systems record data about the actions of the
users. However, the recorded actions themselves may not reveal the meaning of why the user
performed those actions. In fact, the meaning of the data is found only in the user’s interpretation of
the data. For example, a system that tracks physical activity can produce a chart of an individual’s step
counts over time. There may be some days that the individual was very active and other days that the
individual was very inactive. The system cannot explain the reasons for high or low activity by
looking only at the step count data. However, by engaging the individual with this log of their step
counts, the individual can view the data and generate explanations for why she was active on certain
days and inactive on others. Her location, for example whether she was working from home (low
activity) or working at the office (high activity), is an important factor to explain her behavior. As a
result, the designer can discover a new opportunity to add a new data stream (by adding a new
sensor) to the system to enhance the ability of the system to reason about the data better and make
better predictions of the user’s actions. Thus, engaging individuals with their own personal data can

lead to insights into how to make sensing systems more intelligent.
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This methodology not only applies to the design of personal sensing systems like dwellSense or
MemExerciser but also more broadly to any informatics system that collects or generates data that
requires human interpretation. For example, analytics systems for business intelligence collect a
wealth of data including business transactions, costs, revenue, sales, product features, and marketing
schemes. However, ultimately, there is typically a human (an executive, marketing manager,
salesperson, or analyst) who views dashboards of data to interpret the meaning and significance of
how these data streams connect. The executive may think of a new explanatory factor that the system
has not yet considered or find a new relationship between two extant data streams that the system did
not yet compute. The User Reflective Design Process facilitates the capturing of the human insights
so that the system designer can improve ability of the system to understand, reason about, and

present the data to help people achieve their goals using data.
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Understanding the needs of users is a common first step in many human-computer interaction
innovations. This work follows the same path. The stakeholders involved in embedded assessment
include the older adults being monitored, their family and other informal caregivers, and their
clinicians (including physicians and therapists). Using an initial concept validation study, followed up
and validated by two long-term deployments, this work has uncovered the information needs of these
stakeholders. All stakeholders found long-term data about their task performance useful because it
enabled them to compare the individual’'s performance over time and identify changes in abilities.
Only the individuals themselves wanted recent short-term views of their performance because it
would help them feel more confident that they were carrying out their activities well. Family
caregivers and occupational therapists wanted the low-level details of how the individual was carrying
out each step of the task so that they would know exactly how to intervene and help fix the problem.
Physicians, on the other hand, only had the resources to look at a quick high-level view of task
performance. Understanding the differences in information needs is critical for design sensing
systems that aim to provide a stakeholder with that critical piece of information. The information

needs identified in this work can help drive the design of future systems for the home health systems,
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as well as provide a starting point for a larger class of personal sensing systems that support an
individual’s abilities to perform an action, such as increasing the amount of physical activity or

financial responsibility.
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This thesis provides insights into how people make sense of their own behaviors, as captured over a
long term by a sensing system. In contrast to diary studies, the data reflected upon is passively and
objectively captured. Reflecting on this third-person account of behavior is a relatively new
experience for many of the stakeholders. Individuals first identified the anomalies in the data, in
other words, the particular data points that looked either different from the others or different from
the individual’s initial expectations. Individuals tried to find explanations for these anomalies, relying
either on their memory, routines, or external memory aids such as a calendar or diary. Explaining
anomalies was important because it was critical to know whether or not to excuse them or to
acknowledge them as incongruous with their initial expectations. Looking into the low level details
of the sensor data, such as the timing, was helpful for confirming explanations. Breakdowns can
occur in any step of the sensemaking process and can provide opportunities for designers to support
the sensemaking process as individuals reflect on the record of their own behaviors. As more
technologies integrate more sensing and capture more of user interactions, there will be more
opportunities for users to engage directly with the data collected about themselves and others. The
sensemaking process identified in this work provides the framework for the study of how individuals

make sense of new forms of data from future sensing systems.
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This thesis investigated and quantified the differences between reflecting on real-time feedback and
reflecting on long-term feedback. Real-time feedback about how individuals carried out their daily
tasks reinforced the individual’'s motivation and ability to carry out their tasks at a higher level of
adequacy. However, real-time feedback did not increase the accuracy of their self-perceptions of their
actions. On the other hand, reflecting on long-term feedback, such as a visualization of eight weeks

of data, resulted in individuals adjusting a more accurate awareness of their abilities. The objective
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long-term account provided the evidence that enabled individuals to report their actions more
accurately. After reflecting on the long-term feedback, individuals improved their task performance
only temporarily, whereas the individuals who had real-time feedback continued at their increased

level of task performance.

Designers of systems designed to provide feedback to users about their actions may have to choose
between prioritizing real-time feedback or long-term feedback. Certain systems may be constrained
in screen real estate (such as the notification area of a mobile phone or an ambient display with only a
limited number of output dimensions), and thus only certain pieces of information can be shown at
one time. From a behavioral perspective, some systems might be designed to optimize behavior
change whereas others may be designed more for changes in awareness. Differences in the way real-
time and long-term feedback are presented also can influence the type of engagement the system has
with the user. Frequent engagement with real-time feedback requires designing the system in a way
that does not require or draw an undue amount of attention from the user. Motivating individuals to
reflect on long-term feedback may also require the system to help the individual identify a trend in
the visualization if one exists. If these challenges can be addressed, it is likely that providing long-
term feedback first to reorient the individual and then providing real-time feedback to support the
individual’s abilities to support their goals for changing their behaviors would result in the optimum

combination of feedback to increase self-awareness, engagement, and behavior change.
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The research in this thesis includes technical contributions to the fields of computer science and

engineering.
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This thesis describes the design, implementation, and evaluation of dwellSense, a task-based
embedded assessment system that can recognize, record, and assess how well individuals perform
Instrumental Activities of Daily Living in their own homes. Previous smart home systems used more

generic sensors such as motion sensors and video cameras to monitor overall activity patterns.
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dwellSense uses a suite of sensors made by augmenting objects normally used in the home to track
how well particular tasks are performed. The Medication Monitor sensor tracks the steps in taking
medication. The Telephone Tracker sensor tracks the numbers that are dialed on the phone. The
Coffee Chronicler sensor tracks the different steps in making a pot of coffee. dwellSense (version 2.0)
also added motion sensing to provide an important data stream for knowing when the individual was
home or not. The dwellSense architecture uses a Zigbee-based wireless network for the sensors to
transmit their data in real time to a local PC. The sensor data are automatically uploaded to a remote
server, where the sensor events are processed and the task performance is rated. dwellSense also
generates web-based visualizations of the sensor data and higher-level task performance ratings.
dwellSense was deployed for a total of 156 participant-months, including 36 participant-months of
early pilot testing, and its common points of failure, such as power outages and computer crashes,
provide future systems designers with opportunities to improve the system. The dwellSense
architecture is extensible for the addition of other sensors and provides a tested proof-of-concept for

future task-based embedded assessment and home monitoring systems.
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An important part of this thesis is to show that an automated approach can perform nearly as well as
a trained clinician for assessing functional abilities. The dwellSense system uses rules manually
derived from the PASS tool used by occupational therapists to assess the functional abilities. Using
the simply derived rules, dwellSense assigns a rating to each step of a task that it can monitor and,
following the convention in the PASS tool, uses the minimum rating across all the steps as the
overall rating for the task. With this automated rule-based approach, dwellSense was able to generate
ratings that have a high correlation with the therapist’s ratings in the phone-use and medication-
taking tasks. The sensors in the Coffee Chronicler sensor were unable to capture enough of the steps
in coffee making to produce ratings reliably correlated with the ratings from the therapist.
Nevertheless, in the medication-taking and phone use tasks, the sensors were able to capture the
most important steps of the task that accounted for the majority of the variation in the ratings.

Through the building and testing of the dwellSense system, this thesis demonstrates that it is
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possible to use an automated approach based only on the sensor data to accurately assess how well

individuals carry out Instrumental Activities of Daily Living.
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In addition to contributions to human-computer interaction and computer science, this work also
makes contributions to the health sciences, in particular, demonstrating how sensor data can be used
to support an individual’s self-awareness and the individual’s ability to improve their behaviors.
Furthermore, the dwellSense system enables researchers and clinicians to see how individuals
function in their own home, as well as measure the effect of being watched by a therapist during

performance testing.
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The two long-term sensor deployment studies in this thesis provide concrete evidence for how
reflecting on embedded assessment data can lead to a more accurate self-awareness of an individual’s
abilities. The objectivity of the sensor data provides a trustable third-person account of an individual’s
task performance. The individual can compare the self-perception of her actions with the actions
recorded in the sensor data. Often, the immediate reaction when reflecting on the sensor data
includes mild surprise, as the individual is confronted with episodes of poor performance (such as
missing or late medications), which contrasts with what they had originally thought about
themselves. Individuals typically trusted the account recorded by the sensors and as a result re-
oriented their self-awareness to match what they saw in the sensor data. According to the Trans-
Theoretical Model of Behavior Change (I'TM), one mechanism that motivates individuals to be
more self-aware and to change their behaviors is “dramatic relief.” The objective sensor data are
shown in dramatic relief to the individual’s self-perceived level of task performance, particularly in
the case when individuals initially believed they were doing a lot better than they actually were. After
reflecting on the data, they were asked to report on different aspects of their behaviors, such as mis-
dialed telephone calls or medications taken late, and these reports were more accurate after reflecting
on the sensor data. Older adults themselves were able to reflect on the objective sensor data from

dwellSense to support a more accurate self-awareness of their abilities.
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Health behavior change has long been an object of study. This thesis provides evidence that frequent,
real-time feedback helps individuals to improve the level of task adequacy when performing tasks.
Individuals who received the real-time feedback display in their homes significantly increased the
adherence, promptness, correctness, and consistency in the time of day they took their medications.
The immediate feedback from the display provided individuals with feedback about how well they
were meeting their daily sub-goal to take their medications well. The immediate positive feedback
reinforced the individual’s motivation to continue performing their tasks well. The immediate
negative feedback highlighted opportunities for individuals to correct the problems the next time
they carried out the task. Thus, frequent feedback on sub-goals helps individuals optimize the
attainment of their overall long-term goal to take their medications correctly and consistently. This
thesis provides concrete evidence of how ipsative (comparing to self, not with others) personalized
feedback allows individuals to compare their current state with their desired goal state. Future
interventions for health behavior change in other domains such as smoking cessation, alcohol use, or
nutrition can adopt a similar strategy to foster behavior change by combining automatic assessment

with frequent feedback.
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The dwellSense system introduced in this thesis can monitor how individuals take their medications,
use the phone, and make coffee using a coffeemaker in their own homes. These behaviors were
hitherto unavailable for observation by researchers and clinicians. Existing smart pill bottle caps like
the Vitality Glow Cap (www.vitality.net) can monitor how medications are taken, but cannot
measure time on task or whether the individual has actually followed through with taking pills out of
the bottle. Another augmented pillbox MedTracker (Hayes et al., 2008) is static and is required to be
plugged in, which makes it much less portable that the Medication Monitor used in the dwellSense
system. The data is collected passively in the home of individuals as they carry out their daily tasks,
and thus the activities monitored by the sensors are exactly the activities that individuals are

performing when on their own. Another key capability of dwellSense is that it can be deployed for an
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extended period of time, so that it can record enough data for patterns of typical behavior to emerge.
In fact, dwellSense was deployed for over 18 months in a pilot study and for 10 months in a study
with 12 individuals. Each individual’s pattern of typical behaviors could be observed in the sensor
data. The quantitative nature of the sensor data also allows for comparisons within and across
individuals. Thus, dwellSense using sensor-based approach that can passively, unobtrusively, and
objectively capture a log of task performance and gives clinicians and researchers a window into the

typical everyday behaviors of individuals.
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As a result of being able to track how an individual typically behaves in their own home, the data
collected by the dwellSense system can also be used to compare typical behaviors with behaviors
observed under particular circumstances, such as when being evaluated by a therapist administering
performance testing. The testing effect, or reactivity, of performance testing (Holm & Rogers, 1999)
in the home by a visiting therapist can be identified and quantified using the dwellSense data. There
were significant differences between the way the medication-taking and coffee-making tasks are
typically performed when individuals are on their own and the way these tasks are performed when
individuals are being tested. Individuals tended to make fewer mistakes but also skipped some steps
they normally would have performed because tasks were often simulated (when the individual is
asked to pretend to do the task instead of actually doing it as part of their normal routine) during
performance testing. With this understanding, therapists who rely on performance testing can
develop ways of adjusting the performance testing scores to match typical performance including
integrating sensor-based measures from before and after the visit. With testing effects so strong in
simulated tasks, therapists can also consider whether simulated tasks provide the correct target for

observation in performance testing.
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This thesis includes technical contributions, contributions to HCI/Design, as well as contributions in
the domain of health. Categorizing the contributions into these categories allows researchers and

practitioners in these fields to understand how they can leverage this work to advance the state of the
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art in their fields. However, categorizing these contributions separately into different fields can mask
their overall connectedness and the value they provide when put together. In this section, we describe

the critical contributions of this thesis and how they connect to enable new capabilities.

The technical contributions in using the new task-based sensing approach enable the capture of a
new stream of continuous, objective, long-term, and ecologically-valid data about how individuals
function in their own homes. Such high quality data were not previously available. With these data,
this thesis was able to demonstrate two important findings. The first finding is that despite the
limited scope of sensing, an approach that combines the data collected by the sensors with simple
rules derived from a performance testing tool can match the ratings of a human observer
(occupational therapist) administering performance testing. The second finding enabled by this new
data stream is that there exists a quantifiable testing effect associated with performance testing,
demonstrating that a sensor-based approach can capture ecologically-valid data about how people
actually behave in their homes. Combining these two findings demonstrates that a sensor-based
approach can not only track how people typically perform their IADLs but can track IADLs
accurately (at a level similar to a human observer). Accuracy in assessment is a critical component for
engendering trust in this new data stream. Individuals will be able to trust that the sensor-based
system is accurately tracking and representing their behaviors and use that data to reinforce their self-
awareness and behaviors for aging in place. Clinicians will also be able to trust this new home-
sourced data stream that can potentially change the way decision-making is done in evidence based
care. This thesis did not include the clinician’s perspective in its scope, though it is a natural next step

for future work to engage clinicians with real data about their patients’ ability to function at home.

The rich data provided by the task-based sensing approach also allowed for an investigation of how
to present data in order to support self-awareness and ultimately behavior change. This thesis was
able to demonstrate that real-time feedback was successful at supporting behavior change to improve
medication-taking performance. One unexpected finding was that individuals who received real-time
feedback did not improve in the accuracy of their self-awareness, despite the improvement in their

task performance. Traditionally, increased self-awareness (through consciousness raising) has been
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considered an important part of the process of change in the Transtheoretical Model (TTM) of
Behavior Change. However, it appears that the real-time group was using a different process of
change in the TTM, stimulus control, to help them improve their task performance. By using the
real-time feedback as cues to reinforce correct and prompt medication taking, they were able to effect
a change in their behaviors subtly without being more explicitly self-aware of their pattern of

medication taking.

In summary, this thesis provides both practical contributions in providing a new, ecologically-valid
data stream as well as concrete demonstrations of the mechanisms found in theories of health

behavior change.
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Evaluating embedded assessment technologies can be challenging for a number of reasons, including
the lengthy time span required for evaluations and the unpredictability of how individuals change
over time. This section describes some of the limitations of this work, as well as future directions that
address some of these challenges and next steps for contributing to understanding how to design

systems for embedded assessment.

The evaluations conducted in this thesis included a relatively small number of participants—two in
the pilot study and twelve in the larger deployment. The small sample size makes it difficult to use
statistical methods to find significant differences. To address this challenge, the study design used a
within-subjects design with multiple repeated measures over many months. Individuals were
compared with their own baselines so that individual differences would not unduly influence or
introduce confounding factors in the analysis. Another consequence of a small sample size is that
having a true control group (that received absolutely no intervention during the entire evaluation
period) would have reduced the treatment group sizes. Thus, in the latter deployment with twelve
individuals, individuals were assigned to two groups, a real-time display group and the long-term
reflection group. This design allowed the long-term reflection group to act as a strictly no-

intervention control for the real-time display group during the first four months of the study.
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However, after month four, the long-term reflection group received their intervention, making them
another treatment group. When comparing the two groups near the end of the study, for example,
when the real-time display was removed, the long-term group no longer can be used as a strict
control group for comparison because they have undergone changes as a result of the long-term
reflection intervention. Another consequence of having no strict control group was that the normal
trajectory of declines or changes in functional abilities could not be directly observed. Both groups in
the deployment included an intervention that was designed to increase their awareness and find
opportunities to improve their task performance. Thus, the trajectory that individuals might have
normally followed was likely disrupted by the interventions. It is therefore difficult to extract from
the results of this work the natural trajectory of functional changes that individuals experience as they
age in their own homes. However, future longer-term deployments of the technology without the
interventions can be used to investigate these normal trajectories associated with aging. Furthermore,
with the promising results from the evaluations in this thesis, future evaluations of embedded
assessment technology and reflection on the data it produces should include a greater number of

participants, so a strict control group can be used for comparisons.

Another limitation from a more technical perspective is that the dwellSense sensors, as well designed
as they are, cannot always capture how tasks are performed if the individual decides to perform the
task in an unsupported way. For example, individuals may decide to take their pills directly from the
pill bottles instead of the pillbox when trying to finish off a bottle of medications. Even though
individuals have taken their medications in that instance, the Medication Monitor pillbox sensor was
not opened, and thus the system records a missing medication taking episode. Even though
individuals were told by researchers to take their medications using the pillbox (because it not only
would help the study but also help them keep track of which pills they have taken), they would
occasionally perform the pill-taking task in a way that could not be tracked by the sensors. These
deviations were more the exception than the norm. Nonetheless, this highlights the limitations in the
sensing technology. Sensing embedded in the home on particular objects to track how tasks are

performed can unobtrusively collect objective and frequent data on how a task is performed. The
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sensor-based data are arguably much closer to the actual truth about what the individual is doing
than self-reports, caregiver-reports, or performance testing, but it still is subject to some degree of
error, as individuals perform tasks in alternative ways that the sensors cannot monitor. Future work
to address this limitation can include developing and integrating new sensing modalities to

accommodate alternate ways of carrying out a task.

The extent of the manually-collected information was also limited in the studies in the presented in
this work. Measures of awareness were collected using questionnaires only in the first eight months
of the study, which was the originally-planned length of the deployment. As a result, aside from
measures of behavior change as captured by the sensors, the effects of removing the real-time display
in ninth month of the study on the individual’s awareness of their task performance was not
measured. There were also limitations in the frequency of performance testing conducted during the
deployment. Performance testing was administered three times for each participant. The activities of
the study included visits from researchers to maintain the system and questionnaires to measure
awareness and ratings of abilities. These visits grew in length to take approximately one hour, which
was perceived by some participants as burdensome to their busy schedules. More frequent
performance testing would have likely overburdened the study participants, particularly because the
tasks assessed were the same each time. Moreover, the three performance testing sessions were
administered within a four-month time span due to logistical issues with the IRB and contracts with
the therapist, which meant that the study was able to capture the changes only in the latter half of the

study.

Measures of self-efficacy (Appendix J) were also included in the questionnaires administered monthly
to each individual. However, all individuals tended to rate themselves as having high self-efficacy,
even at the beginning of the study. This is not surprising given the community-dwelling, living-alone
sample of individuals in the study. As a result, measures of self-efficacy hit a ceiling effect and only
decreases in self-efficacy could have been detected. The scales used were also fairly coarse, with only
three levels of ratings (very confident, somewhat confident, not confident) and may not have been

sensitive enough to measure the effect of reflection on embedded assessment data on self-efficacy.
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Future evaluations of embedded assessment would include more focused and sensitive questionnaires
about awareness and self-efficacy, as well as distribute performance testing throughout the study so

that it can capture the maximum range of abilities.

This thesis focused mostly on the usefulness of embedded assessment data for one particular
stakeholder: older adults. Future opportunities include investigating how the data can be shared with
caregivers and clinicians, as well as how these additional stakeholders would use the data to improve
the way they provide care to the individual. Investigating how this new stream of objective sensor
data can change the way individuals communicate with caregivers and doctors is a fruitful area for
investigation. Utilizing embedded assessment data may require a change in the way information is
generated and consumed in the clinical setting. Individuals may want to have the opportunity to
review, annotate, or edit logs of their actions before sharing them with other stakeholders, and thus
issues of privacy, control, and data integrity need to be explored. Moreover, this thesis also generated
and iterated on some visualizations of task performance data. This thesis does not claim that the
particular visualization designs are the optimal design but rather that they were useful for displaying
information that enabled individuals to discuss their task performance. Further work to refine the
visualizations for feedback to older adults, their caregivers, and clinicians is necessary to optimize the
intuitiveness and clarity of the data visualizations. Addressing these issues can make it much more
likely for new data streams with the potential for early signals for changes in health to be adopted

into the home and clinical practice.

Having established evidence of the effectiveness of monitoring medication-taking, phone use, and
coffee-making tasks, this thesis can provide the basis for future applications of sensing technology in
the home to expand the suite of sensed tasks to track functional or cognitive decline. For example,
tracking an individual’s sleep patterns can be a strong indicator of how an individual performs other
tasks. Changes in sleep patterns can also indicate changes in health status. Low-cost sensors for
tracking the quality of sleep (such as the SleepCycle iPhone app) can be integrated with streams of
embedded assessment data to find associations between sleep and other activities. Given the success

of sensing how individuals interact with electronic devices such as the phone and coffeemaker, future
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work can include other simple interactions with technology, such as how individuals operate the
television remote control, use a microwave, or measuring how easily individuals learn to use a new
digital device. Interactions with complex digital devices, particularly learning how to use new devices,
require a fair amount of cognitive abilities. Tracking how these abilities change over time can

potentially provide early indicators for decline.
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The contributions of this thesis build on top of a large body of prior research in the field of
ubiquitous computing. A critical part of Mark Weiser’s vision for ubicomp (Weiser 1995) included
ordinary objects around us, activated with sensory, feedback, and intelligent capabilities. The central
idea was that the small mundane actions we do inherently have a lot of meaning but only if we can
capture them and make sense of them. Weiser’s vision was tremendously inspirational for the work in
this thesis. This thesis attempts to realize a small part of Weiser’s vision by instrumenting and
activating ordinary objects in people’s homes to show the value of our everyday interactions with the
simple objects around us. In this particular case, we were able to demonstrate that the mundane
interactions that older adults have with simple objects in their home can tell us a great deal about
their health and their ability to live independently. It is the hope of the author of this thesis that
future research would continue to explore the possibilities of activating the ordinary objects around us

so that we can learn more about our habits, motivations, fears, loves, frustrations, and abilities.

This thesis makes its contributions in a climate when health care in the United States is undergoing
societal, economic, and political changes. The sensor-based approach is a step forward in tracking an
individual’s wellness, rather than just an individual’s illness. The current climate of health care
reforms includes a strong push for preventative care, to catch health problems before they become
bigger and more costly health problems. The task-based approach introduced in this thesis provides a
continuous, objective measure of how well people carry out important tasks. Individuals themselves
(or with the help of caregivers and their doctors) can make comparisons over time and catch the early
signs of functional decline before it becomes a big problem. In fact, Medicare beneficiaries have

recently been given the opportunity to have “annual wellness visits” during which the focus is on
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supporting the wellness of the individual, their ability to age gracefully, and to catch (or even prevent)
diseases earlier. The annual wellness visit would be one concrete setting during which an older adult
and their physician can use task-based assessment data to have a conversation about how well they
are doing, identify the early warning signs of declines in functional abilities, and intervene to

maintain the older adult’s independence and quality of life.

Inspired by the seminal work in embedded assessment (Morris et al., 2003; Morris et al., 2005), this
thesis describes the design, development, and extended evaluation of a task-based embedded
assessment system capable of monitoring and assessing how Instrumental Activities of Daily Living
are carried out. The system and the information it collects is useful for reflecting on an individual’s
actions and providing opportunities to be more self-aware of how tasks are actually carried out and to

maintain the ability to age in place.
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