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Abstract

Understanding the daily lives and routines of older adults
is crucial to facilitate aging in place. Ubiquitous computing
technologies like smartphones and wearables that are easy
to deploy and scale, have become a popular method to col-
lect comprehensive and longitudinal data for various demo-
graphics. Despite their popularity, several challenges persist
when targeting the older adult population such as low compli-
ance and hard to obtain feedback. In this work-in-progress pa-
per, we present the design and development of a multi-modal
sensing system that includes a phone, watch, and voice as-
sistant. We are conducting an initial longitudinal study with
one older adult participant over 30 days to explore how var-
ious types of data can be integrated through visualization
techniques and large language models (LLMs). As a work-
in-progress, we discussed our preliminary insights from the
collected data, and conclude with a discussion of our future
plans and directions for this research.

Introduction
“Aging in place” (AiP) offers numerous benefits to older
adults, such as fostering social connections and reinforcing
a sense of identity, making it a preferred option for over 90%
of seniors (Emlet and Moceri 2012; Wiles et al. 2011; Farber
et al. 2011). AiP, however, also presents distinct challenges
for caregivers and researchers. As older adults experience
decline in self-care and cognitive abilities, their families and
friends often worry about their well-being (Li et al. 2023).
This concern around “How is my [X] doing” where X could
be parent, spouse, patient, neighbor and more, has driven
researchers to develop technologies capable of monitoring
daily activities to offer a peace of mind (Mynatt et al. 2001).

Ubiquitous computing technologies such as smartphones
and wearable have the capability to passively capture a va-
riety of health and behavioral information about an indi-
vidual, e.g., mobility patterns, activity levels, socialization
levels, heart-rate, etc. These technologies offer a scalable
solution to capture daily dynamics of a person longitudi-
nally over a period of time, thus enabling us to understand
older adults’ daily activities. Interpreting this data, however,
is challenging, particularly due to the reluctance to burden
older adults with collecting self-reported ground truths. The
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critical question of “How’s the older adult doing?” remains
difficult to answer with raw sensing data from personal de-
vices. Previous research has tried converting personal health
information of older adults into a narrative format, but is of-
ten limited by rigid, rule-based systems that lack the ability
to perform complex, dynamic sensemaking (Metaxas et al.
2007; Chung, Ozkaynak, and Demiris 2017; Shahid, Sa-
guna, and Åhlund 2022). With the advent of Large Language
Models (LLMs), there is potential to leverage their common-
sense capabilities to generate insights from sensing data (En-
glhardt et al. 2024; Yang et al. 2024; Ferrara 2024; Ji, Zheng,
and Wu 2024; Fang et al. 2024). However, most research has
concentrated on generating simple classification(Ji, Zheng,
and Wu 2024; Englhardt et al. 2024), rather than providing a
holistic and qualitative overview of an older adult’s day that
truly reflects the needs of caregivers and other stakeholders.

In this study, we explore the feasibility of generating sum-
maries using LLM through a real-world deployment with
older adults. We designed and developed a multi-modal
sensing system incorporating a phone, watch, and voice as-
sistant. We deployed it with an older adult for over a month,
conducting various analyses to explore how we could sum-
marize their daily activities using LLM and visualization
techniques. Our work-in-progress project aims to bridge a
significant gap in providing comprehensive, adaptive care
support tailored to the nuanced daily lives of seniors.

Data Collection
We collect: 1) a pre-study survey, 2) a passive mobile and
wearable sensing system, and 3) a voice assistant for check-
ins. Before the deployment, participants complete a se-
ries of surveys to capture their demographics and routines
using the Social Participation Measure(SPM) (Pittsburgh-
ColdStudy3 2007), Arizona Activity Frequency Question-
naire(AAFQ) (Staten et al. 2001), and Multidimensional
Emotion Questionnaire(MEQ) (Klonsky et al. 2019), as well
as their regular visit locations, personal hobbies, etc.

We developed a robust sensing platform to collect data
from the participant’s smartphone and a study-provided
Garmin smartwatch (Fig. 1). This system has been deployed
in prior studies (Campbell et al. 2023; Mishra et al. 2021;
Künzler et al. 2019; Mishra 2022), and can track physi-
cal activity, location, call logs, phone and app usage, Wi-
Fi and Bluetooth connections from phone, as well as inter-
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Figure 1: The multi-modal sensing system comprising a
smartphone, smartwatch, and voice assistant.

beat interval (IBI) data, heart rate, raw accelerometer, and
step counts from watch. The platform also generates digi-
tal biomarker features that assess aspects like mobility. The
sensing system operates in the background, saving and reg-
ularly uploading data to our secure server. The watch’s bat-
tery lasts approximately 4-5 days when fully collecting data,
and participants receive a reminder on their phone to charge
the watch once the battery is low. Beyond passive sensing
through phones and watches, we incorporated a LLM-based
chatbot via Amazon Alexa designed to engage participants
in casual daily conversations about their day.

Analysis System Design
We developed a visualization system for direct representa-
tion of data with LLM-based agents for secondary inference.

Visualization
The visualization system is a React-based web application
connected to a backend server with a MongoDB database.
The system layers similar data modalities chronologically
for easy comparison: heart rate and respiration data are posi-
tioned at the top, followed by phone usage details and activ-
ity levels (Fig. 2). Each modality is plotted in distinct colors
and formats corresponding to its data type. Time series data
are presented using scatter plots. Wi-Fi connection (0/1) is
displayed using a purple line chart. Battery levels are dis-
played using a line chart, ranging from 0 to 100. Screen un-
lock periods are highlighted with rectangular overlays to in-
dicate active phone usage. Step counts are depicted using
a bar chart, alongside activities detected by the phone repre-
sented by rectangles(‘stationary’ in gray, ’walking’ in green,
’automotive’ in purple). Location labels derived from fre-
quently visited addresses are color-coded as the background.
Interactive features include hovering to view data points and
selecting different time ranges for detailed examination.

LLM-Based Inference
We created a multi-agent GPT-4 system to synthesize infer-
ence from the sensing data. The basic agent is designed to
generate hourly inferences based on multiple inputs. These
inputs include a general goal description, sensor data,
data interpretation guidance, user persona, and a his-
torical summary from GPT. The general description out-
lines the overall objectives of the system. The sensor data
component transforms raw sensor readings from the phone
and watch into a time-ordered narrative, such as “The per-
son’s phone is connected to a wifi named “[WIFINAME]” at

“[HH:MM:SS].” Data interpretation guidance provides ex-
pert advice on how to analyze the data, highlighting the limi-
tations of the sensing technology to prevent over-reliance on
the data. The user persona includes demographic informa-
tion gathered from surveys. Lastly, the historical summary
from GPT offers a recap of the data from the previous hour.

Our system returns a JSON format with four compo-
nents: summary, inference, reason, and further question.
‘Summary’ provides a direct summary of the data with-
out any inference. ‘Inference’ offers an interpretation of
the data. ‘Reason’ contains justifications for the inferences
drawn. ‘Further questions’ list any supplementary informa-
tion that our system thinks would aid in data interpretation.
In addition to the basic agent, we also deploy LLM agents
that synthesize results over longer time frames, including
daily and weekly summaries. One version, named ‘daily-
conservative,’ compiles the ‘summary’ results from hourly
agents to offer a 24-hour non-inferential summary. Another
version functions similarly to the basic agent but provides
daily summaries, inferences, reasons, and further questions
based on the hourly inferences. We discuss these develop-
ments in detail in the preliminary results section.

Preliminary Insights
We conducted a deployment of our sensing and data anal-
ysis systems with an older adult participant who has been
diagnosed with mild cognitive impairment (MCI) and cur-
rently resides alone. We present some preliminary insights
and findings derived from our multimodal system.

Compliance, Data Quality and Privacy
We analyzed a month’s data, from 6/25 to 7/24, and found
high compliance across all modalities. The average daily
phone data collection was recorded at 21.76 hours, 23.09
hours for watch ON, and 20.05 hours for wearing the watch.
The average daily travel distance was 4191.39 meters calcu-
lated by the phone’s GPS, and we have valid user check-in
data with Alexa for 83.3% of the days.

Although this data is from only one participant, the high
compliance underscores the effective design of our sens-
ing infrastructure, providing us with an excellent opportu-
nity to collect and analyze the data. While the participant
had a smooth experience charging the watch, they had trou-
ble in responding to random iOS security notifications that
prompt them to confirm sensing APP location access. Even
though we had instructed the participant on the right way to
handle these notifications, they still found them confusing,
leading to gaps in the data (days 10-12) that required man-
ual intervention by researchers. This experience highlights
the importance of minimizing unexpected notifications for
an older adult population to prevent confusion and ensure
consistent data collection. We are also aware of the ethical
considerations during data collection and removed identical
data from GPS locations, self-reported conversations, and
Wi-Fi/Bluetooth device names.

Insights From the Data
When we plotted a month’s worth of data, it became evi-
dent that most days were typical for our participant, who is
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retired and does not own a vehicle. Notably, on 24 out of
30 days, the participant stayed within their neighborhood.
We classified these days as typical ‘normal days’. We also
focused on identifying special events that could be of inter-
est. One such ‘regular’ event for our participant is attending
church, which occurs roughly every week, as shown in Fig-
ure. 2. This event was pre-reported in the survey, including
the church’s address, which allowed us to label this loca-
tion accurately in our visualizations. This underscores the
importance of gathering information about routine events
to effectively analyze the data. Another ‘special’ event oc-
curred on July 4th which was a national holiday. On this
day, there was a noticeable decrease in the time the partic-
ipant spent in the neighborhood, highlighting their partici-
pation in holiday activities outside their usual environment.
This variation in routine provides valuable insights into the
participant’s lifestyle and mobility, emphasizing the need to
capture both regular and exceptional activities for a compre-
hensive analysis. For older adults, past research has identi-
fied several distinct characteristics, such as reduced physi-
cal activity, more structured routines, increased leisure time,
and specific socialization patterns (Ross 1990; Schrack et al.
2014; Li et al. 2023). These characteristics were largely re-
flected in the data we collected, and further underscores the
need for longitudinal analysis of rhythms and patterns.

Varying Levels of Inference
We experimented with different agents to obtain varying lev-
els of inference across different time scales(hourly/daily)
and inference levels(direct summaries/inferences). These
approaches generated four distinct outcomes: detailed sen-
sor data summaries, integrated modalities leading to rea-
sonable inferences, high-level daily activity summaries,
and personal lifestyle inferences (Fig. 2).

The first level focused on capturing rich details from sen-
sor data, including trends and patterns in time-series data.
The second level is built on these details, offering reason-
able inferences by integrating information across modali-
ties. These levels often provided insights that could help
transfer data to basic insights, for instance, correlating fluc-
tuating respiration with physical activity. As we expanded
to daily summaries, the minutiae of individual sensor data
points became less significant, and the focus shifted to de-
scribing broader daily activities. Here, self-reported data
played a crucial role in bridging gaps not covered by sen-
sor data, making the summaries more relevant to end-users.
The final level of inference delved into interpreting personal
lifestyle factors such as social connections and routine reg-
ularity. These interpretations, though subjective, proved to
be intriguing and were significantly informed by partici-
pants’ survey responses. For example, accurate lifestyle in-
ferences for our first participant aligned closely with their
self-reported information and survey responses, demonstrat-
ing the potential of our approach to yield personalized,
meaningful insights from integrated data analysis.

Accuracy and Issues As a work-in-progress paper, we
conducted only qualitative analysis on the summaries gener-
ated by the LLM, planning more systematic evaluations for

Role Utterance
[User] Coco, I played rummikub this morning with my

friends and I actually won once. I rarely win.
[Assistant] That’s great! Were you playing with old friends

or did you meet new ones?
[User] ... I’ve had here for a couple of months.
[Assistant] ... Did you play any other games?
[User] I did not. I worked on my art project. I’m doing

this picture...
[Assistant] How did it make you feel to work on it?
[User] It’s been good so far. I just hope I don’t mess it up.
[Assistant] That’s normal; mistakes are also part of the

journey. Besides, often they lead to amazing
outcomes. Keep going!

[User] That’s right, you’re absolutely right. I’ll work on
it some more tonight. I think, after you
encouraged me, thank you very much.

Table 1: An example of participant’s conversation with CA.

future work. However, we have identified several insights
and common issues during the study. Firstly, LLM can ef-
fectively summarize sensing data, particularly excel at pro-
cessing semantic information, such as linking Wi-Fi names
to location categories. It also does a great job of identify-
ing trends for numeric data. However, challenges arose in
some of the inference processes. A recurring issue is the
LLM’s limited understanding of the sensing system. For ex-
ample, we had to explicitly detail in the ’Data Interpretation
Guidance’ that changes in phone brightness might be system
auto-adjustments, instead of always being manual changes
by the participants. LLM also struggled with conflicts be-
tween different data modalities, showing an overreliance on
certain data without acknowledging their limitations. For in-
stance, discrepancies between phone and watch step counts
often depended on the user’s device compliance, requiring
explicit guidance for the LLM to manage these conflicts.
Another challenge is the LLM’s vague boundary between
evidence-based and wholly inductive inferences, sometimes
making reasonable guesses without recognizing or stating
that these are just one of many possible reasons. While some
issues may be mitigated by adjusting the prompts, they also
highlight a fundamental limitation in the LLM’s understand-
ing of the data, necessitating further quantitative evaluation.

Self-Report: Check-In With Conversational Agent
Our first participant also demonstrated high compliance with
the conversational agent (CA), providing us with rich data
for analysis (Table. 1). The CA operates casually without
strict rules, and the participant began exploring various pos-
sibilities, asking questions like “what year did they start
making Corvettes?”, as well as personal inquiries which the
CA could not answer. We also observed that the ‘further
questions’ suggested by our LLM inference system contain
many pertinent queries we could pose to participants, such
as asking participant’s activities at church during moments
of high heart rate. Moving forward, we plan to use past sum-
maries as scripts for the CA to ask more targeted questions.
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Figure 2: Top: visualization of a ‘regular day‘ of the participant in 24 hours; bottom: sample of LLM inference at four levels.

These findings lead us to another consideration about the
granularity of check-ins. Since we did not program the CA
with specific guidelines, it often did not ask precise ques-
tions, such as the exact timing of reported events. A ‘fur-
ther question’ from the LLM mentioned it would be helpful
to know the duration of activities that were not captured by
the sensor data. This type of information, easily obtainable
through follow-up CA questions, is crucial sensors alone
cannot detect it. Yet, this raises a critical question about the
necessary level of detail. Self-report can compensate parts of
the sensing data, but do we actually need it with that level of
detail? More qualitative research with various stakeholders
is required to determine the optimal granularity of informa-
tion needed from participants. Another limitation of the CA
is its narrow focus on certain topics, while sometimes delv-
ing too deep into one specific activity. Future iterations of
the design will need to balance the granularity, breadth, and
duration of check-in conversations to better accommodate
the diverse aspects of participants’ daily lives.

Future Plans
We have several other tasks outlined for future develop-
ment. Firstly, regarding how to effectively embed data into
the LLM, we propose a shift from a strict time-sequential
approach to a more dynamic method that prioritizes detect-
ing activities, transitions, gaps, and anomalies. Another im-
provement is to dynamically address the retrieval of data
modalities depending on the scenario. Since LLM struggles
with understanding the limitations of sensor data, such as
discrepancies in step counts between a watch and a phone
when the participant doesn’t carry their phone, we might

need to incorporate some pre-defined rules to account for
such variations. We are currently consulting with experts to
refine our understanding of sensemaking procedures, aim-
ing to enhance the LLM’s interpretative accuracy, and con-
duct a comprehensive evaluation of the LLM-generated re-
sults with both experts and participants. To further validate
and expand our findings, we also plan to recruit additional
participants with varying lifestyles. With an increased num-
ber of participants, we expect variations in user compliance.
Consequently, we plan to explore different scenarios and de-
velop corresponding solutions to reduce participant burdens.
Further, we plan to engage older adults’ and their caregivers
in reflective discussions to better understand their needs and
concerns. This feedback will inform the customization of
our summaries, such as in terms of granularity, ensuring that
our approach effectively captures the older adult’s daily life
and is useful/relevant for the caregiver(s).

Broader Impact Statement
This work-in-progress project is currently in the pilot de-
ployment stage with one older adult, where we reflect on the
process and explore different analytic methods. In the fu-
ture, we plan to expand our deployment and conduct human-
centered studies to gather feedback on the data summaries
from various stakeholders. In this study, we aim to recruit
older adults with MCI. Our contribution lies in bridging the
gap between collecting raw data and generating meaningful
insights that are valuable to researchers and end users. These
insights, including daily summaries, are designed to provide
peace of mind to care partners and other stakeholders, play-
ing a vital role in supporting aging in place.
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