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Abstract

In modern ubiquitous computing studies, there remains a signifi-
cant gap in translating sensing streams from passive tracking de-
vices into meaningful, high-level, context-aware insights that are
required for various applications. In this study, we design and de-
velop Vital Insight (VI), a novel, LLM-assisted, prototype system
to enable inference and visualizations of personal tracking data.
VI aims to provide high-level summary and insights to assist re-
searchers in understanding the data collected from multi-modal
passive sensing data such as smartphones and wearables. We con-
ducted a preliminary user study with 13 experts to assess general
usability and identify opportunities for improvement.
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1 Background

The ubiquitous presence of sensor-rich smartphones and wearables
has prompted researchers to use data from these devices to track
living activities for various outcomes including health tracking,
context-aware applications, and digital health interventions [4, 15,
17,21, 27, 28, 30, 35, 37, 40, 43]. However, it is extremely challenging
to generate valuable high-level insights such as “is it a normal day”
or a summary of someone’s day that is often more valuable for
various stakeholders [1, 36].
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Realizing the potentials of Large Language Models (LLMs) to
memorize and use ‘common sense’ and world knowledge to directly
generate insights from sensor data, such as identifying activities,
making diagnostic predictions, and more [13, 14, 16, 23, 26, 45], we
explore the possibility of using LLMs and visualization to assist
researchers in understanding personal tracking data. We develop
Vital Insight that leveraged both visualization and LLM augmen-
tation to provide experts with high-level insights, and invited 13
experts to provide preliminary feedback.

2 Formative Interview

We first conducted IRB-approved formative interviews with 12
experts! to understand the needs in inferring complex real-world
personal tracking data. Two researchers reviewed the interview
transcripts and employed an inductive open coding approach to
conduct a thematic analysis following Grounded Theory [6, 8, 19].

From the interviews, we identify two primary needs based on
these paths: direct representation of data and indirect inference.
Experts require a direct representation of sensing data to manage
the vast volumes of information, as sensor data often does not come
in a human-readable format. They commonly relied on visualiza-
tions for this purpose, however, most visualizations lack systematic
design, are overly generic, and are often created ad-hoc for specific
tasks. Experts mentioned techniques like stacking modalities or
creating correlation graphs, but these efforts are sporadic and have
not been standardized even within the same research group. Be-
yond direct data representation, experts also expressed a need for
assistance with automatic inference generation. Even with effective
visualizations, the transformation of data into actionable insights
is still predominantly a manual process that the experts conduct.
P9 highlighted a challenge,

“We just have so much data, and it’d be pretty over-
whelming to just kinda put that all in there.” (P9)

'We define “experts” as people who are experienced researchers in ubiquitous comput-
ing who have utilized passive sensing data for health-related applications.
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Figure 1: The Design of Vital Insight: Eight Modules.

In longitudinal studies that span months or even years, assistance
in quickly navigating to the desired information seemed crucial.
Experts noted a significant lack of tools for this purpose, as the
sensemaking process is complex and often beyond the capabilities
of current algorithms and tools. Some experts who used machine
learning in their studies mentioned that they only viewed bench-
marks as “results to be compared” against ground truth data, rather
than as useful assistance for them. They expressed interest in get-
ting some extracted data insights that go beyond simple labels.
Based on these insights, we designed and developed our prototype.

3 Design of Vital Insight

In this section, we present the proposed design of our prototype,
Vital Insight (VI), based on the insights from the interviews.

The input for VI could be various data types commonly used in
real-world passive sensing deployments from smartphones, wear-
ables, and voice assistants/chatbots. These data types include time-
series data (e.g., physiological signals), discrete data (e.g., phone
unlock states), and self-reported data (e.g., conversation with chat-
bots) — all commonly used data elements in ubiquitous computing
studies that involve passive sensing [18, 32]. We built the system
using React, with a MongoDB backend hosted on a local server.

3.1 Interface design

Our initial prototype has two major parts: (1) visualizations that
provide direct representation of sensor data, and (2) varying granu-
larities of summaries generated by LLM as indirect inference.

The Time Selection panel on the top left allows users to select
the start and end date/time to zoom in/out. The Main Visual-
ization panel serves as the central component to represent five

categories of information gathered from the phone, smartwatch,
and chatbot: location, health, phone usage, activity, and events. We
used a small multiple-style time series plot arrangement to display
each category of information along a unified timeline [3, 29, 42],
a method particularly effective for tasks that involve direct visual
comparisons of time series data, aiding in comparing, exploring,
and analyzing trends [2, 5, 20, 22, 34]. The heart rate and respira-
tion data are positioned at the top, followed by phone usage details
and activity levels. Each modality is plotted in distinct colors and
formats corresponding to its data type. Time series data are pre-
sented using scatter plots. Wi-Fi connection (0/1) is displayed using
a purple line chart. Battery levels are displayed using a line chart,
ranging from 0 to 100. Screen unlock periods are highlighted with
rectangular overlays to indicate active phone usage. Step counts
are depicted using a bar chart, alongside activities detected by the
phone represented 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. Finally,
the Event section includes significant events throughout the day, in-
cluding phone calls (green) and interactions with the Alexa chatbot
(orange), and their respective durations. Interactive features include
hovering to view data points and selecting different time ranges
for detailed examination. The User Profile provides demographic
information of the person. LLM Daily Summary panel, provides
a high-level overview of the participant’s day, including LLM Sum-
mary - an LLM-generated summary of the entire day in paragraphs
and bullet points, User Check-in - conversation between the chatbot
and the participant, and Question - a list of questions and missing
information that the system identifies as potentially helpful for
data interpretation. The LLM Anomaly panel provides insights
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Figure 2: Overview of the structure of LLM augmentation for Vital Insight.

about unusual data points, and consists of specific time ranges, de-
scriptions, and possible reasons of each anomaly generated by LLM.
Similar to the daily summary, LLM Hourly Summary provides
interpretations for each hour of data in detail.

3.2 LLM Augmentation

We employ a multi-level LLM augmentation framework to generate
high-level insights for Vital Insight. For Sensing Data, we process
the data into semantic description. Discrete data, such as WiFi
and phone battery levels, are directly converted into sentences
with values and timestamps (e.g. “The battery level of the person’s
phone is [BATTERY] at [TIME].”). For time-series data like heart
rate, encoding each data point individually would overwhelm our
system. Instead, since these data are typically sampled at a fixed
rate, we group them and send them in an array format like “The
person’s respiration from [TIME] to [TIME] (10-second interval) is
[VALUE1, VALUE2, ...].”, and sort this narrative in chronological
order. Another data input is Contextual data which includes User
Profile - demographic and routine information, and User Check-in
- which we process conversation in a time(From [TIME] to [TIME])
and utterance ([ROLE]:[UTTERANCE]) format.

After transferring raw data into semantic descriptions, the pro-
totype generates LLM low-level summary, which processes the
most granular level of data and provides an hourly summary. The
prompts consist of the following components: Goal, Data Inter-
pretation Guidance, Data, User Profile, User Check-in, Historical
Summary from GPT, and a JSON Formatter. The prototype then
processes the low-level summary into LLM High-Level sense-
making. Recognizing the daily patterns in activity, it aggregates
the outputs from 24 hours of the hourly summary and other con-
textual information, to generate summary and inference on a daily
basis, and format the results in a human-readable way. Other than
summary from the hourly data, LLM anomaly detector identi-
fies potential anomalies in different modalities directly using the
semantic descriptions of each sensing modality. After identifying
potential anomalies, it then provides explanations of these anom-
alies by combining contextual information.

4 Exploratory User Study

We conducted preliminary user testing with 13 experts using VI.

4.1 Method

4.1.1 Data collection. To generate the dashboard, we used real-
world data from a deployment with participants, where we collected:
1) pre-study surveys, 2) passive mobile and wearable sensing data,
and 3) voice assistant check-ins. Participants completed surveys
on demographics and regular routines before deployment. We pro-
vided the participants with a Garmin smartwatch and installed
the study app on their phones to collect physical activity, location,
call logs, app usage, Wi-Fi/Bluetooth connections, IBI, heart rate,
accelerometer, step counts and more. Additionally, participants can
initiate a chit-chat conversation with an LLM-powered Amazon
Alexa to check in on their day. The system runs in the background
continuously, and we used a secure, HIPAA-compliant GPT-4 model
and deleted identifiable data to ensure that neither GPT-4 nor the
participants could identify the subject of data collection. The in-
dividuals who provided data consented to share it with external
researchers through an IRB-approved study.

4.1.2  Study Design. At the beginning of the session, experts watched
a brief tutorial on VI and shared their screens. Experts then looked
at the data and wrote a short summary of the person’s day based on
the data, and provided general feedback on the prototype. Experts
rated each module based on its impact, usage, trustworthiness, and
clarity.

4.2 Results

4.2.1 Survey results. Regarding the impact on sensemaking, Visu-
alization was the most crucial component, while Hourly Summary
was the least important. The other modules (User Check-in, Daily
Summary, and Anomaly) were similarly important. For trust (1 =
Distrust to 5 = Trust), experts trusted User Check-ins (Mean 4.37,
SD=0.47) and Visualization (4.32, SD=0.50) the most, followed by
Daily Summary (3.91, SD=0.75), Hourly Summary (3.73, SD=0.69),
and Anomaly (3.69, SD=1.03). The system’s overall trustworthiness
score was 4.09 (SD=0.70), indicating general trust, with slightly
lower trust in the LLM-based inference modules. The lower trust in
the Anomaly module may be due to differing definitions and vague
guidance, which will be discussed later in section 4.2.2. Next, we ex-
amined the usage and clarity of each data view in the visualization.
Experts used an average of 6.23 data views (SD=1.01). Heart rate,
steps, and activity were used by all experts, followed by respiration,
WiFi, battery, and phone unlock usage. The average clarity score
across all modalities was 4.29 (SD=0.37), indicating that most data
views were clear and actively used during sensemaking.



CHI 25 Workshop on Envisioning the Future of Interactive Health, April 27th, 2025, Yokohama, Japan

How much do you trust the different modules?

Data views/Modalities in visualization that were
used during experts’ sensemaking

Jiachen Li, Xiwen Li, Akshat Choube, Justin Steinberg, Bingsheng Yao
Xuhai Xu, Dakuo Wang, Elizabeth Mynatt, and Varun Mishra

Clarity of each data view/modality in visualization

N W A~ O

5 T 13
of I oy

3 1 J_ 1 8
2 4
1 0

Daily  Visualiz LLM Daily  LLM LLM
Check-in ation Summary HSCLL:;]'Y Anomaly Whole

g

HR RESENa step Activity WiFi Battery fo0e HR RESBNa step Activity WiFi Battery F0O0E Al

Figure 3: Survey results from the user testing.

4.2.2  General usability and qualitative feedback. Experts generally
liked the prototype: T wish I had this for my study.” (P4)

Experts loved the visualization aspect of the prototype. For ex-
ample, P3 specifically mentioned that they appreciated how the
steps from both the phone and watch were plotted together. Further,
experts found the User Profile module helpful (“The user profile,
that’s very powerful(P1)”). Similarly, experts loved the user check-
in module and wanted it to be more prominent on the dashboard.
Some experts like P1 suggested extracting key information from the
user check-in panel and displaying it on the visualization according
to the time. For example, P1 suggested it would be helpful "if the
dashboard said, Oh, this is when the little boy sat. This is when the
brunch happened.” as an addition to the original paragraph.

Experts actively used the LLM features. Many experts found
the LLM-generated summaries to be “good”, “beyond expectations.”,
which aligns with the survey results. They appreciated the rich
details in LLM-generated summaries, but still value a simple sum-
mary, like “this is a normal Sunday,” as a starting point. Experts
enjoyed reading the different possibilities of events provided by
the LLM, and liked the current ways where evidence is generally
separated with inference: “T don’t mind making some guess, but I
wanted to know where that info (from LLM) is coming from.” (P5).

Another interesting insight emerged around the differing defi-
nitions of what should be considered an anomaly. Many experts
noted that the current anomalies are often more like “standout
events” rather than true anomalies. This highlights a potential need
for the prototype to distinguish more clearly between special events
or highlights and genuine anomalies that experts should be con-
cerned about. In summary, both the qualitative and quantitative
results indicate that experts had a positive experience using VI.

5 Discussion

5.1 Biases in LLM-generated inferences

During user testing with experts, we observed them gradually build-
ing trust in the LLM-generated inferences and summaries while
exploring the various system components. However, this process
also increased the potential risk of bias introduced by inaccurate
LLM results. Several prior works have discussed concerns with bias
in LLM-generated outcomes: highlighting biases related to gen-
der [44], age [12], geography [33], and politics [41]. These biases
could influence the interpretation of contextual information about
individuals. For example, LLM may offer a stereotyped interpreta-
tion of the data based on the user’s certain demographics. LLMs also
exhibit bias in their information retrieval processes, such as giving
preference to items from specific input positions like the beginning

or end of the list [10, 11, 31], which could affect the retrieval of
raw sensing data. Experts in out study generally expressed a highly
skeptical view of the LLM-generated results, often validating the
inferences before accepting them. However, as their trust in the
system grew, there is a risk that they might be increasingly influ-
enced by the LLM’s outputs, even for experts [7, 24, 39]. During our
internal evaluation of the LLM results, we also noted a potential
concern with over-interpreting sensor data, such as noticing trivial
fluctuations in heart rate and forcing itself to make an inference.
Without explicit instructions, LLMs tend to not question the data
reliability and always offer a potential explanation regardless. Fu-
ture research must recognize the importance of examining both the
LLM’s biases in interpreting personal tracking data and the biases
experts might develop when integrating those results.

5.2 Understanding tracking data using LLMs

Some recent works also trying to interpret passive tracking data
using LLM. HARGPT employs simple role-playing prompts with-
out expert guidance to identify activities from raw IMU data [23].
Health-LLM evaluated zero/few-shot learning and fine-tuning with
simple prompts on sensor data [25]. LLMSense and PhysioLLM
use text-formatted sensor data and prompts to derive high-level
inferences from sensor traces [14, 38]; Cosetino et al. incorporated
domain knowledge into prompts and fine-tuned models using ex-
pert responses [9]. We build on previous works to provide an it-
erative and evolving approach to continuously include domain
expertise to guide LLM in generating meaningful insights com-
pared to brute-force RAG techniques. We aim to encourage future
studies to conduct a more thorough comparison of the accuracy and
usefulness of various methods through human-in-the-loop LLMs.

6 Conclusion

In this study, we conducted interviews with experts and designed
and developed Vital Insight, a prototype that provides both direct
data representation and indirect inference through visualization
and Large Language Models (LLMs). We conducted preliminary
user testing sessions with 13 experts using Vital Insight and found
good usability in both the visualization and LLM components.
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A Appendix

A.1 Participants’ demographic

Table 1: Demographics of experts participating in the user

studies.
Participant Gender Education Years of Experience

P1 M Doctorate 8 years
P2 F Doctorate 1 year

P3 F Master 3 years
P4 F Bachelor 4 years
P5 F Master 4 years
P6 M Doctorate 18 years
pP7 M Master 2 years
P8 M Master 8 years
P9 M Master 1 year

P10 F Doctorate 30 years
P11 F Master 2 years
P12 M Doctorate 7 years
P13 M Doctorate 5 years

Jiachen Li, Xiwen Li, Akshat Choube, Justin Steinberg, Bingsheng Yao
Xuhai Xu, Dakuo Wang, Elizabeth Mynatt, and Varun Mishra
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