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Abstract

Current personal informatics systems often rely on visualizations,
which makes it difficult to accommodate users’ evolving and per-
sonalized health goals. We aim to enhance food tracking systems
by integrating LLMs to better support goal-oriented reflection. We
propose a photo-based food journaling approach that leverages
LLMs’ context-aware reasoning and personalized feedback gen-
eration to dynamically present relevant tracking metrics, deliver
goal-aligned insights, and identify historical eating patterns to sup-
port long-term reflection. Drawing on an analysis of popular food
tracking apps, we outline three key design strategies and present a
system workflow from photo input to personalized feedback. We
have started prototyping using Figma and GPT-4o. Future work
will include empirical studies to evaluate how LLMs can support
reflection in food tracking as users’ goals evolve.
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1 Introduction

Personal Informatics (PI) systems can support gaining self-knowledge
and take steps toward achieving their personal goals [6, 10]. These
systems, primarily focused on health, are widely used in domains
such as physical activity [10, 11], food journaling [13, 18], mental
health [1]. They enable users to collect data, receive feedback, and
adjust their behaviors to align with their personal goals.

In the practice of using PI systems, reflection plays a crucial
role, helping users make sense of their raw data and apply insights
to change their behavior. Most existing PI systems (such as Ap-
ple Health, Fitbit, and MyFitnessPal) depend on data visualization,
such as rule-based trend graphs, statistical summaries, and progress
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tracking to help users reflect their behaviors. Research shows [2]
that reflection does not happen automatically and requires active
guidance. However, current PI systems often assume that visualiza-
tion alone fosters meaningful reflection, making reflection highly
dependent on user motivation [3], which might reduce its effective-
ness. Some tools provide brief explanations below visualizations
to help users interpret data, but these general insights are not cus-
tomized to individual behaviors [2]. While many PI systems provide
goal-based feedback, their tracking goals, feedback mechanisms,
and data presentation are typically system-defined and rule-based,
limiting users’ ability to adapt them to their evolving or unique
needs.

Large language models (LLMs) offer a potential solution to en-
hance the reflection mechanisms of current PI systems by enabling
context-aware reasoning, adaptive feedback generation, and per-
sonalized insight delivery. Emerging research has started exploring
how LLMs can be integrated into PI systems. For instance, GPT-
Coach [8] leverages LLMs’ conversational flexibility and multi-
modal reasoning for personalized health interventions. Similarly,
Vital Insight [12] combines interactive data visualization and LLM-
driven inference to assist experts in iterative sensemaking. Nar-
rating Fitness [20] leverages LLMs’ ability to generate qualitative
descriptions of fitness data. While these approaches show LLMs’
capability to provide adaptive feedback and explain data, current
explorations are still primarily focused on generated qualitative
narratives or expert-oriented interactive systems. Visualization-
based interactions are primarily designed to support expert analysis
rather than everyday self-tracking for general users, despite the
prevalence of visualization-oriented feedback in PI applications
for this audience. Therefore, we aim to explore how LLMs can en-
hance existing PI systems to better support reflection, particularly
goal-oriented reflection in self-tracking.

We focus on food journaling as our research domain to enhance
current PI system. Food journaling plays a crucial role in health
and well-being, and it is a widely studied domain in personal infor-
matics. Prior research has identified diverse goals for food tracking,
including weight loss [15], managing chronic diseases [4], identify-
ing intolerances [9], making healthier food choices [7]. Addition-
ally, food tracking involves diverse data modalities [19], including
manual text entry, nutritional databases, image recognition, and
contextual factors. Unlike static health metrics such as step counts
or heart rate, dietary behaviors are more dynamic and personal-
ized, with the reflection process evolving alongside users’ goals
and contexts. Therefore, we base our design on photo-based food
journaling, as photos offer a flexible and rich medium for capturing
meals, providing diverse contextual information that reflects vari-
ous aspects of eating behaviors [5]. We aim to support goal-oriented
food reflection by interpreting meal photos and providing dynamic,
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Potential Enhancements with LLMs
Dynamically adjusts presentation based on user goals
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Personal insights
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Figure 1: Existing food tracking apps include a variety of features designed to support reflection which have the potential to
be enhanced by LLMs. Numerical summaries of tracked data can be enhanced by dynamic presentation of tracking metrics,
which account for user goals. User-specific trends can be summarized through context-aware and adaptive feedback, extending
existing approaches. Trends are typically summarized through static charts, which can be improved with LLMs through

historical pattern recognition for goal alignment.

personalized feedback that aligns with users’ specific needs and
goals. In this poster, we describe our initial design and implementa-
tion efforts, with the intent of discussing our plans in more detail
at the workshop.

2 Design and Proposed Approach

To inform our design, we analyzed widely used food tracking
apps, including general-purpose loggers (Lose It!, MyFitnessPal,
MyNetDiary), nutrient-focused tools (Cronometer), and mindful
eating apps (Ate). These apps support reflection through calorie
and macronutrient tracking, weight trend analysis, meal timing
insights, and goal progress monitoring, primarily using numeri-
cal summaries, visual analytics, and automated food recommenda-
tions. Some, like Ate, incorporate behavioral reflection by encour-
aging mindful eating and logging meal-related motivations. While
these reflective features are useful, prior work has also pointed to
their limitations. For example, a qualitative study on MyFitness-
Pal [16]shows that users are frustrated with the lack of personalized
feedback and limited customization. They prefer quick access to
relevant data without navigating complex menus and want tracking
systems to adapt to changing goals instead of following fixed rules.

2.1 Key Design Strategies

Based on our analysis and prior research, we summarized the key
reflection functions of existing food tracking systems in Figure 1
and identify potential areas where LLMs can enhance reflection.
We propose three key design strategies. (1) Dynamic presentation
of tracking metrics ensures that users receive the most relevant
metrics and insights based on their goals. As shown in Figure 1,
conventional food journaling systems present fixed calorie and

macronutrient breakdowns, meal timing, energy balance, which
often require users to manually interpret and prioritize information
based on their needs. Our approach prioritizes goal-specific indica-
tors and presents different key metrics accordingly based on user
goals. For example, if a user focuses on muscle gain, the system will
highlight protein intake and recovery-related nutrients. By intelli-
gently surfacing the most relevant data, the system could reduce
cognitive load and provides a more personalized reflection expe-
rience. (2) Context-aware and adaptive feedback improves how
users engage with their data. Existing apps mainly rely on static
charts and predefined feedback, and these systems often present
information in a rigid format. Our approach addresses this limi-
tation by dynamically adjusting both UI presentation and textual
explanations to provide more actionable insights. Instead of display-
ing uniform numerical summaries, the interface visually highlights
trends that are most relevant to the user’s current goals. It then
generates tailored feedback, offering specific strategies to adjust
future choices. In this way, we improve reflection while keeping
the existing visualization system. (3) Historical pattern recognition
for goal alignment bridges single meal tracking with long-term
dietary trends. While conventional apps provide historical data in
charts and tables, users must manually identify patterns and trends
from the raw numbers. Our approach automates this process by
detecting habits. Rather than simply displaying past intake data,
the system will proactively evaluate how these patterns align with
or deviate from users’ goal.

2.2 Prototype Implementation Plans

Technically, as shown in Figure 2, we plan to implement our system
using a structured pipeline that processes meal photos, analyzes
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Figure 2: Goal-oriented food tracking pipeline: Our system will follow a structured process, starting with Input, where
users upload a meal photo and specify their tracking goals. A tracking history summary is referenced to provide additional
context. In Data Processing & Analysis stage, the system extracts food items, nutritional data, and metadata such as meal
time and location. It then compares the meal to past behaviors, detecting patterns, overlooked habits, and goal alignment.
In Feedback Generation, the system dynamically adjusts the UI and textual explanations to emphasize relevant insights.
Finally, User Interaction & Iterative Refinement allows users to correct recognition errors, add contextual details, and refine
preferences, ensuring that feedback remains personalized and goal-aligned.

data, generates feedback, and iteratively refines insights to support
user goals. We outline a proposed workflow using a single meal up-
load as an example, demonstrating how feedback will dynamically
adapt based on user-defined goals.

The process begins with Input, where users upload a meal
photo. The system will reference predefined tracking goals, such
as weight loss, muscle gain, or blood sugar control, to determine
relevant tracking metrics. Additionally, a tracking history summary
will provide behavioral trends and past meal data to enrich feedback
with historical context. In the Data Processing & Analysis stage,
the system will extract food items and identify relevant nutritional
metrics from the meal photo. Metadata, such as meal time and lo-
cation, will be incorporated to enhance contextual understanding.
The system will then compare the meal against the user’s track-
ing goals and history, identifying behavioral patterns, detecting
overlooked habits, and recognizing long-term trends. It will also
predict the meal’s potential impact on broader dietary objectives.
The Feedback Generation stage will adapt the user interface dy-
namically to highlight key insights. Depending on the goal, the

system will emphasize different aspects—for example, flagging high-
GI foods for users managing blood sugar or highlighting protein-
rich meals for those focused on muscle gain. Beyond visualization,
the system will provide goal-based textual explanations, detailing
why certain meal components matter and suggesting actionable
dietary adjustments. Finally, in the User Interaction & Iterative
Refinement stage, users will be able to fine-tune the system’s
responses. This includes correcting recognition errors, adding con-
textual details (such as whether a meal was post-workout or eaten in
a social setting), and updating preferences to refine future feedback.

We have begun to formalize our design in Figma, and have imple-
mented stages of the prototype using ZotGPT, a version of OpenAT’s
GPT-40 which keeps dialogs confidential [17, 21]. We plan for our
final implementation to be an iOS application, following the stan-
dard of mobile food journals as the primary device of input and
reflection [5, 14, 18].

3 Future Work

Overall, our work focuses on designing an LLM-enhanced approach
to goal-oriented food reflection, integrating real-time insights with
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long-term patterns to support a continuous reflection process. Fu-
ture work will build on this design, implementing the system
and conducting user studies to evaluate how LLMs support goal-
oriented reflection. This workshop will provide valuable insights
that will help us refine our design by identifying potential improve-
ments, addressing limitations, supporting that the system effectively
supports goal-oriented reflection in food tracking.
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