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Abstract
Mobile health data analysis requires end-to-end signal processing
and machine learning pipelines over heterogeneous, noisy, and
clinically sensitive sensor data. Although LLM coding agents show
strong promise for automating software development, we find that
mobile health tasks expose a different reliability problem: agents
must sustain long-horizon, iterative debugging across preprocess-
ing, feature extraction, model selection, evaluation, and interpreta-
tion, where small mistakes in data handling or evaluation design
can invalidate the result. This paper presents an experience-driven
study of how to design reliable LLM coding agents for mobile health
data analysis and identifies practical design lessons for avoiding
pollution from long conversations and remaining trapped in unsuc-
cessful refinement loops. Across multimodal mobile health tasks,
these design choices improve task success and robustness compared
with more generic prompting and coding-assistant baselines. Our
findings suggest that reliability in mobile health coding agents de-
pends on carefully managing how agents remember, revise, and
recover during iterative analysis.

CCS Concepts
• Computing methodologies→ Intelligent agents;Machine
learning; •Applied computing→Health informatics; •Human-
centered computing→ Ubiquitous computing.
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1 Introduction
Mobile health applications increasingly rely onwearable andmobile
sensors to support health monitoring outside clinical settings [4].
Signals such as electrocardiogram (ECG), photoplethysmography
(PPG), inertial measurement unit (IMU) streams, audio, and other
passive sensing data can support tasks ranging from activity recog-
nition to screening and longitudinal health assessment [24]. This
shift is attractive because it makes health monitoring more contin-
uous and less dependent on specialized clinical equipment.

At the same time, it makes data analysis substantially harder. Mo-
bile health datasets are often heterogeneous, multimodal, noisy, and
incomplete [2]. Building a useful analysis pipeline therefore requires
many coupled decisions: how to parse unfamiliar data formats, clean
signals, segment time series, extract effective features, handle class
imbalance, split data without leakage, select models, choose clin-
ically meaningful metrics, and explain predictions [11, 19]. As a
result, developingmobile health analysis pipelines often depends on
people who combine programming expertise with domain knowl-
edge in signal processing, machine learning, and health evaluation.

Large language models (LLMs) appear to offer a natural way
to reduce this development burden. They can translate high-level
goals into code and explain intermediate results. Recent work has
explored LLMs for wearable and mobile health data, including
foundation models for wearable signals [19], sensor-language mod-
els [32] and personal health agents [3, 11]. However, many of these
systems focus on representing or interpreting sensor data rather
than generating complete executable analysis pipelines. Directly
asking an LLM to reason over raw sensor streams is also problem-
atic because time-series data are long, continuous, and expensive
to tokenize, and language models still struggle with zero-shot rea-
soning over such data [16]. In health settings, sending raw sensor
data to remote model APIs also raises privacy concerns [12].

An alternative is to use the LLM as a coding agent [29]. Com-
mercial coding agents and LLM-based coding systems such as
Codex [20] and Claude Code [1] make it increasingly practical
to generate executable analysis code from natural language instruc-
tions. But generic coding agents do not necessarily have the domain
knowledge needed for mobile health. Generated programs may be
syntactically valid while still making invalid analysis choices, such
as leaking subjects across train and test splits, optimizing accuracy
under severe class imbalance, or ignoring sensitivity and AUC in a
screening task [14].
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We therefore built an end-to-end mobile health coding agent that
uses an LLM to generate and refine executable analysis pipelines
over raw sensor data. During the development of the mobile health
agent, we repeatedly observed three failure patterns. First, agents
often repeated similar mistakes even after receiving execution feed-
back. A runtime error, failed validation check, or poor model out-
put was not enough unless the relevant information was carried
forward in a structured form. Second, longer context was not al-
ways beneficial. Persistent multi-turn conversations accumulated
old prompts, code, explanations, and outputs from earlier phases,
many of which were no longer relevant to the current subtask.
This made the agent more expensive to run and sometimes made it
less focused. Third, agents could become trapped in unsuccessful
refinement loops: after several small edits around the same flawed
approach, the model would continue patching symptoms rather
than changing strategy. These observations led us to treat reliability
as a context management problem.

We study three design choices for reliable mobile health coding
agents. (1) Structured execution feedback preserves the information
that is most useful for the next attempt, such as the previous code,
execution result, and error messages, rather than relying on the
model to remember an unstructured conversation. (2) Selective
context management avoids sending the full interaction history
to every prompt and instead attaches only the context needed for
the current phase. (3) Rollback-based recovery detects repeated
failure patterns and asks the agent to restart from a cleaner state,
preventing local failure loops from consuming the entire attempt
budget. These mechanisms are simple, but our experience suggests
that they matter more than adding more open-ended autonomy.

We provide empirical evidence across ECG, IMU, audio, and
multimodal mobile health tasks, comparing our design choices
with more generic prompting and coding-assistant baselines. The
insights from this work provide practical guidance for building
reliable LLM coding agents for sensor analytics and digital health
applications.

2 Lessons from Building the Agent
The system is implemented as a phase-based coding agent. We use
LangGraph to orchestrate the workflow and conditional transitions
between generation, execution, validation, and revision steps [13].
The LLM backend is Gemini 2.5 Pro accessed through the Gemini
API [8]. For each code-producing phase, the agent prompts the
model to generate Python code, executes the code in a Modal sand-
box [17] with a copied version of the dataset, validates the output,
and then either accepts the artifact or asks the LLM to revise it.

The agent takes a natural-language task description and a data
description, then decomposes the work into phases: data explo-
ration, data loading, optional web search for domain context, model
exploration, model refinement, evaluation, and report generation.
This decomposition is useful because mobile health pipelines have
dependencies that generic coding prompts often leave implicit [31].
For example, the loading phase must preserve subject identifiers
for later train-test splitting; the model phase must account for class
imbalance; and the evaluation phase must report metrics such as
sensitivity, specificity, AUC, and confidence where appropriate. The
workflow therefore acts as a lightweight form of domain guidance

Figure 1: Task-state-oriented prompt structure. Instead of
relying on the full chat history, each prompt is reconstructed
from selected task state, phase outputs, previous-attempt
feedback, and the current subtask.

rather than a fully autonomous open-ended agent. We omit imple-
mentation details here and instead focus the rest of the paper on
the lessons that emerged from building and evaluating the agent.

2.1 Task State Matters More Than Chat History
Many coding agents are organized around a persistent conversation
[7]. The model receives previous user messages, generated code,
tool outputs, and explanations, then decides for itself which parts
of the history matter. This design is natural for interactive program-
ming, but mobile health analysis behaves less like an open-ended
conversation and more like an iterative development workflow
with phase-specific state. Treating this process as a single long
conversation leaves the model to recover the relevant state from
an increasingly noisy transcript.

Therefore, the information that matters for the next generation
step is usually not the whole transcript. For example, the model
refinement phase needs the loaded dataset summary and model
exploration results; it does not necessarily need old failed attempts
from data exploration. Similarly, when repairing code, the previous
code and execution output are more useful than a vague conversa-
tional memory that something failed.

Our design reconstructs the prompt for each phase from struc-
tured state rather than appending to a global chat. As shown in
Figure 1, each prompt contains four components: the overall task,
selected context from previous phases, selected feedback from pre-
vious attempts in the current phase, and the current subtask in-
struction. Each attached context file is explicitly labeled so that the
LLM can identify what role the information plays. This makes the
agent less dependent on the LLM’s ability to search a long conver-
sation and gives the system designer control over what information
should influence the next step.
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Table 1: Evaluation tasks.

Task Modality Main challenge
R-peak detection ECG Signal preprocessing
Activity recognition IMU Multiclass imbalance
COVID-19 classification Audio Noisy files and loading
Activity recognition Multimodal Heterogeneous sensors

2.2 More Context Is Not Always Better
Once context is represented as state, the next question is how much
of it to include. Our experience was that more context was often
worse. Persistent multi-turn conversations accumulated prompts,
code, explanations, and outputs from earlier phases. Much of this
information was stale or unrelated to the current subtask, but it was
still sent to the model. This increased token usage and sometimes
made the model less focused.

We therefore use selective context management [9]. For each
phase, the agent attaches only the artifacts that are relevant to
the current subtask. Outputs from accepted previous phases are
included when they provide necessary information, such as data-
loading summaries for model exploration or model-exploration
metrics for model refinement. For iterative code repair within a
phase, the agent includes a bounded number of previous attempts
rather than the entire attempt history.

This principle of stateful feedback integration also applies to the
type of feedback included. Each previous attempt may contain code,
execution output, error messages, and the LLM’s explanation of its
own changes. These are not equally useful. In our final design, the
prompt emphasizes the previous code and execution output because
they provide concrete evidence about what happened. Natural-
language explanation comments are useful for interpretation, but
they are less reliable as the only source of repair context.

2.3 Rollback Prevents Failure Loops
Selective context helps the model repair local errors, but it does
not solve every failure. In some runs, the agent became trapped
in a poor refinement trajectory. The model repeatedly patched
symptoms of the same underlying problem, such as an incorrect
loading assumption or an unsuitable processing strategy, without
changing approach. Adding more execution feedback in these cases
did not help; it often reinforced the same local solution path.

We therefore implemented rollback as a recovery mechanism. If
the agent encounters the same type of failure repeatedly, such as
syntax error, runtime error, timeout, or successful execution with
invalid output, it clears the previous attempt history for that phase
and asks the LLM to regenerate the solution from a cleaner state.
The task description and relevant accepted phase outputs remain
available, but the local failed trajectory is removed.

Rollback is not a replacement for execution feedback. It is a
guardrail around iterative repair. The agent first attempts to im-
prove code using structured feedback; rollback is triggered only
when repeated failures suggest that local repair is no longer pro-
ductive. Long-horizon mobile health analysis gives the agent many
opportunities to enter a bad local trajectory, so the system should
support both incremental repair and strategic restart.

Table 2: Model performance for successful runs. Sensitivity
and specificity are omitted for multiclass tasks where they
are less directly comparable.

Dataset Bal. Acc. Specificity Sensitivity F1 AUC
MIT-BIH 0.989 0.993 0.983 0.971 0.995
PAMAP2 0.663 – – 0.687 0.805
Coswara 0.638 0.808 0.447 0.437 0.680
Harmony 0.579 – – 0.599 0.865

Table 3: Execution success rate compared with general-
purpose baselines.

Dataset Our agent Gemini prompting GitHub Copilot
MIT-BIH 0.7 0.1 0.9
PAMAP2 0.6 0.3 0.9
Coswara 0.9 0.0 0.0
Harmony 0.7 0.0 0.8
Mean 0.725 0.100 0.650

3 Validating the Lessons
We use an exploratory feasibility evaluation to assess whether the
agent can repeatedly construct executable mobile health analysis
pipelines across these settings. As shown in Table 1, we evaluate the
agent on fourmobile health analysis tasks: ECGR-peak detection us-
ing MIT-BIH [18, 25], IMU activity recognition using PAMAP2 [23],
audio-based COVID-19 classification using Coswara [26], and mul-
timodal activity recognition using Harmony [21]. These tasks vary
in modality, data format, preprocessing difficulty, and evaluation
requirements. Each reported success rate is computed over ten runs
per task unless otherwise stated, and this number is intended to
expose recurring execution and functional failure modes rather
than provide a high-precision estimate of small differences between
systems; transient failures caused by external LLM service unavail-
ability were excluded.

3.1 Overall Reliability
Table 2 summarizes the predictive performance across tasks. Per-
formance is strongest on the ECG task and lower on the more
heterogeneous activity-recognition and audio tasks. This is ex-
pected: the later tasks require more assumptions about noisy files,
heterogeneous modalities, and multiclass evaluation. The point of
these results is not that the agent always finds the best possible
model, but that it can repeatedly produce executable and evaluable
pipelines across different mobile health settings.

Baseline Comparison. We also compare the agent with two
general-purpose baselines: Gemini prompting [5] and GitHub Copi-
lot [6] in Table 3. A run is counted as execution-successful if the
generated program completes without a fatal error; this does not by
itself guarantee that the resulting pipeline satisfies all task require-
ments. The agent succeeds on a majority of runs for all four tasks,
with a mean execution success rate of 0.725. Coswara has the high-
est success rate, partly because the original repository provided a
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Table 4: Functional success rate compared with general-
purpose baselines.

Dataset Our agent Gemini prompting GitHub Copilot
MIT-BIH 0.7 0.1 0.5
PAMAP2 0.5 0.3 0.9
Coswara 0.7 0.0 0.0
Harmony 0.6 0.0 0.6
Mean 0.625 0.100 0.500

Table 5: Success rate for stateful feedback ablations.

Configuration Success rate
Code with two previous iterations 0.9
Comments only, without previous code 0.6
One previous iteration included 0.9
Three previous iterations included 0.5

loading script that the agent could incorporate into its pipeline [26];
the remaining tasks still require the agent to infer signal structure,
split data, train models, and report appropriate metrics.

Gemini prompting performs poorly because it cannot inspect
execution feedback or repair code after incorrect assumptions about
data format. GitHub Copilot is stronger, but its success is less con-
sistent across datasets. In particular, both baselines struggle on
Coswara, where compressed audio files and repository-specific
loading steps make prompting or generic coding workflows fragile.
Therefore, the following mechanism-level analyses are based on the
Coswara task as it exposes several reliability issues that motivated
our design: compressed audio files, repository-specific loading code,
noisy user-contributed recordings, and repeated opportunities for
the agent to make incorrect data-loading assumptions.

Execution alone does not show whether a generated pipeline sat-
isfies the analysis task. We therefore also report functional success
rate in Table 4. A run is functionally successful only if it executes,
correctly loads all relevant data modalities, trains a classifier, and
produces predictions with confidence values. Our agent has the
highest mean functional success rate (0.625), compared with 0.100
for Gemini prompting and 0.500 for GitHub Copilot. The gap be-
tween execution and functional success is particularly visible for
Copilot: several runs executed but did not fully process the data
or produce a valid prediction report. This distinction matters in
mobile health, where apparently successful code can still yield an
incomplete or misleading analysis.

3.2 Stateful Feedback Integration
We next evaluate the feedback design used during iterative code
generation. The key question is what information from previous
attempts should be carried into the next prompt. Table 5 shows that
including previous code and execution output is more effective than
including only natural-language comments: success increases from
0.6 to 0.9. The code provides concrete repair context, such as exact

(a) Model performance (b) Token usage

Figure 2: Token usage and model performance when stateful
feedback includes previous code rather than only previous
summary.

(a) Model (b) Iterations

Figure 3: Effect of including one or two previous attempts in
stateful feedback.

implementation choices and failure locations, while comments often
summarize the previous attempt too vaguely.

Figure 2 gives the corresponding token and performance com-
parison. Including previous code costs slightly more tokens, but the
successful runs produce better models overall, including higher bal-
anced accuracy and specificity on the Coswara task. In this setting,
the additional executable context is worth the token cost because
it gives the model a more precise basis for repair.

The amount of feedback history also matters. Figure 3 shows that
one and two previous attempts lead to similar model performance,
while two attempts reduce the mean number of iterations from 19 to
17 and slightly reduce total token usage. However, including three
previous attempts reduces success to 0.5 (Table 5), suggesting that
older failed attempts can become distracting rather than helpful.

3.3 Rollback Mechanism
Finally, we evaluate rollback as a recovery mechanism for repeated
local failures. In our implementation, rollback clears the previous
attempt history for a phase when the agent repeatedly encounters
the same class of error, then asks the LLM to regenerate from the
task state and accepted phase context. Table 6 shows that rollback
improves success on Coswara from 0.5 to 0.9. This supports the
observation that some failures cannot be fixed by incremental patch-
ing: the agent sometimes needs to abandon a poor local trajectory
and try a different implementation strategy.

Figure 4 reports token usage for the same ablation. Rollback
slightly reduces token usage because it removes unproductive lo-
cal history after repeated failures. The file-attachment result is
also informative: inserting all background context directly into the
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Table 6: Success rate for rollback and context-attachment
ablations.

Configuration Success rate
Rollback enabled, context attached as files 0.9
Rollback disabled 0.5
Context inserted directly into the prompt 0.0

Figure 4: Token usage in the rollback and context-attachment
ablation.

prompt produced no successful runs in this ablation. For mobile
health tasks, large context is necessary, but it must be structured
and separated so that the model can distinguish stable task state
from local repair feedback.

4 Related Work
LLM coding agents. LLM-based coding tools can now generate,
edit, and execute code from natural language instructions, making
them attractive for automating data analysis workflows [27–29].
However, code that appears plausible is not necessarily correct for
mobile health [14]: a script may execute successfully while using the
wrong subject split, ignoring class imbalance, or reporting metrics
that are weak indicators for screening tasks. Our focus is therefore
not whether LLMs can write code, but what agent design choices
make iterative code generation reliable enough for mobile health
analysis.

LLMs for mobile health. Recent systems have explored LLMs
and foundation models for wearable sensing, mobile health in-
terpretation, and personal health agents [11]. Much of this work
focuses on representing sensor data, answering questions about
health records, or generating user-facing insights[3, 32, 33]. Our set-
ting is different: the agent must build executable signal-processing
and machine-learning pipelines over raw mobile health data. This
requires the agent to reason about data loading, preprocessing,
validation, modeling, and evaluation as a connected workflow.

Iterative refinement. Recent work shows that LLM outputs can
often be improved through iterative refinement. Self-Refine [15] and
Reflexion [30] use self-critique or reflective memory to guide later
attempts, while CRITIC [10] shows that external tools can provide
useful signals for self-correction. Related memory-management
work such as MemGPT treats long-horizon reasoning as a context-
selection problem [22]. Our work is closest to this line, but focuses
on a different question: for mobile health coding agents, reliability
depends not on retaining more history, but on preserving the right

task state, carrying forward bounded executable feedback, and
resetting local history when refinement becomes unproductive.

5 Discussion
The main lesson is that reliable mobile health coding agents should
be designed around iteration management. The agent needs to
maintain task state, carry forward concrete execution feedback,
control how much previous context is reused, and recover when
local refinement is no longer productive. These mechanisms are
especially important in mobile health because data-loading, pre-
processing, modeling, and evaluation decisions are tightly coupled:
a script may execute successfully while still using an invalid split,
ignoring class imbalance, or reporting weak metrics for a screen-
ing task. The practical design implication is that agent autonomy
should be structured by the workflow and by explicit evidence from
previous attempts, not by an ever-growing conversation alone.

There are several limitations. Our evaluation covers only fourmo-
bile health datasets, and all tasks are supervised machine-learning
pipelines rather than broader clinical reasoning or deployment
scenarios. Our ten-run evaluation per condition is intended as a
feasibility study and does not support precise estimates of small
performance differences; larger repeated studies are needed to quan-
tify variance and statistical significance. We also did not use the
strongest possible LLM or the most advanced coding-agent frame-
work. More recent coding agents with very long context windows,
stronger tool use, and better planning may improve absolute suc-
cess rates on these tasks. However, we expect the lessons to remain
useful beyond this particular implementation: even with stronger
models, mobile health agents still need to decide what task state
to preserve, what context to exclude, how to interpret execution
feedback, and when to restart from a failed trajectory.

6 Conclusion
This paper studies what makes LLM coding agents reliable for mo-
bile health data analysis. Through building a mobile health coding
agent, we found that the core challenge is not simply generating
code, but managing long-horizon iterative context across noisy
data, domain-specific evaluation, and dependent workflow phases.
Structured execution feedback, stateful feedback integration, and
rollback recovery provide simple but practical mechanisms for im-
proving reliability. These lessons can inform future LLM-powered
agents for sensor analytics and digital health.
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