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Abstract
Wearable devices generate increasingly rich multimodal health
data, yet transforming raw sensor streams into meaningful health
insights remains technically challenging. Heterogeneous sensing
modalities and task-specific modeling requirements often necessi-
tate substantial manual effort and domain expertise to develop effec-
tive analytics pipelines. While recent large language model-based
coding agents offer a promising alternative, general-purpose code
generation workflows are not designed to handle heterogeneous
wearable data or satisfy the trustworthiness and interpretability
requirements critical for health applications. Hence we present an
agentic AI system that automatically constructs machine-learning
pipelines from heterogeneous wearable sensor data, including ECG,
IMU, audio, and multimodal sensing modalities. Rather than trans-
mitting raw sensor data to a large language model, the system
generates and iteratively refines analysis code locally executed
in a secure sandbox, improving privacy and transparency. The
framework also produced interpretable reports containing feature
importance analyses, uncertainty estimates, confidence scores, and
clinically relevant evaluation metrics. Across all tasks, the frame-
work achieved a 72.5% functional pipeline generation success rate,
automatically producing end-to-end workflows encompassing data
preprocessing, feature engineering, model training, evaluation, and
reporting. Generated models achieved performance comparable to
manually developed baselines, improving F1-scores by up to 48%.
Our findings demonstrate the potential of agentic AI to enable scal-
able, trustworthy, and privacy-conscious well-being monitoring
from wearable sensor data.

CCS Concepts
• Computing methodologies→ Intelligent agents;Machine
learning; •Applied computing→Health informatics; •Human-
centered computing→ Ubiquitous computing.
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1 Introduction
Wearable devices such as smartwatches, rings, and earbuds are
increasingly used to support health and well-being monitoring
by continuously collecting physiological and behavioral signals
including heart activity, movement, sleep, and respiration [2, 26, 31].
This creates new opportunities for personalized and longitudinal
health monitoring and leads to growing interest in mobile health
systems that support disease detection, activity recognition, health
assessment, and behavioral interventions [12, 22].

However, transforming raw sensor streams into meaningful
health insights remains challenging. Variation in sensing modality,
format, noise, and labeling scheme means different applications de-
mand different analytical approaches, and free-living data collection
introduces motion artifacts, missing values, and class imbalance.
Consequently, building effective wearable-data pipelines typically
requires expertise spanning signal processing, machine learning,
and domain-specific health knowledge [8, 14, 32].

Recent advances in large languagemodels (LLMs) and agents sug-
gest a promising alternative: automatically generating data-analysis
pipelines from natural-language specifications. However, existing
approaches face two key challenges in mobile health domain.

(i) Wearable data complexity. Wearable datasets are highly
heterogeneous, spanning multiple sensing modalities, file formats,
and sampling characteristics [17]. Developing effective pipelines
requires handling diverse data representations as well as addressing
noise, missing values, and class imbalance that commonly arise in
free-living settings. These characteristics make automated pipeline
construction substantially more difficult than in many conventional
machine-learning benchmarks.

(ii) Trustworthy health analytics requirements. Health-
related applications impose requirements that extend beyond pre-
dictive performance. Models must be evaluated using clinically
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meaningful metrics and provide interpretable outputs, confidence
estimates, and uncertainty quantification to support trustworthy
decision making [3, 5]. General-purpose coding agents are typically
optimized for generating functional code and are not explicitly
designed to satisfy these domain-specific requirements.

In this work, we propose an agentic AI system that can auto-
matically construct mobile-health analytics pipelines directly from
raw wearable sensor datasets. Rather than interpreting sensor data
itself, the proposed system generates executable analysis code that
operates within a secure sandbox environment, keeping raw data
outside the LLM context. The system follows a workflow specifi-
cally designed for mobile-health tasks, including data exploration,
data loading, model exploration, model refinement, evaluation, and
report generation. Each phase is guided by mobile-health-specific
objectives, such as handling missing data and class imbalance, pri-
oritizing clinically relevant metrics including sensitivity, specificity,
and AUC, and generating model explanations, prediction confi-
dence, and uncertainty estimates. To improve robustness, the sys-
tem incorporates iterative code generation with execution-based
feedback and stateful integration of previous execution traces

We evaluate the framework on four mobile-health datasets span-
ning diverse sensing modalities and analysis tasks, including ECG-
based cardiac analysis, IMU-based activity recognition, audio-based
COVID-19 detection, and multimodal activity recognition. Across
these tasks, the proposed agent achieves higher execution and func-
tional success rates than general-purpose code-generation baselines,
demonstrating that domain-specific workflow design is critical for
reliable wearable-data analysis. Beyond pipeline generation, the
framework produces structured reports supporting more transpar-
ent and trustworthy use of AI-generated analytics in well-being
applications. Our contributions are threefold:

• We identify key challenges limiting general-purpose LLM
agents on wearable-data analysis: data heterogeneity and
the need for health-oriented trustworthiness.

• We present an agentic framework that generates and itera-
tively refines wearable-health ML pipelines, incorporating
domain-specific workflow design and health-oriented analy-
sis with interpretability and uncertainty estimates.

• Weevaluate the framework across fourmobile-health datasets
covering ECG, IMU, audio, and multimodal sensing modali-
ties and compare it against general-purpose baselines.

2 Related Work
Mobile Health and Wearable Data Analytics. Wearable devices
equipped with sensors such as ECG, PPG, IMU, and microphones
enable continuous monitoring of cardiovascular health, physical
activity, sleep, stress, and respiratory conditions in free-living set-
tings. Numerous task-specific systems have been developed for
applications including arrhythmia detection, stress monitoring, ac-
tivity recognition, and respiratory disease screening [12, 13, 24, 27].
However, wearable datasets are often heterogeneous, spanning mul-
tiple sensing modalities, sampling rates, and file formats, while also
exhibiting noise, missing values, and class imbalance [15–17, 23].
Consequently, developing effective wearable-data analysis pipelines
typically requires substantial expertise in signal processing, ma-
chine learning, and domain-specific health knowledge.

Large Language Models for Health and Wearable Appli-
cations. Recent advances in LLMs have motivated their use in
health-related applications, including clinical assistance, personal
health agents, and wearable-health analytics [4, 5, 9]. Several stud-
ies have explored using LLMs to interpret wearable sensor data
or health summaries, either through textual representations of
sensor measurements or specialized wearable foundation models
[3, 14, 28–30]. While these approaches improve accessibility and
natural-language interaction, they generally assume the existence
of an underlying analytics pipeline and focus on interpreting sen-
sor data or extracted features. In contrast, our work focuses on
automatically constructing the machine-learning workflow itself
directly from raw wearable datasets.

Agentic AI and Code Generation. Recent agentic AI systems
extend LLMs with planning, tool use, and iterative code refinement,
and execution feedback has been shown to substantially improve re-
liability over single-shot generation [1, 6, 7, 10, 11, 19, 25]. However,
existing coding agents are designed as general-purpose systems
and do not explicitly address the requirements of mobile-health
applications, such as handling heterogeneous wearable datasets,
prioritizing clinically meaningful evaluation metrics, or generating
interpretable and uncertainty-aware reports. Our work specializes
the agentic workflow for wearable-based well-being monitoring
through domain-specific pipeline generation, evaluation, and re-
porting procedures.

3 System Design
3.1 Design Goals
The goal of the system is to automatically construct wearable-data
analysis pipelines from a natural-language task description and a
raw sensor dataset. We design the system around four requirements.
First, it should support heterogeneous wearable datasets with dif-
ferent modalities, file formats, sampling rates, and label structures.
Second, it should generate executable machine-learning pipelines
rather than directly asking the LLM to interpret raw sensor streams.
Third, it should improve reliability through execution feedback,
since single-shot code generation is often brittle for complex data-
analysis tasks. Fourth, it should support trustworthy well-being
monitoring by reporting health-relevant metrics, model explana-
tions, prediction confidence, and uncertainty estimates.

3.2 System Overview
Figure 1 shows the overall architecture. The system consists of three
main components: an agent controller, an LLM backend, and a sand-
box execution environment. The user provides a task description, a
data description, and a local dataset. The agent controller decom-
poses the task into a sequence of analysis phases and prompts the
LLM to generate phase-specific Python code. The generated code is
then executed in the sandbox on a copy of the dataset. The sandbox
returns execution results, error messages, validation outputs, and
generated artifacts to the controller, which either advances to the
next phase or asks the LLM to revise the code.

This design separates reasoning from data access. The LLM re-
ceives task descriptions, summaries, execution traces, and bounded
data previews, but not the full raw sensor dataset. Raw data are
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Figure 1: System architecture. The agent coordinates between the user, LLM, and sandbox. The LLM generates code, while the
sandbox executes and validates it on a copy of the wearable dataset. The figure shows the system with the evaluation task of
identifying R-peaks in EKG data.

Figure 2: Domain-specific workflow for wearable-data analy-
sis. Each phase generates, executes, and validates code before
propagating structured artifacts to downstream stages.

processed by generated code inside the sandbox, which reduces
the need to expose sensitive wearable data to the LLM context and
prevents generated code from modifying the user’s original files.

3.3 Phase-Based Agent Workflow
Pipeline synthesis is organized as a structured multi-phase work-
flow tailored to wearable and mobile-health analytics (Figure 2).
Each phase consumes a formally defined input state and produces
a typed intermediate artifact that serves as the input to subsequent
phases. This design enforces modularity, improves interpretability,
and enables phase-level validation before execution proceeds.

Data Exploration. Theworkflow is initializedwith an exploratory
analysis stage that synthesizes executable code for dataset inspec-
tion. The generated program enumerates directory structures, iden-
tifies available file formats, extracts metadata describing data orga-
nization, and samples representative records. To maintain context
efficiency, outputs are truncated and summarized before inclusion
in the agent state. The resulting artifact captures structural dataset
characteristics that inform subsequent data-ingestion decisions,
particularly for heterogeneous wearable-data repositories that lack
standardized schemas.

Data Loading. A dataset-specific ingestion module is synthesized
from the exploration artifact. This module implements a standard-
ized load_data() interface that transforms raw files into a unified
representation suitable for downstream modeling. During execu-
tion, the generated code characterizes missing-value patterns, class

distributions, subject-level identifiers, temporal structure, and other
dataset properties relevant to health-monitoring applications. The
resulting artifact consists of a validated dataframe representation
together with associated dataset diagnostics.

Web Search (Knowledge Grounding). An optional grounding stage
augments the workflow with external task-specific knowledge. The
agent retrieves and summarizes information related to established
preprocessing procedures, feature-engineering approaches, domain-
relevant evaluation criteria, and candidate modeling techniques.
This information is summarized and passed to latermodeling phases
as contextual guidance rather than hard-coded assumptions.

Model Exploration and Refinement. Model development is for-
mulated as a two-stage process comprising candidate exploration
and model refinement. Exploration generates and executes experi-
ments across multiple learning algorithms and feature-processing
strategies while reporting domain-relevant performance measures.
Refinement stage synthesizes a final pipeline encapsulated in a stan-
dardizedModel abstraction ( train(), predict(), predict_proba())
that decouples evaluation from the underlying model family.

Evaluation and Reporting. The evaluation stage executes the fi-
nalized pipeline on held-out data and computes metrics appropriate
for health-related prediction tasks, including balanced accuracy, F1
score, area under the ROC curve (AUC), sensitivity, and specificity
when applicable. Additional analyses include visualization gener-
ation, feature-attribution assessment, and confidence-calibrated
prediction inspection. A final reporting stage aggregates artifacts
produced throughout the workflow into a comprehensive summary
documenting dataset characteristics, identified data-quality issues,
modeling decisions, predictive performance, uncertainty estimates,
and implications for downstream well-being assessment.

3.4 Reliable Code Generation
Each code-generating phase follows an iterative generate–execute–
revise procedure. The LLM produces phase-specific code, which is
formatted, checked, and executed in the sandbox under a predefined
timeout. The agent then validates the execution results and verifies
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that the required outputs and artifacts have been produced. When
execution fails or the outputs do not satisfy the phase objective,
the agent prompts the LLM to revise the code using the previous
implementation and the relevant execution feedback.

To maintain a compact and task-focused context, the agent se-
lectively incorporates information from earlier phases and recent
execution attempts rather than preserving the complete interac-
tion history. If repeated revisions continue to produce the same
failure pattern, the agent discards the unsuccessful local attempt
history and requests a new implementation. This recovery step al-
lows the workflow to explore an alternative solution when iterative
refinement repeatedly stalls

3.5 Trustworthiness-Oriented Design
The workflow is specialized for well-being applications in three
ways. First, prompts explicitly require the agent to considerwearable-
data issues such as class imbalance, missing data, and subject-level
train-test separation. Second, the model-evaluation phase priori-
tizes metrics that are meaningful in health contexts, including AUC,
sensitivity, and specificity rather than accuracy alone. Third, the
final report includes model explanations, confidence scores, and
uncertainty-aware interpretations so that generated predictions
are presented as decision-support outputs rather than definitive
clinical conclusions.

4 Evaluation
We evaluate whether a domain-specific agent workflow improves
the reliability of automated wearable-data analysis compared with
general-purpose coding assistants. Specifically, we evaluate three
research questions:

• RQ1: Can the proposed workflow reliably generate exe-
cutable end-to-end wearable-health analysis pipelines across
heterogeneous datasets?

• RQ2: Does the domain-specific workflow produce outputs
that are more useful for wearable-health decision making?

• RQ3: What computational overhead is introduced by the
workflow’s iterative exploration and validation stages?

4.1 Experimental Setup
Wearable-health tasks. To evaluate generalizability across health
applications, we select four publicly available datasets spanning
diverse sensing modalities, prediction tasks, and data complexities.

• MIT-BIH Arrhythmia Database [21]: ECG recordings
used for cardiac monitoring. The task is R-peak detection
from raw ECG signals, representing physiological health
monitoring and time-series event detection.

• PAMAP2 [20]: Wearable inertial and physiological sensors
collected during daily activities. The task is human activity
recognition (HAR).

• Coswara [23]: Respiratory audio recordings collected from
healthy and COVID-19-positive participants. The task is
COVID-19 screening from cough, breathing, and voice record-
ings, representing acoustic health assessment.

• Harmony [17]: A multimodal wearable-sensing dataset
combining heterogeneous sensor streams. The task is hu-
man activity recognition from multiple sensing modalities,
requiring sensor-fusion across heterogeneous data sources.

Together these dataset cover cardiovascular monitoring, phys-
ical activity analysis, respiratory health assessment, and multi-
modal behavioral sensing. They reflect common challenges in ubiq-
uitous well-being computing, including heterogeneous file formats,
modality-specific preprocessing requirements, missing metadata,
and varying machine-learning objectives.

For each task, the agent receives a natural-language objective, a
dataset description, and access to the raw dataset downloaded. The
agent is asked to generate an executable end-to-end pipeline that
loads the data, trains a predictive model, evaluates performance,
and produces a final report.

Baselines.We compare our workflow against two representative
AI-assisted coding approaches:

• Gemini 2.5 Pro: A single-agent baseline where the model
receives the same task description and dataset access but
without the structured workflow.

• GitHub Copilot Agent Mode: A state-of-the-art software-
engineering agent capable of autonomously generating and
executing code within a development environment.

Both baselines were provided identical dataset access and task de-
scriptions. No dataset-specific prompts, handcrafted preprocessing
instructions, or additional domain knowledge were supplied. Each
experiment was repeated multiple times to account for variability
in LLM generation.

4.2 RQ1: Pipeline Generation Reliability
We evaluate whether the proposed workflow can reliably generate
complete wearable-health analytics pipelines across heterogeneous
datasets. Following the evaluation protocol used in our full study,
we distinguish between two levels of success:

• Execution success: the generated code executes without
human intervention and produces the expected outputs.

• Functional success: the resulting pipeline is both executable
and analytically correct, including valid data loading, model
training, evaluation, and report generation.

Figure 3 compares success rates across the evaluated datasets.
The proposed workflow achieved a mean execution success rate of
0.73, outperforming GitHub Copilot Agent Mode (0.65) and direct
Gemini prompting (0.10). The gap becomes more pronounced when
considering functional success, which requires not only successful
execution but also correct handling of the underlying wearable-
health data. Across all evaluated tasks, our framework achieves
a 72.5% functional success rate, and the generated models show
a substantial improvement in quality, boosting F1-scores by an
average of 35% across datasets compared with GitHub Copilot.

Several failures in the baseline systems arose during data under-
standing and loading. Direct Gemini prompting frequently failed
to construct valid loading pipelines for complex datasets, while
GitHub Copilot occasionally made incorrect assumptions about
dataset schemas, label mappings, or preprocessing requirements.
These failures were particularly evident on datasets with non-trivial
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(a) Execution success rate (b) Functional success rate (c) F1 score comparison

Figure 3: Comparison of end-to-end pipeline generation success rates across wearable-health tasks.

formats such as Coswara, where both baselines consistently failed
to load and process the data correctly. Similar issues occurred on
Harmony and MIT-BIH, where incorrect assumptions about data
structure led to invalid analyses despite successful execution.

A representative failure occurred on the Harmony dataset, where
GitHub Copilot generated a fully executable pipeline that reported
near-perfect performance. Inspection revealed that the system had
inadvertently introduced data leakage during preprocessing, yield-
ing overly optimistic evaluation metrics despite successful execu-
tion. Similar failures were observed when baseline agents inferred
incorrect dataset schemas or applied inappropriate preprocessing
steps without verifying assumptions against the underlying data.
More information is included in Appendix1.

In contrast, the proposed workflow explicitly separates dataset
exploration, validation, and model development. Intermediate arti-
facts generated during exploration and loading are validated before
downstreammodeling, reducing the likelihood of silent failures that
produce plausible but incorrect results. On clean, periodic signals
like the MIT-BIH ECG dataset, our workflow achieved a Balanced
Accuracy of 98.9% and an F1-score of 97.1%, matching standard
domain baselines [18]. Similarly, on the Coswara respiratory audio
dataset, the framework achieved an AUC of 68.0% (more results
in the Appendix), mirroring the expected performance in litera-
ture [23]. These results suggest that structured workflow decompo-
sition improves not only code executability but also the reliability
and quality of generated analyses in wearable-health settings.

4.3 RQ2: Does the workflow produce more
useful wearable-health analyses?

Beyond pipeline correctness, we evaluate whether the workflow
produces outputs that are useful for wearable-health decision mak-
ing. In this setting, usefulness extends beyond predictive perfor-
mance and includes transparency, uncertainty communication,
and the use of evaluation criteria that are meaningful in health-
monitoring applications. The comparision is reported in Table 1.

Across all successful runs, our proposed workflow generated
structured reports that summarized dataset characteristics, prepro-
cessing decisions, model-selection rationale, evaluation results, and
prediction confidence. Reports consistently included diagnostics

1Code and appendix is available at https://github.com/alexlohwl/ai-mobile-health-
analysis

Table 1: Comparison of information included in generated
analyses. The proposed workflow consistently produces
health-oriented reports containing dataset diagnostics.

Analysis component Ours Copilot Gemini

Dataset diagnostics 100% 43% 50%
Model rationale 100% 0% 0%
AUC and Sensitivity reporting 100% 57% 0%
Prediction confidence 100% 100% 0%
Interpretation of results 100% 19% 0%

such as class-distribution analysis, discussion of potential data-
quality issues, and health-relevant metrics including balanced accu-
racy, sensitivity, specificity, and AUC where applicable. The work-
flow also reports representative predictions together with confi-
dence estimates and accompanying interpretations, allowing users
to assess the reliability of model outputs rather than relying solely
on aggregate performance metrics.

In contrast, the baseline systems primarily focused on producing
executable code. Even though GitHub Copilot sometimes generated
executable training pipelines, the resulting outputs were limited to
generic machine-learning metrics and lacked systematic discussion
of uncertainty or clinical relevance. Consequently, users received
limited insight into why a model was selected, how reliable its
predictions were, or which aspects of the data most influenced
performance.

Case study. To illustrate these capabilities, we examine a rep-
resentative report generated for COVID-19 screening using the
Coswara dataset2. The report demonstrates three characteristics
that are particularly relevant for wearable-health applications. First,
the workflow performs health-aware model selection rather than
optimizing solely for generic machine-learning metrics. During
model exploration, the agent compares multiple candidate models
and explicitly identifies false negatives as themost critical error type
for a screening application. Consequently, it selects the model with
the highest sensitivity, prioritizing the detection of positive cases
over marginal improvements in overall accuracy. Second, the report
emphasizes evaluation metrics that are meaningful in a healthcare

2The report is available at the github page.

https://github.com/alexlohwl/ai-mobile-health-analysis
https://github.com/alexlohwl/ai-mobile-health-analysis
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Figure 4: Runtime distribution across workflow phases. Iter-
ative model exploration dominates overall execution time.

context. Rather than reporting accuracy alone, it presents sensi-
tivity, specificity, balanced accuracy, and AUC, and discusses the
implications of these metrics for real-world deployment. The report
explicitly highlights the trade-off between detecting positive cases
and avoiding false alarms, allowing users to understand the model’s
strengths and limitations. Third, the workflow communicates uncer-
tainty through prediction confidence estimates. The report includes
representative true-positive, true-negative, false-positive, and false-
negative examples together with their predicted probabilities and
interpretations. This enables users to identify which predictions are
likely to be reliable and which should be treated with caution. In
particular, the report highlights high-confidence errors as potential
failure modes requiring further investigation before deployment.
Together, these findings suggest that the proposed workflow con-
tributes not only to reliable pipeline generation but also to the
production of more transparent and interpretable wearable-health
analyses. By explicitly communicating uncertainty, clinically rele-
vant trade-offs, andmodel limitations, the generated reports provide
information that is more actionable for health-monitoring applica-
tions than model predictions alone.

4.4 RQ3: What computational overhead does
the workflow introduce?

The proposed workflow introduces additional computation through
iterative code generation, execution, validation, and model refine-
ment. To quantify this overhead, we measure runtime across all
workflow phases.

Figure 4 shows the distribution of execution time. Successful runs
required approximately 28 minutes on average. The majority of
runtime was concentrated in the model exploration and refinement
stage, where multiple candidate pipelines are generated, executed,
and compared before selecting a final solution. Data exploration
and loading incurred comparatively small costs, while knowledge
grounding and report generation contributed only a minor fraction
of total runtime.

The additional computational cost reflects a deliberate design
choice. Rather than generating a single solution and assuming cor-
rectness, the workflow repeatedly validates intermediate artifacts

and incorporates execution feedback into subsequent decisions. The
results from RQ1 indicate that this overhead yields substantially
higher reliability and reduces the occurrence of silent analytical
failures. For wearable-health applications, where incorrect conclu-
sions may affect downstream well-being assessments, the observed
runtime increase represents a practical tradeoff for improved ro-
bustness and trustworthiness.

5 Discussion
Our results highlight that executable code is not sufficient for trust-
worthy wearable-health analytics. Several baseline pipelines com-
pleted successfully but produced invalid analyses due to incorrect
assumptions about dataset structure or evaluation procedures. This
distinction between execution success and functional success is
particularly important in well-being applications, where analytical
errors may remain unnoticed while generating plausible results.

The findings also suggest that workflow design plays a critical
role in agent performance. Rather than relying solely on stronger
foundation models, structuring analysis into exploration, valida-
tion, modeling, and evaluation stages helps reduce failure modes
associated with heterogeneous sensor datasets. This principle may
extend to other ubiquitous-computing domains that involve com-
plex data-processing pipelines.

The study has several limitations. Evaluation was conducted
on four public datasets and focused on offline supervised-learning
tasks. The workflow remains dependent on the capabilities of the
underlying LLM and cannot guarantee methodological correctness.
Furthermore, comparisons were limited to general-purpose base-
line pipelines; future evaluation against more advanced coding
agents, such as those with tool-use, multi-agent collaboration, or
domain-specific fine-tuning, would provide a more comprehen-
sive picture of the relative benefits of health-specific workflow
design. This work also focuses on pipeline generation and evalu-
ation; deployment-side considerations such as inference latency
and model compression fall outside the current scope. Future work
will also investigate broader sensing applications, stronger valida-
tion mechanisms, and human-in-the-loop oversight for high-stakes
well-being scenarios.

6 Conclusion
This paper presented a domain-specific agent workflow for auto-
mated wearable-health analytics. By decomposing pipeline genera-
tion into validated intermediate stages, the workflow improves the
reliability of end-to-end analysis on heterogeneous sensing datasets.
Evaluation across four well-being monitoring tasks demonstrated
higher pipeline success rates than general-purpose coding assis-
tants and revealed the importance of distinguishing executable
pipelines from functionally correct analyses. These findings sug-
gest that structured agent workflows are a promising direction
for trustworthy AI-assisted analytics in wearable and ubiquitous
computing.
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