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Abstract: The increasing use of consumer wearable devices, such as smart bands, provides new
opportunities for health monitoring and clinical research. However, access to high-resolution
data is often limited by proprietary formats and aggregated summaries that are unsuitable for
detailed analysis. This work presents a reproducible methodology for data extraction and trans-
formation from Xiaomi devices, applied in a clinical study with 179 participants suspected of
obstructive sleep apnea. A two-stage pipeline was developed to convert exported files into struc-
tured, minute-level datasets, accessible through a graphical interface designed for non-technical
researchers. The approach was evaluated in terms of data quality, robustness, and utility, suc-
cessfully generating key metrics such as heart rate, oxygen saturation, respiration, steps, stress,
and sleep stages. Results show that the methodology facilitates standardized access to physio-
logical signals, supporting visualization and analysis in clinical and interdisciplinary research
contexts.

1 Introduction
The increasing availability of consumer-grade wearable devices has opened new oppor-
tunities for health research, particularly in the field of sleep monitoring Guillodo et al.
(2020). Wrist-worn devices such as smart bands can collect physiological signals (e.g.,
heart rate, respiration rate, blood oxygen saturation) and activity patterns with minimal
burden on participants. This makes them attractive for large-scale and long-term studies, com-
plementing traditional approaches such as polysomnography Concheiro-Moscoso et al. (2023).

However, despite their potential, the use of wearables in research is often limited by
technical constraints. Data are usually stored in proprietary formats, accessible only through
vendor applications, and provided as aggregated summaries that are not suitable for detailed
analysis. Researchers face difficulties in extracting raw or fine-grained information, and
available third-party tools are often restricted to a single brand or fail to produce interoperable
outputs Elfouly et al. (2025).

In this work, we present a practical approach to data extraction and transformation from
Xiaomi devices, applied within a clinical study on sleep. A total of 179 participants with
suspected obstructive sleep apnea (OSA) wore the devices during 24-hour sessions, including
overnight with concurrent nocturnal polygraphy. After each session, devices were returned
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to the hospital, synchronized through an application, and exported as raw CSV files. We
developed a two-stage script to convert these files: (i) a first version that generated simplified
CSV summaries, and (ii) a second version that decomposed the data into multiple tables with
minute-by-minute resolution. This transformation enables domain experts in sleep research to
access detailed metrics in a standardized and interpretable format.

The main contributions of this paper are:
• A reproducible pipeline for extracting, cleaning and transforming wearable data into

structured tables;
• Preliminary validation of the approach with real data from 179 participants;
• Identification of strengths and limitations, and discussion of future directions towards

a generalized framework for multi-device integration.

2 Related work
The use of wearable devices for health monitoring has been widely explored in recent years,
particularly in the context of sleep research. Commercial smart bands and smartwatches pro-
vide an affordable and user-friendly alternative to clinical-grade devices, offering continuous
tracking of activity, heart rate, respiration, oxygen saturation and estimated sleep stages. Several
studies have reported the potential of such devices to complement clinical tools or to support
large-scale observational studies at home Guillodo et al. (2020). Nevertheless, their accuracy
remains limited, and wearable-derived metrics should be interpreted with caution when com-
pared to gold-standard measurements Birrer et al. (2024).
From a technical perspective, data accessibility is another major challenge Elfouly et al. (2025).
While some vendor platforms restrict access to daily summaries, others do provide exports but
in formats that are heterogeneous, incomplete, or difficult to integrate. Researchers attempting
to retrieve minute-by-minute information often face cumbersome workflows, manual synchro-
nizations, or APIs that require additional steps and deliver partial results.
Different tools and libraries have been proposed to overcome these issues Lee et al. (2023).
Open-source projects and third-party software often focus on specific brands (e.g., Fitbit,
Garmin), but their scope is limited and cross-device integration is rarely achieved. Moreover,
existing solutions generally lack the ability to transform raw records into structured datasets
tailored to clinical analysis. In particular, no available software was able to handle the Xiaomi
device files used in our study and deliver the level of temporal granularity required Concheiro-
Moscoso et al. (2025).
This gap motivated the development of a dedicated pipeline to extract and standardize data
from Xiaomi device, with the goal of making them accessible and interpretable by domain ex-
perts in sleep research. Our work builds upon prior attempts to bridge consumer wearables
and clinical research, but emphasizes reproducibility and extensibility to other devices.

3 Materials and methods
The data analyzed in this work were collected as part of an ongoing clinical study on effec-
tiveness of the Xiaomi device as a complementary tool for monitoring health status and daily
activity in individuals with OSA. A total of 179 participants have been recruited to date. The
protocol involved the use of Xiaomi Smart Band 9 devices, which were distributed in parallel
to three participants at a time. Each participant wore the device continuously for 24 hours,
including a nocturnal polygraphy conducted simultaneously overnight. After the session, the
devices were returned to the hospital, synchronized with an application, and prepared for the
next group of participants Concheiro-Moscoso et al. (2025).



Concheiro-Moscoso et al. Data Extraction and Transformation Methodology for ... 209

Data were exported from the Xiaomi ecosystem in the form CSV files. These files contained
raw logs and aggregated records, but were not directly suitable for detailed analysis. Man-
ual handling of these files was impractical given the number of participants and the need for
temporal granularity.

3.1 Data extraction and transformation pipeline
To address this, we developed a two-stage pipeline to convert the raw exports into structured
datasets:

1. Simplified CSV summaries. A first version of the script produced single CSV files con-
taining condensed daily information. This reduced complexity and allowed preliminary
inspection of the data, but did not preserve full temporal resolution.

2. Structured minute-level tables. The second version of the pipeline decomposed the
data into multiple CSV tables, each corresponding to a physiological metric (e.g., steps,
heart rate, respiration, oxygen saturation, sleep stages). Each table provided minute-by-
minute values aligned by timestamp, enabling a detailed and standardized representa-
tion of the signals.

3.2 Implementation details
The pipeline was implemented in Python (version 3.12), using common libraries for data ma-
nipulation (e.g., pandas). Input files were validated to ensure temporal consistency and the
removal of duplicated or missing entries. Outputs were generated as CSV files with a normal-
ized schema, accompanied by a data dictionary describing the metrics and units.
On top of this core functionality, we developed a lightweight graphical user interface (GUI)
using Tkinter. This interface enables researchers to select which datasets or metrics they wish
to generate (e.g., heart rate, respiration, sleep stages) and to exclude others if not required. The
GUI reduces unnecessary processing, simplifies file management, and provides a user-friendly
workflow for investigators who may not have technical expertise. In this way, the pipeline can
be operated directly by domain experts, lowering the barrier to adoption in clinical research
environments.

3.3 Evaluation approach
In order to assess the pipeline, we defined a set of technical and usability criteria:

• Data quality: completeness of records, absence of duplicates, detection of out-of-range
values.

• Robustness: percentage of input files successfully parsed, average processing time per
file.

• Utility: coverage of metrics required by the sleep expert, and example visualizations of
transformed data.

Although a full clinical validationwas beyond the scope of this work, a subset of participants
with simultaneous polysomnography was identified for future comparisons.

4 Results
The proposed pipeline was applied to the data collected from 179 participants. All exported
CSV files from the Xiaomi devices were processed, although minor manual adjustments were
occasionally required (e.g., correcting unexpected column headers or handling missing en-
tries). The transformation yielded structured CSV tables organized by metric, with minute-
level granularity. This organization provided a clearer and more interpretable view of the
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physiological signals recorded during the study, while still depending on the accuracy and
limitations of the consumer-grade sensors.

4.1 Example outputs

Figure 1 shows a sample output table generated by the pipeline, illustrating minute-by-minute
heart rate values for a single participant. Similar tables were created for respiration rate, oxygen
saturation, and sleep stages. The separation of metrics into different files simplified navigation
and downstream analysis, compared to the aggregated format provided by the vendor.

Figure 1: Processed CSV capture

The Tkinter-based graphical interface (Figure 2) allowed researchers to choosewhichmetrics
to export. While basic, this functionality reduced unnecessary processing and helped non-
technical users interact with the pipeline without needing to edit code directly.
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Figure 2: Interface capture

4.2 Data visualization
To illustrate potential applications, exploratory plots were generated from the standardized
outputs. Figure 3 shows an example of aggregated sleep stage data across one night, together
with the corresponding heart rate trend. These examples demonstrate that the pipeline can pro-
duce data suitable for visualization and preliminary analysis, but further validation is required
before drawing clinical conclusions.

Figure 3: Example of sleep and heart rate data
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4.3 Preliminary evaluation
The technical evaluation of the pipeline highlighted both strengths and limitations:

• Data quality: the majority of files were processed without duplication errors, although
occasional missing values were present and required filtering.

• Robustness: all CSV exports could be parsed with the current script, which required on
average 1 minute and 20 seconds per file to complete the transformation process.

• Utility: the pipeline successfully provided all the core metrics requested by the sleep
expert. Separateminute-level datasets were generated for steps, heart rate, blood oxygen
saturation (SpO2), stress, activity intensity, and detailed sleep data (including stage-
level annotations). Validation confirmed that the script extracted these metrics correctly
and consistently across participants. However, the current interface remains basic and
could be improved for more complex research needs.

Feedback from the domain expert confirmed that the outputs weremore convenient than the
raw Excel exports. At the same time, the accuracy of the underlying device and the need for
manual synchronization were recognized as major constraints of the approach.

5 Discussion
The results demonstrate that a relatively simple pipeline canmake wearable-derived data more
accessible to researchers, especially in interdisciplinary contexts where clinicians and computer
scientists work together. By transforming vendor-specific exports into structured tables with
minute-level resolution, the approach facilitates visualization and further processing, and re-
duces the technical burden on non-specialist users.

5.1 Strengths
One of the main strengths of the pipeline is reproducibility: the same script can be applied con-
sistently to all exported files, ensuring homogeneous outputs across participants. The ability
to separate metrics into different tables also improves interpretability, allowing domain experts
to focus on specific signals such as respiration or sleep stages. Furthermore, the inclusion of
a lightweight graphical interface lowers the barrier for adoption, enabling researchers without
programming skills to operate the pipeline.

5.2 Limitations
Several limitations must be acknowledged. First, the accuracy of consumer-grade wearables
such as Xiaomi smart bands is inherently lower than that of clinical devices like polysomnog-
raphy Concheiro-Moscoso et al. (2023). This means that the transformed data should be inter-
preted with caution and primarily used for exploratory or large-scale observational purposes.
Second, the process still depends on manual synchronization of devices and exports, which
limits scalability in larger cohorts. Third, while the pipeline was robust for the data collected in
this study, it remains tailored to a single brand and format; applying it to other devices would
require additional adaptation.

5.3 Future directions
Building on this initial work, several improvements are planned. A key priority is to extend the
pipeline with adapters for multiple wearable brands, moving towards a generalizable frame-
work for heterogeneous data sources. Integration with interoperability standards (e.g., HL7
FHIR HL7 International (2019), Open mHealth Estrin and Sim (2010)) would further enhance
compatibility with clinical systems. From a usability perspective, the graphical interface can be
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expanded to provide richer configuration options and more advanced visualizations. Finally,
future studies will compare wearable-derived outputs with simultaneous polysomnography to
assess concordance and validate the utility of the transformed data.
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