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Abstract

The usage of wearable devices has gained popularity in the latest years, espe-
cially for health-care and well being. Recently there has been an increasing
interest in using these devices to improve the management of chronic diseases
such as diabetes. The quality of data acquired through wearable sensors is gen-
erally lower than what medical-grade devices provide, and existing datasets have
mainly been acquired in highly controlled clinical conditions. In the context of
the D1NAMO project — aiming to detect glycemic events through non-invasive
ECG pattern analysis — we elaborated a dataset that can be used to help devel-
oping health-care systems based on wearable devices in non-clinical conditions.
This paper describes this dataset, which was acquired on 20 healthy subjects
and 9 patients with type-1 diabetes. The acquisition has been made in real-life
conditions with the Zephyr BioHarness 3 wearable device. The dataset consists
of ECG, breathing, and accelerometer signals, as well as glucose measurements
and annotated food pictures. We open this dataset to the scientific commu-
nity in order to allow the development and evaluation of diabetes management
algorithms.

Keywords: Diabetes Management; Wearable Devices; Glucose; ECG;
Accelerometers; Annotated food pictures

1. Introduction

Data science and data-driven algorithms are transforming the way health-
care and chronic diseases are managed, including the use of monitoring, diag-
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nosis and treatment technologies. This trend is supported by the increasing
adoption of wearable devices with sensing capabilities, such as Fitbit One1,5

Jawbone Up2 or Garmin Vivofit3 [1]. Thanks to such devices, it is now possi-
ble to provide live analytics on personal health data, leveraging state-of-the-art
research on quantified-self and health-tracking [2].

Diabetes management is a particularly interesting use-case in this context,
given the importance of providing accurate and timely feedback, monitoring and10

diagnosis tools to both patient and health-care providers [3, 4]. In fact, several
research initiatives have addressed the challenges of managing the different as-
pects of diabetes, using wearable devices as sources of data [5, 6]. However, the
development of data-driven approaches depend on the existence of datasets that
can be used for training, validation or automated learning. These datasets are15

needed not only in clinical and controlled environments (e.g. monitoring during
a hospital stay), but also in everyday-life conditions, which are closer to what a
patient with diabetes experiences in her daily routine.

The goal of this paper is to contribute to the development of data-centric al-
gorithms and diabetes monitoring technologies, by providing an openly available20

multi-modal dataset acquired on real patients in non-clinical conditions. This
dataset has been collected in the context of the D1NAMO project, and consists
of a set of Electrocardiogram (ECG) signals, Breathing signals, Accelerometers
outputs, information about glucose levels and annotated food pictures. The
D1NAMO project aims at providing non-invasive diabetes management through25

machine learning data analytics performed on wearable sensor data signals [7, 8].
This heterogeneous dataset was acquired on a study that included 29 patients —
20 healthy people and 9 patients with diabetes — in real-life conditions, using
the Zephyr BioHarness 3 wearable chest-belt device.

As explained in Section 5, the availability of datasets such as this, offers30

interesting possibilities for the development of healthcare monitoring systems,
especially in the context of diabetes management through wearable devices. For
example, one possible use case is for detection of hypoglycemic events, which
can be potentially dangerous for the patient. Changes in glucose level in the
blood have been shown to correlate with changes in the shape of the ECG sig-35

nals, opening the door for non-intrusive detection. Nevertheless, this is not
the only parameter to consider, given that the activity levels, or food intake,
may have direct and indirect consequences on glycemic events on the patient.
Added to the complexity of dealing with these different parameters, it is impor-
tant to take into account the potentially noisy data that is commonly acquired40

under non-clinical conditions. Many algorithms that were originally developed
using medical-grade signals require to be tested and adapted for everyday-life
wearable devices signals, in order to be used effectively for health monitoring.
Therefore, the purpose of this paper is to open this dataset to the scientific com-

1http://www.fitbit.com/
2http://www.jawbone.com/
3http://www.garmin.com/
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munity, providing a valuable source of real patient information, which can be45

used for automated learning, training, experimentation and validation of algo-
rithms and techniques in the realm of diabetes management. The publication of
this dataset constitutes an important milestone and contribution in the context
of the D1NAMO project, following our previous efforts regarding data analyt-
ics [8] and mobile health developments [7] for Type 1 diabetes management.50

The remaining of this paper is structured as follows: Section 2 compares
our dataset to relevant related works. Section 3 presents the methodology used
for the data acquisition. Statistics of the dataset are described in Section 4.
Different opportunities offered by this dataset are proposed in Section 5, and
finally we provide final remarks in Section 6.55

2. Related work

Research in diabetes has gathered considerable attention, especially regard-
ing the development of techniques and algorithms relying on monitoring pa-
rameters using sensing devices. To support this research line, datasets have
been released to allow researchers to advance the state of the art with respect60

to diabetes monitoring and treatment. While a lot of these publicly released
datasets contain ECG waveforms, we have found only one that also contains
glycemic data: the MIMIC II [9] dataset. This dataset is available on the Phys-
ioNet platform [10] and provides data from patients who were in Intensive Care
Unit (ICU). The database has two parts: first, the clinical database containing65

information about the patients, their diseases, and other ICU-related data. The
second part is the waveform database: it contains the signals that were recorded
during the patients’ stays at ICU using medical-grade devices, while patients
were in a static position (i.e. lying in bed, with very limited movement). Despite
the good signal quality and the additional type of data available, the dataset is70

not representative of everyday signals recorded with wearable devices, because
of the ICU-related condition of the patients and of the quality of the sensing
devices. Also, the glucose levels are not available for all patients but have only
been acquired when the patient’s condition required it.

The PhysioNet platform also provides a long list of physiological databases.75

Some of them are ECG databases, like for instance the MIT-BIH arrhythmia
dataset [11] which offers 48 half-hour of ambulatory acquired ECG. Others
are multi-parametric databases that include ECG along with other signals, but
among all the databases listed on the webpage4, none of them includes glucose
levels as time series. Another known resource for Machine Learning databases80

is the UCI Machine Learning Repository [12]. At least two of its datasets are
related to this work. First, the MHEALTH dataset, which offers body motion
data — including acceleration — as well as 2-leads ECG measurements [13].
Second, the Diabetes dataset that consists of glucose levels acquired both from

4http://www.physionet.org/physiobank/database/ - November 2017
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a Continuous Glucose Monitoring (CGM) and from manual measurements5.85

These two datasets do not offer all the type of data needed for working on
diabetes management through wearable devices, as they either lack glusoce in-
formation in the first dataset, and ECG in the second.

The Diabetic Cardiac Neuropathy Diagnostic and Modeling dataset [14, 15]
(DICARDIA6) provides ECG from patients with diabetes, both with and with-90

out cardiac complications. Additional laboratory data such as glucose, hemoglobin
or cholesterol are available, but only with a unique spot measurement per pa-
tient. Therefore, predictions of glucose levels or identification of glycemic events
cannot be done with this dataset. Other research has also been made on topics
requiring both glucose levels and ECG signals, but these datasets have not been95

made publicly available. Some examples of such works includes [16, 17, 18, 19].
The D1NAMO dataset focuses on diabetes management through ECG, but

the other types of data it provides have also been treated by the scientific com-
munity. The domain of activity recognition is mainly built upon Accelerometers
and have released many datasets, for instance [20, 21]. There exist picture data-100

bases that are oriented towards food recognition, such as UEC FOOD-100 [22],
UEC FOOD-256 [23], Food-101 [24] and Food-pics [25]. The D1NAMO dataset
has less images in comparison, but the annotations by a dietitian are valuable
in the context of calories estimation as it impacts glucose levels. Finally, up to
our knowledge there is no other publicly accessible dataset offering a collection105

of signals coming from the Zephyr BioHarness 3.

Dataset ECG Glucose Activity Food
Intake

Measurement
conditions

Target

MIMIC II [9] 3 limited 7 7 UCI conditions Monitoring
UCI patients

MIT-NIH [11] 3 7 7 7 Ambulatory Monitoring
ambulatory
patients

ECG Physionet
datasets

3 7 7 7 Heterogeneous
conditions

Various

UCI
MHEALTH [13]

3 7 3 7 Everyday life Mobile healht

UCI Diabetes 7 3 7 7 Everyday life diabetes man-
agement

DICARDIA [14] 3 limited 7 7 Everyday life Cardiac pa-
tients

D1NAMO 3 3 3 3 Everyday life Diabetes man-
agement

Table 1: Existing research datasets related to Diabetes management, including ECG, and
glucose measurements.)

5http://archive.ics.uci.edu/ml/datasets/Diabetes
6http://gbbanet.labc.usb.ve/DICARDIA.php
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3. Methodology

The D1NAMO dataset is composed of two distinct subsets: a first one that
has been acquired on 20 healthy people, and a second one that has been ac-
quired on 9 patients with diabetes. Having data from both populations offers110

possibilities in terms of comparison, exploration and impact of Type 1 diabetes
with a reference group. The methodologies to acquire both subsets were quite
similar, the same wearable device has been used, but a few differences exist
though, notably concerning the acquisition of glucose levels.

Both subsets contain the following data:115

• ECG signals

• Breathing signals

• Accelerometer outputs

• Glucose measurements (the method differs between subsets)

• Food pictures and annotations by a dietitian120

Subsection 3.1 details the setup that has been used to acquire these signals
and data and the subsection 3.2 describes the protocol that has been followed
for the acquisition in both groups.

3.1. Acquisition setup

The acquisition of physiological signals: ECG, Breathing and Accelerom-125

eters outputs has been made using the Zephyr Bioharness 3 device for both
subsets. This device looks like a sport chest belt as shown in Figure 1. It
has 3 electronic sensors: one measuring ECG with two electrodes; one measur-
ing breathing through chest expansion; and one measuring accelerations in the
three dimensions. These raw signals can be used directly and the device also130

computes additional aggregated metrics such as Hearth Rate (HR), Breathing
Rate (BR), activity level, posture, etc.

Figure 1: The Zephyr BioHarness 3 used for the data acquisition phase for the D1NAMO
dataset [7].

The electrocardiogram of the Zephyr BioHarness 3 is taken with a I-lead
sensor, consisting of two silver-coated nylon electrodes working on skin contact.

5
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It measures the ECG at a rate of 250 Hz and up to 54.89 mV. The breathing is135

measured with an Ethylene-vinyl acetate (EVA) foam pressure sensor at 18 Hz.
This measurement has no unit, it should be used as a relative value. Accelerom-
eters measure the accelerations in vertical, lateral and sagittal directions at a
rate of 100 Hz. These output values are given within the range of ±16g.

The measurement of glucose levels for healthy people has been made 6 times140

per day using the Bayer Contour XT glucose meter with Bayer Next strips. To
get a drop of blood, participants used the Microlet 2 Lancing Device with their
related Microlet Coloured Lancets. Glucose levels of patients with diabetes have
been recorded with an iPro2 Professional CGM sensor, allowing for a precision
of 5 minutes between two glucose measurements.145

For the food information, people were asked to take pictures of all their meals
with their smartphone. We asked to put a 1 Swiss Franc coin on the picture in
order to have a notion of scale (size of the coin: 23.20 mm). The pictures have
then been annotated by a dietitian with a description of the food, an estimation
of the number of calories, and an indication about the Food Balance and Food150

Quality. The later concepts are described by the dietitian as follows:

• Food Balance corresponds to the percentage distribution of macronu-
trients (carbohydrates, proteins and lipids) in a meal according to the
Nutritional composition table from the Swiss Nutrition Society. A “Bal-
anced meal” respects the optimal distribution of macronutrients according155

to this document and an “Unbalanced meal” does not.

• Food Quality is related to the amount of food items that should be ide-
ally sporadically consumed in a meal: processed food, alcohol, saturated
and trans fats, sweet or salty snacks. A “High food quality meal” con-
tains mostly unprocessed food items and/or includes low quantities of the160

aforementioned food items. A “Low food quality meal” contains processed
and/or the aforementioned food items.

3.2. Acquisition protocol

The protocol has been divided in two main arms, one for patients with
diabetes and another for healthy ones. In the following we provide details about165

enrollment, inclusion and exclusion criteria, and the protocol description.

Data collection and equipment:. Information collected at patient enrollment is
anthropometrical (weight, height, sex, seated office blood pressure). Patients
were provided with the following devices after enrollment: BioHarness sensor,
BioHarness belt, BioHarness charger and cable. Healthy patients have been170

provided with a glucose meter. For patients with diabetes, glucose levels were
measured using their continuous glucose monitoring (CGM) device. Participants
were instructed to use their mobile phones for taking a picture of their meals.

6
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Recruitment of patients with diabetes:. Patients were recruited at routine clinic
visits at the diabetes outpatient clinic of Hpital Riviera-Chablais, Vevey. All175

patients were screened for data acquisition enrollment. Exhaustive and detailed
information about the data acquisition, its scope and objectives, its duration,
its risks and benefits and its execution were provided to each and every patient.
Patients willing to participate, signed a consent form. Eligibility for the diabetes
arm was established according to the following inclusion criteria: patients should180

have a definite diagnosis of diabetes mellitus type 1, followed at the outpatient
clinic. Patients must be able to speak French and be at least 18 years old.
Furthermore, patients must provide written informed consent and be willing to
participate in follow-up. Excluded from the study are patients who do not fulfill
the diagnostic criteria for diabetes mellitus type 1. Patients that do not speak185

French and those not possessing the cognitive capacities to handle a smart
phone are equally not eligible for study inclusion. All patients unwilling to
provide written informed consent or to participate in follow-up were excluded
from study enrollment. Furthermore, patients with significant psycho-social
impairment that impedes on their ability to participate in follow-up such as190

homelessness, psychotic episodes, etc. were excluded.
All consent forms, information sheets, and the entire protocol was validated

and approved by the ethcical committee of the Canton of Vaud in Switzerland
(Commission cantonale d’éthique de la recherche sur l’être humain).

Protocol:. Patients received instructions to start wearing the BioHarness after195

waking up in the morning, and shutting it down before going to sleep. For the
first day they started to wear it directly after the instructions. People were
asked to stop the data acquisition after the fourth day and to bring back the
devices and forms the day after. The usage of the glucose meter was explained
to healthy patients, and they were asked to do it once by themselves to be sure200

they understood correctly. The protocol defined 6 glucose measures per day,
one before each meal — breakfast, lunch, diner — and one 2 hours after the
meal. Patients with diabetes were asked for participation in the study by their
diabetologist, and upon agreement received instructions for the data acquisition
directly from the nurses in diabetology, who had been trained beforehand. The205

protocol was almost identical to the healthy people subset: wearing the BioHar-
ness during 4 days and taking pictures of their meals. However, and differently
to the healthy group, the glucose levels have been acquired with CGM devices,
which sample one glucose measurement every 5 minutes.

4. Statistics210

This section first describes the statistics of the full dataset, then presents
the statistics individually for each of the subsets in the following subsections.

The full dataset has been acquired for 29 participants. Table 2 presents
the statistics of the full dataset and of both subsets. The full dataset con-
tains around 1550 hours of BioHarness measurements (for each kind of signals:215

1550 hours of ECG, 1550 hours of Breathing and 1550 hours of Accelerometers).

7
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Total Average
per participant

Full dataset
Participants 29
Signals recording ∼ 1550 h ∼ 53 h

Glucose measurements 8884* 306.3*

Food annotations 473 16.3
Food pictures 352 12.1
Healthy people subset
Participants 20
Signals recording ∼ 1100 h ∼ 55 h
Glucose measurements 470 23.5
Food annotations 358 17.9
Food pictures 246 12.3
Subset of patients with diabetes
Participants 9
Signals recording ∼ 450 h ∼ 50 h
Glucose measurements 8414 934.9
Food annotations 115 12.8
Food pictures 106 11.8

* Not representative because of the difference in
glucose measurements between the two subsets

Table 2: Statistics of the dataset

The number of glucose measurements for the full dataset is not representative
because of the difference in measurements methods between the two subsets. In
addition, 352 food pictures and 473 food annotations complete the dataset.

Figure 2 shows a sample of each kind of data available in the dataset, except220

for the glycemic levels that are presented later. The samples shown here are from
clean parts of the signals, probably acquired when people where sitting. Due to
the fact that time series have been acquired with a chest belt, every movement
made by the people affects the measurements, whether it is of ECG or Breathing.
This results in signals with both clean and noisy parts, and we also suspect that225

some people have worn the belt in a way that make the measurements mostly
noisy. The dataset also has missing values: some people did not include pictures
for all of their meals, or forgot to add a 1 Swiss Franc coin on some pictures. In
other cases they forgot to write down measured glycemic values, or had problems
with the belt. We decided to keep such signals in the dataset, because these230

problems naturally occur in every healthcare system including wearable devices
and people, so these issues would have to be dealt with.

4.1. Healthy people subset

The participants agreed to share their data in an anonymized format with
the scientific community. Therefore, we do not link their clinical information235

with the signals in the dataset in order to preserve their anonymity.
The population of the dataset consists of 20 healthy people from different

countries: Switzerland(9), Italy(3), Spain(3), Russia(1), Austria(1), Mexico(1),

8
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Figure 2: Data samples

Mauritius(1), and Britain(1). The participants clinical data are shown in Ta-
ble 3. The dataset contains the following bias: All people are working in aca-240

demic research, and are hence highly qualified people. We believe that this bias
does not render the dataset less interesting, despite having a broader population
would have been more valuable. Also, there is only 4 women for 16 men, and the
ages range goes from 26 to 45. One person in this subset has diabetes type 1: he
has been put in the healthy subset because he has not worn a CGM like other245

patients with diabetes, so the protocol he followed is the one of healthy subset.
This person is not included in the glucose plots of this section, but his data are
available in the dataset.

All measured glucose levels have timestamps indicating at which time of
the day they were taken. Table 4 shows the per-patient statistics of glucose250

measurements. Figure 3 shows all the measures in one plot. In this plot the left-
pointing green triangle represent the fasting glucose (just before eating) and the
right-pointing blue triangle represent the 2 hours postload glucose levels (2 hours
after eating). The dashed red lines represents the interpolated mean value of all
measurements, and the blue area is the standard deviation around this mean.255

The dashed blue line represent a commonly used threshold for hypoglycemia [26,
27], showing that a few hypoglycemia events appear in this subset. Figure 4
and Figure 5 show the same data with the respective thresholds of the American
Diabetes Association for fasting glucose and 2 hours postload glucose [28]. The

9
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Age Gender Height Weight
(cm) (kg)

26 Woman 174 64
27 Man 184 75
28 Woman 170 54
29 Man 170 62
29 Man 190 83
31 Man 171 65
32 Woman 162 58
32 Man 170 72
32 Man 173 89
33 Man 170 78
33 Man 177 72
33 Man 185 90
33 Man 186 94
34 Woman 164 63
34 Man 185 87
34 Man 192 81
36 Man 170 73
36 Man 176 68
43 Man 176 74
45 Man 178 82

Table 3: Population of the Healthy subset (sorted by age)

green areas represent values that are considered as normal for fasting glucose,260

respectively for 2-h postload glucose. The orange area contains values that
are considered as “impaired fasting glucose”, respectively “impaired glucose
tolerance”, that are now referred as “pre-diabetes”. The red zones (not visible
in Figure 5) correspond to levels that are subject to provisional diagnosis of
diabetes. Except for the patient with diabetes type 1 that is not shown in265

these plots, the other values are mostly in the normal range for the 2-h postload
glucose. On the other side around 25% of fasting glucose are above the normal
threshold. We suppose this is due to the fact that people are eating snacks
in-between meals so it is not real fasting glucose.

Most of the glucose values are labelled with the moment they were taken:270

the 6 labels are: {Before, After} × {Breakfast, Lunch, Diner}. This has been
done in order to compensate the fact that people have different eating timing
habits. The Figure 6 shows the distribution of glucose level for each label.

4.2. Patients with diabetes subset

The patients agreed to share their data in an anonymized format with the275

scientific community. Therefore, we do not link their clinical information with
the signals in the dataset in order to preserve their anonymity. Also, due to the

10
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Patient ID Mean Std Median Count
001 5.39 0.73 5.70 18.00
002 5.45 0.38 5.40 24.00
003 5.24 0.48 5.30 21.00
004 6.21 0.86 5.90 24.00
005 5.42 0.70 5.20 20.00
006 5.97 0.72 5.95 24.00
007 5.80 0.93 5.60 31.00
008 4.93 0.76 4.80 23.00
009 5.35 0.63 5.30 24.00
010 6.11 0.60 5.90 23.00
011 4.86 0.70 4.80 23.00
012 12.31 4.40 11.75 30.00
013 5.37 0.70 5.20 22.00
014 5.47 1.04 5.00 23.00
015 5.32 0.43 5.30 23.00
016 5.30 0.57 5.20 24.00
017 6.03 1.11 5.40 24.00
018 5.63 0.57 5.60 24.00
019 5.53 0.66 5.55 22.00
020 5.63 0.73 5.50 23.00

Table 4: Individual glucose statistics of the Healthy Subset

Figure 3: Glucose measures of the Healthy subset

relatively small size of this population, only the range of their clinical data are
presented in Table 5.

11
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Figure 4: Fasting glucose measures of the Healthy Subset

Figure 5: 2-hours postload glucose measures of the Healthy Subset

As shown in Table 2, the subset is composed of 9 patients with type 1 di-280

abetes. 8414 measurements of glycemic levels have been made with the CGM,
but this covers the 24 hours of a day: only a part of these measurements can be
mapped to the daytime-only signals acquired with the sensors. Table 6 shows
the per-patient statistics of glucose measurements. Although the number of
patients with diabetes is limited, we computed the required number of hypo-285

glycemia episodes needed to get statistically relevant results. In order to do
so, a calculation was made considering 3 main ECG parameters: ST-Segment

12
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Figure 6: Glucose measures of the Healthy subset grouped by categories

changes, T-Wave amplitude changes, and length of the QT-interval. According
to this calculation the recording of 18 hypoglycemic episodes would be sufficient
to detect the differences published by [29] (with 80% statistical power).290

Not all the patients have taken pictures of their meals, but people who have
not done this have instead annotated what they have eaten. This is what has
been used by the dietitian to annotate the food intake in such cases.

Age Gender Height Weight
(cm) (kg)

NA Man 180-189 80-89
20-29 Man 170-179 60-69
20-29 Man 180-189 70-79
20-29 Man 180-189 80-89
30-39 Man 180-189 80-89
30-39 Man 190-199 70-79
30-39 Woman 160-169 70-79
60-69 Woman 150-159 50-59
70-79 Woman 160-169 50-59

Table 5: Patients of the Type-1 Diabetes subset (sorted by age)

Glucose measures acquired with the CGM are shown in Figure 7. The same
thresholds as for Figures 4 and 5 are shown for comparison. The background295

on the half-left side corresponds to American Diabetes Association thresholds
for fasting glucose, while the background on the half-right side correspond to

13
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2-h postload glucose. The same blue dashed line as before shows that a few
hypoglycemia also appear in this subset.

Patient ID Mean Std Median Count
001 10.19 4.87 9.60 1438.00
002 10.16 5.56 9.80 1071.00
003 7.13 1.85 6.95 186.00
004 11.20 4.98 10.80 984.00
005 8.55 2.49 8.30 928.00
006 9.44 3.19 9.20 1298.00
007 8.29 2.50 8.20 1011.00
008 7.18 3.19 7.00 1175.00
009 4.86 2.35 4.80 306.00

Table 6: Individual glucose statistics of the Type-1 Diabetes Subset

Figure 7: Glucose measures of the Type-1 Diabetes subset

4.3. Food Pictures300

Food annotations are provided for pictures of the meals for both healthy and
type-1 diabetes subsets. The pictures have been taken from patients’ personal
devices, meaning they have been taken from different devices in different places
and conditions, as it can be expected in real-life datasets. The Figure 8 shows a
sample of food pictures and their related remarks, as annotated by a dietitian.305

14
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(a) Sample from the type-1 diabetes subset (b) Sample from Healthy Subset

Description Calories Balance* Quality*
a Pork potatoes salad and white bread 634 Not balanced Medium quality
b Greek salad, apple and chocolate cookie 677 Not balanced Good quality

* as defined in Section 3.1

Figure 8: Sample of the food pictures with the associated annotations

5. Discussion & Opportunities

For the treatment of diabetes, glycemia is one of, if not the most important
parameter to monitor. Therefore, in addition to tracking activities, gathering
information about glycemic events is required in order to produce useful services
for the patient. Signals acquired on the devices mentioned above, such as Heart310

Rate, Skin Temperature or Steps Counter, have already been addressed in the
scientific literature. However, medical devices are still used for acquiring health-
related signals such as ECG or glycemic levels. The design of these sensors, for
instance glued patches ECG or subcutaneous sample acquisition for glucose,
make their usage constraining as opposed to the ease-of-use of wearable devices.315

Technological progress makes now possible to capture some health-related sig-
nals such as ECG on embedded wearable devices. However, the gain in comfort
has been made in detriment of the signals quality: wearable devices do not offer
signals with quality as good as medical-grade devices. Therefore, it is important
to count with relevant datasets that include this type of conditions, which are320

more representative of realistic scenarios of patients during their daily activities.
Using these datasets, algorithms can be designed, developed, trained, validated,
etc. in order to cope with uses related to diabetes monitoring and management.

The D1NAMO dataset provides interesting information that could be used
in this context. Even if the data is reduced in terms of number of patients, it325

contains a considerable number of hours of recordings, which can be used in
different scenarios. Most of these scenarios can be set up focusing on the differ-
ent relatiomships and interactions among different parameters: activity levels,
breathing and heart activity, food intake, and particularly, glycemic events.
Among glycemic events, hypoglycemia episodes are especially relevant and po-330

tentially dangerous, as they have been shown to predict sudden death [30] and
have been linked to the dead-in-bed [31] syndrome. It has been shown than these
hypoglycemic events can be detected from the shape of ECG beats [32, 33, 34],
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and despite the decrease in signals quality, some preliminary results show that
it is possible to detect glycemic events from wearable devices (e.g. such such335

as the Zephyr Bioharness 3 7 [35, 8] in D1NAMO), opening a way to improve
diabetes management through wearable devices without the need of medical
sensors. The D1NAMO project has focused on studying this topic, relying on
machine learning algorithms to infer hypoglycemic events from the sensor data
signals [8, 7].340

Although nowadays new alternative technologies are developed for continu-
ous and less invasive glycemic monitoring, there is still room for further devel-
opments and the adoption of these technologies by a wider public. Examples
of these devices include electrochemical impedance spectroscopy [36], Raman345

spectroscopy [37], transdermal monitoring [38], among others [39]. Even if these
technologies are promising, direct glycemic measurements need to be combined
with other information sources in order to provide a holistic approach to diabetes
management. Food intake, activity levels, as well as heartbeat and breathing
monitoring can substantially improve prevention and early detection of hypo-350

glycemic situations, as well as enable personalized recommendations targeting
behavioral change.

This dataset offers several opportunities for use in different scientific ac-
tivities and research directions, and permits to develop applications in several
domains. Next, we briefly mention some of these opportunities.355

• The multimodal nature of the dataset allows to explore predictions of one
of the signals from the other ones. For instance, trying to predict the
HR from the Breathing signal or vice-versa. In the context of diabetes
management it could be used to explore the prediction of glucose levels
from ECG, Breathing and Accelerometers signals.360

• The availability of multiple signals could permit to study relationships
between them, for instance the ECG variations under different types of
exercises or activities, or the impact of glucose level on breathing rate, if
any. Different algorithms based on machine learning or pattern mining
can be used for this purpose, leading to relevant correlations among the365

sensor observations.

• The fact that the dataset has been acquired in real-life conditions, with a
wearable device, opens opportunities for the development and evaluation
of pre-processing algorithms such as for cleaning or denoising signals. Dif-
ferent filtering and pre-processing techniques may be required, depending370

on the use-case. In some cases, excesive cleaning may lead to the elimina-
tion of apparently noisy signal features that may be relevant for further
processing tasks.

7http://www.zephyranywhere.com/
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• Another approach for working with noisy signals would be to discard parts
that are not usable and to keep only the clean/usable portions. Such works375

can also be applied on this dataset, e.g. focusing only on time windows
relevant to an activity, or a portion of the data where noise does not
increase over a certain threshold.

• This dataset contains data from healthy people and patients with dia-
betes, therefore it permits to explore the differences between these two380

populations.

• The large number of hours of signals in the dataset allows to imagine its
usages in the world of Deep Learning. Possible ideas include the usage of
these data to create a model to recognize healthy heart beat shape, to iden-
tify normal breathing behaviors, or to predicate heart rate and breathing385

rate from Accelerometers. Usages in unsupervised learning are also pos-
sible, such as building networks for learning features on one-dimensional
time series.

• Having food information for each patient as well as their physiological
signals — especially glucose — could be used for diet advice. Advice can390

either be in regard to the global health condition or in regard to glucose
levels for decreasing risks for type 1 diabetes patients.

• Glucose together with food information may permit to explore the impact
of Calories, Food Balance or Food Quality on the Glucose levels.

• The food annotations could also be used in conjunction with pictures in395

food recognition algorithms. The number of pictures is not sufficient on
itself to fully train models but it can be used in context of transfer learning.
It can also be used as a test set, or just used to increase the number of
samples in an existing dataset. Since the pictures have been annotated by
a dietitian, they offer a reliable ground truth for verification or calibration.400

The availability of this dataset, inspired by the current trends on Open Sci-
ence, also has limitations, related both to the acquisition process and the data
itself. First, given that the goal is to have data measurements for everyday-life
conditions, the dataset inevitably includes noise and data artifacts that make
it more challenging to perform analytics on it. This is both a feature and a405

limitation, linked to both the sensing conditions (e.g. arbitrary movements,
heterogeneous activities), as well as the device limitations (e.g. accuracy). Sec-
ond, the recruitment process had a certain degree of complexity, considering
the limited number of diabetes type 1 patients willing, or able to accept the
study conditions. In many cases, the co-morbidities of patients would made410

them ineligible, given the complications of their health status. In other cases,
physical and cognitive impairments would place certain patients clearly outside
the inclusion group. Third, and related to the previous point, the dataset has
a limited number of participants, although this is compensated by the diversity
of the data, as well as the number of hours or registered observations. Finally,415
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the dataset also has limitations considering the bias regarding age, background
and geographical/socio-economic situation of the participants.

Another aspect that need to be considered is related to the usability, con-
venience and general feasibility of the approach, even beyond technical and al-420

gorithmic considerations. The fact of wearing the equipment, or using a mobile
application that supports the data collection, monitoring and recommendations,
needs to be explored from the point of view of the potential users. To that end,
and in order to evaluate and improve these aspects, we conducted a qualita-
tive evaluation on the ease of use of the Android Application developed for the425

D1NAMO project, with 18 participants. The study main goal was to evaluate
the ease of use of the Android application, but we were also interested in getting
general feedback and comments about all aspects of the approach. This study
provided us precious knowledge on what the application should look like, an
how the application should behave from the user’s perspective. Although this430

study is out of the scope of this dataset paper, it provided positive evidence on
the feasibility of non-invasive hypoglicemic detection.

6. Conclusions

This work presents the D1NAMO dataset that focuses on monitoring health,
activity and food intake measurements in patients with and without diabetes435

type 1, under everyday-life conditions. This dataset been acquired in the context
of the D1NAMO project, which studied the feasibility of non-invasive moni-
toring of hypoglycemic events. The dataset consists of ECG, Breathing and
Accelerometers signals, as well as glucose measurements and annotated food
pictures. These signals have been acquired with the Zephyr BioHarness 3 wear-440

able device in real-life conditions. The dataset is composed of two distinct
subsets that have been acquired on different populations: one on healthy people
and one on patients with diabetes. The full dataset is composed of roughly 1550
hours of both ECG, Breathing and Accelerometers signals. The data acquisition
took place on everyday-life conditions with a chest belt, meaning the dataset445

has noisy parts as well as missing data. This makes the dataset ideal for the
development and evaluation of algorithms for wearable healthcare systems.

The emergence of datasets of this kind is expected to help and facilitate
the development of technologies and algorithms that are able to pre-process,
filter, clean, analyze, and extract information, mine, and exploit raw data mea-450

surements resulting from continuous monitoring of health related information,
typically acquired through wearable sensing devices. Although, as noted in
Section 5, other alternative methods for glycemic monitoring are currently un-
der development, the inclusion of multi-modal data for diabetes management is
still necessary, considering the possibility of taking into account food intake or455

activity levels for prediction or personalized recommendation tasks.
Data acquired in real-life conditions as in this dataset, offers interesting op-

portunities in different directions. First, in the context of diabetes management
with wearable devices: there is not any other publicly accessible dataset offering
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ECG and glucose time series acquired both on wearable devices and in real-life460

conditions. Second, for the improvement of healthcare management algorithms
through better processing of signals coming from wearable devices. Other po-
tential use-cases of this dataset are also proposed in Section 5, even if reuse in
other contexts is not excluded.

The dataset can be obtained through the Zenodo8 platform. The platform465

provides a permanent URL and address for the dataset, as well as a DOI and
versioning. The access to the data will be granted free of charge, subject to
certain conditions specified by a data license distributed with the dataset. The
main conditions refer to attribution and non-commercial use, as well as the
provision of: a short description of the context in which the dataset will be470

used, and a signed form assessing that the dataset will only be used for scientific
research and that no attempt will be made to identify patients. The license also
includes other terms, such as the deletion of data upon owner request.
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