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Abstract: Wearable devices now make it possible to record large quantities of physiological data,
which can be used to obtain a clearer view of a person’s health status and behavior. However, to the
best of our knowledge, there are no open datasets in the literature that provide psycho-physiological
data. The Multilevel Monitoring of Activity and Sleep in Healthy people (MMASH) dataset presented
in this paper provides 24 h of continuous psycho-physiological data, that is, inter-beat intervals
data, heart rate data, wrist accelerometry data, sleep quality index, physical activity (i.e., number of
steps per second), psychological characteristics (e.g., anxiety status, stressful events, and emotion
declaration), and sleep hormone levels for 22 participants. The MMASH dataset will enable the
investigation of possible relationships between the physical and psychological characteristics of
people in daily life. Data were validated through different analyses that showed their compatibility
with the literature.
Dataset: Multilevel Monitoring of Activity and Sleep in Healthy People (MMASH), https://physionet.
org/content/mmash/1.0.0/.
Dataset License: Open Database License (ODbL) v1.0
Keywords: heart rate variability; sleep quality; anxiety status; stressful
physical activity

events; emotion;

1. Summary
Wearable activity trackers allow users to collect data 24 h a day, 7 days a week. In the last few
years, these devices have become increasingly popular for monitoring physical activity, heart rate (HR),
and sleep quality. With the help of the data extracted from these devices, we can now obtain a clearer
overview of a person’s health status and behaviors, making it possible to evaluate the user’s well-being
(e.g., cardiovascular status, sleep quality, and physical activity) [1]. However, it was found that motion
artifacts that affect the HR recorded with wearable devices [2] can negatively affect the accuracy and
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validity of well-being prediction. For that reason, a dataset providing 24 h of psycho-physiological
data collected using gold-standard devices is useful for researchers and companies to develop tools
that can predict users’ well-being during the day by simulating data extracted from wrist-worn activity
trackers [2,3].
To the best of our knowledge, only a few open datasets provide long-term beat-to-beat data,
but none of them are related to actigraphy and psychological data. For example, two open datasets
focused on inter-beat interval (IBI) data are: (i) the Normal Sinus Rhythm RR Interval Database
by PhysioNet (https://physionet.org/physiobank/database/nsr2db/); and (ii) the Congestive
Heart Failure RR Interval Database by PhysioNet (https://physionet.org/content/chf2db/1.0.0/).
Based on these, researchers and companies have investigated several aspects, such as circadian
rhythm [3], the effect of missing values in heart rate (HR) and heart rate variability (HRV) [2,4],
and parasympathetic activity in healthy and unhealthy subjects [5,6]. Even though important results
were found, the lack of several other pieces of information (e.g., saliva stress biomarkers, physical
activity information, and psychological information) does not allow a complete view of subjects
to be obtained. This could produce misleading results due to different HR responses caused by
individuals’ characteristics.
In addition to continuous beat-to-beat data provided by the open datasets listed above, in the
Multilevel Monitoring of Activity and Sleep in Healthy people (MMASH) dataset [7,8], a set of 24-h
psychological and physiological characteristics (i.e., beat-to-beat data, triaxial accelerometer, anxiety
status, stress events, emotions, and sleep quality) are provided from 22 healthy subjects. Moreover,
in addition to individual characteristics such as chronotype and anthropomorphic data, we also provide
information about cortisol and melatonin saliva concentrations and activity diaries. In conclusion,
the MMASH dataset should be greatly beneficial to the scientific community, because it can contribute
to several research fields by allowing one to assess any possible relationship between physiological
and psychological characteristics and by providing a wide overview of all the individual aspects that
could affect subjects’ psycho-physiological responses throughout the day and night.
2. Data Description
The MMASH dataset was released under the Open Database License (ODbL) v1.0 and is publicly
available on PhysioNet (https://physionet.org/content/mmash/1.0.0/) [7,8]. It consists of seven files
for each participant:
•
•
•
•
•
•
•

user_info.csv: anthropomorphic characteristics of the participant.
sleep.csv: sleep duration and quality of the participant.
RR.csv: beat-to-beat data.
questionnaire.csv: scores for all the questionnaires.
Acivity.csv: activity diary throughout the day.
Actigraph.csv: wrist triaxial accelerometer data.
saliva.csv: cortisol and melatonin saliva concentrations recorded before sleeping and
immediately after waking up.

In this section we describe the structure of each file in detail.
2.1. User Data
The file user_info.csv provides all the individual anthropocentric characteristics:
•
•
•
•

Gender: M (male) and F (female).
Height: height of the participant expressed in centimeters (cm).
Weight: participant weight in kilograms (kg).
Age: age of the participant expressed in years (yrs).
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2.2. Questionnaire Data
The answers provided by participants in the questionnaires were combined into a final
questionnaire score and included in the questionnaire.csv file for each user. These contain nineteen
scores corresponding to:
•

•

•

•
•

MEQ: morningness–eveningness questionnaire value. The MEQ score ranges from 16 to 86 and is
grouped into three main chronotypes: MEQ scores lower than 41, between 42 and 58, and higher
than 59 reflect evening, intermediate, and morning types, respectively [9].
STAI-Y 1: state anxiety value obtained from the State-Trait Anxiety Inventory. STAI-Y 1 ranges
from 20 to 80: scores less than 31, between 31 and 49, and higher than 50 indicate low or no state
anxiety, an average level of anxiety or borderline levels, and high level, respectively [10].
STAI-Y 2: trait anxiety value obtained from the State-Trait Anxiety Inventory. STAI-Y 2 ranges
from 20 to 80: scores less than 31, between 31 and 49, and higher than 50 indicate low or no
anxiety, an average level or borderline levels, and high level, respectively [10].
Pittsburgh: Pittsburgh sleep quality questionnaire index. It gives a score from 0 to 21. Pittsburgh
values lower than 6 indicate a good sleep quality [11].
BIS/BAS: behavioral inhibition/activation systems scales [12]. The BIS/BAS self-reported
questionnaire evaluates the different facets related to the biological basis of individual personality
according to the reinforcement sensitivity theory (RST). The BIS/BAS facets describe the
equilibrium between the avoidance and approaching behaviors (a high score in one factor
represents a high level of that characteristic in the individual, compared to the score of the
original sample):
Bis: regards the tendency to perform avoidance behaviors and the sensibility toward negative
situations;
–
Drive: describes individual’s perseverance and constancy in achieving goals;
Reward: identifies the “reward responsiveness”, that is, the predisposition to experience
–
positive effects from reward-related stimuli;
–
Fun: corresponds to the “fun-seeking” facet, connected to the preference for risky situations,
impulsive behaviors, and seeking stimuli that provide immediate and sensory pleasure.
Daily_stress: the Daily Stress Inventory (DSI) is a 58-item self-reported measure which allows
people to indicate stressful events that they engaged in in the last 24 h. In addition, participants
have to indicate the magnitudes of the stressful events engaged in during the past days on
a Likert scale from 1 (occurred but was not stressful) to 7 (caused me to panic). Daily_stress gives
a score between 0 and 406, where the higher the values, the higher the frequency and magnitude
of the stressful events perceived during the day [13].
PANAS: Positive and Negative Affect Schedule. PANAS scores range between 5 and 50 for both
positive (pos) and negative emotions (neg) [14]. A high PANAS value indicates high perceived
emotion, while a low PANAS value refers to a weak emotion. In the MMASH dataset, columns
that include 10, 14, 22, and 9 + 1 refer to the time of day when the questionnaire was filled in;
9 + 1 indicates 9 AM on the second recording day.
–

•

•

2.3. Activity Diary
The activities reported by each participant are provided in the file Activity.csv using the
numerical categories listed in the Methods section. For each activity, we provide: category; start time;
end time; day. The day field can take two values: 1 for the first day; 2 for the second day. This to
distinguish between morning activities immediately after starting the measurements and those of the
next day, immediately before stopping the measurements.
2.4. Wearable Devices
2.4.1. Heart Rate Monitor
Heart data for each user are provided in the RR.csv file that contains the following columns:
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• Day: day when the beats happen (i.e., 1 refers to the first day and 2 to the second).
• Time: time of the day when the beats happen.
• IBI: time between two consecutive beats expressed in seconds.
2.4.2. ActiGraph
The Actigraph.csv file contains actigraphy data with the following columns:
•
•
•
•
•
•
•
•
•
•
•
•

Axis1: X axis accelerometer data expressed in Newton-meters.
Axis2: Y axis accelerometer data expressed in Newton-meters.
Axis3: Z axis accelerometer data expressed in Newton-meters.
Steps: number of steps per second.
Heart Rate: number of heart beats per second.
Inclinometer Off: this parameter indicates the activation of the inclinometer. In particular, 1 is
reported when the inclinometer is not active. The values are reported per second.
Inclinometer Standing: this parameter indicates if the participant is in a standing position (1) or
not (0) every second.
Inclinometer Sitting: this parameter indicates if the participant is in a sitting position (1) or not (0)
every second.
Inclinometer Lying: this parameter indicates if the participant is in a lying position (1) or not (0)
every second.
Vector Magnitude: magnitude of the three accelerometer axes.
day: day when the activity values were recorded (i.e., 1 refers to the first day and 2 to the
second day).
time: time of day when the activity values were recorded.
Sleep data are included in the sleep.csv file for each user:

•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•

In Bed Date: day when the user went to bed (1 refers to the first day, while 2 refers to the second)
In Bed Time: time of day when the user went to bed.
Out Bed Date: day when the user got up from bed (i.e., 1 refers to the first day, while 2 refers to
the second).
Out Bed Time: time of day when the user got up from bed.
Onset Date: day when the user fell asleep (i.e., 1 refers to the first day and 2 refers to the second).
Onset Time: time of day when the user fell asleep.
Latency: time in minutes needed to fall asleep.
Total Minutes in Bed.
Total Sleep Time (TST) in minutes.
Efficiency: the ratio between total sleep time and total minutes in bed (TST/TMB).
Wake After Sleep Onset (WASO): time spent awake after falling asleep the first time.
Number of Awakenings
Average Awakening Length in minutes.
Movement Index (MI): number of minutes without movement, expressed as a percentage of the
movement phase (i.e., number of periods with arm movement).
Fragmentation Index (FI): number of minutes with movement expressed as a percentage of the
immobile phase (i.e., number of periods without arm movement).
Sleep Fragmentation Index (SFI): the ratio between Movement and Fragmentation indexes.
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2.5. Biomarker Assessments
Melatonin and cortisol measurements from saliva samples are provided in the file saliva.csv.
Two saliva samples per participant were collected. The first was collected just before sleep and the
second just after waking up, as indicated by the SAMPLES data column. This peculiar sample collection
was necessary because the goal of the research was to verify the possible correlations between specific
physiological endpoints related to sleep (thus related to the phase of falling asleep and awakening)
and the parameters monitored by the wrist devices. For this purpose, the subjects were instructed to
take saliva samples just before falling asleep and in the first few minutes after awakening. We were not
interested in either looking for the hormonal peak response, or in identifying differences between the
circadian rhythms of the participants. Melatonin and cortisol levels are reported in µg of melatonin
per µg of proteins and in µg of cortisol per 100 µg of protein, respectively.
3. Methods
The data described in this paper were collected and provided by BioBeats (https://biobeats.com,
a company owned by Huma https://huma.com) and researchers from the University of Pisa. BioBeats
is a health science company that produces IoT wrist-worn devices that allow the detection of people’s
psycho-physiological stress. The data were recorded by experts from several research fields (e.g., sports
and health, psychology, and neurochemistry) with the aim of building a dataset making it possible to
assess psycho-physiological responses to stress stimuli and sleep.
Twenty two healthy young adult males (mainly students from the University of Pisa) were
recruited. As this is an exploratory pilot study, it was important to seek a sample of subjects that
was as homogeneous as possible, in order to limit inter-individual variables and to maintain a small
number of subjects. In order to engage in this study, the participants signed an informed consent
which provided them information about the protocol of this study, any possible risks during data
recording, and details about data usage, in accordance with the General Data Protection Regulation:
Regulation EU 2016/679 of the European Parliament and of the Council 27/04/2016 on the protection
of private persons with regard to the processing of personal data and on the free movement of such
data. This study was approved by the Ethical Committee of the University of Pisa (#0077455/2018).
Anthropomorphic characteristics (i.e., age, height, and weight) and psychological status
(i.e., MEQ, STAI-Y, Pittsburgh Sleep Quality Index (PSQI), and BIS/BAS) of the participants were
recorded at the start of the data recording. Over the course of 24 h, the participants were continuously
monitored by two devices: (i) a heart rate monitor to record heart beats; and (ii) an actigraph to record
actigraphy information such as accelerometer data, sleep quality, and number of steps per second.
Moreover, participants reported all of the activities that they performed during the day (e.g., sleep,
naps, smoking physical activity, meals, and use of devices) on an activity diary. Moreover, participants
filled in the PANAS questionnaire at different times of day (i.e., 10 A.M., 2 P.M., 6 P.M., 10 P.M., and 9
A.M. of the next day) and DSI before going to sleep in order to summarize the magnitude of stressful
events that the participants had engaged in during the day.
Finally, twice a day (i.e., before sleeping and after waking up), the subjects collected saliva
samples at home in appropriate vials. Saliva samples were used to assess cortisol and melatonin.
In order to take part in this study, participants were asked to perform a washout period from drugs or
psychotropic substances (i.e., melatonin, benzodiazepines) of at least a week in order to reduce any
possible alteration in hormone saliva concentration.
In the rest of this section, we describe in detail the questionnaires and instruments used.
3.1. Questionnaires
3.1.1. Morningness–Eveningness Questionnaire (MEQ)
The MEQ is a self-assessment chronotype questionnaire developed by researchers James A. Horne
and O. Östberg in 1976 [9]. Its main purpose is to measure whether a person’s circadian rhythm
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produces peak alertness in the morning, in the evening, or in between, defining a person as morning,
evening, or neither types [15]. Morning types prefer to wake up early in the morning and reach the
peak body temperature at rest earlier in the day than the other two types. Neither types do not show
strong preferences for either earlier or later activities, and they can adapt as easily to advanced or
delayed sleep–wake schedules, although they tend to wake up and fall asleep later than morning types
but before evening ones [16–18].
MEQ is characterized by 19 numerical/multiple choice items (4–5 point scale) enquiring about
participants’ preferences for engaging in different activities (e.g., when they would prefer to wake up
or start sleep, rather than when they actually do). The sum of the answers gives a chronotype score
ranging from 16 to 86: MEQ scores lower than 41, between 42 and 58, and higher than 59 reflect evening,
intermediate, and morning types, respectively [9]. A proportion of 49.8% of the total population was
classified as morning type compared to 5.6% having an evening type preference.
3.1.2. State-Trait Anxiety Inventory (STAI-Y)
STAI-Y is a commonly used measure of trait and state anxiety [10]. It can be used in clinical
settings to diagnose anxiety and to distinguish it from depressive syndromes. It is also often used in
research as an indicator of caregivers’ distress.
STAI-Y is divided into two parts of 20 items each that measure momentary (state) and chronic
(trait) anxiety symptoms in adult subjects. State anxiety (STAI-Y 1) is a measure of anxiety experienced
at the time of the test, while trait anxiety (STAI-Y 2) is a measure of a general tendency for anxiety.
Each item is scored from 1 to 4 points, which yields a total score that can range from 20 to 80. According
to the questionnaire guidelines, total test scores less than 31, between 31 and 49, and higher than
50 indicate low or no anxiety, an average level of anxiety or borderline levels, and high level of anxiety,
respectively [10].
3.1.3. Pittsburgh Sleep Quality Questionnaire Index (PSQI)
The PSQI is a tool used to measure the quality and patterns of sleep in the past month [11].
It differentiates “poor” from “good” sleep by measuring seven domains: subjective sleep quality,
sleep latency, sleep duration, habitual sleep efficiency, sleep disturbances, use of sleep medication,
and daytime dysfunction over the last month. The participant self-rates each of these seven areas of
sleep. The scoring of the answers is based on a 0 to 3 scale, whereby 3 reflects the negative valence on
the Likert scale. PSQI gives a score ranging from 0 to 21, with values lower than 6 indicating good
sleep quality.
3.1.4. Behavioral Inhibition System/Behavioral Activation System Scales (BIS/BAS)
Carver and White (1994) [12] developed a questionnaire with the aim of measuring the dual
motivational theory based on the behavioral activation system (BAS) and the behavioral inhibition
system (BIS). Carver and White’s scales focus primarily on the affective self-regulatory functions of
these two constructs.
The questionnaire derives from Grey’s bio-psychological theory of personality that describes
individual disposition during interaction with the surrounding environment [19]. Different BIS/BAS
facets aim at measuring individuals’ approach toward negative events or appealing stimuli, balancing
the BIS and the BAS.
Specifically, the BIS facet only reflects subject sensitivity toward adverse events that promote
avoidance behaviors, while the three other components in which BAS is divided represent different
sides of the propensity to approach positive stimuli. The “drive” sub-scale of BAS describes individual
persistence and motivational intensity; “fun seeking” is related to impulsivity and immediate reward
due to sensation stimuli or risky situations; and “reward responsiveness” indicates a propensity to
show a higher degree of positive emotion for goal attainment. The Italian version of BIS/BAS is
composed of 24 items (20 score items and 4 fillers, each measured on five-point Likert scale) [20].
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3.1.5. Positive and Negative Affect Schedule (PANAS)
Positive affect (PA) and negative affect (NA) are the most general dimensions that describe
affective experience. PA and NA are the affective, emotional components of psychological or subjective
well-being [14,21]. Measures of PA and NA also have relevance in clinical research and practice,
where they are considered to be the identifying features which distinguish anxiety from depression [22].
Finally, PA and NA are found to be strongly related to extraversion and neuroticism personality factors,
respectively [23,24], and represent core components of the two broad personality dimensions [25].
PANAS is characterized by 20 items (10 for PA and 10 for NA) rated on a 5-point scale. These
items measure the extent to which participants experience each affect using trait and state formats.
First, participants are asked to report the intensity (from “not at all” to “extremely”) of their current
affect, and how they are feeling “right now”, which is intended to assess state affect [14].
3.1.6. Daily Stress Inventory (DSI)
DSI is a 58-item self-report measure that allows a person to indicate potentially stressful events
that they have experienced in the past 24 h [13]. After indicating which events occurred, individuals
rate the stressfulness of those events on a Likert scale from 1 (“occurred but was not stressful”) to
7 (“caused me to panic”). DSI scores are computed as the sum of the total of the impact rating of
these events.
3.2. Activity Diary
Participants reported all the activities performed throughout the recording day in a diary,
with start and end times. In order to enable meaningful data analysis, we manually processed the
logs and grouped the activities in 13 categories which are related with physical activity. The categories
are: (i) sleeping; (ii) lying down; (iii) sitting (e.g., studying, eating, and driving); (iv) light movement
(e.g., slow/medium walking, chores, and work); (v) medium (e.g., fast walking and cycling); (vi) heavy
(e.g., gym, running); (vii) eating; (viii) small screen usage (e.g., smartphone and computer); (ix) large
screen usage (e.g., TV and cinema); (x) caffeinated drink consumption (e.g., coffee or soda); (xi) smoking;
(xii) alcohol consumption; (xiii) saliva sample.
3.3. Instruments
3.3.1. Polar H7 Heart Rate Monitor Chest Strap
The Polar H7 heart rate monitor (Polar Electro Inc., Bethpage, NY, USA) is a Bluetooth Low-Energy
chest strap with an ECG sensor that provides information about inter-beat intervals (IBI). Based on
these data, it provides continuous measurements of subjects’ HR and HRV [26].
3.3.2. ActiGraph GT9X
The ActiGraph wGT3X-BT (ActiGraph LLC, Pensacola, FL, USA) is a triaxial accelerometer
and one of the most commonly used devices for assessing physical activity. The dimensions of the
sensor are 4.6 × 3.3 × 1.5 cm with a weight of 19 g and frequency range between 30 and 100 Hz.
The accelerometer has a dynamic range of ±8g and a precision of 12 bit. Besides raw accelerometer
data, we also provide sleep data extracted using the Cole–Kripke algorithm [27].
3.4. Biomarker Assessments by Saliva Sample
Saliva samples were collected by a straw into a polypropylene tube (IBL international, Hamburg,
Germany). Samples suspected of being contaminated with blood were discarded. A protease inhibitor
cocktail (Sigma-Aldrich S.r.l., Milan, Italy) was added to the samples (1:1000). Samples were frozen
once at −20 ◦ C prior to the test run in order to precipitate interfering mucoproteins and facilitate the
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manipulation. After thawing and before assay, the samples were centrifuged at 986× g, 4 ◦ C for 15 min
to remove solid particulates. For a longer period the saliva samples were stored in aliquots at −20 ◦ C.
Melatonin and cortisol levels in saliva samples were quantified using commercial enzyme-linked
immunosorbent assay (ELISA) according to the manufacturer’s recommendations (Cortisol Saliva
ELISA RE52611, Melatonin direct Saliva ELISA RE54041- IBL International, Hamburg, Germany).
For melatonin quantification, 100 µL of each analyte standard dilution, control, and sample (saliva
undiluted) were pipetted in duplicate into the multi-plate wells and 50 µL of the antiserum solution was
added. After covering with adhesive foil, the plate was incubated for 16 h at 4 ◦ C. All wells were then
washed four times with 250 µL wash buffer. An amount of 100 µL of biotin solution was added and the
plate was incubated for 1 h at room temperature, while shaking continuously (500 rpm, Thermomixer
comfort, Eppendorf). Then, all the wells were washed four times with 250 µL wash buffer and 100 µL
of enzyme conjugate solution was added. After 1 h incubation at room temperature while shaking,
samples were aspirated and 100 µL of TMB substrate solution was added. Chemiluminescence at
450 nm was read 15 min after the addition of 100 µL of stop solution. The EnSightTM multimode plate
reader, equipped with Kaleido Data Acquisition and Analysis Software (Perkin Elmer, Waltham, MA,
USA), was used. The obtained optical densities (ODs) of the standards (Y-axis, linear) were plotted
against their concentration (X-axis, logarithmic) on semi-logarithmic graph paper. The concentration
of the samples was read directly from the standard curve.
In brief, for cortisol assessment, 50 µL of each analyte standard dilution, control, and sample
(saliva undiluted) were pipetted in duplicate into the wells and 100 µL of the antiserum solution
was added. After covering with adhesive foil, the plate was incubated for 2 h at room temperature,
while shaking. Then, all wells were washed four times with 250 µL wash buffer and 100 µL of TMB
substrate solution was added. Chemiluminescence at 450 nm was read 30 min after the addition
of 100 µL of stop solution. The EnSightTM multimode plate reader, equipped with Kaleido Data
Acquisition and Analysis Software (Perkin Elmer, Waltham, MA, USA), was used. The obtained
ODs of the standards (Y-axis, linear) were plotted against their concentration (X-axis, logarithmic)
on semi-logarithmic graph paper. The concentration of the samples was read directly from the
standard curve.
Furthermore, values obtained by melatonin and cortisol quantification were normalized to the
protein content of each sample. Protein concentrations were estimated by the method of Lowry and
colleagues with bovine serum albumin (BSA) as standard [28].
4. Usage Notes
MMASH is the first open dataset that provides multidimensional information about several
psycho-physiological aspects of people’s everyday life. In particular, this dataset provides data of
cardiovascular responses (i.e., inter-beat intervals), psychological perceptions (e.g., stress, anxiety,
and emotions), sleep quality, movement information (e.g., wrist triaxial accelerometer data and number
of steps per second) and activity descriptions on 24 h.
Thanks to this variety of information, experts from several research fields could investigate
the users’ psycho-physiological responses having a comprehensive overview of their daily life.
As an example, it could be possible to assess if the perceived sleep quality (i.e., PSQI) is related
to the objective quality (i.e., melatonin and cortisol levels during the night, sleep fragmentation,
and sleep length) taking into consideration any possible influence of individual characteristics such as
daily stress, anxiety status, and emotions. Moreover, it could be possible to develop complex models
able to predict daily activities, emotions, or individual predisposition to react to adverse or positive
events and stress in accordance with cardiovascular responses and/or actigraphy data. By means of
these algorithms, companies and researchers could passively assess people’s routine by using data
continuously recorded by wrist-worn devices that have become more popular in the last two decades.
The motivations for releasing MMASH as a public dataset were the challenges of recording
all of these data together continuously for a long period (24 h) and to provide at the scientific
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community with a dataset that allows for a comprehensive overview of people’s daily life. Humans
are a complex system characterized by several related factors. For this reason, analyses taking into
account a limited set of factors incur the risk of reaching misleading results, as possible mediators
are not measured. The heterogeneous types of data present in MMASH offer an all-encompassing
overview of the individual’s characteristics, enabling a better understanding of the relationships
between psycho-physiological features. Finally, researchers and companies could use MMASH to
investigate and develop predictive models to assess people’s well-being by evaluating all of the
psycho-physiological responses together.
In Section 4.1 we provide some practical examples of how to analyze the data. A Github repository
(bit.ly/MMASH_github) contains source code of examples of how to read and analyze the data. All the
examples are provided in the Python 3 language.
4.1. Practical Examples
MMASH includes data for 22 healthy males with the following characteristics:
age = 27.29 ± 4.21 years; height = 179.91 ± 8.22 cm; weight = 75.05 ± 12.79 kg.
Table 1 summarizes the questionnaire data for MEQ, STAI-Y, PSQ, DSI, and BIS/BAS, while
Figure 1a,b show the evolution of positive and negative emotions expressed as PANAS scores and the
number of specific activity log events reported by the participants throughout the day, respectively.
Moreover, the sleep data extracted from the ActiGraph measurements are summarized in Table 2,
showing heterogeneous behavior and sleep quality among participants. Finally, Figure 1c,d show the
levels found in saliva for cortisol and melatonin before and after sleep period for each participant,
respectively.
Some missing values are present in the data set:
•
•
•
•
•

User_1 shows two sleep phases because the subject woke up for an extended amount of time
(more than 40 minutes) during the night, resulting in two independent sleep periods.
User_7 did not fill in the STAI-Y 2 questionnaire.
User_11 does not have sleep data due to technical problems with data recording.
User_18 did not provide his age data.
User_21 did not provide salivary samples of sufficient quality to assess hormone levels.

The values observed in this data set cover a wide range of psycho-psychological status scores.
This enables analyses that link them in order to investigate several aspects of people’s daily life in
order to assess their well-being. In this section we provide information relevant to data reuse.
Table 1. Descriptive statistics of the questionnaire scores.
Features

Mean

std

Min

Median

Max

MEQ

50.32

7.03

38.00

49.50

64.00

STAI-Y 1

35.64

8.33

24.00

33.50

54.00

STAI-Y 2

41.38

5.42

27.00

42.00

49.00

PSQI

5.32

1.99

2.00

5.00

9.00

DSI

32.18

16.30

10.00

30.50

74.00

BIS/BAS bis

22.24

2.49

19.00

22.00

26.00

BIS/BAS reward

19.47

2.70

14.00

19.00

25.00

BIS/BAS drive

12.38

1.99

8.00

12.00

16.00

BIS/BAS fun

10.81

3.47

5.00

11.00

16.00
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(a) PANAS

30.0

(b) Activity diary

emotion
positive
negative

27.5

80
70
60

22.5
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20.0
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30

15.0

20
10

12.5

g Melatonin / g Protein

0.06
0.04
0.02

alcohol assumption

heavy movement

medium movement

smoking

laying down

large screen

sleeping
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coffee/coke

sitting

(d) Melatonin

2.5 1e 8

0.08

before sleep

small screen usage

eating

9AM day 2

10PM day 1

6PM day 1

2PM day 1

10AM day 1

0

(c) Cortisol
g Cortisol / 100 g Protein

50

light movement

values

25.0
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1.5
1.0
0.5

wake up

before sleep

wake up

Figure 1. (a) Evolution of positive and negative emotions throughout the day. (b) Number of events
reported by the participants during their recording days. (c) Dot plot of cortisol concentration obtained
from saliva sample. Difference between “before sleep” and “wake up” hormones concentrations.
(d) Dot plot of melatonin concentration obtained from saliva sample; difference between “before sleep”
and “wake up” hormones concentrations.
Table 2. Descriptive statistics of the sleep parameters.
Features

Mean

std

Min

Median

Max

In bed time

12:49 A.M.

74 min

10:29 P.M.

12:44 A.M.

03:57 A.M.

Onset time

12:50 A.M.

74 min

10:32 P.M.

12:45 A.M.

03:57 A.M.

Out bed time

07:04 A.M.

90 min

03:31 A.M.

07:00 A.M.

11:00 A.M.

Latency

1.50

1.71

0.00

0.50

4.00

Efficiency

83.91

6.75

73.49

85.22

94.23

Total minutes in bed (min)

374.32

96.18

165.00

368.50

630.00

TST (min)

313.00

84.31

144.00

326.00

578.00

WASO (min)

59.82

30.50

17.00

52.50

118.00

Awakenings (n)

19.27

9.78

4.00

18.50

44.00

Awakening (min)

3.56

2.39

1.33

2.81

12.25

MI

13.51

4.38

6.73

13.19

20.67

FI

10.33

9.22

0.00

9.76

28.13

SFI

23.84

11.49

6.73

22.12

45.53

4.1.1. HR Circadian Rhythm
The circadian rhythm is a variation in physiological parameters induced by the sleep–wake
cycle over a 24 h period [29]. Physiological characteristics such as HR, temperature, and melatonin
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show a circadian rhythm. For example, it was found that the circadian rhythm for body temperature
is associated with melatonin production and rest–activity rhythms, as well as with physiological
responses to exercise [30]. Figure 2a shows the HR time series and its single- and multiple-component
cosinor analyses of the circadian rhythm [3] for one of the participants in our data set. From this
analysis it is possible to extract information about the circadian rhythm parameters such as the MESOR
(the mid-value of the single component cosinor fitted curve), the acrophase (the time of the peak of the
single component cosinor fitted curve), and the amplitude (the difference between the maximum and
the MESOR of the fitted curve). Table 3 provides descriptive statistics of the cosinor circadian rhythm
parameters for all participants.

(a) HR circadian rhythm
hr (bpm)
circadian rhythm (single component cosinor)
circadian rhythm (multiple component cosinor)

140

HR (bpm)

120
100
80
60
12AM day 1

6PM day 1

12AM day 2

(b) Poincaré Plot

800

SD1
SD2

750

0.30

(c) FFT Spectrum
VLF component
LF component
HF component

0.25

PSD (s2/ Hz)

700

NN_n+1 (ms)

6AM day 2

650
600
550
500
450
400

500

600

NN_n (ms)

700

0.15
0.10
0.05

9AM day 2

400

0.20

9AM day 2

0.00
800

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40

Frequency (Hz)

Figure 2. (a) Example of single- and multiple-component cosinor analysis of heart rate (HR) to study the
circadian rhythm of one participant. (b) Example Poincaré plot of a participant’s 5-min IBI time series.
(c) Example of the Welch’s periodogram spectrum estimates of 5-min IBI timeseries for one participant.
PSD, FFT, VLF, LF and HF refer to power spectral density, fast Fourier transformation, very low
frequency, low frequency and high frequency, respectively.
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Table 3. Descriptive statistics for cosinor analysis of HR circadian rhythms.
Features

Mean

std

Min

Median

Max

MESOR—SCC

78.37

7.29

66.78

77.49

96.02

MESOR—MCC

78.37

7.29

66.78

77.49

96.02

acrophase—SCC

14.45

2.81

6.00

15.00

20.00

acrophase—MCC

15.73

2.66

6.00

16.00

20.00

amplitude—SCC

10.99

5.61

0.98

11.24

26.49

amplitude—MCC

12.33

5.67

2.48

12.24

26.52

RMSE—SCC

16.02

4.76

10.24

15.09

30.05

RMSE—MCC

15.51

4.56

10.02

14.6

30.25

SCC: Single Component Cosinor; MCC: Multiple Component Cosinor; RMSE: Root Mean Squared Error.

4.1.2. Heart Rate Variability
In the last two decades, interest in heart rate variability (HRV) has widely increased in the
psycho-physiological research fields. Assessment of inter-beat intervals (IBI) variability is possible in
time, frequency, and nonlinear domains, providing parameters able to quantify the amount of variation
between heartbeats, thus giving an indirect index of autonomic nervous system (ANS) regulation.
In particular, HRV features are useful to provide insights about sympathetic–parasympathetic balance
of cardiac vagal tone, which was found to be an indicator of cognitive, emotional, social, and health
status [31]. HRV is affected by a multitude of factors, so in order to reduce this “noise” and gain
a clearer picture of ANS activity (i.e., stress and recovery status) general guidelines recommend taking
HRV readings first thing in the morning after waking in order to avoid other influences on ANS,
such as change in posture [31].
In this section we provide a description of the HRV features computed in time, frequency and
non-linear domains for the subjects in our data set, limiting the analysis to the 5 min before waking
up. For our participants, the mean IBI was about 812.75 ± 71.40 milliseconds (ms), which is equal to
73.82 ± 17.54 beats per minute (bpm). Table 4 summarises the three types of features computed on all
our participants. Again, we see a good range of values for each feature.
Time Domain
Four HRV features were computed in the time domain: (i) HRmean , i.e., mean heart rate (60/IBI);
(ii) RMSSD, i.e., root mean squared of successive differences; (iii) SDNN, i.e., standard deviation of IBI;
and (iv) PNN50, i.e., the ratio between the number of pairs of successive IBIs that differ by more than
50 ms and the total number of IBIs.
Frequency Domain
Power spectral density (PSD) describes the distribution of power into frequency components
composing that signal. IBI data naturally consist of unevenly spaced data. To perform spectral
analysis of IBI data, periodogram methods should be used [32,33]. The activities of the sympathetic
and parasympathetic nervous systems have an effect on different ranges of the spectrum. VLF (power
in the very-low-frequencies range, i.e., less than 0.04 Hz); LF (power in the low-frequencies range,
i.e., 0.04–0.15 Hz); HF (power in the high-frequencies range, i.e., 0.15–0.4 Hz); and total power (power
in all the listed frequency ranges) were obtained by the sum of the power in the relevant frequency
ranges in the spectrum. Figure 2c shows periodogram spectrum estimates using Welch’s method,
which are the result of converting a signal from the time domain to the frequency domain by fast
Fourier transformation (FFT). This plot shows that the part of the spectrum with higher power is
characterized by VLF (less than 0.04 Hz, blue spot) which relates to rhythms with periods longer than
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25 s. The orange area shows the LF range, which relates to frequencies with periods between 25 and
6 s, showing a peak reflecting breathing rhythm. Finally, the HF range (rhythm faster than 6 s) is the
small, green part of the power spectrum.
Nonlinear Domain
The Poincaré plot is a type of recurrence plot used to quantify self-similarity in processes. Figure 2b
shows a Poincaré plot obtained from a participant’s 5-min IBI time series. This is a graph that plots the
IBI value in a time interval n + 1 (IBIn+1 ) against the previous one (IBIn ). From this scatter plot, it is
possible to quantitatively analyze the variance of IBI intervals by fitting an ellipse to the plotted shape.
SD1 is the standard deviation of the Poincaré plot perpendicular to the line-of-identity, while SD2 is
the standard deviation of the Poincaré plot along the line-of-identity.
Table 4. Descriptive statistics of HRV features extracted in 5-min time windows during the day.
Red, green and blue cells refer to time, frequency and non linear domain features, respectively.
Features

Min

25th Percentile

Median

75th Percentile

Max

mean IBI

679.08

791.75

817.70

834.04

993.35

SDNN

139.64

149.76

168.02

190.95

348.62

PNN50

6.47

13.41

17.85

21.75

53.45

RMSSD

31.66

47.37

67.42

85.72

512.37

vlf

1208.15

1519.79

1945.37

2049.47

5445.90

lf

1131.84

1550.14

1870.79

2323.24

11,697.00

hf

275.73

591.69

900.38

1607.94

35,915.60

total power

2947.44

3844.57

4633.56

5837.03

53,058.50

SD1

22.39

33.49

47.68

60.61

362.30

SD2

191.18

210.60

235.25

261.51

342.10

0.92

3.74

5.40

7.30

10.24

SD1/SD2
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