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Abstract:

Background:

For decades, psychologists have studied the well-being and its importance in human prosperity.

Objective:

In the present study, a mobile sensing approach was employed to explore the physiological correlates of daily well-being experiences.

Methods:

19 participants were recruited for a 30-day continuous physiological measurement using a smartwatch that collected their heart rates, galvanic skin
responses,  skin  temperatures,  and  walking  steps.  They  also  reported  their  daily  well-being  experiences  every  day,  on  the  five  well-being
dimensions of the well-established PERMA (Positive emotion, Engagement, Relationship, Meaning, Accomplishment) model. The daily activity
data were categorized into four mental states: asleep, relaxed, high mental load, and high physical load.

Results:

344 valid samples of the participants’ daily physiological data were obtained from the 19 participants. Using the daily physiological signals of
these four states as features, both stepwise regression analyses and binary classification analyses revealed that the five well-being experiences were
significantly predicted, with regression r-square values ranging from 0.052 to 0.157 and classification accuracies ranging from 55.8% to 61.3%.

Conclusion:

The findings provide evidence for the physiological basis of PERMA-based well-being.
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1. INTRODUCTION

Well-being  is  critical  for  human  prosperity.  People  with
greater  well-being  have  a  higher  life  quality  than  those  with
lesser  well-being  [1].  Studies  have  shown  that  indicators  of
well-being, such as positive affect and relationships, are related
to greater health outcomes, decreased functional decline, and
increased longevity [2 - 8]. While well-being can be evaluated
at a national level using wealth-based indexes, such as Gross
National Product (GNP), measurement of people’s well-being
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at an individual level has gained an increasing interest in recent
years, forming a complete picture of well-being [9] (Stevenson
& Wolfers, 2008). Substantial efforts have been devoted over
the  last  two  decades  to  determine  the  definition  and
measurement of happiness or well-being [10 - 15]. Compared
to the early single-dimensional measurement of mood or life
satisfaction,  researchers  have  reached  a  consensus  that  well-
being  is  a  multi-dimensional  construct  that  includes  both  a
good  feeling  and  an  effective  functioning.  There  are  various
definitions  and  constructs,  for  example  [16  -  20],  the  well-
being  theory  introduced  by  Seligman  represents  a  fitting
summation  of  the  state-of-the-art  findings  in  the  field  of
positive psychology [14]. According to Seligman’s well-being
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theory,  well-being is  an  abstract  construct  that  includes  both
feeling good and functioning well, it is a high level of mental
health, and also offered as a guide to help individuals flourish
[14].  Seligman  describes  well-being  using  the  five  core
dimensions:  positive  emotion,  engagement,  relationship,
meaning,  and  accomplishment,  which  is  called  the  PERMA
model. Positive emotion encompasses hedonic feelings, such as
happiness,  pleasure,  and  comfort.  Engagement  represents
efforts  to  be  engaged  and  absorbed  in  activities  that  are
intrinsically compelling, losing feelings of self-consciousness,
and  experiencing  a  sense  of  time  stopping.  Relationship
underscores  high-quality  relationships  with  other  people  and
towards  integration  with  society  or  a  community.
Accomplishment  is  conceptualized  as  representing
accomplishment,  success,  or  mastery  of  tasks.  Meaning  is
defined  as  belonging  to  something  larger  than  the  self  and
feeling  connected  to  something  beyond  oneself.  While  the
multi-dimensional construct is believed to provide an in-depth
overview  of  well-being  and  more  specific  targets  (i.e.,
dimensions) for possible improvements [15, 17, 21, 22], well-
being is usually measured by self-report based psychological
scales, such as the PERMA-Profiler [23].

However, relatively little is known about the physiological
correlates of well-being. Positive emotion is probably the only
well-being  dimension  that  has  received  substantial  attention
from  researchers  in  the  field  of  psychophysiology.  Positive
emotions, defined as high valence emotional experiences, are
associated  with  changes  in  cardiovascular  indicators,
conductance level  and temperature of  the skin,  etc.  and their
multi-variate combinations. However, the direction of response
to elevated positive emotion is not entirely clear. On one hand,
many studies suggest that positive emotion involves little or no
change in cardiovascular and electrodermal indicators, relative
to negative emotions [24, 25]; on the other hand, some studies
show  that  positive  emotion  is  associated  with  increased
sympathetic  nervous  system activation,  which  is  reflected  in
the improvement of cardiovascular activity [26, 27]. There are
still some researches suggesting that positive emotions have the
opposite effect, reducing cardiovascular arousal [28].

The research investigating the physiological correlates of
other  dimensions  of  the  PERMA well-being  model  is  scarce
and  indirect.  With  regard  to  social  relationships,  it  has  been
proposed  that  social  bindings  are  characterized  by  enhanced
activation  of  the  vaso-vagal  branch  of  the  parasympathetic
nervous  system  [29,  30].  In  the  field  of  engagement,
accomplishment,  and  meaning,  research  on  flow  experience
shows  that  in  the  process  of  completing  a  challenging  task,
flow  experience  is  often  accompanied  by  a  high  degree  of
physiological activation, such as increased heart rate [26, 30,
31].  In  fact,  flow  experience  often  reflects  a  high  degree  of
engagement, sense of accomplishment, and meaning.

Besides, most of the studies to date have been conducted
primarily  in  laboratory  environments,  and  the  emotional
experiences were usually elicited either by externally presented
auditory/visual  stimuli  or  by  imagery.  The  physiological
responses  to  positive  emotions  have  seldom  been
systematically addressed in the naturalistic daily life settings
[6] (let alone the other four dimensions of well-being). Such an

issue could be important, as the rich contextual information in
the real world is difficult to be fully reconstructed in laboratory
environments  [32  -  34].  As  well-being  is  a  concept  that  is
closely  related  to  our  daily  life,  it  is  believed  to  be  better
expressed in a naturalistic environment rather than laboratories.
Therefore,  investigating  the  physiological  correlates  of
people’s well-being experience in daily life settings is expected
to  promote  understanding  of  the  underlying  mechanisms  of
well-being.

The rapid development of mobile sensing technology could
provide  an  important  approach  for  the  investigation  of  well-
being in daily life settings [35 - 37]. By using mobile phones
and  wearable  sensors,  mobile  sensing  technology  enables
researchers to sense a variety of people’s daily life activities,
such  as  their  physical  activities,  mobile  phone  behaviors,
physiological responses, etc. Using custom-developed mobile
applications,  researchers  have  investigated  subjective
experiences, such as happiness, morality in daily life, and their
psychological consequences [38 - 43]. People’s mobile phone
activities,  such  as  their  phone  calls,  SMSs,  and  application
usage  patterns,  have  been  utilized  to  reveal  daily  stress,
happiness,  general  emotion,  and  even  personality.  More
importantly,  physiological  activities  collected  in  daily  life
settings  by  wearable  sensors  have  been  employed  to  reflect
mental  workload,  emotion,  etc.,  based  primarily  on
electrodermal  and  cardiovascular  responses  [44  -  47].  The
number of studies conducted in daily life conditions is still very
limited  compared  to  those  carried  out  in  laboratory  settings.
Nevertheless,  increasing  attention  has  been  attracted  to  the
mobile sensing-based approach [48], as the findings based on
daily  life  data  are  believed  to  have  better  generalizability  to
real-world situations.

The  present  study  aimed to  investigate  the  physiological
correlates of well-being in daily life settings. The participants
wore smartwatches that collected their physiological activities
continuously for 30 days. They reported their daily well-being
at  the  end  of  each  day  through  a  mobile  application,  as
measured  in  the  five  PERMA  dimensions.  Their  contextual
information was derived based on their smartwatch recordings
and categorized into four states, including asleep, relaxed, high
mental  load,  and  high  physical  load.  The  physiological
activities were divided into these four states and averaged per
day  as  features.  Correlation  analyses  were  performed  to
examine  the  univariate  links  between  these  physiological
features and daily well-being reports. Multi-variate regression
analyses and classification analyses were conducted to provide
an overview of the predictability of well-being based on these
physiological activities. As most of the relevant research has
focused on positive emotion and the explorations in naturalistic
settings are very limited, the present study is quite exploratory.
Nevertheless,  it  is  expected  that  well-being  could  be  well
characterized by daily physiological activities, given the large
number of studies demonstrating the close relationship between
a variety of cognitive states and physiology [33, 49, 50].

2. METHOD

2.1. Participants

Nineteen  students  (11  female)  from Tsinghua  University
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(between 19 and 29 years old, mean age 22 years) participated
in the study. The sample size was decided following previous
studies using mobile sensing techniques, e.g [51, 52]. All the
participants  were  recruited  from  an  undergraduate  research
project  at  the  Tsinghua  University,  and  were  healthy,
nonsmokers, normotensive, not on any medication, and had no
history  of  cardiac  disease  by  self-report.  They  gave  their
informed  consent.  The  study  was  conducted  following  the
Declaration  of  Helsinki  and  approved  by  the  Tsinghua
University  Research  Ethics  Committee  in  the  Psychology
Department.

2.2. Procedure

Participants  completed  an  online  questionnaire  on  their
demographic and background information. Then they received
a  training  on  how  to  use  the  smartwatch.  The  daily  surveys
began approximately 3 days after the initial survey.

The participants were instructed to wear the smartwatches
(Basis B1, Intel, USA) for 30 consecutive days throughout the
day and night, with only exceptions, such as taking showers,
swimming, smartwatch charging (approximately 2 hours every
4–5 days), etc.Their daily well-being reports were collected at
the  end  of  each  day,  right  before  going  to  bed,  using  their
mobile phones.

2.3. Measurements

The daily physiological and behavioral data were collected
using the Basis B1 smartwatch, which is a wrist-worn device
capable  of  recording  heart  rate  (beats  per  minute),  galvanic
skin response (μS), skin temperature (Fahrenheit), and walking
steps (steps per minute). The effectiveness and accuracy of the
physiological measurement of the Basis smartwatch have been
proved in previous studies [53, 54].

The  recorded  data  were  uploaded  to  the  cloud  server  of
Basis company through the mobile phone application (Basis,
available  for  both  iOS  and  Android)  installed  on  the
participants’ mobile phones. The participants were required to
upload their data as frequently as possible. The uploaded data
were  then  downloaded  in  CSV  format  by  the  experimenters
using customized PHP codes. The downloaded data consisted
of  values  of  heart  rate,  galvanic  skin  response,  skin
temperature,  and  walking  steps  for  every  minute  during  the
recording period. The minutes with invalid recordings (due to
extensive  motion,  loose  wearing,  etc.)  were  automatically
recognized  and  marked  by  the  official  Basis  algorithm.

The  daily  well-being  was  measured  by  using  a  mobile
phone-based  questionnaire,  implemented  by  the  WeChat
messenger (Tencent, China) together with the Sojump online
survey  platform  (Sojump,  China).  The  participants  were
instructed to send a specific message to the experiment account

on  WeChat  when they  were  ready  to  report  their  daily  well-
being statuses, right before going to sleep every evening. The
WeChat experiment account then automatically prompted them
with a link to the corresponding daily well-being questionnaire.
The participants were required to retrospect their daytime well-
being experiences and then rated their well-being status in the
five PERMA dimensions, each with a 6-point Likert scale. To
ensure a good understanding of the PERMA dimensions and,
therefore, an accurate rating, each level was supplemented with
a short descriptive statement. Additionally, two questions were
asked  before  the  PERMA  scale  about  the  general  daily  life
satisfaction, and an open question was added at the end of the
questionnaire  about  important  daily  events.  In  the  present
study,  the  focus  was  on  the  five  PERMA  questions.  The
questionnaire was presented in Chinese (The questionnaire and
its  English  translation  are  provided  in  the  Appendix).  The
experimental  procedure  is  shown  in  Fig.  (1).

2.4. Data Pre-processing: State Definition

The  most  challenging  issue  for  the  analysis  of  the
physiological data in daily settings is the lack of well-defined
contextual  information  as  usually  and  easily  available  for
laboratory-based studies. Without contextual information, the
interpretation of these physiological data could be complicated.
For instance, heart rate increases could be an effective indicator
of  psychological  stress,  but  metabolic  demand  caused  by
physical  activity  can  also  bring  such  increases.

To  resolve  such  ambiguity,  we  make  use  of  the  multi-
dimensional  physiological  and  behavioral  data  (heart  rate,
galvanic skin response,  skin temperature,  and walking steps)
from Basis B1 to have a refined definition of the daily mental
states. Following the previous studies facing a similar dilemma
[55 - 57], the daily recordings of heart rate and walking steps
were taken for the definition of the four prominent states: high
physical  load,  high  mental  load,  relaxed,  and  asleep.
Specifically, the high physical load state referred to the mental
state with both high physical  activities (reflected by walking
steps)  and  high  activation  of  the  nervous  system  (mainly
reflected by heart rates); the high mental load state referred to
the state with high heart rates but low physical activities; the
relaxed state referred to the state with low heart rates and low
physical  activities;  the  asleep  state  was  associated  with
extremely low heart rates and physical activities. Note that the
data from the asleep state was taken from the night preceding
the  day  for  well-being  reports  because  nearly  all  the
participants reported that they usually went to sleep after 00:00
at night. Galvanic skin response and skin temperature were not
used for these definitions because of the lack of literature about
these two signals. The categorization into these four states is
expected  to  provide  more  contextual  information  about  the
participants and support a more effective usage of these daily
recordings.
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Fig. (1). The experimental procedure.

The categorization of the four mental states was achieved
by using a k-means clustering method. Using heart  rates and
walking  steps  per  minute  across  the  30  recording  days  per
participant,  the  k-means  method  automatically  formed  four
clusters (the number of clusters was set to four) and assigned
each minute to one of the four clusters. The four clusters of all
participants fitted very well with the expected characteristics of
the four defined mental states (see Results). Also, five minutes
immediately after a high physical load state were manually re-
categorized as high physical load as well, to avoid a possible
miscategorization into the high mental load state (although the
corresponding walking steps could be low and the heart rates
could  remain  high).  Only  the  one-minute  data  with  valid
recordings  were  used  in  the  k-means  analysis.  The  k-means
method was applied for each participant separately, to allow an
adaptive  categorization  with  the  individual  differences  taken
into consideration.

The  mean  and  standard  deviation  of  the  recorded
physiological data (heart rate, galvanic skin response, and skin
temperature)  were  then  calculated  for  the  minutes  assigned
with the same mental  state,  within every single  day for  each
participant,  respectively.  Besides,  the  mean  of  the  walking
steps was calculated for the high physical load state. These data
were then normalized across the days within each participant,
as follows:

(1)

Where,  Zik  represents  the  normalized  value  of  one
physiological or behavioral index (Xik) on the i-th day of the k-
th participant. μk and sk denote the mean and standard deviation
of  the  to-be-normalized  value  across  all  days  of  the  k-th
participant. The normalization procedure is expected to account
for the inter-individual differences: A larger absolute value of

Zik indicates a relatively larger deviation from the average daily
status.  The  above-described  procedure  yields  3  (data  type:
heart  rate,  galvanic skin response,  and skin temperature)  × 2
(mean and standard deviation) × 4 (mental states: high physical
load,  high  mental  load,  relaxed,  asleep)  +  walking  steps  in
high  physical  load  =  25  physiological  and  behavioral
parameters  per  day.

Although  the  recorded  data  have  a  nested  data  structure
that seems to be suitable for a multi-level analysis, the above-
mentioned  normalization  procedure  was  preferred  as  it  is
expected to yield a more stable result given the relatively small
sample size. By adopting the normalization procedure, a total
number  of  344  valid  samples  (see  Results)  were  obtained
across the participants and days, which is a reasonable number
for regression analysis with 25 variables (i.e., the physiological
and behavioral parameters).

2.5. Data Analysis

A  Pearson  correlation  analysis  was  first  performed  to
evaluate  the  pairwise  relationship  between  the  physiological
and  behavioral  data  (25  parameters)  collected  by  the  Basis
smartwatch and the well-being report (5 items) from the mobile
phone  questionnaire.  Next,  five  multiple  stepwise  regression
analyses were conducted to identify the influencing parameters
out of the 25 daily physiological and behavioral parameters on
the five daily well-being indexes, respectively. Finally, a series
of binary classification analysis was carried out to assess the
predictive  powers  of  the  physiological  and  behavioral
recordings  on  these  daily  well-being  indexes.  The  binary
classifications  were  performed  for  each  well-being  index
separately  to  achieve  an  approximately  balanced  number  of
samples for the two classes, the days with scores of 1-4 and 5-6
were labeled as two separate classes for positive emotion and
engagement, whereas the days with scores of 1-3 and 4-6 were
labeled  as  two  separate  classes  for  engagement,
accomplishment, and meaning. The percentages of samples for

𝑍𝑖𝑘 =
𝑋𝑖𝑘 − 𝜇𝑘

𝑠𝑘
 

Awake 
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the classes with lower scores ranged from 36.9% to 58.4%. All
of the 25 parameters were used as features for classification.
All the reported results were based on the leave-one-out cross-
validation procedure.

Data  pre-processing  was  conducted  in  Matlab  (R2015b,
MathWorks,  USA),  and  the  Statistical  Package  for  Social
Sciences (SPSS 20.0, IBM, USA) was used for the statistical
analyses.

3. RESULTS

3.1. Descriptive Statistics

All of the 19 participants completed the whole experiment
process and contributed valid data. For the physiological data,
the days with recordings of less than 3-hour total asleep time or
less  than  3-hour  total  awake  time  were  excluded  from  data
analysis,  to  provide  sufficient  data  for  a  reliable  daily
estimation of the recordings in the four mental states. For the
self-reported data, a total of 495 valid daily well-being reports
were  returned,  with  a  response  rate  of  86.8%.  The
physiological  and  self-reported  data  was  then  matched  by
dates. It was found that the recordings of a total number of 344
valid  days  from  19  participants  were  included  in  this  study,
ranging from 9 to 32 days per participant (18.1 ± 6.8 days on
average).  For  the  included  days,  1079.9  ±  171.0  minutes  of
valid recordings were obtained per day. A description statistic
of the five dimensions of daily well-being survey among 344
days  are  shown  in  Table  1.  For  the  6-point  scale  (1-6),  the
rating of the relationship showed the highest average score (4.3
± 1.0) and meaning the lowest (3.7 ± 1.1). There is the highest
correlation between positive emotion and relationship (0.815)
and  the  lowest  correlation  between  engagement  and
relationship  (0.414).

3.2. Categorization of the Four Mental States

The circadian rhythm averaged over all participants of the
recorded physiological signals and physical activities (steps per
minute)  is  illustrated  in  Fig.  (2).  A  lower  level  of  heart  rate
(HR) and physical activity (walking steps, WS) was observed
when the participants were probably asleep (approx. 0 AM ~ 9
AM); Skin Temperature (ST) showed an opposite trend, with
lower  values  during  the  day  time;  galvanic  skin  response
(GSR) depicted a complicated pattern that could not be easily
explained  by  day  and  night.  Nevertheless,  the  multi-variate
data  was  expected  to  provide  a  better  description  of  the
participants’ status, serving as the basis for the categorization.

The centers of the four clusters by the k-means method of
each participant are summarized in Fig. (3a). Although inter-
individual  differences  were  observed,  the  centers  fitted  well
with  the  expected  characteristics  of  the  defined  four  mental
states.  The  cluster  analysis  result  for  one  representative
participant (No.14) is shown in Fig. (3b). Reasonable activity

patterns were seen for all days: the asleep state was generally
categorized for the minutes between 0 AM and 9 AM, which
was  indeed  the  usual  sleeping  time  period  for  the  recruited
students.  Besides,  the  clustering  results  on  the  asleep  state
fitted very well with the automatically recognized asleep state
by  the  Basis  smartwatch.  The  average  valid  recording  time
durations are 425.47 ±136.95 minutes per day for the relaxed
state, 80.13±56.53 minutes per day for the high physical load
state, 417.64±119.03 minutes per day for the asleep state, and
156.70±92.56 minutes per day for the high mental load state.

3.3. Correlation and Regression Analysis

The  pairwise  correlations  between  the  physiological  and
behavioral parameters and the well-being indexes are shown in
Table 2.  The daily experience of Engagement was positively
correlated  with  the  HR  during  high  mental  load  state  (r  =
0.178, p  < 0.01), and the standard deviation of the GSR (r  =
0.134, p < 0.05) and the ST (r = 0.136, p < 0.05) during high
physical load state. The daily experience of Relationship was
negatively correlated with the HR (r = -0.167, p < 0.05) and its
standard deviation (r = -0.182, p < 0.05) during asleep state, as
well as the HR standard deviation (r = -0.182, p < 0.05) during
relaxed state. The daily experience of Meaning revealed both
negative correlations with the HR (r = -0.185, p < 0.05) and its
standard deviation (r  = -0.201, p  < 0.05) during asleep  state,
and positive correlations with the HR (r = 0.295, p < 0.01) and
the GSR (r  = 0.120,  p  < 0.05) during high mental  load state
and the GSR (r = 0.140, p < 0.01) and its standard deviation (r
= 0.135, p < 0.05) during high physical load state. The daily
experience  of  Accomplishment  showed  a  similar  pattern  as
Engagement,  with  an additional  positive  correlation with  the
GSR (r = 0.116, p < 0.05) during high mental load state.

The stepwise regression results are summarized in Table 3.
There was a significant association between the physiological
and behavioral parameters and all the five well-being indexes.
The primary contributors are the HRs in different mental states,
with  the  contributions  of  ST,  GSR,  and  WS for  some of  the
well-being  indexes.  Stepwise  regression  analyses  using  the
unclustered parameters (i.e., the mean values of HR, ST, GSR,
and Step across a whole day, without performing the clustering
analysis)  were  also  conducted.  However,  none  of  these
regression  models  revealed  significant  results  (all  p  >  .05).

3.4. Classification Accuracies

The binary classification accuracies are shown in Fig. (4).
Using  the  clustered  parameters  as  features,  the  classification
accuracies achieved 55.8%, 56.7%, 61.3%, 59.9%, and 56.7%
for  the  well-being  experiences  of  Positive  emotion,
Engagement, Relationship, Meaning, and Accomplishment. By
contrast,  the  classification  results  based  on  the  unclustered
parameters  as  features  revealed  only  chance-level
performances, i.e., 51.7%, 51.2%, 43.4%, 50%, and 48.8% for
the five well-being experiences (in the order of PERMA).
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Fig. (2). The circadian rhythm of Heart Rate (HR), Galvanic Skin Response (GSR), Skin Temperature (ST), and Walking Steps (WS), averaged over
all participants.

Fig. (3). (a) Cluster centers for all participants. (b) Clustering daily timescale of a representative participant’s data.
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Fig. (4). Binary classification accuracy of the five well-being experience indexes using the clustered vs. unclustered physiological and behavioral
features.

Table 1. Description statistics of daily well-being measures.

Variable M SE 1 2 3 4
1 Positive emotion 4.1831 1.06284 - - - -
2 Relationship 4.3285 1.02146 0.758 - - -
3 Engagement 3.8110 1.13353 0.435 0.414 - -
4 Meaning 3.7297 1.07429 0.475 0.466 0.717 -
5 Accomplish 3.7326 1.14464 0.438 0.429 0.815 0.776

Table  2.  Correlation  coefficients  between  the  five  well-being  experience  indexes  and  the  physiological  and  behavioral
parameters in the four defined mental states.

- - P E R M A
Asleep HR -0.139 -0.058 -0.167* -0.185* -0.130

HR std -0.189 -0.059 -0.182* -0.201* -0.101
GSR 0.004 -0.037 0.036 0.005 -0.029

GSR std -0.012 -0.098 0.013 -0.049 -0.098
ST 0.012 -0.089 0.051 -0.039 -0.058

ST std 0.037 0.030 0.030 -0.018 0.028
Relaxed HR -0.090 0.043 -0.072 0.088 0.078

HR std -0.182 0.037 -0.182* -0.171 -0.038
GSR 0.027 0.005 0.092 0.104 0.085

GSR std 0.026 -0.041 0.088 0.056 0.041
ST -0.017 -0.042 0.017 0.047 0.011

ST std 0.064 0.000 0.021 0.027 0.031
High mental load HR -0.001 0.178** 0.050 0.295** 0.216*

HR std -0.122 -0.047 -0.081 -0.091 -0.059
GSR 0.017 0.034 0.066 0.120* 0.116*

GSR std -0.025 -0.028 0.046 0.059 0.010
ST -0.061 -0.001 -0.068 0.033 0.012

ST std -0.006 0.048 0.008 0.045 0.059
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High physical load HR -0.080 0.014 -0.082 0.091 0.032
HR std -0.044 -0.088 -0.081 -0.056 -0.101
GSR 0.009 0.093 0.015 0.140** 0.104

GSR std 0.010 0.134* 0.021 0.135* 0.108*

ST -0.015 0.009 -0.017 0.010 0.042
ST std 0.038 0.136* 0.038 0.103 0.112*

WS -0.035 -0.048 -0.062 -0.016 -0.074
Notes: *p<0.05, **p<0.01. std = standard deviation.
P= positive emotion; R= relationship; E= engagement; A= accomplishment; M= meaning.

Table 3. Stepwise Regression results for the five well-being experience indexes using physiological and behavioral features.

Variable Standardized β t
Dependent Variable=Positive emotion - -

HR std (asleep) -0.203 -3.778***

HR (relaxed) -0.097 -1.760
HR (asleep) -0.149 -2.647**

HR (high physical load) -0.120 -2.151*

Overall regression: F(4,339)=7.104*** - -
Adjusted R2=0.066 - -

Dependent Variable=Engagement - -
HR (high mental load) 0.207 3.743***

ST (high physical load) 0.130 2.465*

HR std (high mental load) -0.122 -2.200*

Overall regression: F(3,340)=7.285*** - -
Adjusted R2=0.052 - -

Dependent Variable=Relationship - -
HR std (aleep) -0.172 -3.297**

HR (aleep) -0.201 -3.652***

HR (high physical load) -0.150 -2.744**

Overall regression: F(3,340)=9.465*** - -
Adjusted R2=0.069 - -

Dependent Variable=Meaning - -
HR (high mental load) 0.389 6.344***

HR std (high mental load) -0.178 -3.276**

HR std (relaxed) -0.136 -2.601*

ST std (high physical load) 0.121 2.397*

GSR (high physical load) 0.126 2.475*

HR (high physical load) -0.136 -2.289*

Overall regression: F(6,337)=11.678*** - -
Adjusted R2=0.157 - -

dependent Variable=Accomplishment - -
HR (high mental load) 0.257 4.700***

HR std (high mental load) -0.146 -2.676**

ST std (high physical load) 0.130 2.436*

WS (high physical load) -0.111 -2.075*

Overall regression: F(4,339)=8.070*** - -
Adjusted R2=0.076 - -

Notes: * p<0.05, ** p<0.01, *** p<0.001. std = standard deviation.

4. DISCUSSION
In  the  present  study,  a  daily-life  study  was  conducted  to

explore  the  physiological  correlates  of  human  well-being
experiences  based  on  the  PERMA  model.  The  heart  rate,
galvanic  skin  response,  skin  temperature,  and  walking  steps

were  continuously  monitored  in  19  participants  for  30  days.
Bivariate correlation analysis revealed significant correlations
between these physiological and behavioral data and the daily
well-being experiences in the dimensions of Positive emotion,
Engagement,  Relationship,  Meaning,  and  Accomplishment.

(Table 2) cont.....
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Stepwise regression analyses showed that  all  five well-being
experience  indexes  could  be  significantly  predicted  by  the
physiological  and  behavioral  parameters.  A  further  binary
classification analysis reported recognition accuracies between
55.8% and 61.3% for these five PERMA well-being indexes.
These results provide evidence for the physiological basis of
the PERMA-based well-being.

To  fully  extract  useful  information  from  the  continuous
recordings  of  the  daily  activities,  four  mental  states  were
defined  before  all  these  analyses,  using  an  individualized
clustering method. The k-means clustering approach could, in
general,  be  applicable  in  many  other  psychological  research
scenarios, especially in the context of the increasing popularity
of  wearable  sensing  technology.  The  wearable  sensing
technology has enabled us to record a huge amount of human
activity data without interrupting the participant and provided a
more detailed description of  human behaviors.  However,  the
amount  of  data  has  posed  critical  challenges  to  researchers:
labeling the corresponding daily life events of these data in a
retrospective way might be very time-consuming and subject to
recall bias; labeling these data in a real-time manner (e.g.  by
using the experience sampling method) could severely interrupt
the  participant’s  daily  activities,  therefore,  is  not  feasible  in
many  situations  (e.g.  attending  meetings).  The  proposed
approach in  the  present  study provides  a  feasible  solution  to
this  issue:  the  large  amount  of  unlabeled  physiological  data
was translated into interpretable psychological states that could
be better utilized for further analysis.

The  clustered  physiological  and  behavioral  data
significantly predicted the five daily well-being indices, while
the  unclustered  data  failed  to  turn  in  any  significant  results.
The  binary  classification  results  further  illustrate  the
effectiveness of  the clustering method:  using the unclustered
features,  the  accuracies  did  not  outperform the  chance  level.
There  could  be  better  categorization  strategies  (e.g.  more
categories of daily life events) that could further improve the
results.  Nevertheless,  the  study  suggested  that  the
categorization  procedure  could  effectively  extract  important
contextual information from the daily recordings to facilitate
data interpretation.

Although  not  all  of  the  five  PERMA  well-being
experiences have been systematically investigated, and most of
the  previous  studies  have  been  conducted  in  laboratory
environments, the bivariate correlation analysis results are in
line  with  previous  findings.  The  daily  experience  of
Relationship  was  negatively  correlated  with  the  HR  and  its
standard  deviation  during  asleep  state,  as  well  as  the  HR
standard  deviation  during  a  relaxed  state.  Although  non-
significant, the correlations between Positive emotion and the
physiological  measurements  showed  a  negative  association
between the HR during high physical load state and the HR and
its standard deviation during asleep state. These findings are in
line with previous researches, suggesting that positive emotions
have the effect of reducing cardiovascular arousal, leading to
reduced heart rate and heart rate variability (HRV, similar to
the HR standard deviation in our study) during a high positive
emotion  state  [6,  30].  Several  studies  have  documented  the
“undoing  effect”,  which  points  out  positive  emotions  like
amusement  and  contentment  can  quell  any  existing

cardiovascular reactivity caused by negative emotions [58]. As
the  cardiovascular  reactivity  sparked  by  certain  negative
emotions  prepares  the  body  for  specific  actions,  the  positive
emotions  speed  recovery  from  this  cardiovascular  reactivity
and  return  the  body  to  mid-range  levels  of  activation  more
suitable  for  pursuing  a  range  of  behavioral  options  [28].
Meanwhile, there are also evidences suggesting that happiness
associated  with  social  bonding  is  characterized  by  increased
activation of vaso-vagal branch of the parasympathetic nervous
system [29,  30],  predicting  reduced  heart  rate  and  heart  rate
variability.  While  previous  studies  have  focused on the  after
effect  of  positive  emotions,  these  findings  suggest  that  daily
physiological activities can influence the post hoc evaluation of
Positive emotion.

Similar  positive  correlations  between  HR  during  high
mental load state were observed for the well-being experiences
of Engagement, Meaning, and Accomplishment. This piece of
the  result  is  consistent  with  previous  studies  on  flow
experiences: the experience of flow has been characterized by a
relatively sympathetic enhancement, leading to increased heart
rate [59, 60]. The concept of flow shares a lot in common with
these  three  well-being  experiences,  since  flow  is  normally
described as a mental state in which a person is fully engaged
in  an  activity  towards  a  meaningful  output  and  self-
accomplishment [61 - 63]. These findings are also in line with
recent  studies  on  motivational  engagement,  reward
anticipation, as well as reward pursuit, all of which suggest a
positive  correlation  between  cardiovascular  arousal  and  the
above  concepts  [26,  30,  31].  Apart  from the  HR in  the  high
mental load state, Engagement, Meaning, and Accomplishment
were  also  significantly  linked  with  other  physiological
measures,  such  as  skin  temperature,  galvanic  skin  response,
and  walking  steps.  Although  studies  on  these  physiological
correlates  are  limited,  the  results  revealed  multi-dimensional
activity  patterns  for  these  well-being  experiences  beyond
positive  emotions.

The stepwise regression analyses further suggested that all
these  five  daily  well-being  experience  indexes  can  be
significantly predicted by using a combination of physiological
and  behavioral  parameters.  The  primary  contributors  are  the
HRs  in  different  mental  states,  suggesting  a  critical  role  of
cardiovascular  functions  in  well-being  experiences  [64].
Furthermore,  55.8%~61.3%  binary  classification  accuracies
were obtained for recognizing a high or low self-report of these
daily well-being experiences. Establishing such a type of link
has  been  investigated  in  many  other  fields  using  mobile
sensing technology, for example, using mobile phone data for
personality  recognition  [45],  mood  analyzing  [65],  or  stress
investigation  in  family  and  working  place  [39].  The  results
show that daily well-being experiences can be predicted using
the  whole-day  physiological  and  behavioral  measurement,
suggesting a  close  link between the  psychological  states  and
the physiological data.

CONCLUSION

This  study  has  several  limitations  that  should  be  noted.
First,  the  sample  size  is  small,  limiting  the  application  of  a
possibly more standard multi-level analysis procedure. While
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we made the efforts to do within-participant normalization to
alleviate the problem, further studies with a larger sample size
are  required,  and  substantially  more  efforts  are  necessary  to
organize  the  study for  long-term participation.  Secondly,  the
categorization of the four states by using heart rate and walking
steps  data  is  only  an  oversimplified  definition  of  the  daily
activities. Extracting richer contextual information is expected
to  provide  a  more  effective  estimation  of  the  psychological
states, such as well-being, with advanced sensing techniques,
such as a more precise classification of the physical activities,
more dimensions of physiological data, etc. Thirdly, although
significant,  the  variances  explained  for  each  PERMA
dimensions in the regression analysis  are still  relatively low.
Advanced data analysis methods, together with a larger sample,
might help improve the effectiveness of the models.
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APPENDIX:  THE  DAILY  WELL-BEING  QUESTION-
NAIRE USED IN THE PRESENT STUDY (PRESENTED
IN CHINESE) AND ITS ENGLISH TRANSLATION

Below 1-6th items are the statements with which you may
agree  or  disagree.  Using  the  1-6  scale  below,  indicate  your
agreement with each item by choosing the appropriate number.
The  6-point  scale  is:  1=strongly  disagree,  2=disagree,
3=slightly  disagree,  4=  slightly  agree,  5=agree,  6=strongly
agree.  The  7th  item  is  an  open  question  with  which  you  can
enter the answer by words.

I  am satisfied  with  life  today  compared  to  other  days  of
this week.

I feel happy today.

I am satisfied with the relationship with others today.

I was engaged and absorbed in activities today.

I gained a great sense of accomplishment today.

I felt very meaningful today.

What were the most impressive events for you today?
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