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Personality in Daily Life: Multi-Situational
Physiological Signals Reflect Big-Five

Personality Traits
Xinyu Shui , Yiling Chen, Xin Hu , Fei Wang , and Dan Zhang , Member, IEEE

Abstract—The popularity of wearable physiological
recording devices has opened up new possibilities for the
assessment of personality traits in everyday life. Compared
with traditional questionnaires or laboratory assessments,
wearable device-based measurements can collect rich data
about individual physiological activities in real-life situa-
tions without interfering with normal life, enabling a more
comprehensive description of individual differences. The
present study aimed to explore the assessment of indi-
viduals’ Big-Five personality traits by physiological sig-
nals in daily life situations. A commercial bracelet was
used to track the heart rate (HR) data from eighty college
students (all male) enrolled in a special training program
with a strictly-controlled daily schedule for ten consecu-
tive working days. Their HR activities were divided into
five daily situations (morning exercise, morning classes,
afternoon classes, free time in the evening, and self-study
situations) according to their daily schedule. Regression
analyses with HR-based features in these five situations
averaged across the ten days revealed significant cross-
validated quantitative prediction correlations of 0.32 and
0.26 for the dimensions of Openness and Extraversion, with
the prediction correlation trending significance for Consci-
entiousness and Neuroticism. Moreover, the multi-situation
HR-based results were in general superior to those based
on single-situation HR-based features, as well as those
based on the multi-situation self-reported emotion ratings.
Togetherour findings demonstrate the link between person-
ality and daily HR measures using state-of-the-art com-
mercial devices and could shed light on the development
of Big-Five personality assessment based on daily multi-
situation physiological measures.

Index Terms—Daily life, heart rate, multi-situation,
personality, wearable device.
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I. INTRODUCTION

P ERSONALITY refers to individual differences in disposi-
tional patterns of thinking, feeling, and behaving that are

related to important life outcomes such as career success, mental
health, etc. [1], [2], [3]. The most commonly used personal-
ity trait framework is the Five-Factor Model which describes
people in five dimensions, including Openness, Conscientious-
ness, Extraversion, Agreeableness, and Neuroticism, [4], [5],
[6]. While self-assessment questionnaires have been and still
are the predominant way to conduct personality measurement,
automatic personality assessment is gaining increasing atten-
tion in recent years [7], [8]. The working principle underlying
such an approach is that one’s dispositional personality traits
are represented in the person’s daily life. Data on daily life
representations, e.g., behavior, corresponding to dispositional
personality traits can, in turn, be assessed using the latest infor-
mation technology such as social media, mobile phones, video
cameras, wristbands, etc. [9], [10]. Compared to the classical
questionnaire-based methods, the automatic approach is less
likely to suffer from issues like social desirability, and self-
presentational need [11], [12], especially in situations when their
own personal interest is involved (e.g., job application).

The increasing popularity of the physiological recording tech-
nique has given rise to the physiological computing of personal-
ity [13], [14]. Compared to data sources such as social media and
mobile phones, physiological data can continuously represent
information related to an individual’s activities in an objective
way, without the requirement of one’s active participation [15].
Among the commonly used physiological signals, the cardio-
vascular signal is one of the most effective signals in character-
izing personality [16]. Using electrocardiogram (ECG) signals
collected in the laboratory, researchers have demonstrated the
association between individuals’ cardiovascular activities and
the Big-Five personality traits [17]. Higher Openness, which
refers to one’s tolerance of new ideas, has been correlated
with several HRV features such as lower SDNN Index, ULF
power, RMS-SD, etc. [18]; Higher Conscientiousness, which
refers to one’s tendency to be self-disciplined, has been linked
to lower inter-beat interval (IBI) in pay-for-performance tasks
[19]; Higher Extraversion, which describes one’s tendency to
be social, active, and outgoing, has been shown to be related
to higher heart rate variability (HRV) and lower cardiovascular
reactivity, especially in stressful situations [20], [21]; Higher
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Agreeableness, which describes one’s tendency of being kind,
considerate, likable, helpful, and forgiving, has been found
associated with increased resting-state ECG amplitude ratio and
heart rate reactivity during psychological stress testing [22],
[23]; Higher Neuroticism, which represents one’s tendency to be
anxious, self-conscious and paranoid, has been associated with
longer resting-state QT interval duration, lower resting-state
ECG amplitude, and lower task-state HR responses to acute
stress [22], [24], [25]. As the ECG signals are believed to reflect
both the parasympathetic and sympathetic activities [26], the
above findings could be explained by the individualized auto-
nomic nerve system characteristics in the resting and task states.
In sum, laboratory-based studies have demonstrated a strong
link between cardiovascular-related physiological activities and
dispositional personality traits.

More importantly, the rapid development of wearable devices
(e.g., smart watches, wristbands) has made it possible to record
cardiovascular signals beyond the laboratory, towards daily
life situations [27], [28]. Given the inconvenience of portable
recording of ECG signals, the available commercial wearable
devices have mainly employed photoplethysmography (PPG) to
measure one’s heart rate. While personality computing based
on commercial PPG signals has not been fully explored [29],
[30], studies have shown that PPG in daily life situations could
effectively reflect mental stress [31], panic disorder [32], and
mental health [33]. Given that PPGs have been suggested to
represent cardiovascular activities in a way similar to ECGs
(although with reduced performances) [34], [35], it is promising
to expect effective computing of one’s personality traits using
daily-life PPGs.

However, state-of-the-art physiological studies have not fully
addressed the situational issue of describing one’s dispositional
trait. Although the person-situation debate has often emerged
in past individual difference studies, recent research perspec-
tives argued that situational factors can moderate the influence
of personality traits on one’s state-level behavioral or physi-
ological outcomes [36], [37]. For instance, staying with our
friends rather than strangers always elicits talkativeness and
affection. While situationally-oriented researches demonstrate
that situation could have substantial impacts on one’s thinking
[38], feeling [39], and behaving [40], [41], most studies (es-
pecially these laboratory-based studies) to date have employed
a single fixed situation, e.g., watching videos, reading words,
playing games, etc. [42], [43], [44]. The limited situational
richness may make the portrayal of individual traits inadequate.
In line with this view, multi-task [45], multi-condition [46], or
multi-scenario [47] methods are becoming increasingly valued
in laboratory-based studies in recent years, demonstrating an
increase in the accuracy and robustness of established models.
The results of these studies show that the influence of personality
is multi-dimensional and the consideration of situation informa-
tion is important and necessary to improve the effectiveness of
personality assessment. These findings suggest that situational
factors are receiving increasing attention in personality research
and are expected to provide vital support for improving assess-
ment effectiveness.

Daily life is a more colorful source of situations than the labo-
ratory [48]. Therefore, moving toward daily life scenarios, which

contain rich situational information [40], becomes especially
important and gains increasing attention [49], [50], [51]. This
is partly because everyday life contains rich stimuli categories
that experiments in laboratory settings can hardly reconstruct.
For example, not all emotional feelings can be effectively evoked
in laboratory settings such as pride, shame, etc. Another possible
reason is that the stimuli intensity in laboratory settings differs
from real-life situations. For example, the heart rate response
when watching a soccer game at home is much higher than in
laboratory stress-inducing tasks, suggesting that real-life stress
may be much more intense than observed in the laboratory
[48]. There are studies showing that ambulatory recordings of
behavioral and physiological data in daily life settings using
mobile phones or wearable devices, could be used to distinguish
one’s dispositional traits such as adaptive and maladaptive traits,
loneliness and social isolation, distress and affective dysregu-
lation, etc. [49], [50], [51]. Recordings in daily-life situations
are believed to capture richer and more realistic information
about an individual’s physiological responses than in laboratory
settings [52], hereby a more accurate and effective description
of one’s dispositional traits could be expected.

Nevertheless, there are two major challenges to be overcome
before applying the wearable physiological recording technique
for personality assessment in daily life situations. First, while
commercial wearable devices are preferred for daily-life long-
term recordings for their popularity, cost-effectiveness, and ap-
plication potentials such as less interference on people’s daily
life, they are inferior to research-grade devices in terms of
measurable data modalities, technical parameters, and other
metrics. The employed device for the present study, for ex-
ample, could only measure and output one heart rate value
per second, making the ECG algorithms commonly used in
laboratory studies unusable. Second, because of the variability
of daily-life situations, it is not easy to identify and categorize
different situations. We can classify situations by obtaining more
information about the environment [53], [54], but this would
require substantial efforts on environment sensing techniques,
customized machine learning algorithms, etc., which might not
be easily achieved. Alternatively, we can conduct research by
focusing on specific population groups with a regular rhythm of
life and work, e.g., students, workers, etc. While these population
groups have been used in previous studies for their organized
situation structures [47], [48], the situation information has
not been sufficiently exploited. For instance, researchers have
employed general information such as the time of the day (e.g.,
morning, afternoon, evening, etc.) to have a relatively coarse
situation definition but the participants’ daily life activities were
quite diverse [50]. Physiological data recordings for people with
well-controlled and clear situational structures are expected to
facilitate the understanding of the expression of personality
in daily life and promote wearable-device-based personality
assessment applications.

In the present study, we aim to establish an automatic
personality assessment model by using physiological signals
recorded in daily-life situations. Eighty male college students
in a special training program participated in our experiment for
a two-week time period. The training program with a strictly-
controlled schedule offered a unique opportunity to conduct a



SHUI et al.: PERSONALITY IN DAILY LIFE: MULTI-SITUATIONAL PHYSIOLOGICAL SIGNALS REFLECT 2855

multi-situation study for real-life physiological measurement
and HR-based personality assessment. A commercial bracelet
was used to track the heart rate (HR) data during their
daily college life. The recorded data were organized into
five major situations from morning to evening: morning ex-
ercises, morning classes, afternoon classes, free time in the
evening, and evening self-study sessions. The HR data of
these five situations were used to assess their Big-Five per-
sonality traits (Openness, Conscientiousness, Extraversion,
Agreeableness, and Neuroticism, denoted as O, C, E, A,
N), which are the most widely-used personality dimensions
[4], [5], [6]. Regression analyses were conducted to evalu-
ate the possible contributions of the multi-situational HR data
for Big-Five personality assessment. The HR-based models
were also compared to models based on situational emo-
tional self-assessment. Our results demonstrate the feasibility
of Big-Five personality assessment based on daily heart rate
measures.

II. METHODS

A. Participants

Eighty college students (all male, ranging from 17 to 22 years
old, mean age = 19.1) were recruited for the present study. All
these students were from an engineering major undergraduate
program, from their first to the third year of college (27, 29,
and 24 from the first, second, and third year respectively).
The study was approved by the local Ethics Committee of
Tsinghua University (IRB approval reference: 201906), and
written informed consents were obtained from all participants
prior to the start of the study. In particular, the participants were
explicitly informed about the anonymization process of their
data and were instructed to provide their report as accurately as
possible.

During the two-week recording time, the participants were
enrolled in a special training program with a strictly-controlled
daily schedule. Their daily life was organized into five major
situations: The Morning Exercise (ME) situation was from
06:00 to 08:00 when the participants completed more than one
hour of intense physical activity (i.e., running); the Morning
Classes (MC) situation and the Afternoon Classes (AC) situ-
ation was from 08:00 to 12:00 and 13:30 to 17:00, when the
participants went to their classes (different grades in differ-
ent classrooms); the Free time (FT) in the evening was from
17:00 to 19:00, when the participants had dinner and enjoyed
their free time; the Self-Study (SS) situation was from 19:00
to 21:00, when the participants attended self-studying classes
for 2 hours (different grades in different classrooms). The
remaining periods such as lunch break were not taken into
consideration due to their relatively short length. None of the
students skipped any of these situation-specific activities during
the two-week period, confirmed by the teacher responsible for
this training program. Please note that the division into these
five major situations was empirical. Nevertheless, such a reg-
ular schedule provided a unique opportunity for a situation-
specific analysis by having a clear and easy-to-define situation
structure.

B. Daily Physiological Recordings

Each participant was assigned a bracelet to measure their heart
rate. The bracelet was from a local manufacturer (Fizzo Inc.,
China) and it cost less than 400 RMB for each band (about
60 US Dollars). The relatively low price made it suitable for
large-scale daily studies.

The battery life of the bracelet can support a whole-day
continuous recording, with the output heart rate values at a 1 Hz
sampling rate. Importantly, the reliability of the performance of
the bracelet has been previously validated [55]: the heart rates
measured by the Fizzo bracelet can maintain high consistency
with those of the research-level devices (Polar Team 2 Pro) in
both indoor (ICC= 0.99, MAE= 0.69 bpm) and outdoor (ICC=
0.75, MAE = −2.6 bpm) exercise scenarios comparing with
general heart rate tracking algorithms [56].

C. Procedure

Prior to the physiological recordings, all the participants
completed the 44-item Big Five Personality Inventory [57],
which was delivered through the online questionnaire platform
(WJX.cn) on their mobile phones.

During the two-week recording time, the participants were
instructed to keep the bracelet worn from 06:00 in the morning
to 21:00 in the evening from Monday to Friday, with only
exceptions such as taking showers, swimming, etc. The bracelets
were charged and the data were exported every night.

From 21:00 to 23:00 every weekday, a revised day recon-
struction method (DRM) was used to collect the participants’
emotional states during these five major situations [58], [59],
[60]. Specifically, the participants were asked to sequentially
recall their daily activities during these five major situations
from morning to evening of that day and report the corresponding
emotional feelings for each of the five situations, as required by
the DRM procedure. A 10-item Positive and Negative Affect
Schedule (PANAS) [61] was used to record emotion states
on upset, tired, ashamed, nervous, afraid, interested, inspired,
determined, attentive, and active, all with 5-point Likert Scales.
The procedure is illustrated in Fig. 1. The anonymized data
are available at: https://dx.doi.org/10.21227/03kt-jz81 (IEEE
DataPort) [62].

D. Data Processing

The HR data were first reviewed for artifacts. The time points
with HR values below 40 BPM were empirically marked as
invalid. Afterward, the retained HR data were first standardized
by subtracting one’s average HR within one recording day. The
purpose of this operation is to remove the possible influence
of individual differences in baseline heart rate. The choice of
subtracting (rather than dividing, z-score, etc.) is expected to
preserve the absolute HR value of the difference, which is
expected to be physiologically meaningful. These standardized
HR data were then segmented according to the defined five
time periods for the five major situations, resulting in five data
segments per participant per day. Data segments with less than

https://dx.doi.org/10.21227/03kt-jz81
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Fig. 1. Procedure of the two-week daily recording experiment. The
participants finished Big-Five Inventory (BFI) before the two-week ex-
periment. During the experiment, participants wore bracelet for Heart
Rate (HR) recording and report their emotions through Positive and
Negative Affect Schedule (PANAS) for five main situations (Morning
Exercise (ME), Morning Classes (MC), Afternoon Classes (AC), Free
time (FT) in the evening, and Self-Study (SS)) in a Day Reconstruction
Method (DRM).

30 minutes of continuous valid data were excluded from further
analysis, leaving relatively reliable and long-duration segments.

Based on previous literature [63], [64], [65], [66], the average
level and variability of cardiovascular activity were frequently
extracted as key features for psychological assessment, calcu-
lated as either the median and the interquartile range (denoted
as HR-Median and HR-IQR), or the mean and the standard
deviation (denoted as HR-Mean and HR-SD). Compared to
HR-Mean and HR-SD, the HR-Median and HR-IQR are less
sensitive to extreme values and therefore were expected to better
reflect the physiological activities in different situations. Indeed,
HR-Median and HR-IQR have been shown to be sensitive to
situational factors such as psychological state, peer network, and
social environment [67], [68]. In the present study, we calculated
the median and the interquartile range of the HR data per segment
as two features.

Further, the skewness and kurtosis of the HR data per seg-
ment were calculated and used as another two features as well
(denoted as HR-Skew and HR-Kurt in the following) [69].
These features reflect the distribution of cardiovascular activity
intensity over hours and, as higher-order spectra that indirectly
reflect the physical state and emotional responses of the body,
have been adapted in personalized emotion recognition and
disease diagnosis [70], [71], [72]. These statistical indexes were
calculated by using the data from all the available data segments.

The DRM-based self-reported emotion rating data were cal-
culated for the scores of positive affect (PA) and negative affect
(NA). Specifically, the PA score was defined as the mean of the
five positive emotion scores (interested, inspired, determined,
attentive, and active), and the NA score was defined as the
mean of the five negative emotion scores (upset, tired, ashamed,
nervous, and afraid). Using PA and NA scores instead of the
ten items is a common practice [73], [74], as 1) PA and NA
are emotional concepts with a clearer psychological meaning
than these individual emotional items; 2) the PA and NA scores
obtained by averaging multiple items had better measurement

reliability than by these individual items. These HR features and
the emotion rating features (PA and NA scores) were used for
the following regression analyses.

E. Situation Specificity of the HR Features

To explore the situation specificity of the HR activities, one-
way repeated-measures analysis of variance (ANOVA) with the
factor situation (five major situations) on the four HR features,
respectively. A significant effect on a specific HR feature would
support its situation specificity. The one-way ANOVA was con-
ducted for the emotion rating features as well and the comparison
of the effect sizes would help us better understand the HR
features.

F. Regression Analysis

To have a quantitative assessment of the personality score [9],
[43], linear regression analyses were used to predict individual
personality scores.

The main regression models (termed multi-situation models)
were trained using the HR features (i.e., HR-Median, HR-IQR,
HR-Skew, and HR-Kurt) from the five major situations, with a
total number of twenty features (4 HR features × 5 situations =
20) per participant. By concatenating HR features from different
situations, the combined feature set is expected to give a com-
plete overview of the HR activities in all these situations. The
HR features of each situation were further averaged across all 10
recording days to have a better representation of the situation-
specific HR activities (see Results). A leave-one-participant-out
cross-validation procedure was used to evaluate the performance
of our regression models. The prediction model was constructed
for each participant after leaving his or her own data out. Predic-
tion accuracy was defined as the Pearson correlation coefficient
between the predicted and self-report personality scores over all
participants, as in previous personality computing studies [43].

Moreover, we trained multi-situation regression models with
HR features extracted for each situation and averaged across the
first N recording days (N=1, 2, …, 9), to explore the necessity of
the practice of cross-day averaging (4 HR features× 5 situations
= 20 features per participant, 9 models in total for averaging 1
to 9 days for each personality dimension).

To further explore the effectiveness of the main multi-situation
regression models, the following regression models based on
different features were trained for comparison:

1) Single-situation regression models with HR features for
every single situation, to explore the necessity of having
the multi-situation construct (4 HR features per partici-
pant, averaged across all the 10 recording days, 5 models
in total for the 5 situations for each personality dimen-
sion).

2) All-situation regression models with HR features aver-
aged across all situations, to explore the necessity of
having a separate representation of the five situations
rather than merging them together. Specifically, two av-
eraging methods were considered for completeness. The
first method calculated the HR features as the average
of the ten-day averaged HR features in each situation



SHUI et al.: PERSONALITY IN DAILY LIFE: MULTI-SITUATIONAL PHYSIOLOGICAL SIGNALS REFLECT 2857

Fig. 2. The grand-average result of Heart Rate (HR) across all participants. The black line denotes the mean value, and the grey areas represent
the standard deviation of the HR data at the participant level (the standard deviation of the average HR across all days within each participant).The
dashed line showed five main situations: Morning Exercise (ME), Morning Classes (MC), Afternoon Classes (AC), Free time (FT) in the evening,
and Self-Study (SS).

(4 HR features per participant, termed Method A). The
second method calculated the HR features from raw HR
data: HR-Median, HR-IQR, HR-Skew, and HR-Kurt were
first extracted from HR data within each day across all
situations, and then these features were defined as the
average across all days (4 HR features × 1 situation per
participant, termed Method B).

3) Multi-situation emotion rating regression models with the
situation-specific emotion rating features averaged across
all 10 days, to explore the possible contribution of the
emotion rating features (2 emotion scores of PA and NA
× 5 situations= 10 features per participant, one model for
each personality dimension) for personality prediction.

To estimate the significance of these regression models’ per-
formance, a permutation test was employed. Specifically, similar
regression models were trained with the above-defined features
with randomly resampled labels, together with the same cross-
validation procedure. The permutation method was repeated
for 1000 times and the performances from these permutated
data formed the null distribution for significance evaluation.
Regression performance would be considered significant if the
true performance was better than 95% of the permutated re-
sults. With the cross-validation procedure, only positive and
correlation coefficients would be further evaluated for possible
significance. A negative correlation coefficient indicates that the
trained model yielded results in an opposite to expected direction
on the testing data and hereby the model would not be valid.

Please note that although a different number of features were
used in different regression models, the comparison is deemed
sufficient as the cross-validated correlation was taken as the
indicator of the regression performance.

III. RESULTS

During the two-week recordings, the average recording time
was 112.5 ± 35.0 hours (75.0 ± 16.8%, maximum 150 h) per
participant, resulting in 9000.2 hours of HR data from all these
80 participants in 10 weekdays. For each situation, 516, 601,
666, 634, and 564 preprocessed HR segments were respectively
obtained for ME, MC, AC, FT, and SS situation (maximum 800

segments). Meanwhile, a total number of 3, 805 PANAS reports
were collected, with a mean response rate of 95.1%.

Fig. 2 shows the grand average result of HR data across all
the recording days over all the participants. Their HRs increase
rapidly from 06:00 when the participants started their morning
exercises, reaching an average value of 100 BPM. Their HRs
then steadily decrease to around 60-70 BPM throughout the day.
The general trend of the HR data is consistent with intuitive
expectations (especially the ME situation) and provides initial
support for the validity of the collected data.

Table I shows the pairwise correlations between the HR fea-
tures and the emotion rating features. The overall correlational
results show significant correlations among the HR features
(HR-Median, HR-IQR, HR-Skew, and HR-Kurt). The emotion
ratings are not significantly correlated with the HR features,
except for the weak correlation between PA and HR-Median
(r =−.11, p < .001). Similar low emotion-HR correlations can
be observed for the correlational results for each situation.

The one-way repeat-measures ANOVA reveals a significant
effect of situations on all four HR features: HR-Median (F(4,
316) = 260.3, p < .001, η2 = .77), HR-IQR (F(4, 316) = 180.8,
p < .001, η2 = .70), HR-Skew(F(4, 316) = 63.5, p < .001, η2 =
.45), and HR-Kurt (F(4, 316) = 86.1, p < .001, η2 = .52). The
effect sizes of the HR features are comparable to those from
the PA (F(4, 316) = 68.2, p < .001, η2 = .46) and NA scores
(F(4, 316) = 6.5, p < .001, η2 = .08). These results suggest
the situation specificity of the participants’ emotion experiences
and HR activities, providing support for the effectiveness of the
five defined situations.

The pairwise correlational results between participants’ per-
sonality scores and the corresponding features are summarized
in Fig. 3. There were significant correlations between Extraver-
sion and PA scores in FT and SS situations. A significant positive
correlation was reported between Neuroticism and NA scores
in all five situations, as well as significant negative correlations
between Contentiousness and NA scores in each situation except
Morning Exercise. Most of the correlation pairs between the HR
features and personality remained insignificant except for five
pairs: Openness and HR-Median (ME, FT, SS), Extraversion
and HR-IQR (ME), and Extraversion and HR-Kurt (SS).
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TABLE I
PAIRWISE CORRELATIONS BETWEEN THE HR FEATURES AND THE EMOTION RATINGS

r

Using the ten-day-averaged HR features, significant cross-
validated regression accuracies (in the form of correlation coef-
ficients) are observed for Openness (r = .32, p < .01, 95% CI:
[.09, .54]), and Extraversion (r = .26, p = .03, 95% CI: [.03,
.48]) in Fig. 4(a). The bootstrapped permutation method output
95% confidence interval of null distribution by repeating the
regression algorithm 1000 times for shuffled prediction targets
in Fig. 4(b). The regression accuracies on multiple personality
dimensions show a clear increasing trend with the increasing
number of recording days before feature averaging in Fig. 4(b).
The prediction results of Openness and Extraversion reach a
significant level (p < .05) with nine days or more data. A
similar trend can be found in Neuroticism and Conscientiousness
dimensions. It’s worth noting that the prediction accuracy of
Neuroticism (r = .22, p = .06) and Conscientiousness (r =
.12, p = .28) are relatively high and gains large increase from
five-day to ten-day data (ΔrN = .37; ΔrC = .37), although their
final accuracies are not statistically significant.

Table II summarizes the regression results of the main multi-
situation model, as well as the to-be-compared models, all based

on ten-day-averaged features. While the prediction accuracies
of multi-situation HR models are significant on Openness, and
Extraversion dimensions, all the other models (including the all-
situation models and single-situation models) yield insignificant
results. Furthermore, Fig. 5 shows the comparison between the
HR-based models and DRM-based models, both of which are
based on multi-situational features. HR-based models raise a
better performance on Openness (95% CI of ΔZr: [0.08, 0.73],
significant), Conscientiousness (95% CI ofΔZr: [−0.16, 0.48]),
and Extraversion (95% CI of ΔZr: [−0.01, 0.63]), while both
models perform well in Neuroticism (DRM-based: r = .21,
p = .07, 95% CI: [−.02, .44]).

IV. SUMMARY AND DISCUSSION

In the present study, heart rate data were collected from
a cohort of college students during their daily life during a
special training program for a two-week time period. The special
training program with a strictly-controlled schedule offered a
unique opportunity to conduct a multi-situation study for heart
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Fig. 3. (a) Pairwise correlation between Positive Affects (PA)/Negative Affects (NA) scores and Big-Five personality traits. O: Openness; C:
Conscientiousness; E: Extraversion; A: Agreeableness; N: Neuroticism. Five single situations: Morning Exercise (ME), Morning Classes (MC),
Afternoon Classes (AC), Free time (FT) in the evening, and Self-Study (SS). (b) Pairwise correlation between HR features and Big-Five personality
traits. HR Features: Median, Interquartile-Range, Skewness and Kurtosis of Heart Rate (HR-Median, HR-IQR, HR-Skew, HR-Kurt). The PA/NA
scores and HR features were first averaged across ten days before correlation analysis. Each pixel indicates the correlation pair between one
averaged feature in each situation (80 × 1) and one dimension of Big-Five (80×1). Correlation coefficients were marked on significant channels (p
< .05). Only N-NA(MC) pair passed the Bonferroni test (p < .001, bold coefficient).

Fig. 4. (a) Scatterplots of the regression result of multi-situation models based on HR data. O: Openness; C: Conscientiousness; E: Extraversion;
A: Agreeableness; N: Neuroticism. (b) The multi-situation regression results as the function of the number of days being averaged for the HR
features. Violin plots show the distribution of accuracies obtained from the permutated regression models (null distribution). The short black lines in
violin areas indicate the 95% confidence interval of null distributions. The asterisk (∗) indicates a two-tailed significant regression accuracy at the
.05 level.
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TABLE II
COMPARISON BETWEEN MULTI-SITUATION AND SINGLE-SITUATION HR

REGRESSION RESULT

Fig. 5. The regression results based on the HR and Emotion rat-
ing features. O: Openness; C: Conscientiousness; E: Extraversion; A:
Agreeableness; N: Neuroticism. Confidence intervals of correlation co-
efficients are calculated to test the difference in prediction accuracy be-
tween the two models. The asterisk (∗) indicates a two-tailed significant
difference at the .05 level. HR-based models raise significantly higher
accuracy on Openness dimensions.

rate-based personality computing. By extracting HR features
from five major daily-life situations and cross-validated re-
gression method, the multi-situation HR models significantly
predict personality scores for Extraversion and Openness. A
clear increasing trend of the prediction accuracy as the function
of the increasing number of recording days was observed for
Openness and Extraversion. The multi-situation HR-based mod-
els showed better performance than single-situation HR-based
models as well as multi-situation emotion rating-based models.
Our findings demonstrate the feasibility of Big-Five personality
assessment based on daily heart rate measures using state-of-
the-art commercial devices and highlight the importance of the
multi-situational construct.

While the regression results for the Big-Five personality
dimensions of Openness and Extraversion are in general agree-
ment with previous studies [22], [20], [68], our study further ex-
tends the state-of-the-art knowledge on how the situation factor
could come into play. Rather than having a resting-state session
or a single laboratory-based task (e.g., video watching, labora-
tory stress) [75], [76], we included heart rate data from multiple
situations from daily life settings. While the non-significant
model performance by these single-situation models seemed to
contradict the reported moderating effect of the situation on the
influence of personality traits on one’s behavioral or physiologi-
cal outcomes in literature [37], our results could be attributed to
the relatively coarse measurement of the situation-specific phys-
iological outcomes using the lightweight commercial device, or
the relatively conservative but physiologically-plausible feature
extraction and regression analysis methods. While further stud-
ies with advanced sensors and elaborated algorithms may help
elucidate the situation-specific physiological activity patterns in
daily scenarios, the superior performance of the multi-situation
regression models as compared to the single-situation models
demonstrates the necessity of having multiple situations from an
application-oriented perspective: the combination of data from
typical daily-life situations enabled a more complete description
of the student, therefore supporting a more accurate personality
assessment. In addition, our results demonstrate the feasibility
of using lightweight commercial devices for daily recording
and personality assessment by using a 400-RMB (approx. 60
US Dollars) commercial device that is representative of the
performance of state-of-the-art lightweight devices. Given the
increasing popularity of wearable devices [77], the positive
results from such a typical device demonstrate the potential of
personality assessment beyond the laboratory into daily envi-
ronments.

It is important to note that the overall performance of re-
gression models got improved with the increase of recording
days being averaged for feature extraction. Given the limited
physiological information (i.e., only heart rate) provided by
the state-of-the-art commercial bracelet, it is reasonable to ex-
pect a longer time period needed for a reliable assessment, as
compared to the laboratory-based research-level devices (e.g.,
high temporal resolution ECG devices). Nevertheless, we indeed
observed significant situation specificity of the recorded HR
features, with comparable effect sizes as the emotion ratings.
Hereby, the within-situation consistency of the HR features
could support more robust estimates of the situation-specific
physiological activities and thus better regression performances
[78], [79]. Considering the convenience of wearing such devices
for a relatively long time period (e.g., for other life-related
purposes given the rich functions integrated into wearable de-
vices), it is not difficult to collect data for more than ten days
for personality assessment. Therefore, better performances can
be expected if more data are obtained. While the practice of
feature averaging as adopted in the present study is a simple
and straightforward way to enhance the signal-to-noise ratio of
the situation-specific HR features, more advanced statistical or
machine learning methods that could make better use of the
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nested data structure (i.e., HR features nested in situations,
situations nested in days) are expected to further improve the
performance. In addition, with the recording of data on a monthly
or annual scale, we may potentially track the development
of psychological traits for applications such as mental health
monitoring [80].

It is also necessary to point out that the HR-based results
outperformed DRM emotion ratings on several personality
dimensions. Although the retrospective DRM-based emotion
ratings could be potentially biased to some extent [81], [82],
[83], the observed bivariate correlations between the emotion
ratings and personality dimensions support the validity of the
ratings in the present study. For instance, significant corre-
lations between NA and Neuroticism were found in all five
situations (Fig. 3(a)), as frequently reported in previous studies
[84]. Interestingly, while a larger number of significant bivariate
correlations were obtained for the PA/NA-personality relations
as compared to the HR-personality relations, the regression anal-
ysis showed better overall results for the HR-based regression
models than the PA/NA-based regression models. This piece
of results would suggest complementarity among the multi-
situational HR features, again arguing for the necessity of having
the multi-situational construct. Moreover, the difference in the
regression performances using the HR features and the emotion
ratings would suggest richer information in the HR features
for personality prediction beyond emotional experiences. On
one hand, both features could reflect emotion-related activities
but from different perspectives at least in some cases, e.g., for
the prediction of Openness and Extraversion, which have been
known to be closely related to emotion [85], [86] and evidenced
in the present study (Fig. 3(a)). On the other hand, HR features
might contain information related to attention during classroom
learning, social anxiety, etc. [87], [88], which could potentially
support the explanation of the Openness results that were not
related to PA and NA in the present study.

The present study has some limitations that should be noted.
First, the participants’ daily schedule was empirically divided
into five major situations according to the schedule of their
special training program. The current situation definition was
relatively coarse, and it could be further improved to obtain a
more detailed description of the individuals, e.g., by introducing
more sensors for more information about the individuals and
their environment [89]. Second, self-report Big-Five Personality
scores were used as the gold standard in the present study, as
in most personality computing studies [43], [90]. Admittedly,
the findings could be influenced by the self-report bias issue.
The influence could be limited, as the participants in the present
study were explicitly informed about the anonymization process
of their data and hereby more accurate self-evaluation would
be expected. Third, it needs to be noted that the participants
are all male due to the special training program. As gender
differences in personality have been widely acknowledged [91],
[92], the present findings could be limited in extending to
females. Therefore, it would be necessary to conduct further
studies with female participants in order to obtain a complete
overview of how personality is linked to daily physiological
measures. Last but not least, as possibly the first personality

computing study using daily-life multi-situation data from a
commercially available bracelet, caution must be taken when
interpreting the results [93], [94]. Especially, the reliability of
the results needs to be validated in future studies, ideally with
advanced technologies to collect multi-situational physiological
data (see below).

The findings of this study are expected to have clearer appli-
cations as technology advances. Since two out of the five person-
ality dimensions (Openness, Extraversion) showed significant
regression results (with trending significance in the dimension
of Conscientiousness and Neuroticism), previous physiological
studies in laboratory settings have suggested the possibility of
assessing all five personality traits [29], [43], [95]. As the rapid
growth of this field is making more and more signal sensing
(e.g., easy-to-wear ECG [96], ear-based EEG, wrist-worn skin
temperature, wrist-worn skin conductance [97], etc.) possible
in daily-life situations [98], [99], [100], the performance of
daily-life-based personality computing assessment is expected
to be greatly promoted. Moreover, the multi-situation construct
is expected to be extended to adapt to more scenarios beyond the
special training program as in the present study. On one hand, the
present methodological framework could be applied to people
with relatively fixed schedules, e.g., factory workers, primary
and middle school students, etc. On the other hand, for people
with more flexible schedules, smart sensing of their situations
could be achieved with the help of mobile phones, wearable
and ambient sensors, as well as environment sensors embedded
in the home and workplace, etc. [101], [102], [103], [104]. By
defining proper situations (e.g., business meetings, shopping,
doing housework, etc.) out of their daily life, multi-situation
personality computing models based on these sensor data could
be implemented. In sum, technological advances are expected to
greatly promote the description of an individual’s dispositional
traits and personality assessments are expected to meet the needs
of practicality in the near future. The present study contributes
to this prospect by proposing the multi-situation personality
computing framework and preliminarily demonstrating its
feasibility using daily-life physiological sensing.
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