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Abstract. We present a study in which 59 participants logged their
interpersonal conflicts while wearing an Empatica E4 wristband. They
marked the beginnings and endings of the conflicts, as well as their
intensity. In this paper, the dataset is described and a preliminary analysis
is performed. We describe data segmentation and feature calculation
process. Next, the interrelationships between the features and labels are
explored. A logistic regression model for conflict recognition was built
and significant features were selected. Finally, we constructed a machine
learning model and proposed how to improve it.
Keywords: Interpersonal conflicts · Context · Real life · Wrist device
· Machine learning
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Introduction

It is well known that understanding the user’s context is essential for ambient
intelligence. Most research is dealing with physical context, while psychological
context remains a challenge. In this work we tackle perceived interpersonal
conflicts in the workplace, an important source of stress [13] whose management
could contribute to workers’ satisfaction and productivity.
The psychophysiology of interpersonal conflicts has already been studied [e.g.
5, 9, 14]. The physiological data in these studies, however, is limited to short
recordings and gathered in a laboratory setting. There have also not been, to our
knowledge, any attempts to develop machine learning models of physiological
responses during interpersonal conflicts.
In this study, participants tracked their interpersonal interactions with a focus
on conflicts. They were asked to log their conflicts in the workplace for several
?
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days and fill out a questionnaire after each such interaction. At the same time,
they were wearing Empatica E4 wristbands to track their physiological data.
For the first time, to our knowledge, a large dataset of physiological data
was thus collected in a field study and labelled with times and durations of
interpersonal interactions. The dataset could turn out to be a valuable resource
for building physiology-based models of interpersonal conflicts.
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Data Collection and Analysis

Physiological Data. A total of 59 participants, 35 women and 24 men, with
a mean age of 32.5 years (SD = 11 years) participated in this study. The participants, full-time employees, wore an Empatica E4 wristband throughout their
work day for several days, resulting in 43.7 h of data per participant on average.
The following physiological signals were collected: a) three-axis acceleration,
b) blood volume pulse (BVP) from a photoplethysmograph, c) electrodermal
activity (EDA), d) heart rate and interbeat intervals as calculated from BVP on
device, and e) skin temperature.
Description of Conflicts. The participants were asked to keep track of their
interpersonal interactions in the workplace, paying particular attention to disagreements. They were instructed to note the time and duration as soon as
possible and no more than 15 minutes after the conflict took place.
The participants reported 379 conflicts. They were further classified into task
(304) or relationship conflicts (58) or both (17 conflicts). This referred to answers
to two questions:
– Did you experience disagreements with your interaction partner regarding
content or the implementation of the work being done?
– Did you experience personal attacks during the interaction?
The participants also answered other questions pertaining to the interaction, such
as assessing its intensity and positive and negative affect during the interaction.
In a couple of days of data collection, each participant logged 6.7 conflicts on
average (see Fig. 1). The mean duration of all conflicts was 10.9 min, however,
almost half of them were shorter than 5 min. The distribution of the conflicts’
durations is shown in Fig. 2.
Data Segmentation. To analyse the physiological data, we divided it in shorter
segments on which features were calculated. We defined three periods related to
each conflict: pre-conflict period, which acts as a baseline, a gap, which accounts
for transitory changes before the interaction, and the conflict itself. The length of
the pre-conflict period was chosen as 25 min and the length of the gap was 5 min.
The pre-conflict and conflict periods were split into two-minute segments, so
that they could be compared without the effect of period duration. This length
was chosen, because that is the lower bound for the frequency-domain methods
used to calculate heart rate variability (HRV, see [7]).
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Fig. 1. The distribution of participants
by the number of conflicts each of them
logged. A couple of participants logged a
high number of (short) conflicts.
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Fig. 2. The distribution of conflicts by
their reported durations. Almost half of
the conflicts fall within the first bin of
width 5 min.

Feature Calculation. Features that can be calculated from Empatica signals
are multiple and varied (for a good overview of commonly used ones see Alberdi
et al. [1], and for heart rate variability, specifically, see Malik et al. [7]). Table 1
lists the features used in this work.
Table 1. Features calculated from each signal.
Signal

Features

Skin temperature
Heart rate
Interbeat intervals

mean, median, standard deviation
mean, median, standard deviation
√
mean,
p median, SDNN, SDSD, RMSSD, pNN20, pNN50, SDNN ,

Electrodermal activity

Physical activity

|2SDSD 2 − 0.5SDNN 2 |, VLF, LF, HF, LF normalised, HR normalised, LF/HF
mean, median, standard deviation, first and third quartile, interquartile range, mean derivative, number of SCRs, rate of SCRs, sum of
amplitudes of SCRs, mean amplitude of SCRs, mean phasic component, mean tonic comp., mean derivative of tonic comp., integral of
tonic comp. in different regions
mean, standard deviation, mode

For definitions of commonly used abbreviations in heart rate variability, see Malik et al. [7].

The electrodermal activity signal was first filtered using a fourth-order lowpass
filter with a cut-off frequency of 1 Hz. Next, using peakutils Python library [8],
the signal was separated into a tonic and phasic component, where the former
is a slowly changing baseline and the latter characterises fast changing skin
conductance responses (SCRs).
A custom algorithm was used to identify peaks in blood volume pulse and
calculate interbeat intervals [12]. These were transformed using a Lomb-Scargle
periodogram [6, 11] from SciPy [4] and typical heart rate variability features [7]
were calculated.
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To determine the physical activity from the acceleration data, another custom
algorithm was used [3], which classifies activities into either lying, sitting, walking
or standing, and running or cycling. Besides using the mode of these categories
as a feature (see Table 1), they were also assigned activity intensity 1, 2, 4, and
5, respectively, so that the mean and standard deviation could be calculated.
Finally, the features were normalized. This was done within person, i.e. for
each person, their mean was subtracted and the result divided by the standard
deviation.
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Results

After segmentation of the data and calculation of features, performed as described
in Section 2, relationships between features and labels were explored. In Fig. 3, a
correlation matrix of representative features is shown. Some correlations follow
from the interrelatedness of definitions of features, such as the one between
the rate of skin conductance responses (SCRratePeaks) and the sum of their
amplitudes (SCRpeaksAmpSum) and some of these were intentionally excluded
from the matrix in Fig. 3. Others illustrate that different features contain different
information: for example, there is no correlation between the standard deviation
of heart rate (HRsd) and another measure of heart rate variability, normalized
power in the lower part of the spectrum (LFnorm). There are also some weak
correlations between unrelated physiological parameters, such as skin temperature
and galvanic skin response, specifically their standard deviations.
There are weak correlations between standardized features and conflict intensity and duration. For example, heart rate variability is somewhat lower in
longer and more intensive (relationship) conflicts, which is in line with results
from some existing literature (see, for example, Alberdi et al. [1]). To capture
these relationships, a logistic regression model was fitted to classify conflicts and
pre-conflict periods. Only conflicts longer than 2 min were analysed.
A hierarchical logistic regression model was built step-wise. Predictors from
each physiological domain were included using the “forward” method, i.e., only
the predictors which significantly decreased the Akaike information criterion
(AIC) were retained in the model. This procedure yielded the following features:
median skin temperature; normalized power in high-frequency spectrum of heart
rate variability; interquartile range of electrodermal activity, and mean of skin
conductance responses. No feature describing physical activity decreased AIC
significantly.
Finally, a model containing the selected features was built, in which all
predictors were statistically significant at p < 0.1 level. The interquartile range
of electrodermal activity had the highest standardized coefficient β = 0.096 with
z = 2.94 and p = 0.003.
An attempt to construct a machine learning predictive model was also made.
Implementation of logistic regression in scikit-learn [10] was used. Specifically,
a leave-one-subject-out (LOSO) cross-validation procedure was used [see e.g.
2], where one subject was taken as a test set, while all the others were put in
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Fig. 3. Correlation matrix between selected standardized features and intensity of two
types of conflicts and their durations.

the training set. The average accuracy obtained in this way was 65.8 % when
distinguishing the pre-conflict period from the labelled conflicts themselves.
Because the pre-conflict periods were longer than the average conflict, they made
up the majority of instances, which was 63.0 %.
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Conclusion and Outlook

In this paper, we presented a large real-life physiological dataset labelled with
interpersonal conflicts. To our knowledge, this is the first example of such data
being tackled by ambient-intelligence methods. Detecting conflicts in physiological
data appears to be challenging and requires further work.
Several improvements to the machine learning model have already been tested.
The dataset was limited to task conflicts only or conflicts with higher intensity
were considered. Another way of reducing the dataset is to select only some
participants. A model with subjects with more than 60 min of conflicts was tested.
Different lengths of pre-conflict periods were tried out. Various types of machine
learning models were also tested for predictive power, such as random forest,
support vector machines etc.
None of these modifications improved the results significantly. A likely reason
are the labels of the conflicts themselves. A possible workaround might be to
search for the beginning of conflicts by considering significant changes of features.
In conclusion, an interesting dataset was collected with more possible pathways
of analysis. The dataset is available on request.
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