


2. METHODOLOGY
The data that is used for the analysis was gathered in an
experiment on 10 participants. The experiment focussed on
software developers in their natural working environment (a
field study). The participants had to work on a primary task
and were randomly interrupted with short arithmetic tasks.
These peripheral tasks were displayed on another screen,
a tablet, next to the main computer screen of the partici-
pants. The participants could switch to the arithmetic task
whenever they wanted. Shortly after the arithmetic (pe-
ripheral) tasks, the users had to fill in a survey regarding
their subjective rating of interruptibility at the moment of
interruption. The survey also featured short other questions
regarding the level of disturbance and the mental load of
the primary task that the participants experienced during
the interruption. During the experiment, two different sen-
sors where used to track a variety of psycho-physiological
variables. The first set of sensors (the NeuroSky Mindband)
were used to construct a 1-channel electroencephalograph
(EEG) and two variables called attention and meditation
[21]. The second set of sensors came in the form of the Em-
patica E3 wristband and construct both a photoplethysmo-
graph (PPG) and measure Electro Dermal Activity (EDA)
as well as other variables such as temperature and accelara-
tion movements. The latter one was not used in this study
as the interruptions in the experiment enforced movements
of the participants, hence biasing (and self-fulfilling) the use
of the accelerometer. Before the experiment started, partic-
ipants were asked to look at a fishtank video, for approxi-
mately two minutes, to try and relax before the experiment
began. This was repeated after the experiment as well. The
data from the sensors that was gathered during the fishtank
video was later used as a benchmark for the sensor data
during the experiment.

2.1 Data processing
After the experiment, the raw EEG wave was filtered, smoothed
and statistical artifacts were removed. After this, all raw
variables were used to calculate a multitude of new vari-
ables, we call ‘features’. These ranged from calculating the
number of peaks per a specified timeperiod to dividing the
raw EEG wave into 0.25Hz frequency bins. We collected
these frequency bins into the commonly-recognized frequen-
cies alpha to theta [21]. Apart from this, we also took the
Cartesian product of all these frequencies to see whether
cross-dependent data improves accuracy in our statistical
analysis. As not all variables turned out to contribute to
the final statistical model, the final model does not use all
features. Using a top-down approach, the least-contributing
variables were pruned until all likelihood additions where
approximately similar. This means that we pruned the re-
maining variables based on their total addition to the log
likelihood function.

3. STATISTICAL ANALYSIS
3.1 Motivation
The biggest problem with biometric data from psycho- phys-
iological sensors is that it does not contain clear signals. The
sensor data is often an extremely noisy process and it’s hard
to distinguish, let alone quantify, different patterns in the
emission spectra of the psycho-physiological sensors. This is
because much of the data is under direct influence of unpre-
dictable and unaccountable effects. As an example, the rise

in a person’s body temperature can be due to an increase in
anxiety. However, it could also be due to consuming a hot
cup of tea, a sudden change of temperature in the person’s
environment or even because the person started listening to
music [4]. Still, research indicates that body temperature
is a very important variable concerning short-term memory,
alertness and performance [14]. Exactly for this reason, we
investigate whether fluctuations in body temperature have
any predictive or confirming power concerning the occurence
of task switches. If we are to make any inferences concerning
these fluctuations, we need a statistical method that is able
to detect such fluctuations, ignoring much of the other noise.

Like biometric data, stock markets feature likewise prob-
lems. Stock returns contain not only stochastic trends and
fat tailed return distributions but also feature estimation
problems such as heteroskedasticity [15]. Like physiologi-
cal processes, the financial markets feature a highly com-
plex, higher-order process [16]. According to Parra et al.,
the higher-order statistical properties arising from the non-
stationarity of such processes are similar among a variety of
natural phenomena [22]. They investigated natural image
features, speech sound intensities, stock market variation
and MEG alpha activity and found that the same charac-
teristic function (a conditional distribution) can be used to
describe all of these processes. By varying the scale of the
non-stationary Gaussian process, they infer that it becomes
possible to relate a variety of natural signals to one another.

In the spirit of Parra et al., this paper, too, relates socio-
economic data to biometric data. In financial econometrics,
the distinction between bull and bear markets2 or the dis-
tinction between different periods of volatility, is often mod-
elled by applying regime-switching hidden markov models
(HMM) [16, 17, 9, 11, 12]. Since its proposition by Hamilton
(1989), who initially built the algorithm to estimate macro-
economic timeseries, the regime-switching HMM has found
its application in other sciences as well. An example of this
is the prediction of electricity spot prices, as performed by
Janczura and Weron (2011). This paper tries to find out
if HMMs can provide likewise insights in the real-time de-
tection of regime-switches in biometric data, obtained from
psycho-physiological sensors.

The HMM model that we used to estimate the different
states is a simple mean model with a switching error term:

yt = αt + εt (1)

εt ∼ N(0, σ2
St

), St ∈ {1, 2} (2)

Eventhough this model is an extreme simplification of real-
ity, all extraordinary deviations will still be absorbed by the
error term, which in turn correctly influences the probabili-
ties of the different states. This means that the HMMs try
to distinguish between two different error structures (in the
Appendix, Figure 6 there is a visualisation for the regime-
switching behaviour of this model for the variable ‘attention
mean difference’). The covariance matrix in the HMMs is
calculated using the Hessian matrix (second partial deriva-
tives of log likelihood function). For the calculation of the

2This is financial jargon: a ‘bull’ market refers to a period
of increasing prices. Likewise, a ‘bear’ market refers to a
period of decreasing prices.
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