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1 Abstract
Human performance falls off when engaging in dual-tasks, especially if both tasks compete on the same
resource. To support users during such tasks, a new task load estimation model based on pupil dilation
measures is presented. Its effectiveness is shown in a multitasking driving scenario. Autonomous
mediation of notifications using this model significantly improved user task performance compared to no
mediation. Ideas on how to expand this model are presented.

2 Introduction
Ubiquitous computing allows users to engage socially or physically in tasks while keeping other tasks and
information in their periphery. A common example for such a system is a modern car, that interacts with
its driver and provides her with interesting information, not only if asked but also proactive on its own.
For example, the car could get information about a traffic jam on the planned route and present them on
the navigation system. While convenient, this bears a potential risk, since the driver is engaged in driving
and distraction in the wrong moment could lead to fatal consequences. Humans can easily adapt to their
interaction partners and realize, if it is a good time to engage or if it is better to delay the interaction [5,
9]. If a driver for example, enters a highway high concentration and attention on the driving task is
required. Such situations lead to a so called high mental workload. A second task can only be handled
simultaneously if enough mental resources are available. Furthermore, different tasks interfere more or
less strongly with each other. As shown by Wickens in his theory of multiples resources. The theory
describes potential interference between multiple tasks in terms of dimensions of stages (perceptual and
cognitive vs. Spatial), sensory modalities (visual vs. auditory), codes (visual vs. spatial), and visual channels
(focal vs. ambient) [6]. Performance will worsen when demand for one or more tasks along a particular
dimension is higher than the available resources. In the case of driving and notification comprehension,
both tasks compete for resources along the stages dimension. If the notification is visual, both tasks might
also compete along the modality and visual channel dimensions (for a visualization of the model, see
Figure 3 in Appendix A). Therefore, a smart system would be able to analyze its interaction partner and
adapt to her and her given situation.
There have been systems that adapt to the user according to the environmental circumstances. But these
have major drawbacks, since they have to be developed for specific situations that require special sensors
and models. A truly adaptive ubiquitous system would be generalizable to any situation. This can only be
achieved by taking the user herself into account. But the question is, how can the cognitive load be
measured? This requires to find some observable measurements that can be used to create a predictive
model of the user. Additionally, this model has to be able to arrive at its conclusions in real time in order
to mediate notifications accordingly.
In this paper, a first approach to this idea by Rajan, Selker, and Lane is presented. First, an understanding
of what user modeling is, afterwards the focus is on the presentation of the paper “Task Load Estimation
and Mediation Using Psychophysiological Measures”. It describes two studies that are summarized in this

seminar paper. In the section Study 1: Dynamic task load estimation it is described how the authors tried
to identify some reliable psychophysiological measurements, and use this data to create a mental task
load classifier. The section Study 2: Autonomous presents the second study, in which a classifier is used
to mediate notifications during a dual-driving task. In the conclusion some ideas on how to expand this
approach are given.

3 User modeling
The following quote illustrates the challenges of user modeling:
The challenge in an information-rich world is not only to make information available to people
at any time, at any place, and in any form, but specifically to say the “right” thing at the “right”
time in the “right” way. Designers of collaborative human-computer systems face the
formidable task of writing software for millions of users (at design time) while making it work as
if it were designed for each individual user (only known at use time). [2]
In a driving task, this means, the system has to identify and provide relevant information given the current
situation and circumstances of the driver. This involves much more than just performance aspects, like
how fast an information can be found or how fast a route can be calculated. It requires techniques that
consider the social environment, analysis of adequateness of interaction, adaptiveness to the user. This
cannot be achieved by traditional techniques like GOMS or KLM which are stiff, rigid, and even show
inability to consider human errors. Instead a dynamic model is needed that can adapt to any user.
Therefore, machine learning techniques paired with psychophysiological measures seem to be a more
promising approach. This is based on the assumption that changes in cognitive functioning causes
physiological changes. Such observable data is necessary for such an adaptive user model, since it is not
feasible to get information about the user beforehand (it is unknown, how the cognitive load will be like
in 10 minutes) or by asking her. And that is why, Rahul Rajan, Ted Selker, and Ian Lane decided in their
study to find such suitable measurements.

4 Study 1: Dynamic task load estimation
In the first study, the authors tried to collect a dataset comprised of psychophysiological signals obtained
from users engaging in a multitasking scenario that features fluctuating task loads and investigate the
influence of timing and modality of an intermittent secondary notification task on cognitive load. For the
primary task the ConTRe (Continuous Tracking and Reaction) task was chosen and for the secondary task
the user had to attend and respond to sporadically presented notification prompts.

4.1 Primary task: ConTRe task
The ConTREe task [5] is part of the OpenDS open source driving simulation and “is a highly controlled
driving task that allows fine-grained measurement of steering and event detection performance through
very few dependent variables” [4, 5]. The task resembles following a curvy road, with a vehicle in front
braking and accelerating arbitrary. The task difficulty and event rate can be changed to simulate different
levels of workload. This allows the simulation of a typical driving scenarios where drivers experience high
workload when for example changing lanes, overtaking, entering / exiting highways, et cetera. The user
controls a blue bar that represents the own vehicle and her task is to keep this blue bar in the middle of a
yellow bar that is moving autonomously. On top of the yellow bar occasionally a traffic light appears. If it
shows a red light the participant has to break and if it shows green light she has to accelerate [5].
The task allows the measurement of two dependent variables: “Firstly, the mean deviation from perfect
bar overlap (blue bar covers both black dashed lines on yellow bar)” and secondly, “reaction times for
discrete brake and gas pedal usage” [5].
In the low and high load task, the movement speed of the yellow bar was adjusted accordingly. As an
input control for the steering, braking, and accelerating a Logitech G27 Racing wheel was used.

Figure 1. Logitech G27 Racing Wheel. [1]

4.2 Secondary task: Reacting to notification prompts
While performing the ConTRe task the user was sporadically prompted with audio notifications delivered
via speakers or visual notifications through a heads-up display (Google glass). The notifications were either
math equations or sentences.
Table 1. Examples of two types of notifications. (Rajan et al. 2016)

Type
Math
Sentence

Notification
2/2+1=1
After yelling at the game, I knew I would have a
tall voice.
After each notification the driver had to verbally indicate if the content was true or false. And then was
presented with an isolated letter, which was representation for something they had to remember from
this interaction. After given two, three, or four letters, the simulation was paused and they were asked
to recall the letters in sequence. This should simulate that drivers postpone response until they get to a
situation which requires less attention, e.g. stopped at a traffic light. To avoid, that drivers expect the
notifications, these were presented randomly interspersed. To measure the impact on experienced
workload, timing (mediated vs. nonmediated) and modality (audio vs. visual) of the notifications were

treated as independent variables. Mediated means, that the notifications would only be send during low
workload conditions and nonmediated means random delivery.

4.3 Dataset collection
During the experiment various physiological measures were gathered (for a comprehensive list of all
gathered data, see Appendix A), but after the analysis only pupil dilation showed significant results. Pupil
dilation and eye gaze was captured using Pupil Pro hardware2, which is a head-mounted mobile eyetracking platform (http://pupil-labs.com/pupil/). The dataset collection involved determining a baseline for low
and high driving workload separately and an experimental section for the multitasking scenario. The data
set was cleaned up and labels for each primary and secondary task condition were included.

Figure 2. “Example physiological measures collected during an audio non-mediated experimental condition. Driving workload is
represented as a step function (1: High, 0: Low, -1: Pause). Colored regions delineate when the user was engaged in the primary
driving task (T1; white regions), secondary notification task (T2; orange regions), or both (T1 & T2; blue regions)” [3].

4.4 Feature Extraction
The derived statistical features on the main signal (x[n]), the derivative signal (x[n+1]-x[n]), and the
percentage change ((x[n+1]-x[n])=x[n] * 100), included the mean, median, percentiles (10th, 25th, 75th, 90th),
ranges (between min and max, 10th and 90th percentiles, and 25th and 75th percentiles), skewness, and
standard deviation. A sliding window was used to extract the features, which had a smaller step size than
its length to capture temporal properties.

4.5 Modelling for Multitasking Scenario
Based on the insights from Wickens’ multiple resource theory, it was concluded that both tasks competed
for resources along the stages dimension, and along the visual channel dimensions if the notifications were
visual. Hence, the classifier should make predictions on the load the user is under for both tasks separately
and simultaneously, instead of attempting to make predictions on some notion of composite or absolute
load. Therefore, this could be seen as a multi-label classification problem. Each window was assigned two
labels, where each label was drawn from the set of labels that corresponds to the primary and secondary
tasks. Since only limited data was available to train the model on, the problem was reduced to a multi-label
binary classification problem, and the specific states of the ConTRe (low/high workloads) and notification
(attending/recall) tasks were ignored. As consequence the model should only predict which tasks (T1 and/or
T2) the user was engaged in by analyzing the psychophysiological data. A sliding window was labelled T1,
if the user was only engaged in the ConTRe task during this whole time frame, if the task was paused and
the participant is recalling, it is labelled as T2. If a notification is presented to which the participant had to
attend, the window was labelled as both T1 and T2. All transitory windows were discarded. These features
and their labels were fed to a Random Forest classifier. Besides building models across all users, models
were built for each user separately to account for individual differences in the psychophysiological
measurements. To measure the classifier’s performance, leave-one-user-out cross-validation for the
population models, and 3-fold cross-validation for the individual user models were used. Variation in the
time it takes to comprehend a notification lead to varying number of driving and notification task labels
generated per participant. This affected accuracy of baseline for each user because of the class imbalance
problem. Therefore, the Area Under the Receiver Operating Characteristic Curve (ROC AUC) metric which
is insensitive to class imbalance was used to evaluate the classifier. ROC curves show the trade-offs
between higher sensitivity and higher specificity. Sensitivity refers to the correct detection of a condition or
state when it is truly present. Specificity indicates the correct rejection of a state when it is truly not present.
The area under the ROC curve is a measure of adequacy on both. Curves corresponding to random or
chance classification of 50% would fall close to the diagonal, and result in an ROC AUC score of 0.5
regardless of class imbalance, while the most successful classifications would have an ROC AUC score
close to 1.0. Being a multi-label classification problem, the classifier outputs two probabilities
simultaneously: one for the probability of the sample belonging to the primary task (T1), and another for the
probability that the sample belongs to the secondary task (T2). We report the macro-averaged ROC AUC
scores for the pair of labels, as a measure of how well the classifier is simultaneously able to predict both
labels (T1_T2). We also report the ROC AUC score for each label, individually, to shed light on how
accurately the classifier is able to identify each task.

4.6 Results
Only pupil dilation showed better results than random. Table 2 shows the mean ROC AUC scores for the
population and individual models for four window and step size combinations. The results indicate that a
larger window size provides better results. Since the population scores are comparable to the average
individual scores the model is generalizable. The models are better at classifying primary driving task (T1)
than the secondary notification task (T2).
Table 2. ROC AUC Scores for population and individual models using different window and step sizes [3].

4.7 Conclusion of study 1
The main point of study 1 was to identify psychophysiological measurements that can be used to build a
classifier that can decided if a user is in a high or low workload situation. While many different
psychophysiological measurements were considered only pupil dilation turned out to be a better
predictor than random. The question is now, if this model can be used to predict the user state in realtime and hence, allow the system to adapt to the user.

5 Study 2: Autonomous mediation
The idea of this second study was, to use the ConTRe task again as primary task and prompt the user with
notifications only if the task load is low. As a change, only audio notifications were used. Furthermore, the
pause and recall tasks were removed. To produce high work load, a new secondary task, a transmissionbased gear changing task, was introduced. To display Numbers from 1-6, which match the gears on the
manual transmission gear box of the Logitech G27 Racing wheel, an LCD screen was placed in front of the
simulator. The user had to shift to the corresponding gear when the displayed number changed. The gear
numbers changed every 1-3 seconds and, to produce a high task load, only during a high load setting.
The classifier was trained on data from the non-mediated condition from study 1. It received standardized
input from the pupil dilation data stream, and output a {T1,T2} classification every second. In the
experimental condition notifications were autonomously mediated based on task load, and in the control
condition notifications were randomly presented. Mediation consisted of delaying notifications if they hadn’t

started playing yet. Otherwise the notification would be stopped and repeated when the load on the user
was low.

5.1 Results
The effects of mediation were determined by analyzing the performance measures for each task. The

results are shown in Table 5. Mediation reduced the error rate of gear shifting (secondary task), the number
of attempts per gear change request, and the brake error response rate (primary task).
Table 3. Mean performance measures of the primary, secondary and mediated tasks from both the mediated (M) and nonmediated (N) conditions, along with paired t-test two tailed p-values.

6 Conclusion
The results show that in principle it is possible to create a model that predicts mental workload in real
time based on physiological. And therefore it can be concluded, that classifier learning can be used to fuel
adaptive systems. While the results are not fully satisfying yet, this paper presented a first approach to
this idea and the authors already gave various ideas on how to improve the predictability of this particular
model. But to achieve a truly ubiquitous adaptive system it seems necessary to expand the approach and
integrate other ideas as well. The user model should include more than just the estimation of mental
workload, stress, mood, physical conditions, etc. all can have influence on task performance. Furthermore,
an improved system could not only consider the user itself but also include information about the
environment and be more flexible in how to mediate notifications.
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Appendix A

Figure 3. The 4-D multiple resource model (Wickens 2008).

