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Abstract

In design research, there is a need for research methods that allow for larger numbers of participants in empirical studies,
as small sample sizes lead to less statistically reliable results. The number of participants is limited by current research
methods, such as protocol analysis, interviews, or analysis of eye tracking videos, because they require a lot of manual work
during the evaluation. This is particularly noticeable in studies that analyze the cognitive processes of designers, e.g., during
concept synthesis. Therefore, the goal of this paper is to develop an algorithm that automates the analysis of eye tracking
data to predict designer perceived difficulties—critical situations in which methodical support could be beneficial—dur-
ing design processes. By linking eye tracking data with retrospective think aloud data, a dataset was created for training
different machine learning algorithms. The dataset was further processed, and three algorithms were evaluated regarding
their suitability for automated detection of difficulties. The best algorithm, a cascading one-against-all classifier, achieved
an accuracy of 62% and a false-negative rate of 26.6%. Depending on the type of difficulty, different eye tracking features
were relevant for the decisions of the algorithms, highlighting the importance of tailored feature selection for each type of
difficulty. The findings suggest that the automated analysis of eye tracking data using machine learning potentially facilitates
larger studies and statistically more reliable findings, representing a significant step toward more efficient and insightful
analysis of design cognition.
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1 Introduction additional hours of work in data processing and analysis, as

described by Ahmed et al. (2003). This resource-intensive

Design research is a complex and multifaceted field, in
which understanding the processes involved in design and
innovation is crucial. Researchers in this field face the chal-
lenge of obtaining meaningful and comprehensive data while
facing constraints such as difficult access to participants and
resource-intensive methods of analysis like observations and
interviews (Escudero-Mancebo et al. 2023). This leads to a
tendency for studies to be conducted more frequently with
small numbers of participants and focus on detailed data
analysis (Hay et al. 2020). However, the effort required for
data collection, transcription and analysis is extremely time-
consuming, with each hour of observation requiring up to 25

P< Christoph Zimmerer
christoph.zimmerer @kit.edu

' Karlsruhe Institute of Technology (KIT), IPEK - Institute

of Product Engineering, Kaiserstr. 10, 76131 Karlsruhe,
Germany

Published online: 20 February 2025

process is a major obstacle to conduct larger studies that aim
to achieve statistically meaningful results in design research.

Dinar et al. (2015) emphasizes the resource-intensive
nature of data analysis, the small sample size in empirical
studies and the lack of statistically significant and reliable
results. To address these obstacles, Dinar et al. (2015) sug-
gests that future studies could benefit from the development
of computer-based data collection and automated analysis
techniques. Recognizing the need for new research meth-
ods to improve resource-intensive data processing and
analysis in empirical studies with designers, recent work
has highlighted the potential of physiologic signals (Dinar
et al. 2015; Gero and Milovanovic 2020). Physiologic sig-
nals such as electromyography (EMG), electrocardiography
(ECG) and eye tracking (ET) have emerged as promising
tools for investigating design-relevant research questions
(Gero and Milovanovic 2020). These measurement methods
are characterized by the fact that they generate quantitative
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data without influencing the participants as much as tradi-
tional survey methods such as concurrent think aloud. Due
to its ability to capture the gaze behavior of designers, eye
tracking in particular has considerable potential here, as the
designer’s eyes are the sensors through which information
is recorded (Ullman 2010). In the field of design research,
eye tracking studies have so far mainly been used to obtain
information about what contextual information designers
look at. For example, Matthiesen et al. (2013) have investi-
gated how designers proceed when analyzing technical sys-
tems. However, the measurement of creativity, for example,
based on individual metrics has also been successfully car-
ried out (Sun et al. 2014).

The potential applications of these measurement methods
are best illustrated by other areas of research. In the field
of human-computer interaction (Zagermann et al. 2018),
in driving simulators (Benedetto et al. 2011) or diagram
understanding (Maier et al. 2014), eye tracking is used for
measuring cognitive load. High cognitive load in turn is con-
sidered an indicator of critical situations of declining perfor-
mance (Bruggen 2015) and therefore the need for support.
Following this, the integration of physiologic signals into
design research could open up new possibilities for record-
ing and evaluating cognitive load during the design process.
A decrease of performance in the processing of complex
cognitive tasks occurs particularly when the cognitive load
of the participants exceeds a critical limit (Paas and van
Merriénboer 1994). Detecting cognitive load provides an
important insight into the mental processes of designers and
could help to identify critical situations in which difficulties
arise (Zimmerer and Matthiesen 2021). The use of cognitive
load as an automatically measurable metric could enable
researchers not only to improve the efficiency of data col-
lection and evaluation by finding the relevant and critical
situations during design more quickly, but also to analyze
and interpret the design processes more accurately.

Nevertheless, to achieve such automatization and the
associated benefits, it is necessary to initially rely on tra-
ditional design research methods (Lohmeyer and Meboldt
2016). These include, for example, interviews or proto-
col analyses. These research methods are essential for the
development of automated approaches, as only in this way
the necessary interpretability of physiologic signals can be
achieved. Combining these traditional research methods
with new automated approaches presents a unique opportu-
nity due to the inherent diversity among engineering design-
ers, each with distinct needs that require tailored support
(Badke-Schaub et al. 2011). Hence, the use of physiologic
studies in design has the potential to advance our under-
standing of design (Nguyen et al. 2018).

Based on this, the problem at hand is that there is a need
for suitable research methods that enable a reduced effort in
the evaluation of empirical studies in design research. Large
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numbers of participants are complicated by some of the cur-
rent research methods, such as protocol analysis, interviews,
or analysis of eye tracking videos, because they require a lot
of manual work during the evaluation. This is particularly
noticeable in studies that analyze the cognitive processes
of designers, e.g., during concept synthesis. Therefore, the
goal is to develop an algorithm that automatically analyses
eye tracking data and predict critical situations in which the
participant had difficulties in the design process by identify-
ing high cognitive load. This way, subjective load as actually
perceived by the participant is measured, eliminating the
need for interpretation by an external evaluator. By provid-
ing these situations that are of interest to the researcher, the
overall aim is to speed up the evaluation of empirical studies
and thus open up the possibility to increase the number of
participants and the robustness of study results. To achieve
the goal, the following research question will be answered:

How can difficulties of participants in the processing
of design tasks be automatically identified and clas-
sified using machine learning algorithms based on
eye tracking data?

Three different classification approaches are evaluated to
answer the question. The use of eye tracking will enable
a more precise and less intrusive capture of the cognitive
behavior of designers. At the same time, by using eye track-
ing data, there is also the potential to enable the evaluation
to be carried out continuously over the entire process, tak-
ing into account the viewpoint of the participants and not of
external evaluators. By investigating an automated approach
to measuring cognitive load with high accuracy and low
deviation using eye tracking data, researchers may be able
to reduce the effort involved in analyzing such studies.

2 Background

This paper focuses on the use of eye tracking data to cap-
ture cognitive load. In the following, the background on
eye tracking and existing algorithms for recording cognitive
load are explained in detail.

2.1 Eye tracking and cognitive load

Eye tracking is a technology for monitoring and measuring
a person’s eye movements and gaze points when viewing a
visual stimulus, such as a computer screen or a real-world
environment. It is a powerful tool for understanding human
visual perception and behavior (Shaikh and Zee 2018). The
most important eye tracking measures include pupil diam-
eter, blinks, fixations and saccades (Holmqvist 2011). The
pupil diameter describes the size of the pupil surrounded by
the iris and is typically measured in millimeters. Blinks, the
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brief closure of the eyelids, can be recorded in frequency and
duration. Fixations refer to the moments when the eyes are
still and absorb visual information; their duration is meas-
ured in milliseconds. Saccades are rapid eye movements
between two fixations and are usually measured in degrees
of the visual angle between two fixations. They show how
the eyes search for new visual information. By combining
these measured variables, detailed insights into the visual
and cognitive processes of subjects can be gained.

To measure cognitive load, there are various options. The
most widespread is the use of questionnaires. The Nasa-TLX
(Hart and Staveland 1988; Hart 2006) is the most common
here, but alternative variants such as the overall workload
scale or the Subjective Workload Assessment Technique are
also used (Hill et al. 1992). However, the disadvantage of
these questionnaire-based survey methods is that the time
periods for which the cognitive load is surveyed are rela-
tively long or even only possible for entire tasks.

This is where the think aloud method (Ericsson and
Simon 1993) offers potential, as the participants can indicate
where the cognitive load was particularly high in relation to
the respective situation. By using retrospective think aloud
(RTA), this can also be done without influencing the cog-
nitive load during the actual task processing. At the same
time, RTA has already been proven to be a valuable research
method for analyzing designers procedures in the design pro-
cess, especially in combination with eye tracking. (Ruckpaul
et al. 2014a).

Numerous studies have already been carried out to estab-
lish a connection between various eye tracking metrics and
cognitive load (Marquart et al. 2015; Andrzejewska and
Stoliriska 2016; Chen et al. 2016, 2019; Zimmerer et al.
2023). Skaramagkas et al. (2023) present an overview of the
frequency with which the different metrics are used to meas-
ure cognitive load. The most frequently used metrics are
those based on pupil diameter, followed by fixation-based
measures. In the latter case, the duration and the number
are mainly used: Saccade-based features, like amplitude and
velocity, and blink rate and blink duration are also frequently
used.

2.2 Algorithms to detect cognitive load

The assessment of cognitive load through algorithms based
on eye tracking metrics has been a subject of interest in sev-
eral studies (Halverson et al. 2012; Nourbakhsh et al. 2013;
Borys et al. 2017; Chen et al. 2019; Wu et al. 2020). The
core findings on the most important aspects are described
below.

Halverson et al. (2012) investigated the utility of eye
movement and pupil-related metrics in assessing workload
during complex tasks. They extracted eye metrics from
time series using windows of varying sizes (1-30 s) and

overlapped them to retain information. Using support vector
machines and ten eye metrics, they aimed to predict work-
load levels. Their results demonstrated the effectiveness of
pupil size and the percentage of eye closure (PERCLOS) in
workload prediction, with a mean accuracy of 81%, though
some outliers only achieved 16%. (Halverson et al. 2012)
Despite the high accuracy, the study faced significant issues
with high variability and lacked temporal resolution as short
intervals were selected for the windows, but these were only
associated with the overall workload of the entire task, limit-
ing its applicability for continuous measurement. However,
this continuous measurement is a necessary requirement to
transfer the findings to design research.

Nourbakhsh et al. (2013) focused on using eye blink
features combined with galvanic skin response (GSR) to
classify different levels of cognitive load. Participants
completed arithmetic tasks of varying difficulty levels, and
the classification was done using SVM and Naive Bayes
algorithms. Their results showed that both GSR and blink
features effectively classified stress levels, with combined
features further improving accuracy. The study achieved
75% accuracy for binary classification (BC) and 53.6% for
four-class classification. (Nourbakhsh et al. 2013) However,
using arithmetic tasks means that the study lacked temporal
resolution as the cognitive load was again only considered
for the hole task. In addition, the tasks used do not repre-
sent complexities encountered in design research, limiting
its direct applicability.

Borys et al. (2017) too conducted a study on classifying
cognitive workload during arithmetic tasks using eye activ-
ity and in addition EEG features. They aimed to differenti-
ate between cognitive workload states and a no-task control
condition using various classification approaches. Their
results showed a 90% accuracy for BC using SVM with
six eye tracking features, while multi-class classification
reached a maximum of 73% accuracy. (Borys et al. 2017)
Despite the high accuracy, the results are insufficient for the
problem at hand due to the lack of temporal resolution and
the contrast between task processing and pause. Even if the
results here are promising, the comparison in relation to the
task-free phases is not directly transferable, since in relation
to the activities of design it is not a matter of measuring
against no workload but against a usual workload.

Chen et al. (2019) presented a cognitive load assessment
method considering individual differences in eye movement
data during flight tasks with varying difficulties. They per-
formed k-means clustering before classification to divide the
participants into two groups, for each of which an SVM clas-
sifier was then trained. This approach intended to improve
classification results by accounting for individual physi-
ologic differences. Despite this innovative approach, the
study achieved a maximum accuracy of only 43.7%. (Chen
et al. 2019) Furthermore, it also lacked temporal resolution.
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Wu et al. (2020) examined the correlation between
eye tracking metrics and perceived workload in robotic
surgical tasks. Surgical trainees participated in simulated
robotic tasks, where pupil diameter and gaze entropy were
found to differentiate workload levels, both increasing with
task difficulty. Using these eye tracking features, a classifi-
cation model achieved an accuracy of 84.7% in predicting
the workload of a given task. (Wu et al. 2020) However,
this study focuses on discrete tasks. This limits its applica-
bility to continuous workload assessment that is necessary
for application in design research.

2.3 Summary of the state of research

To summarize, current preliminary work in the field of
automated and continuous-time measurement of subjec-
tive difficulties is only suitable for the requirements of
design research to a limited extent. Although the stud-
ies considered show great potential in the combination of
eye tracking metrics and machine learning to classify cog-
nitive load, their applicability to the specific aim of design
research is limited. The main reasons for this are either
the lack of accuracy or the lack of temporal resolution
and the high scatter in the results. The research methods
analyzed are often not able to measure subjective difficul-
ties continuously over time, which is an essential require-
ment for design research. Instead of classifying the entire
task according to cognitive load, it is necessary to identify
specific time periods within a task in which the participant
had difficulties. This opens up the possibility of analyzing
specific segments of interest and gaining deeper insights
into the design process.

Furthermore, most existing studies rely on discrete, well-
defined tasks, such as arithmetic or simulated surgical pro-
cedures, which differ fundamentally from the iterative and
dynamic nature of design tasks. These approaches often
lack the ability to link temporal workload fluctuations to
the phases and activities of the design process, a critical
aspect for understanding when and why difficulties arise.
Addressing these limitations is essential for advancing the
applicability of automated measurement methods in design
research.

3 Methodology

In the following chapter, the data set, consisting of eye track-
ing data and difficulties of the participants, and its crea-
tion are presented first (chapter 3.1). This is followed by a
description of the procedure used to develop machine learn-
ing algorithms to answer the research question (chapter 3.2).

@ Springer

3.1 Dataset

The data set used to train the algorithm was obtained in
advance as part of a participant study. To make the results
easier to understand, the study and thus the development of
the data set are briefly presented below.

3.1.1 Participants

In the dataset used, a total of 28 student participants were
involved, with an average age of 23.5 years (SD=2.3),
ranging from 20 to 29 years old. Regarding their experience
in the field of design, the mean value was 9.3 semesters
(SD =3.4), ranging from 5 to 14 semesters of experience.
Among the participants, 21 had a background in mechanical
design, while 7 were in the mechatronics course. 13 par-
ticipants already had their bachelor’s degrees. In terms of
vision, all participants either had normal vision or vision
corrected to normal. Prior to their involvement in the study,
all participants were required to affirm their participation
through a declaration provided by the KIT data protection
office.

3.1.2 Tasks

The tasks in the study related to mechanical design, more
specifically sheet metal design. This manufacturing process
was chosen for several reasons. First, a large number of
individual process steps, such as laser cutting, bending and
welding, must be taken into account in sheet metal design,
which means that numerous production-related constraints
have to be taken into account. Second, preliminary investiga-
tions have shown that the application of the manufacturing
process quickly led to difficulties for the participants, which
is why it was well suited for generating a sufficiently large
data set. Each participant was given three different tasks to
complete:

The first task was to generate different concepts for a
given anchoring base using an alternative manufacturing
process. The existing design was declared as a prototype
and was to be optimized in terms of manufacturing costs for
mass production. Several alternative concepts were to be
generated from the nine-part welded design as a sheet metal
bending design to reduce the number of parts and thus the
manufacturing costs. At least three alternative concepts had
to be generated.

In the second task, a first prototype of a commissioning
unit was presented. This was designed as a quick, simple
prototype made of high-density fiberboard (HDF). The task
was to solve the problem of jamming when delivering differ-
ent colored cubes and at the same time to convert the given
design into a final design. For this purpose, sheet metal
bending design should be used instead of HDF panels.
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In the third task, a latch design was provided that is used
to lock drawers. This assembly, already designed as a sheet
metal bending construction, was to be optimized due to signs
of wear in the application. The participants were supposed
to reduce the number of moving parts relative to each other
by redesigning the latch.

3.1.3 Data collection and data set

The three tasks were completed in a randomized order to
minimize sequence effects. First, the participants read
through the respective task. Once they had understood them,
they began working on the task, drawing alternative con-
cepts on paper while their eye movements were recorded
using eye tracking glasses, the Tobii glasses 2. Each task
took 10 min to complete. After completing the task, the par-
ticipants watched their own video recording and commented
retrospectively on the situations in which they had difficul-
ties and the types of difficulties they encountered.

The raw data, recorded by the Tobii eye tracking glasses
at a sampling rate of 100 Hz, were first checked for com-
pleteness. Data sets with more than 25% missing data points
were removed entirely. This resulted in a data set of 81 usa-
ble recordings.

In the initial analysis of the time series recorded by the
Tobii glasses, segments with more than 50 consecutive miss-
ing values—equivalent to half a second—were deleted. If
the segments of consecutive missing data were shorter than
half a second, the missing values were linearly interpolated.
The data were then divided into two categories: pupil-based
and event-based.

The pupil-based features, recorded directly by the glasses,
included gaze point, gaze direction, pupil position, and pupil
diameter. First and second derivatives were also calculated
to resolve spatial dependencies of individual metrics.

The event-based features encompassed eye movements,
categorized as fixation, saccade, and blink. These were
identified using the Tobii I-VT (fixation) algorithm (Olsen
and Matos 2012), which specifies the duration of the event
and calculates the fixation point in the case of fixation. A
detailed description of the algorithm can be found in Olsen
and Matos (2012). Several motion-based features were
derived from the event classification. For each motion type,
the number of events, the occurrence rate, and the variance
were calculated for the given windows. In addition, the per-
centage of time the eyes were closed [PERCLOS see (Wier-
wille et al. 1994; Dinges and Grace 1998)] was calculated
for each time segment.

Building on the features described, their applicability
to design studies lies in their ability to capture nuanced
aspects of designers’ cognitive and visual behavior during
complex tasks. Pupil diameter and PERCLOS are generally
known as indicators of cognitive load, helping to identify

moments when designers are experiencing high workload.
Fixation metrics, such as duration and variance, provide
insights into how designers allocate their visual attention
and saccade metrics can be linked to the evaluation of
specific design elements or problem areas. By analyzing
these variables in the context of specific design phases or
activities, researchers can map physiologic responses to
cognitive difficulties or decision-making moments, thus
making the data directly relevant and interpretable for
design studies.

The participants themselves documented the difficul-
ties they encountered on a standard form. The participants
received this form after completing each task and filled it
out while watching their own video recording of the task
again. They could pause and skip back and forth as they
wished. These self-reported difficulties served as the pri-
mary data source.

To categorize the difficulties, an inductive approach was
employed, meaning that the categories were not prede-
fined by the researchers but emerged from the participants’
documented responses during the study. After collecting
all the responses, the researchers analyzed the descriptions
and grouped them based on recurring themes and patterns
in the data. Through this iterative process of qualitative
coding, eight distinct categories of difficulties regarding
the following design activities were identified: ‘assem-
bly’, ‘concept selection’, ‘embodiment design’, ‘function
unclear’, ‘general overload’, ‘manufacturing process’, ‘no
concept idea’ and ‘visualization’. This coding approach
ensured that the categories were grounded in the partici-
pants’ own experiences, enhancing the validity and rel-
evance of the classification system. Figure 1 provides an
overview of the number and distribution of the individual
categories of difficulties that made up the final data set for
algorithm development.

3.2 Algorithm development

This chapter describes the procedure for the algorithm
development, consisting of data preparation followed by
classification. In data preparation, the combined data from
eye tracking and RTA is processed further. First, the data
are segmented, the time series is divided into windows
and the relevant features are calculated. The data are then
standardized to ensure consistent scaling. Feature selection
is used to identify the most important features to reduce
the complexity of the model. To counter the imbalance
of the distribution of classes, upsampling is used next.
After data preparation, classification takes place, which
includes both binary and multibinary classifiers. Figure 2
summarizes the procedure below.
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3.2.1 Data preparation

During segmentation, the time series were prepared so that
the features for the respective windows could be extracted. In
this study, the recording time series are divided into shorter
windows for which the respective features can then be cal-
culated. Variable parameters here are the window length in
seconds and the overlap of the windows in percent. This
procedure allows the individual segments to be classified
and the exact times at which the participant encounters a
difficulty. A schematic representation of this procedure is
shown in Fig. 3.

After segmentation, the data were standardized. This is a
fundamental requirement for classifiers to ensure good clas-
sification quality. This process ensures that the features are
comparable and do not have large influences due to their
scaling, which is especially important for distance-based
algorithms. For each feature type and its derivatives, the
mean, median and maximum were calculated within the
given time windows. To eliminate individual differences

between the participants and the environmental conditions,
the difference and the quotient of the individual data points
with the mean value of the entire recording area were also
used as additional features.

During feature selection, the most important features
were determined from a pool of available features that had
the greatest influence on the predictive ability of the model.
The aim of feature selection is to reduce model complexity,
avoid overfitting and reduce calculation time by removing
less relevant or redundant features. First, a variance analysis
was performed to identify and remove features with too little
variance, as these are irrelevant for the classification. The
feature spaces were then transformed into a normal distri-
bution using a transformer, as some of the used classifiers
require this for good functionality. The RobustScaler from
scikit-learn was used here, as it is less susceptible to outli-
ers and delivers more robust results. In a further step, the
number of features used for training was reduced. For this
purpose, an ANOVA analysis of variance was applied to the
training data and a score was assigned to the features. The

visualization

no concept idea

manufacturing process
general overload
function unclear

difficulty

embodiment design

concept selection
assembly [ ]

0 20

60 80 100 120
count

Fig. 1 Distribution of difficulties reported by the participants in the data set

Eye tracking

data

Think aloud
data

Fig.2 Process of data preparation and classification
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Fig.3 Procedure for segmentation. This involves dividing the time series into individual overlapping windows and then assigning whether there

is a difficulty in the respective windows

best features were selected based on this score. After vary-
ing the number of features to be selected, it was found that
the best classification results could be achieved with the two
highest-scoring features.

As a further step, upsampling was carried out. In the pre-
sent data set, the classes are distributed unequally, which
can lead to the model favoring the over-represented class
and poorly classifying the under-represented class. In the
BC ‘difficulty’—‘no difficulty’, the difference between the
two classes is still negligible. However, if individual difficul-
ties are to be classified against the rest, as is the case with
multibinary classifiers, problems can arise when training
the classifiers. To solve this problem, the RandomUpsam-
pler from imbalanced-learn was used. Here, individual data
points of the less strongly represented class were duplicated
to equalize the distribution and thus improve the classifi-
cation quality. Upsampling strengthens the model capacity
and increases the generalization capability, which leads to a
more balanced and reliable classification.

3.2.2 Classification

3.2.2.1 Parameter study To determine the optimal com-
bination of parameters for classification, a parameter study
was carried out. Four variables were analyzed: the window
length, the overlap of the windows, the threshold for clas-
sifying a window as a difficulty and the duration of a dif-
ficulty.

Three factor levels were considered for each of these
variables:

window length: 5's, 10's, 30 s;

overlap: 0%, 25%, 50%;

threshold for difficulty: 50%, 75%, 100%;

duration of a difficulty: full duration, first 30 s, first
occurrence only.

This resulted in a total of 81 combinations, each of which
was tested to identify the ideal combination of parameters.
The aim was to maximize the classification quality and
ensure the most balanced and reliable classification possible.

3.2.2.2 Binary classification The established way to gen-
erate a two-class problem from a multi-class problem is

[ labeled data set ]

Binary

1 classification 1

no difficulty difficulty

Fig.4 Functionality of a binary classifier
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to combine all difficulties into one class and adopt a BC
approach (see Fig. 4). Eleven different classifiers were
trained to determine the most appropriate one for the prob-
lem. The selection consisted of the following classifiers:
logistic regression, support vector machine, k-nearest-
neighbors, Gaussian Naive Bayes, passive aggressive clas-
sifier, Decision Tree Classifier, Random Forest Classifier,
ridge classifier, gradient boost classifier, perceptron classi-
fier, and multi-layer perceptron classifier.

3.2.2.3 Multibinary classification A different approach for
solving multi-class problems in machine learning classifica-
tion is multibinary classification. Here, each class is clas-
sified individually against all remaining classes, and the
resulting binary classifiers are combined to form a multi-
binary classifier. This approach is called one-against-all
(OAA). For each resulting BC problem, the best classifier
and the best features are selected based on the training data.
Each classifier then classifies the test data set, and each data
point that is identified as a difficulty by at least one of the
classifiers is labeled accordingly. Thus, the score calcula-
tion is again applied to the two-class problem on which the
binary classifier is based. As an additional result, the multi-
binary classifiers provide additional information about the
specific difficulty for each segment labeled as such.

There are various approaches for combining the training
data for the individual binary classifiers. The OAA algo-
rithm presented by Jeatrakul and Wong (2012) is used here.
Based on this OAA algorithm, a variation of this approach
was developed, the cascading one-against-all (cCOAA).

In the OAA algorithm, the same training data set is
always used and only the class assignment of each data point
is changed. With the cOAA algorithm, on the other hand,
a sequence is defined for the classification of the difficul-
ties, starting with the difficulty that can be classified best.
After a difficulty has been classified against the others, all
data points belonging to this difficulty are removed from the

One-against-all (OAA)

[ labeled data set ]

binary
| classification |

(ot ] [ s )

binary
classification

EDNES

training data set. As a result, the remaining data to be clas-
sified becomes smaller with each classification level, which
should theoretically improve the classification quality of the
subsequent binary classifiers.

A comparison of the two approaches is provided in Fig. 5.

3.3 Scoring metric

In this study, two metrics were used to evaluate the classi-
fiers: the f1-score, which is a well-established metric, and
the fn-score (false-negative-score), which is of particular
interest for the use case. To determine the scores and stand-
ard deviations, a fivefold cross-validation was performed.
The f1-score, a harmonic mean of precision (how many of
the predicted positives are correct) and recall (how many of
the actual positives are correctly predicted), is widely used
for unbalanced datasets and ranges from zero to one, with
higher values indicating better performance of the classi-
fier. A high f1-score close to one means that the classifier is
performing very well at balancing precision and recall. Fig-
ure 6 explains the calculation of the score. A more detailed
explanation of the score can be found in Sasaki (2007).
The fn-score is a measure of the false-negative rate. The
false-negative rate indicates the percentage of data points
that are true positives (segments with difficulties) but are
incorrectly labeled as negatives (not difficulties). Since lower
false-negative rates are better, the fn-score is calculated as

-
(1t | FEN) Recall P
~— recall =

TP+FN

FP TN

[] false negative rate

Fig.6 Calculation of the f1-score

Cascading one-against-all (cOAA)

[ labeled data set ]

Ist binary
classification

2nd binary

} classification

[ Class 1 ] [ Class 3 ] .

3rd binary
classification I |

[ Class 4 ] [ Class 2 ]

Fig.5 Graphical comparison of the multibinary approaches one-against-all (OAA) and cascading one-against-all (cCOAA)
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the inverted fn-rate (1 — fn-rate) to make it more comparable
with the fl-score. This means the fn-score also ranges from
0 to 1, with higher values indicating better performance. For
example, an fn-score of 0.95 suggests the classifier correctly
identifies 95% of the segments with difficulties.

In this use case, this score is important as the algorithm is
used for the automated evaluation of eye tracking studies. It
is therefore crucial that as few segments with difficulties as
possible are not detected and included in the manual evalua-
tion. However, incorrectly classified difficulties can be easily
identified and corrected by the study director.

4 Results
4.1 Parameter study

The parameter study was initially carried out with the binary
classifier. This showed that all parameter combinations that
included a shorter duration of the difficulty achieved sig-
nificantly poorer results. It also turned out that the threshold
for a difficulty only plays a minor role in the classification
quality. Based on these findings, only the window length and
the overlap of the windows were used as variable parameters
for the more computationally intensive OAA and cOAA
approaches to save computing capacity. A value of 75% was

set for the difficulty threshold, and there was no limit to the
duration of a difficulty in all further calculations.

The results of the parameter study are presented in Fig. 7.
The three classification approaches are compared for each
parameter combination of window length and overlap. The
fl-score for the respective classifier is shown in light, the
false-negative-score (fn-score) in dark grey. The lines at the
top of the bars represent the standard deviation.

The binary classifier showed that the f1-score improved
the shorter the window was and the less overlap the win-
dows had. The fn-score remained largely constant across all
parameter combinations, although it was also affected by a
high standard deviation.

For the OAA classifier, the influence of window overlap
was significantly greater than that of window length. The
best results were obtained with large overlap of 50%, and
the classification quality decreased with decreasing overlap.
The fn-score was higher than for the binary classifier, and
again the standard deviation was relatively high. There was
no clear pattern in the dependence of the fn-score on the
parameters.

The cOAA achieved the best results in the fl1-score. A
clear trend was that the f1-scores increased with greater
overlap, with significantly better results being achieved
with a window length of 5 s than with longer windows.
The fn-score was also found to be significantly lower with
shorter windows. Overall, the fn-scores were higher and the

Windowsize

L0 5 seconds 10 seconds 30 seconds
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Fig.7 Results of the parameter study. For the binary classification the best results are achieved using a window length of 5 s and an overlap of
0% (top left). The multibinary approaches in turn achieve the best results with a window length of 5 s and an overlap of 50% (bottom left)
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standard deviations of both scores were lower than for the
other classifiers.

These results emphasize the importance of the choice
of window length and overlap for the performance of the
classifiers. Especially the cascading OAA approach showed
promising results in terms of accuracy and reliability of the
classification.

After selecting the most suitable parameters for each
case, the individual classification approaches are presented
in detail below.

4.2 Binary classification

For the BC, all types of difficulties were summarized in the
category ‘difficulty’. This results in only the two classes ‘dif-
ficulty’ and ‘no difficulty’. As can be seen from the param-
eter study, the best classification results are obtained with
a window size of 5 s and an overlap of 0%. The feature
selection using ANOVA showed that the features mean pupil
diameter and median pupil diameter have the highest scores
and are therefore used for classification.

Table 1 shows the results of the cross-validation.
The f1-score lies between 0.419 and 0.552, with a mean
standard deviation of 0.05. The Support Vector Machine
classifier achieved the best results with an fl-score of
0.552 (SD=0.037), followed by the Ridge classifier,
which achieved comparable results with a score of 0.544
(SD=0.062).

For the fn-score, there were significant differences
between the classifiers. The fn-score lies between 0.176 and
0.704, with an average standard deviation of 0.15. The per-
ceptron classifier achieved the best value here with 0.7038,
but also showed a very high standard deviation of 0.26.

4.3 Multi binary classification

For multibinary classification, a parameter combination of
a window size of 5 s and an overlap of 50% proved to be

optimal. In contrast to BC, an individual selection of features
and classifiers was made for each class of difficulty.

First, the best classifiers were determined individually
for each difficulty. Figure 8§ illustrates the fl-scores of the
best classifiers for each specific difficulty in the multibi-
nary classification. The different difficulties are listed on
the x-axis: ‘assembly’, ‘Concept selection’, ‘embodiment
design’, ‘function unclear’, ‘general overload’, ‘manufac-
turing process’, ‘no concept idea’ and ‘visualization’. The
y-axis represents the f1-score, which serves as a measure of
the classification quality.

The bars in the figure represent the average f1-scores of
the best classifiers for each difficulty, while the error bars
at the top of the bars indicate the standard deviation of the
fl-scores. This allows an assessment of the variability and
reliability of the classification results.

The overall classifier achieves a combined f1-score of
0.6137 and an fn-score of 0.6646. The highest classification
score for a single difficulty was achieved for the difficulty
‘concept selection’, with an f1-score of 0.81. The difficulties
‘visualization’, ‘manufacturing process’ and ‘assembly’ are
in a medium range with fl-scores between 0.73 and 0.74,

1.0
0.8 =
0.6
0.4
0.2
0.0

H
-
L
H
H

——t

fl-score

(11 [21 (3] [4] (5] (6] [7] [8]
difficulties

Fig. 8 Highest possible classification result for each class of difficulty
using the most appropriate classifiers ([1]: visualization; [2]: no con-
cept idea; [3]: embodiment design; [4]: general overload; [5]: func-
tion unclear; [6]: manufacturing process; [7]: concept selection; [8]:
assembly)

Table 1 Comparison of the
tested classifiers and their

achieved scores

Classifier fl-score fl-score-std fn-score fn-score-std
Support vector machine 0.552 0.0371 0.3667 0.1467
Ridge classifier 0.544 0.0624 0.5554 0.1565
Gaussian Naive Bayes 0.5437 0.0514 0.4504 0.1482
Logistic regression 0.5434 0.0618 0.5562 0.158
Gradient boosting classifier 0.5424 0.0296 0.429 0.0748
MLP classifier 0.5398 0.0291 0.4177 0.141
k nearest neighbors 0.5179 0.014 0.4888 0.0743
Random forest classifier 0.5036 0.0242 0.4162 0.0844
Decision tree classifier 0.5026 0.0227 0.439 0.0867
Perceptron classifier 0.4292 0.1011 0.7038 0.26
Passive aggressive classifier 0.4185 0.0951 0.1755 0.3511
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while ‘general overload’ and ‘function unclear’ achieve an
fl-score of slightly below 0.7. The difficulties ‘embodiment
design’ and ‘no concept idea’ have the lowest scores of 0.57
and 0.52 respectively and thus the lowest classification qual-
ity of all difficulties.

A low standard deviation, as for the difficulties ‘no con-
cept idea’, ‘embodiment design’, ‘function unclear’ and
‘manufacturing process’, indicates consistent classification
performance. A medium standard deviation can be observed
for the difficulty ‘general overload’, which indicates a some-
what greater variability in the results. The highest standard
deviations can be seen for the difficulties ‘visualization’,
‘concept selection’ and ‘assembly’, which indicates a higher
variability of the classification results despite high f1-scores.

For each difficulty, the classifiers and features with the
highest accuracy were used. Table 2 lists the features and
classifiers selected in each case. The Decision Tree Classi-
fier and the Random Forest Classifier were each used three
times. The Gradient Boosting Classifier and the K-Nearest
Neighbors Classifier were each used once. There are only
a few overlaps among the features used: ‘Pupil diameter
(mean)’, ‘Fixation point (1* derivation, median)’ and ‘Gaze
direction (2™ derivation, max)’ were each used twice. Inter-
estingly, there are no identical combinations of features for
the different difficulties.

Looking at the features used, it can be seen that pupil-
based features were used six times. Fixation-based features
were used five times, while gazing direction was used as a
feature four times. In addition, blinking was used once as a
feature. It is noteworthy that saccade-based features were
not used.

To further increase accuracy, a cascading OAA approach
was also applied. The order of the individual classifications
was determined in such a way that the best possible overall
result is achieved.

Table 3 Change in the individual classification results due to the cas-
cading one-against-all approach

Difficulty fl-score OAA fl-score cOAA
Concept selection 0.8059 0.8059
Visualization 0.7373 0.7436
General overload 0.6925 0.7588
Assembly 0.7325 0.7642
Manufacturing process 0.7345 0.7366
Function unclear 0.6837 0.6985
No concept idea 0.5176 0.5475
Embodiment design 0.5728 0.5586

Table 3 presents the changes in fl-scores between the
OAA and the cOAA approaches for various difficulties.
As shown in the table, the cascading approach led to an
improvement in the f1-scores for most of the difficulties.

The ‘concept selection’ difficulty maintained its
fl-score of 0.8059, indicating no change. This lack of
change can be attributed to the fact that this difficulty is
classified first, with no data points yet removed, mirroring
the situation in the OAA approach.

Improvements can be observed in all remaining catego-
ries except the ‘embodiment design’ class. The greatest
improvement can be observed in the ‘general overload’
class. Here the score rises by 0.06 to 0.76. There was also
a significant improvement of 0.03 in the ‘assembly’ class.
However, there was a slight deterioration observed in the
‘embodiment design’ class, where the f1-score decreased
from 0.5728 to 0.5586.

The final result of the classification is an over-
all fl1-score of 0.615 (SD=0.001). The false-negative
score is even higher with 0.734 (SD =0.016). For better

Table2 Used feature OAA Difficulty

Classifier

Used features

Assembly

Concept selection
Embodiment design
Function unclear
General overload
Manufacturing process
No concept idea

Visualization

Random Forest Classifier
Decision Tree Classifier
Decision Tree Classifier
K-Nearest Neighbors Classifier
Random Forest Classifier
Random Forest Classifier
Gradient Boosting Classifier

Decision Tree Classifier

Gaze direction (1% derivation, max)
Pupil position (1 derivation, max)
Gaze direction (2™ derivation, max),
Fixation point (2" derivation, median)
Pupil diameter (mean),

Pupil diameter (2™ derivation, median)
Blink rate,

Fixation point (2™ derivation)
Fixation point (1% derivation. max),
Pupil diameter (mean)

Gaze point (1* derivation, max),

Gaze direction (2™ derivation, max)
Pupil diameter (mean),

Pupil diameter (median)

Fixation point (2™ derivation, max),
Fixation point (1% derivation, median)
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Table 4 Final result of the three classification approaches measured
by fl-score and fn-score as well as the associated standard deviations

Classifier fl-score  fl-score-std fn-score fn-score-std
Binary Classifier 0.5520 0.0367 0.3667 0.1467
OAA 0.6137 0.0126 0.6646 0.0703
cOAA 0.6150 0.0089 0.7342 0.0162

comparability, Table 4 summarizes the results of all three
approaches once again.

There were some changes in some of the classifiers due
to the new approach:

In the ‘visualization’, ‘embodiment design’ and ‘concept
selection’ classes, an improvement in prediction was achieved
by changing the classifier used. All three classes used a Ran-
dom Forest Classifier in the one-against-all approach.

While visualization” and ‘concept selection’ now achieve
better results with a Decision Tree Classifier, the classifier
of the ‘embodiment design’ class switches to a support vec-
tor machine. In addition to the classifiers, there were also
changes in the features used in two difficulty classes. In the
‘embodiment design’ class, ‘Pupil diameter (1st derivation,
median)’ was replaced by ‘Pupil diameter (median)’, while
in the ‘general overload’ class ‘Pupil diameter (mean)’” was
replaced by ‘Fixation point (2nd derivation, max)’.

4.4 Summary of results

The Binary Classifier achieved an fl-score of 0.5520
(SD=0.0367), and a false-negative rate of 0.3667
(SD=0.1467). The one-against-all (OAA) approach
improved the performance, yielding an f1-score of 0.6137
(SD=0.0126), and a clearly better false-negative score
of 0.6646 (SD=0.0703). The cOAA approach further
enhanced the results, achieving the highest f1-score of 0.6150
(SD=0.0089), and the best false-negative rate of 0.7342
(SD=0.0162). A summary is shown in Table 4. Even if the
cOAA does not differ considerably from the OAA regarding
the absolute f1 score, the clear reduction of the standard devi-
ation and the increased false-negative score should be noted.

5 Discussion

In this paper, the research question “How can difficulties in
the processing of design tasks be automatically identified
and classified using machine learning algorithms based
on eye tracking data?” could be answered. The cOAA
algorithm answered this question by demonstrating a
high accuracy of 62% and a false-negative rate of 26.6%,

@ Springer

utilizing eye tracking data to predict critical situations dur-
ing design tasks. In the following, the implications are
discussed, and the limitations and possible next steps are
analyzed.

5.1 Measuring cognitive load via eye tracking

The integration of eye tracking data with traditional
research methods represents a significant step forward
in the field of design research. Compared to the accu-
racies reported in the state of research, our approach of
combining eye tracking with retrospective think aloud
shows notable improvements, especially for complex and
extended tasks. Existing research often focuses on short,
self-contained tasks like arithmetic problems (Nourbakhsh
et al. 2013; Borys et al. 2017), surveyed by questionnaires
achieving high accuracy but limited to these narrow
scopes. In contrast, the RTA approach employed in this
study is designed for longer time intervals and more com-
prehensive tasks, making them suitable for capturing data
over entire design sessions.

The continuous collection of difficulty data through
RTA allowed relatively high prediction accuracies even
for extended and complex tasks such as concept devel-
opment. A major advantage of RTA is that it does not
impose any additional cognitive load on participants dur-
ing the data collection process. This non-intrusive research
method ensures that participants’ natural workflow is not
disrupted, resulting in more accurate and authentic data.
In addition, RTA measures subjective load as actually per-
ceived by the participant, eliminating the need for inter-
pretation by an external evaluator.

In addition, combining eye tracking data with estab-
lished qualitative survey methods such as interviews and
protocol analysis provides a more nuanced understand-
ing of the design process (Ruckpaul et al. 2014a). The
results showed that different features and combinations
of features were effective in detecting various difficulties.
In particular, the integration of context-specific varying
eye tracking metrics helped to achieve higher classifica-
tion accuracy and a lower false-negative rate compared
to the state of research, demonstrating its effectiveness in
providing accurate and reliable data on design processes.

Especially the false-negative rate achieved by the cOAA
approach supports the suitability of eye tracking data for
identifying difficulties in design tasks. Lower false-nega-
tive rates have the great advantage that the algorithm does
not leave any relevant situations undetected and therefore
provides more reliable data for subsequent analysis. This
is of crucial importance in design research, especially with
regard to the evaluation effort, as the precise identification
of design challenges is essential for this.
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5.2 Benefits of automated evaluation

The classification results of the three approaches—Binary
Classifier, one-against-all (OAA), and cOAA—demonstrate
significant differences in their performance. The Binary
Classifier achieves an fl-score of 0.5520 with a standard
deviation of 0.0367. In contrast, the OAA approach shows
an improvement with an fl-score of 0.6137 and a lower
standard deviation of 0.0126. The cOAA approach achieves
the best results with an fl-score of 0.6150 and the lowest
standard deviation of 0.0089, indicating a more consistent
performance.

The same picture emerges when looking at the false-
negative rate. The binary classifier is far behind with an fn-
score of 0.367, which corresponds to a false-negative rate
of 63.3%. In a comparison of the multibinary classifiers, the
OAA algorithm with an fn-score of 0.665 is also noticeably
less accurate than the cOAA with an fn-score of 0.734. The
standard deviation of 0.016 for the cOAA is also signifi-
cantly lower than for the OAA (SD=0.07). This means that
the cOAA does not recognize around a quarter of the dif-
ficulties mentioned by the participants.

In conclusion, the cOAA approach, with its cascading
strategy, offers a considerable improvement over both the
Binary Classifier and the OAA approach, making it a more
effective method for accurately and consistently classifying
difficulties in design tasks. This advancement highlights the
importance of using specialized classifiers and features tai-
lored to specific types of difficulties, thereby enhancing the
overall classification performance and reliability in design
research studies. This facilitates larger-scale studies and
statistically more reliable findings, making eye tracking a
powerful research method in design research for capturing
detailed and objective data on cognitive processes. With this
approach, the efficiency of data collection and evaluation
will be increased, and design processes thus better analyzed
and interpreted.

The exact extent of the advantage of the approach devel-
oped has yet to be fully investigated. In particular, further
work is needed to increase the accuracy of the classification
models. While the accuracy of 73% of detected difficulties
(based on the fn-score) achieved in this study is a very good
step in the right direction and shows the potential and feasi-
bility of this project, this value needs to be further increased
to improve the practical applications and the reliability of
the results.

5.3 Tailored feature selection
These findings have important implications for research into

the measurement of cognitive load using eye tracking. In
particular, the fact that different types of difficulties can be

detected with different eye tracking features is a highly valu-
able finding.

Fixations are the relevant features for identification in
several difficulty categories, especially in ‘visualization’,
‘function unclear’, and ‘concept selection’. This implies
that extended fixations in these cases are associated with
increased cognitive load and can therefore serve as an indi-
cator of difficulties.

In contrast, the results show a close relationship between
pupil diameter and difficulties such as ‘embodiment design’
and ‘no concept idea’. As is already known from the state
of research, a dilated pupil can indicate increased cogni-
tive load (Marquart et al. 2015; Chen et al. 2016) and thus
phases in the design process in which complexity is high or
information processing is intensified. Cognitive processes
such as thinking and imagination therefore appear to play a
greater role in the difficulties presented here, in which pupil
diameter plays a role.

Difficulties relating to ‘general overload’ are between
these two cases. One fixation and one pupil-based feature
are relevant here. This may primarily be since many differ-
ent types of difficulties are combined here and therefore no
clear correlations to the relevant features could be identified
during clustering.

For classes of difficulties relating to the ‘manufacturing
process’ or ‘assembly’, features on the gaze path are domi-
nant. In these types of difficulties, sequences and interrela-
tionships between different design features or elements of
the structure often play an important role. This fact could
explain the strong dependence on gaze behavior in these
cases.

From this, it can be deduced that the present results
emphasize the need for a differentiated consideration of
eye tracking metrics depending on the context, in this case
the type of difficulty. For the development of algorithms for
recording cognitive load using eye tracking, it is therefore
crucial when compiling training data not to focus purely on
a one-dimensional measurement of cognitive load, but also
to always consider the specific situation at hand.

Nevertheless, further research is needed to validate the
accuracy and reliability of the eye parameters in different
design contexts and to further improve the integration of
eye tracking into the design research process. This study
provides an important contribution to the study of cogni-
tive processes in design and lays the foundation for future
work on the use of eye tracking to capture difficulties in the
design process.

5.4 Implications for the field of design research
The central problem, which was also highlighted in the intro-

duction, is the difficulty of achieving statistically significant
results, as design studies are often only carried out with a
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small number of participants due to the enormous amount
of evaluation required (Dinar et al. 2015; Cash et al. 2022).
The present work shows that the developed machine learning
algorithms and the cascading classification approach have
the potential to significantly reduce the required evaluation
effort. Based on the example that one hour of study material
requires about 25 additional hours of work in data process-
ing and analysis (Ahmed et al. 2003), even small improve-
ments in the evaluation effort can provide benefits.

This may enable more extensive studies in future and thus
improve the statistical robustness of the results. Thus, the
use of these research methods could significantly increase
the overall validity and reliability of design studies. A fur-
ther benefit of this approach is that the automated evaluation
of eye tracking data can reduce the influence of subjective
influences by the evaluators of studies. The objectivity of
the evaluation is thus considerably increased by the use of
eye tracking data (Ruckpaul et al. 2014b).

6 Conclusion and outlook

The findings of this study represent an important contribu-
tion toward the goal of using machine learning algorithms
for analyzing eye tracking data in design research. While not
a definitive solution, the results demonstrate considerable
progress in developing research methods that can automate
and enhance the analysis of design processes. Traditional
design research methods are often constrained by the inten-
sive resources required for data collection and analysis. By
automating these processes, especially the data analysis, this
study addresses an essential need in the design community
(Dinar et al. 2015; Gero and Milovanovic 2020) for more
efficient and scalable research techniques.

The improved classification performance achieved
through the cOAA approach is particularly noteworthy.
Using this approach, increased accuracy of difficulty detec-
tion can be achieved through sequential classification, dem-
onstrating the potential of this approach to improve the
robustness of conclusions drawn from empirical studies
in design research. In addition, the reduction in the false-
negative rate is crucial to identifying real problems, making
this approach well-suited for applications that rely on under-
standing and mitigating design challenges. This is consistent
with the objectives outlined by Cash et al. (2022) and other
researchers who have emphasized the importance of achiev-
ing statistically significant results in design studies. The suc-
cess of the cOAA approach suggests that future research
could benefit from similar approaches, thereby potentially
transforming standard practices in the field.

Looking forward, there are several directions for future
research that could further increase the impact of these find-
ings. While the current study focused on eye tracking data,
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other physiologic signals such as EMG and ECG could fur-
ther enrich the understanding of design processes. Exploring
a wider range of machine learning techniques and data char-
acteristics could provide even more comprehensive insights.
In addition, future research should consider the long-term
acceptance and integration of these research methods within
the design community (Reich 2010) as well as the actual
time saving potential and the increase in objectivity of the
evaluation. These opportunities highlight the potential for
continued innovation in design research methodologies
toward more effective and efficient study designs.
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