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Abstract
We conducted a controlled empirical eye tracking study with 40 participants using schematic metro maps. The study focused on two aspects: determine different
reading strategies and assess user performance. We considered the following factors: color encoding (color vs. gray-scale), map complexity (three levels), and task
difficulty (three levels). There was one type of task: find a route from a start to a
target location and state the number of transfers that have to be performed. To identify reading strategies we annotated fixations of scanpaths, computed a transition
matrix of each annotated scanpath, and used these matrices as input to cluster scanpaths into groups of similar behavior. We show how these reading strategies relate
to the geometric structure of the scanpaths’ fixations projected onto the geodetic
line that connects start and target locations. The analysis of the eye tracking data
is complemented by statistical inference working on two eye tracking metrics (average fixation duration and saccade length). User performance was evaluated with
a statistical analysis of task correctness and completion time. Our study shows
that the design factors have a significant impact on user task performance. Also,
we were able to identify typical reading strategies like directly finding a path from
start to target location. Often, participants check the correctness of their result multiple times by moving back and forth between start and target. Our findings also
indicate that the choice of reading strategies does not depend on whether color or
gray-scale encoding is used.

We thank the German Research Foundation (DFG) for financial support within project B01 of SFB/Transregio 161.
The metro maps were provided by Robin Woods (Communicarta Ltd.).
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Figure 1. Metro maps for the city of Frankfurt with color (left) and gray-scale encoding (right). The eye
tracking scanpaths are shown for two different participants, one for each color encoding. The big green dot
indicates the start of the scanpath and the big blue one the end. The color for all fixations in between (smaller
circles) is interpolated between green and blue in order to encode temporal information. The scanpath in the
left image has a bimodality coefficient of bc = 0.59, and for the scanpath in the right image it is bc = 0.64.

Introduction
Metro maps, typically placed as a poster on station walls, are seen by millions of passengers
daily where the goal of these maps is to provide a rapid overview of the public transport system.
Not only is that overview important, so too is the relationship between the individual lines, stations
and interchange points. Schematic maps are designed to represent the transportation system by
preserving the topological aspects. The distortion of areas where many stations are located close
together, such as in a city center, is allowable and in many cases the direct effect of the topologyoriented map design.
The visualization of maps and routings has a long tradition. One of the first and oldest
schematic maps is the Tabula Peutingeriana, which is inspired by the Roman world map that originated in the 4th century. Growing cities and the appearance of railways brought about an increasing
need for public transport maps and in 1874 saw one of the first maps to discard almost all surface
topography (Ovenden, 2005). The maps were further improved by distorting the actual geographic
distances. In 1932, Henry Charles Beck introduced a ground-breaking design, exemplified by the
London Underground schematic map, becoming the pioneer style for metro maps, of which many,
to this day contain his original ideas.
Many factors play crucial roles in effective metro map design, such as their color codings,
display of the stations, labeling (Wagner, Wolff, Kapoor, & Strijk, 2001), and last but not least
additional information like places where sightseeing attractions are located and how they can be
reached. Despite many established design guidelines, there is no universally accepted standardization for metro map design.
To adapt metro maps to the needs of travelers and to improve the design of metro maps,
designers and researchers are interested in how people read maps and how they solve given tasks,
i.e., how they analyze the graphical map visually. In this context, eye tracking provides an excellent
means for observing and measuring how maps are read.
In this paper, we report on a controlled laboratory experiment with eye tracking and 40 participants. Their task was to find a route from a highlighted start station to a highlighted destination
station in metro maps. We used 24 different metro maps of big cities from around the world. To
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achieve similar characteristics among the map stimuli and to easily compare the recorded eye movement data, we used maps all designed in the same style, as provided by the company Communicarta
Ltd. (http://www.communicarta.com). Map complexity, color coding, and task difficulty (number
of minimally needed interchange points) served as independent variables in the study.
The user study data was statistically evaluated with respect to the measured response times,
error rates, fixation durations, and saccades. Furthermore, the eye movements were annotated and
also statistically evaluated. Our study shows that color plays a crucial role in improving task performance. However, color coding had no impact on the choice of reading strategy: we were able to
find and quantify similar patterns for color and gray-scale metro maps. Moreover, we could identify
several reading strategies such as a direct approach reading from start to destination and vice versa,
and multiple reading cycles mostly used to confirm the result.

Related Work
The term metro map is used to describe schematic maps of the kind epitomized by Henry
Charles Beck (Garland, 1994). Commentators and historians debate about who the real “father”
of the metro map really is. Some suggest that Beck was himself influenced by George Dow, who
designed, among other works, a carriage diagram for the London & North Eastern Railway company
(LNER). In Andrew Dow’s book “Telling the Passenger Where to Get Off” (Dow, 2005), there is
a fascinating look at the evolution of diagrammatic railway maps and the work of someone who,
although nowhere near as famous as Beck, made a number of pioneering designs preceding Beck.
Although we have adopted to use the term metro map, we could refer to the maps as transport
maps since the ones used in this eye tracking study are not only pure metro, they are a combination
of a variety of transport modes. Having said that, some commentators and aficionado’s would argue
that they are not even maps at all and should be referred to as diagrams (Horne, 2012). Indeed, the
London Underground map has been known, at different times during its history, to refer to itself
exactly as a diagram of lines. In any case, it no longer portrays purely a metro system either now.
The most recent editions include suburban surface rail (the so-called London Overground), light rail
(Docklands), and even a cable car (so-called Emirates Air Line) across the Thames river. In this
paper, we stick to the commonly used term metro map to include the above aspects.
For a detailed analysis of our user study, it is not sufficient to restrict ourselves to measuring
traditional task performance. In addition, we use eye tracking to collect information about reading
behavior.
In general, eye tracking has become increasingly important for research in spatial and geographic information science. The application of eye tracking includes the evaluation of user attention (Kiefer, Giannopoulos, Kremer, Schlieder, & Raubal, 2014), the influence on the readability of
maps (Brychtova & Çöltekin, 2014) as well as distinguishing ambient and focal attention (Krejtz,
Duchowski, & Çöltekin, 2014). Eye tracking can be used as basis for a support system (Kiefer,
Giannopoulos, & Raubal, 2014) and also in order to support the evaluation of spatio-temporal information change (Ooms et al., 2014). Furthermore, it is used in order to study the visual interaction
strategies of users while using highly interactive interfaces (Çöltekin, Fabrikant, & Lacayo, 2010).
However, none of these papers deals with the issue of how we read metro maps.
The task in this study can be described as a typical path search task. Therefore, there is some
relationship to previous empirical studies in information visualization that investigate path searching
in visual stimuli. In particular, node-link diagrams of graphs (networks) and tree (hierarchies) are
loosely related to the visualization by metro maps. Huang et al. (2009) discovered a geodesic-path
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tendency for a similar task in graph visualizations. Our evaluation also contains findings considering
this tendency for the reading behavior of metro maps. Netzel et al. (2014) investigated—in a spatiotemporal context—the influence of different trajectory visualizations on search tasks. The authors
evaluated average saccade lengths, fixation duration, and task performance statistically to describe
the differences between the visualizations. Burch et al. (2011) evaluated the differences between
different node-link tree layouts with an eye tracking study to explain diverging completion times
between the layouts. The authors measured response times and error rates as standard dependent
variables, but they also recorded eye movements that were later analyzed for visual task solution
strategies (Burch et al., 2013). Again, none of these studies considered metro maps. Although
loosely related, metro maps come with many differences in the visual design and the exact tasks of
these compared to other visualizations. For maps in general design aspects like font size and label
or symbol placement are important in order to make the map more appealing to the reader. Whereas,
e.g., a graph visualizations aims to highlight inherent important structures.
The above user studies mainly focused on the evaluation of standard metrics for their specific
research question. If strategies were investigated, this was usually performed qualitatively. We also
provide the evaluation of appropriate standard metrics for the route finding task in our case, however,
we also go a step further by quantifying the individual differences between different participants’
strategies, which leads to a much more detailed understanding of reading strategies.
The study of this paper builds on a preliminary study (Burch, Kurzhals, & Weiskopf, 2014;
Burch, Raschke, Blascheck, Kurzhals, & Weiskopf, 2014). In this previous work, we presented
metro maps from different web sources to 8 participants and performed a qualitative visual analysis
of gaze plots to identify different strategies for the route finding task. Although that work provided
valuable first insights into how people read metro maps, no quantitative and robust evaluation of the
extracted findings could be performed. With our new and much extended user study, we provide
an elaborated study design based on the findings and experience gained from our preliminary work
and the cooperation with a professional designer of metro maps.
Considering the evaluation of visual search strategies, approaches comparable to ours are
based on string comparisons. These strings usually describe a participant’s scanpath by sequential visits of areas of interest on a visual stimulus where each area is represented by a label. For
the evaluation, statistical approaches to identify the longest common subsequence (e.g., Yesilada
et al. (2013)) or sequential pattern mining (e.g., Hejmady et al. (2012)) can be applied. For this
approach, only a small number of areas is defined, to keep the number of possible label low. However, in the evaluation of metro maps, the definition of areas of interest would require annotating
all stations and lines individually. This approach would result in a large number of areas, which
usually leads to very divergent string representations. Also, due to the visual span of a participant,
the dense parallel lines cause an uncertainty about which of them was actually investigated. This
uncertainty impairs the evaluation of strategies. We overcome this issue by abstracting the data on a
higher level, which is described in more detail in the section about the results regarding the reading
strategies. With this approach, we create comparable strings that are less dependent on the spatial
precision of measured gaze positions.

Hypotheses and Research Questions
Our overarching goal is to understand reading strategies for metro maps. We break this down
into individual hypotheses that are tractable by a controlled eye tracking study. In particular, we have
access to the following study data that can be collected as dependent variables: response times, error
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rates, and eye movements. Since eye movements per se can not be treated as dependent variable,
we used particular characteristics of them (fixation duration and saccade length) in order to measure
the performance on reading maps.
As independent variables, we consider map complexity level, task difficulty level, and
whether we use color or gray-scale encoding. By varying these independent variables, we want
to ideally elicit different reading behaviors to investigate reading strategies.
Now, let us detail the hypotheses. These are split into three groups, corresponding to the type
of dependent variable used. Hypotheses 1 to 3 are related to task performance:
H1: Participants are faster and more accurate in color metro maps than in gray-scale maps, because
individual lines can be distinguished more easily when shown in color.
H2: With increasing complexity, the response time will increase.
H3: If the map complexity is low, the difference in terms of response times and error rates between
colored and gray-scale maps is small (as opposed to the case of maps of high complexity),
because the chance of misinterpretations will be smaller for low complexity.
The following hypotheses focus on eye-tracking metrics:
H4: In color-coded metro maps, the saccades will be longer and the fixation durations will be
shorter than in gray-scale maps. The colored lines will help the participants identify a desired
line faster (i.e., with lower fixation duration) even if the participants will cover a long distance
with eye movements (i.e., longer saccade length).
H5: With increasing map complexity, the saccades will be shorter and the fixation durations will
be longer. For high map complexity, a participant will need more time to identify a line (i.e.,
longer fixation duration), due to a more densely filled map. For the same reason, the distance
a participant will cover with one eye movement will be shorter (i.e., shorter saccade length),
since the participants do not want to “lose” the line they are following.
Hypotheses 6 and 7 are related to the visual strategies:
H6: There will be distinguishable reading strategies that can be separated clearly.
H7: There are three main visual task solution strategies: (1) find a route directly from a start to
an end location, (2) go from start to end and backwards verifying the result, (3) use multiple
repetitions of going back and forth.
The hypotheses are also motivated by the suggestions of our cooperation partner Communicarta Ltd. A commercial aspect here would be, whether it is worth printing and selling gray-scale
pocket maps instead of more expensive colored ones. But this depends heavily on how good the
performance with gray-scale maps really is.
The extraction of used strategies could also be of use for design feedback. If strategies show
that participants have problems using the map it could be redesigned.

Material and Methods
We conducted an eye-tracking study with 40 participants to investigate the readability of
metro maps. The goal of the study was to understand which visual scanning strategies people apply
to solve a route finding task.

READING STRATEGIES FOR METRO MAPS

6

Table 1: Abbreviations for the transfer groups and map complexities.

U0
U1
U2

No transfer needed
At least one transfer needed
At least two transfers needed

C1
C2
C3

Low map complexity
Medium map complexity
High map complexity

Study Design
We used a repeated-measures study design in a mixed within-/between-subjects style. The
independent variables of interest are: complexity, transfer group, and color coding of the metro
maps.
Complexity: We categorized 24 preselected metro maps of different cities from around the world
into three different complexity classes: 8 small ones (C1), 8 medium-complex ones (C2),
and 8 highly complex ones (C3), which were categorized by inspecting the number of lines,
stations, and interchange points. The individual complexity values ranged in C1 form 71 to
121, in C2 from 122 to 150, and in C3 from 151 to 314. The maps are chosen in a way that
the range of each group is sampled equally.
Transfer group: With this factor we control the task difficulty levels. The Transfer group describes the minimum number of changes that are needed to get from a start to a destination
station. Such station pairs were defined for each map. For each map complexity this results
in two maps were participants did not have to change lines at all (U0), three maps were they
had to change at least once (U1), and three maps were they had to change at least twice (U2).
Color coding: Color is used in metro maps as a visual feature to support the participant in route
finding tasks. We varied between color-coded maps and those only showing gray-scale.
In our study design, we randomly mapped participants to one of two participant groups. Both
worked with different metro map stimuli (due to learning effects). In each group, we apply a withinsubjects study design. The participants were supposed to solve the task for 48 stimuli, which were
divided into two blocks, each containing 24 stimuli. One block contained color-coded maps and
the other one a gray-scale version of the same maps. For each stimulus we assigned a unique set
of start and destination stations. The first group solved the tasks in the described manner. For the
second group, the order of color-coded vs. gray-scale stimuli was swapped to compensate for order
effects; here, the start and destination stayed the same for each stimulus. The stimuli were presented
in a blocked manner and not in a random order to avoid that participants were confronted with a
frequently changing color encoding, which could affect the performance.
We asked people to find a route from a start station to a target station. We intentionally did
not restrict their search behavior by asking, e.g., for the shortest route. The task here was strongly
motivated by real world scenarios, e.g., being in an unknown city and finding a route from a current
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(b) Destination

Figure 2. The start and destination markings. A green hand indicates the start station (a). A red dartboard
shows the destination station (b).

location to a destination. Here, no one would tell a person to find the shortest path or the route with
a minimal number of transfers. In this way the results are more natural instead of forced by applying
mentally a predefined metric, while solving the task. To avoid scanning the map to search for the
start and target stations, we highlighted them by a green hand and a red dartboard (Figure 2). While
searching for a route between start and target stations, participants had to inform the experimenter
about the number of line changes.
Stimuli
The high-quality standardized metro maps that we used in this study were provided by our
cooperation partner Communicarta Ltd., a well established company with more than 25 years of experience in creating, designing, and researching public transport information and metro maps. The
maps were scaled down in order to achieve a height of 1200 pixels—the maximum vertical resolution of our display. The horizontal resolution was on average 1605 pixels (minimum of 871 pixels
and maximum of 1894 pixels).
All maps used in this study share the same style to make them comparable and to avoid a
possible influence of the layout on the reading behavior. The style has several specific characteristics
that can be described as follows:
Lines: Typically, they are shown as color-coded lines. Each line is attached to a unique number or
letter that is placed at both end stations shown in Figure 3(a).
Stations: Figure 3(b) depicts different examples of stations. They are indicated by a small arrow
head connected to the corresponding line or as white filled circles surrounded by a black circle
(in case of an interchange point). The names of the stations are placed next to the arrow heads
or circles always written in horizontal orientation. If the mode of transport only runs in one
direction, this is indicated by a white arrow pointing into the direction.
Interchange points: A certain number of lines are crossing an interchange point. This is indicated
by a white filled circle with a black surrounding circle placed on top of the line at the corresponding position of the station. At an interchange point, all lines can be traveled which are
attached by white circles and a connecting white line. If this line is only a black one, travelers
have to walk about 20 to 75 meters. At an interchange point where the mode of transport only
stops in one direction, there is a white arrow on top of the corresponding line. Interchange
points are illustrated in Figure 3(c).
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(b) Stations

(c) Interchange points

(d) End stations

Figure 3. Characteristics of the layout style used for the generation of the metro maps used in this study.

End stations: The names of the end stations are indicated by a rectangle in the same color of the
line. If there is an interchange point, the rectangle is black or divided into a black and colored
rectangle. Examples are shown in Figure 3(d).
Since we compare color-coded and gray-scale metro maps in this study, we also transformed each
map into a corresponding gray-scale map using Adobe Photoshop. This is exemplified in Figure 1
for two maps of the same city but with different color encodings.
We used metro maps from major cities all over the world, since we wanted to perform a reallife study using real maps, therefore, we have not used artificially created maps. All of the maps are
independently designed, none are the official version used in the public transport of the cities. Even
if participants had been to the city and used the transport system it is unlikely they would have used
the maps used in this study.
Pilot Study
Before running the actual eye-tracking study, we conducted a pilot study with 5 participants
(three males and two females). This procedure helped us find possible design flaws in the study
and check how long it took a participant to answer all tasks. None of the participants had any
prior knowledge in the fields of geographics information science or visualization nor did they have
any knowledge in eye-tracking research. Since no problems occurred during the pilot study and
the study time was within the time limits, we decided to use the same study design for the full
experiment as in the pilot study.
Environmental Conditions and Technical Setup
The eye-tracking experiment was conducted in our institute’s laboratory isolated from outside distractions. The room was artificially illuminated. Only a minimum number of objects was
contained inside. Participants were asked to switch off their mobile phones to reduce possible distractions during the experiment. Apart from the study subject, one experimenter was in the room.
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The eye movements were recorded by a Tobii T60 XL eye-tracking system with a TFT screen
resolution of 1920 × 1200 pixels. Participants sat in front of the display at a distance of about 60
cm, given by the calibration function of the eye-tracking system. In order to extract fixations from
the raw data, we used the fixation filter provided by Tobii Studio. The algorithm implements a
velocity-threshold identification (I-VT) filter that detects quick changes in the gaze position using
a sliding-window averaging method. We used the standard Tobii fixation filter parameters for this
algorithm: a velocity threshold of 35 pixels and a distance threshold of 35 pixels.
The T60 XL eye tracker recorded the fixation positions of each participant with a sampling
rate of 60 Hz. For the eye-tracking device, the software Tobii Studio 2.2.8 was used, which can
generate heatmap and gaze plot visualizations from the recorded eye movement data. However,
these simple visualization techniques are not sufficient to fully analyze eye movement data recorded
during this metro map study. Therefore, additional analysis methods were used, as described later
in this paper.
Participants
Forty subjects have been examined (23 males and 17 females) aged between 18 and 39 years
(mean = 25.3 ±13). Since, we discarded participants due to a low quality of recorded eye-tracking
data, we recruited additional participants to achieve a balanced study design with valid data from
40 participants. Out of all participants 24 were students, i.e., 14 of computer science or software
engineering, while the others came from scientific or technical fields. 15 participants were manufacturers, came from commercial fields, from landscape architecture, or from the field of music.
Eight of the participants had prior knowledge in the field of visualization and all of them worked at
least 20 hours per week with the computer. All people had normal or corrected-to-normal vision and
good color vision. 17 participants wore glasses or contact lenses. Each participant was compensated
with 10 C. A session lasted on average 54 minutes. The fastest participant took 40 minutes, the
slowest 85 minutes.
To guarantee that the procedure was identical for each participant, we gave them some sheets
with instructions to read before starting the actual study.
Consent form: The consent form explained what participants would have to expect during the
study and that they were allowed to pause or stop the study at any time they liked to. Moreover, we explained that the recorded data was treated anonymously.
Questionnaire: Participants had to fill out a questionnaire to reduce and control the number of
possible confounding variables in the study, e.g., gender, age, handedness, native language,
use of seeing aids, working times with the computer, education, etc.
Visual acuity tests: We used a Snellen chart and an Ishihara test to check if people had appropriate
visual acuity and color vision.
Tutorial: The general procedure of the study was explained in a written tutorial. After participants
had read the tutorial, we asked them test questions by showing them a metro map with the
same characteristics as those used in the study (the maps from the practice run-through were
not used again in the real study). We explained again all symbols in the map and allowed
participants to ask questions. A practice run-through helped us to see if people understood
the tasks and the maps. Moreover, they got familiar with the eye-tracking device.
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Figure 4. The average difference between the minimal needed number of transfers and the number of
transfers users needed to solve a task for the color encoding. (a) shows the results for the complexity and (b)
for the transfer group. Error bars show the standard error of the means (SEM).
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Figure 5. The average completion time for each complexity (a) and transfer group (b) with respect to the
color encoding. Error bars show the standard error of the means (SEM).

Task instructions: Before starting, we gave the participants brief instructions about the task to be
solved. In this stage, participants could again ask questions about the study and the task.

After the introduction phase the participants were assigned to a group and we ran the study:
First a white screen was shown. By pressing the “space” key, start and target stations were
highlighted (by green hand and red dartboard). After one second, the task was automatically started
by displaying the corresponding stimulus. The participant started solving the route finding task and
told the experimenter about the number of interchange points. With a mouse click, the task was
finished and a white screen was shown again as in the beginning. Another pressing of the “space”
key initiated another round, i.e., the next stimulus was shown.
During the experiment, the experimenter recorded the number of interchange points in a
separate list. Before starting the next block, the eye-tracking system needed to be recalibrated.
After the first block was done, we encouraged a short break before starting with the next block.
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Statistical Analysis
For the statistical analysis, we applied a repeated-measures one-way ANOVA, if the tests for
normal distribution and homogeneity of variance were successful. In order to check these conditions
we used the Shapiro Wilk test to confirm a normal distribution and the Bartlett test to check the
homogeneity of variance. In the case that the requirements for a ANOVA were not fulfilled, a nonparametric Friedman test was used instead as a significance test. We did not include any other model
assumption into our analysis, besides a normal distribution for the ANOVA because we wanted to
avoid imposing any, possibly inaccurate, models that could lead to false conclusions.
The results of the ANOVA will be presented in the form F(a, b) = c, where a stands for
the degrees of freedom (DoF), b for the residuals, and c for the calculated F value. In case of a
Friedman test, the results are presented in the form χ 2 (a) = c. Regardless which test was used,
the corresponding p-value is given by p and the Holm-Bonferroni (Holm, 1979) method is used in
order to compensate issues caused by multiple comparisons.
In case of an ANOVA, the post-hoc analyses were conducted with pairwise t-tests and in case
of a non-parametric Friedman test we used a Wilcoxon signed rank test.
Additionally, we applied a clustering for the analysis of reading strategies. This will be
described in more detail in the section about the results regarding the strategies.
We report the saccade length in pixels, since the head of the participants was not fixated
during the long-lasting experiment (to achieve a more comfortable test environment). Therefore,
the distance to the screen was not constant, resulting in a slightly varying visual angle for a constant
distance on screen. However, head motion was small; 1◦ of visual angle corresponds in our set up
to approximately 35 pixels.

Results: Task Performance
This section presents the results regarding task performance. We performed a statistical analysis regarding the following dependent variables: correctness and completion time.
Correctness: Due to ambiguities of correct solutions for every task, we cannot calculate and
interpret correctness in a conventional way. Instead, we have determined the minimum number of
transfers necessary per task in order to solve it and used the differences to the participants’ answers
as an indirect measure of the error.
With an average in difference of 0.52, colored metro maps achieved a better correctness
(smaller error) than gray-scale maps with an average difference of 0.59. Here, the statistical test
indicates no significant result between these two groups. However, if we have a closer look at the
different transfer groups (task difficulty) and complexities, the tests indicate significance for both:
transfer groups (χ 2 (2) = 45.09; p < 0.001) and complexities (χ 2 (2) = 27.33; p < 0.001). The posthoc analysis shows that there are major differences between transfer groups U0-U2 and also U1-U2
with p < 0.001. In terms of complexity, there is a significance between C1-C3 with p < 0.001.
Figures 4(a) and 4(b) support this outcome. Considering the complexity (Figure 4(a)), the
error behaves as expected: with increasing complexity the error increases. Also, using color maps
leads to smaller errors than using gray-scale maps for each complexity.
For the transfer groups (Figure 4(b)), it is the opposite: increasing the number of minimal
needed transfers leads to smaller errors. This indicates that users tend to choose longer ways or that
they are simply not able to identify routes with fewer transfers.
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Completion Time: Colored maps achieved here an average completion time of 20.80 s,
which is better than the average time of the gray-scale maps of 25.71 s. According to the statistical test, this is a significant result (F(1, 39) = 36.23; p < 0.001). If we examine the different
complexities and transfer groups more closely, statistical tests indicate a significance for both: map
complexity (F(2, 78) = 95.21; p < 0.001) and transfer groups (F(2, 78) = 157.20; p < 0.001). The
corresponding bar charts are depicted in Figures 5(a) and 5(b). These charts indicate that there
could be statistical significant differences, which we could confirm with a post-hoc analysis: there
are significant differences between C1-C2 (p = 0.004), C2-C3 (p < 0.001), U0-U1, and U0-U2
with p < 0.001.
For the transfer groups, the completion time behaves as expected: the more transfers are
needed, the longer the completion time. Comparing the error (Figure 4(b)) and the time (Figure 5(b)), we can also identify a correlation: the answer will be more accurate if the user takes
longer to solve the task. In other words, the longer a user is looking for a route, the lower the number of transfers will be. A test for correlation (value 0.26) and covariance (value 4.14) also indicate
a positive linear relationship.
Our results show that on average the response time for color maps is lower compared to that
of gray-scale maps. Considering the map complexity and the task difficulty, we were also able
to verify differences, which are illustrated in Figures 5(a) and 5(b). Here, we can see that color
always achieved a lower response time. Regarding the solution error that we defined as the absolute
difference of transfers between the correct solution and the user’s answer, colored maps achieved
better results. This is depicted in Figures 4(a) and 4(b). Therefore, we can confirm hypothesis H1,
which is supported by our statistical analysis.
An interesting aspect here is that the completion time first rises and then falls again, regarding
the increasing complexity (Figure 5(a)). At the same time the error rate is constantly increasing
(Figure 4(a)). Having a closer look at the task difficulty, we can see that the response time increases
with the difficulty (Figure 5(b)), and at the same time the error decreases (Figure 4(b)). Overall,
this means that the user tends to select routes that are inefficient but that can be identified with ease,
and that they tend to select routes with more transfers in between than necessary. Hence, we cannot
fully confirm hypothesis H2.
The results also show that we cannot confirm H3. In fact, the opposite effect occurs: for
low complexities, the difference in response time and the error rates is larger or equal compared to
higher complexities (see Figures 4(a) and 4(b)).

Results: Eye Tracking
We now present a statistical evaluation of data obtained by eye tracking. We performed the
analysis on common eye-tracking metrics, namely the average saccade length and the average fixation duration. Using such kinds of metrics, we are able to interpret the performance and influence
of different key aspects in more detail. Previously, these metrics and a possible interpretation of
them were used by Netzel et al. (2014) in order to evaluate the performance of different kinds of
directional links for the visualization of trajectories. We chose their interpretation, since one of their
tasks is to follow a path of a trajectory, which is very similar to our task. Their interpretation can be
summarized as followed:
The average saccade length can be used to categorize the eye movement. Larger values
indicate a more explorative eye movement. Smaller values could correspond to increasing task
difficulty, when information needs to be collected for the enrichment of the cognitive processes.
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Figure 6. Average saccade length (y-axis) and average fixation duration (x-axis) for the color encodings.
Error bars show the standard error of the means (SEM) for the eye tracking data.

The average fixation duration was used as an indicator for the cognitive processing depth. High
values mean typically that a participant investigated an area more carefully, since the task has demanded it or due to a high degree of complexity. Lower values, occurring in a restricted area in
combination with a small average saccade length, could be an indicator for stress.
This is in accordance with Holmqvist et al. (2011), who provide a detailed discussion of these
and other eye-tracking metrics.
Nevertheless, perceptual and cognitive processes are by nature highly complex and therefore
the interpretation of eye-tracking metrics should be used with caution. However, these metrics add
a useful view on our user study.
Color Coding: Figure 6 shows that colored maps achieved an average saccade length of
178.18 pixels and an average fixation duration of 347.28 ms, whereas the average values of grayscale are 153.86 pixels and 373.68 ms. Statistical tests indicate a significance for both the average
saccade length (F(1, 39) = 158.8; p < 0.001) and fixation duration (F(1, 39) = 37.62; p < 0.001).
Therefore colored maps outperform gray-scale maps with respect to our interpretation of desired
saccade and fixation values. This is in accordance with our expectations: participants use more
explorative eye movement (larger saccade length) and can identify relevant information—here the
different lines—more easily while using colored maps.
Map Complexity: The map complexity has also a significant influence on the performance.
The test reveals here significance for both average saccade length (F(2, 78) = 47.98; p < 0.001) and
fixation duration (F(2, 78) = 54.91; p < 0.001). C1 achieved the averages values of 180.11 pixels
and 338.94 ms, C2 values of 160.21 pixels and 363.62 ms, and C3 in average 157.78 pixels and
378.83 ms. The post-hoc analysis shows again that there are differences between the complexities
for both the saccade length and fixation duration: namely C1-C2 (p < 0.001) and C1-C3 (p <
0.001). Therefore, C1 achieved the best results, followed by C2 and C3. Figure 7(a) depicts a
decomposed view of the complexity into the color codings. The effects are visible here for both the
colored and gray-scale maps.
Transfer Groups: The statistical test for the transfer groups also shows significant results for
the average saccade length (F(2, 78) = 165.80; p < 0.001) and fixation duration (F(2, 78) = 77.36;
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Figure 7. Average saccade length (y-axis) and average fixation duration (x-axis) for the color encodings
with respect to the complexity (a) and the transfer groups (b). Error bars show the standard error of the means
(SEM) for the eye tracking data.

p < 0.001). U0 achieved an average saccade length of 189.35 pixels and an average a fixation duration of 346.13 ms. U2 reached 155.59 pixels and 349.58 ms, and C1 had in average 157.14 pixels
and 385.28 ms. The post-hoc pairwise comparisons show significance for saccade length between
U0-U1 and U0-U2 with p < 0.001 and also for the fixation duration between U0-U1 and U1-U2
with p < 0.001. Since we consider a large average saccade length and small fixation duration as
good, U0 achieved the best result followed by U2 and U1. The described facts are also visible in
Figure 7(b). The different transfer groups are here separated into the different color encodings.
These results indicate that we can directly confirm H4 by inspecting Figure 6. Here, we can
clearly see the separation between colored and gray-scale maps and that colored maps outperformed
the gray-scale maps with a long average saccade length and a short fixation duration. A closer look
at the complexities and the transfer groups reveals here for both a distinct pattern replicated in the
lower right and top left area. The separation into the different complexities in Figure 7(a) shows
that the replicated pattern results in three clusters: at the top left a color map cluster, bottom right
a gray-scale map cluster, and a mixture in the central area. This is also the case for the different
transfer groups in Figure 7(b). At this point we can also confirm H5, since the average fixation
duration is in fact increasing and the average saccade length is decreasing with rising complexity.
This is valid for colored and gray-scale maps.
We would like to mention that the accuracy of the Tobii T60XL lies between 0.1 and 0.9
degrees. In our case, this would be a maximum error of about 35 pixels, depending on the exact experimental conditions (such as illumination or distance of eye to screen). The applied fixation filter
is looking at a number of subsequent raw gaze points, reducing the accuracy problem. Furthermore,
we do not compare individual gaze measurements directly. Instead, the data from the eye-tracking
metric goes into a statistical analysis. Since we can assume that there is no systematic error of the
eye-tracking device (systematic in the sense of distinguishing between the stimuli), the device inaccuracy just adds variability to our statistical measurements. Whenever there is significance reported
by the statistical test, the underlying effects are distinct and not affected by the device inaccuracy.
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(a) Example scanpath cluster 0

(d) Distance plot of (a) (bc = 0.62)

(b) Example scanpath cluster 1

(e) Distance plot of (b) (bc = 0.52)

(c) Example scanpath cluster 2

(f) Distance plot of (c) (bc = 0.51)

Figure 8. Three scanpaths are depicted in (a), (b) and (c) that are close to their individual cluster centers of
clustering group P1. The big green dot indicates the start of the scanpath and the big blue one the end. The
color for all fixations in between (smaller circles) is interpolated between green and blue in order to encode
temporal information. In (d), (e) and (f) the associated projected geodetic distance plots are shown together
with their bimodality coefficient bc. The x-axis corresponds to time and the y-axis to the distance to the start
location. Time and distance values are normalized to a range of [0,1]. Horizontal blue lines indicate a fixation
and vertical lines a saccade.

Results: Reading Strategies
For the analysis of the reading strategies, we manually annotated 39, 404 fixations of one of
the two groups of the user study. We assigned a label for each fixation that characterizes the action
a participant was most likely performing. We are well aware of the fact that subjects also include
information obtained through their peripheral vision in order to determine their next action, but
a subsequent annotation including possible information from peripheral vision is difficult without
any further recorded information during the experiment. A think-aloud study where the participant
comments all actions could be of help, but this would also be a distraction while solving the task.
Since the design of our study and the task requires a close tracing of paths, foveal information can
be assumed to be the driving aspect here. Therefore, we base our study on analyzing the foveal
information gathered by the eye-tracking device.
For the annotation, we used the scanpath oriented method for the annotations of fixations proposed by Netzel et al. (2016). The main idea here is to cope with labeling ambiguities by utilizing a
sub-scanpath. The center of this sub-scanpath is the fixation that is currently being labeled. Previous
and subsequent fixations of the center fixation show the annotator what the participant was doing
right before and after the current fixation. Thus, providing additional insight into the behavior of
the participant, which is used to improve the label selection process. The labeling ambiguities arise
in this study due to the nature of the stimuli, which contain a large number of small, overlapping, or
close-by objects or areas of interest (AOIs).
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Figure 9. Boxplots of the four factors color coding, complexity, transfer group, and clustering group with
respect to the bimodal coefficient. The red cross marks the mean value while the black bar indicates the
median. The notches at the sides of each box show the confidence intervals.

An automatic annotation of fixations that covers certain AOIs is not possible, since the recording
error of the eye-tracking device is of the same magnitude as the size of the AOIs. Therefore, it
is possible that despite the fact that a participant is looking at a specific AOI, a fixation could be
recorded outside of it, which would wrongly mean that a subject was not looking at the AOI. For this
reasons we performed a manual annotation compensating for recoding errors and utilize the subscanpath to assign a semantic label. Nevertheless, an automatic annotation is possible to a certain
degree, e.g., Kiefer et al. (2012) proposed an approach that maps fixation sequences to a sequence
of feature vectors of a geographic vector map.
We took into account the two previous and two subsequent fixations in order to assign an
appropriate label to the center fixation from a more global perspective instead of a local perspective
by considering only the center fixation. This mimics to a certain degree the peripheral information
that led to an action. This includes saccade information indirectly—through the previous and subsequent fixations. We defined 12 labels that cover four areas: path following, large jumps, line transfer
and start/end locations. A detailed description of the labels is given in Table 2. The semantics of
the annotation often implies information about saccades; here, the saccade information is associated
with the fixation that follows this saccade. As an example, the label “J” is associated with a fixation
on an object of the map, following a “jump” (saccade) from a different area. Or, the label “F” is
used when a saccade led from a previous fixation on a line to the current fixation along the same
line. For the annotation, we took into account the inaccuracy of the eye tracking and the size of
the screen area covered by the fovea (approximately a visual angle of two degrees) by considering
lines that were in that uncertainty range. The software that was used for the annotation displayed a
fixation as a circle with a radius of one degree of visual angle taking into account the known setup
parameters (distance to screen and resolution). The annotation was performed by one person to
ensure a constant quality of the annotation.
We used the labels of the annotation to compute normalized transition matrices for each scanpath: 2D for two and 3D for three subsequent fixations. From the 2D matrices, we could identify
a trend for the most commonly used transitions. The most frequent transition was from “path following” to “path following” (10.5%), followed by “path following” and “transfering” (8.3%) or the
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Table 2: Description of annotation labels.

J
NJ
JD

JF

Jump – the participant directed the visual attention to a different area, starting
a new action there that did not follow-up from the previous fixation
Nothing/Jump – combination of J and N
Jumping in Direction – the participant was trying to follow a line, but here
fixated a position away from the line; the previous and subsequent fixations
were on the line, though
Jump/Follow – the participant was following a line, even after skipping a large
distance

F
T
FTR
FTU

Follow – the participant was following a line
Transfer – the participant was changing the line
Follow/Transfer – combination of F and T
Follow/Turn – the participant was following a line and changed direction

N

Nothing – the participant was looking at an area that could not be associated
with any object of the map
Start – the participant was looking at the start location
End – the participant was looking at the destination
Marks the start and the end of the eye tracking trajectory

S
E
FILA

opposite (8.2%). Considering the jump labels, the most frequent pairs are the transitions of “looking
at a blank space” and “jumping back to look at lines” (7.7%), followed by “jumping” and “jumping”
(6.2%) and also from “jumping” to “path following” (5.6%). Note that we only state transition pairs
that appear with a frequency of more then 5%.
To identify possible reading strategies we used two different approaches. The first one is a
clustering method and the second one utilizes an orthogonal projection of fixations of a scanpath
on a geodetic line between start and end location. Using the distance from the start location to the
projected fixations results in a geodetic distance plot. The distribution of the distances is now used
to calculate a bimodality coefficient, which we use for a quantification.
The projection was performed for every scanpath, which reduced the domain from 2D to 1D
and made it possible to compare different maps based on a shared property: the distance from the
start location.
Clustering: With a clustering approach, we wanted to automatically process scanpaths in
order to extract possible strategy classes. As input for the clustering, we calculated 3D transition
matrices for each scanpath and interpreted them as feature vectors of length 123 . The transition matrix contains the information about how often a transition of one label to another occurred based on
subsequent fixations of the scanpath. This means if two elements will be assigned to the same cluster
they should exhibit a similar transition fingerprint supposing they are close to each other in highdimensional space. One problem that we encountered was that the completion time (respectively
the scanpath length) influenced the clustering. The result was that long scanpaths were closer to the
cluster center than shorter ones. Nevertheless, we found similar behavior patterns qualitatively.
To reduce the influence of the scanpath length we aimed to improve the results of the clus-
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(a) Short scanpath

(c) Distance plot for (a) (bc = 0.37)
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(b) Long scanpath

(d) Distance plot for (b) (bc = 0.65)

Figure 10. Examples of short (a) and long (b) scanpaths. The big green dot indicates the start of the scanpath
and the big blue one the end. The color for all fixations in between (smaller circles) is interpolated between
green and blue in order to encode temporal information. In (c) and (d), the associated projected geodetic
distance plots are shown together with their bimodality coefficient bc. The x-axis corresponds to time and
the y-axis to the distance to the start location. Time and distance values are normalized to a range of [0,1].
Horizontal blue lines indicate fixations and vertical lines indicate saccades.

tering by reducing the deviation of the distance to centroids of the clusters to less than 0.05. We
achieved this by first calculating the average scanpath length of each stimulus and split the stimuli
in four parts from a short (P1) to a long average length (P4). Then, we applied a clustering for each
group. Performing the clustering on all the scanpaths lead to a standard deviation (sd) of 0.15 and
a mean distance (md) of 0.25. For P1 the values are sd = 0.05 and md = 0.23, P2 sd = 0.04 and
md = 0.18, P3 sd = 0.03 and md = 0.15, and for P4 sd = 0.03 and md = 0.13.
The result of the x-means clustering algorithm was for each group a cluster number of three.
Some examples of the predominant strategies in P1 are shown in Figure 8. The elements in the
other groups exhibit the same tendency but with longer scanpaths and more complex strategies. In
an extreme case, this results in several cycles of going back and forth between start and end location.
This is shown in Figure 10 together with the opposite extreme case where a route was found directly.
Statistical Inference: To obtain a characteristic value that describes the geodetic distance
plot, we calculated the bimodality coefficient (bc ∈ [0, 1]). A value of 5/9 stands for a uniform or
exponential distribution. An indicator for a bimodal or multimodal distribution is a value greater
than 5/9. The maximum value of 1.0 is only reached by a Bernoulli distribution or if there are only
two distinct values, e.g., the sum of two Dirac functions.
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For one scanpath the calculation of the bimodality coefficient is performed as followed: The fixations of the scanpath are projected on the geodetic straight line from the start to the end location.
Then the distance from the start location to each projected fixation is computed. This list of distances is used to calculate the coefficient.
The interesting question is now if this coefficient can be used in order to find significant
differences regarding different aspects. Therefore, we also conducted a statistical analysis of the
complexity (χ 2 (2) = 42.20; p < 0.001), transfer groups (χ 2 (2) = 23.40; p < 0.001), and clustering
groups (χ 2 (3) = 54.81; p < 0.001), which showed significant results. The test for the color encoding
did not show any significance.
The post-hoc tests also indicate differences between the subcategories. For the complexity,
there are C1-C2 (p = 0.008), C1-C3 (p < 0.001), and C2-C3 (p < 0.001). The transfer groups differ
in U0-U1 (p = 0.001), U0-U2 (p = 0.037), and U1-U2 (p = 0.025). The significant results for the
clustering groups are P1-P2 (p < 0.001), P1-P3 (p < 0.001), P1-P4 (p < 0.001), P2-P4 (p = 0.002),
and P3-P4 (p < 0.001). The corresponding boxplots are shown in Figure 9.
This means that the distributions, that the bimodality coefficients represent, change between
the different compared classes within a test. Therefore, the bimodality coefficients can be used for
quantification and comparison. As shown in Figures 8 and 10, the bimodality coefficients (bc) of
the distance plots vary if the strategy is changing. Similar values point to the usage of a similar
strategy, which is depicted in Figures 8(e) and 8(f).
Based on these outcomes, we can confirm hypothesis H6. The initial evaluation by using
a clustering upon 3D transition matrices (one for each scanpath) has different clusters that we at
first evaluated qualitatively. That indicates that there are different types of strategies that are clearly
separated.
In the next step, we performed a quantification by calculating the bimodality coefficient for
each scanpath. The results show (Figures 8 and 10) that different values of the coefficient indicate
different reading patterns. Also a statistical analysis based on the complexity, transfer groups and
clustering groups showed that there are significant results (Figure 9). In a qualitative way we could
identify the presents of three different solution strategies using the geodetic distance plots. Figures 8(e) and 8(f) show a verification of the result by going back and forth one or multiple times.
Figure 10(c) shows a direct approach without verification. The quantitative evaluation supports
these findings, since the bimodality coefficients are different and exhibit statistical significance.
Therefore, we can confirm hypothesis H7.

Discussion
When using colored metro maps, participants achieved better task performance with respect
to the response time and correctness, which confirms H1. We were only able to confirm H2 partially,
since the response time started to decrease while the complexity is increasing. However, the error is
increasing at the same time, which means that a route was found that is not optimal but that could
be found fast. It could be possible that the longer alternative route was running through less densely
populated areas and therefore stood out on the map.
H3 is the hypothesis that we have to reject, since the opposite effect occurred: the difference
of response time and correctness between colored and gray-scale maps is in fact reducing with
increasing complexity. This indicates that the use of color could at a certain complexity level no
longer be useful. This is also supported by the evaluation of the eye-tracking results. Here, we
can observe that increasing the complexity will lead to a reduced average saccade length and an
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increased fixation duration. This means that users tend to follow lines more closely and therefore
need more time to process regions at which they are looking, since they have to identify one line in
a dense populated region. We can confirm H4 and H5 in accordance with our results. In this study,
we had only three complexity levels, therefore it would be interesting to extend the research in order
to find the threshold where two tested color encodings perform equally well.
With the clustering that we applied to disjoint subsets of the 3D transition matrices of the
scanpaths, we were also able to find different high level behavior clusters within each subset. This
confirms H6. Using the proposed bimodality coefficient in a further analysis was our approach
toward quantification of reading strategies. Here, similar strategies achieved similar coefficients.
The evaluation also shows that there is no significant difference between the strategies that are used
in colored and gray-scale maps. This is exemplified in Figure 1. Both scanpaths are within clustering
group P3 and were assigned into cluster 0. The scanpath of the color image has a coefficient of 0.59
and the scanpath of the gray image 0.64. We find this result of our study very interesting: we do
not see any difference in the reading strategy for colored and gray-scale maps. One could have had
hypothesized that color could support longer saccades with different characteristics of “jumping”
through the image—but that could not be confirmed. The effect of independent factors on the choice
of reading strategy could be explored in more depth in a follow-up study. While color/gray-scale
did not have an effect, we hypothesize that there might be thresholds for the complexity at which
participants will change their strategy.
The bimodality coefficient allowed us to interpret how the attention of users was distributed
on geodetic lines. Therefore, we could identify different strategies. However, there are other coefficients that could be used to achieve a separation into different strategies. For example, a skewness
of saccadic amplitude distribution could be used (Holmqvist et al., 2011, chapter 10; page 315) or a
statistic analysis of transition matrices (Holmqvist et al., 2011, chapter 10; page 344). To this end, a
K coefficient was used by Krejtz et al. (2014) in an experiment comparing visual search behavior
for different geographic representations. This coefficient can be used to distinguish ambient and
focal attention, and also as an indicator for the change of cognitive load.
All these coefficients and metrics could be used in future research in order to identify behavior
patterns. This would lead to the topic of designing an appropriate feature vector, which is out of the
scope of this paper, but still it is a first step in this direction.

Conclusion
In this work, we have conducted an eye-tracking study that evaluated the reading behavior
and task performance of participants for metro maps. During the experiment the participants were
asked to find a way from a start location to a destination for every metro map that was shown to
them. The independent variables of this study were the map complexity, task difficulty, and type of
color coding.
In the first part, we have performed an evaluation of the task performance. To this end, we
have measured the response time and correctness and also utilized eye-tracking metrics, namely
average fixation duration and average saccade length. The major result here is that colored maps
outperform the gray-scale maps with respect to both response time and correctness. Also the eyetracking metrics indicate that colored maps are superior to gray-scale maps.
In the second part of the evaluation, which is our focal point, we performed an analysis of
the reading behavior. We used clustering of transition matrices as well as statistical inference on the
bimodality coefficient to detect different reading strategies. The major outcome of the analysis is
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that we could identify different strategies. There were differences with respect to the map complexity, task difficulty, and also different clustering groups. The available data indicated that the reading
strategies do not depend on the color coding—the same kind of strategies were used in both color
and gray-scale maps.
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Çöltekin, A., Fabrikant, S., & Lacayo, M. (2010). Exploring the efficiency of users’ visual analytics strategies based on sequence analysis of eye movement recordings. International Journal of Geographical
Information Science, 24(10), 1559-1575. doi: 10.1080/13658816.2010.511718
Dow, A. (2005). Telling the passenger where to get off: George Dow and the evolution of the railway
diagrammatic map. Capital Transport Publishing.
Garland, K. (1994). Mr. Beck’s underground map. In Capital Transport Publishing.
Hejmady, P., & Narayanan, N. H. (2012). Visual attention patterns during program debugging with an IDE.
In Proceedings of the Symposium on Eye Tracking Research and Applications (ETRA) (pp. 197–200).
Holm, S. (1979). A simple sequentially rejective multiple test procedure. Scandinavian Journal of Statistics,
6, 65–70.
Holmqvist, K., Nyström, M., Andersson, R., Dewhurst, R., Halszka, J., & van de Weijer, J. (2011). Eye
Tracking: A Comprehensive Guide to Methods and Measures. Oxford University Press.
Horne, M. A. C. (2012). Information design aspects of the London underground map. Retrieved from
http://www.metadyne.co.uk/UndMap.html
Huang, W., Eades, P., & Hong, S.-H. (2009). A graph reading behavior: Geodesic-path tendency.
In Proceedings of the IEEE Pacific Visualization Symposium (p. 137-144). doi: 10.1109/PACIFICVIS.2009.4906848
Kiefer, P., & Giannopoulos, I. (2012). Gaze map matching: Mapping eye tracking data to geographic vector
features. In Proceedings of the 20th international conference on advances in geographic information
systems (pp. 359–368).
Kiefer, P., Giannopoulos, I., Kremer, D., Schlieder, C., & Raubal, M. (2014). Starting to get bored: An
outdoor eye tracking study of tourists exploring a city panorama. In Proceedings of the Symposium on
Eye Tracking Research and Applications (ETRA) (pp. 315–318). doi: 10.1145/2578153.2578216
Kiefer, P., Giannopoulos, I., & Raubal, M. (2014). Using eye movements to recognize activities on cartographic maps. In Proceedings of the 21st ACM SIGSPATIAL International Conference on Advances in
Geographic Information Systems (pp. 488–491). doi: 10.1145/2525314.2525467
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