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Abstract. Open card sorting is the most widely used HCI technique for designing
user-centered Information Architectures (IAs). The method has a straightforward
data collection process, but data analysis can be challenging. Open card sorting
has been also criticized as an inherently content-centric technique that may lead
to unusable IAs when users are attempting tasks. This paper proposes a new vari-
ant of open card sorting, the Task-Based Open Card Sorting (TB-OCS), which
considers users’ tasks and simplifies data analysis. The proposed method involves
two phases. First, small groups of participants perform classic open card sort-
ing. Then, each participant performs findability tasks using each IA produced by
the rest participants of the same group and their first-click success is measured.
Analysis of the collected data involves simply calculating the first-click success
rate per participants’ IA and selecting the one with the highest value. We have
also developed a web-based software tool to facilitate the conduction of TB-OCS.
A within-subjects user testing study found that open card sorting produced IAs
that had significantly higher first-click success rates and perceived usability rat-
ings compared to the IAs produced by TB-OCS. However, this may be due to
parameters of the new method that require finetuning, thus further research is
required.

Keywords: Card Sorting · Information Architecture · IA · Task-Based Open
Card Sorting

1 Introduction

1.1 Card Sorting and Information Architecture

Card sorting is an established technique used to discover how participants might arrange
and organise information that makes sense to them [1]. Many studies in the literature
have used the method in a variety of contexts, such as exploring participants’ mental
models for mental wellness [2], programming [3], cybersecurity [4] and haptic devices
[5].Open card sorting has been also used to groupHCI design guidelines [6–8] or validate
HCI tools that support the design of interactive systems [9–11]. Card sorting is most
frequently employed, however, to assist in the creation or assessment of Information
Architectures (IAs) [1, 12, 13].
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The IA of an interactive system specifies how its content is structured and labeled
[13]. Open card sorting asks participants to organize a set of provided labels that describe
content items (the cards),written on paper or on any card sorting software tool, using their
own groupings and category names [1]. Other variants that have been proposed in the
literature include closed card sorting [1], hybrid card sorting [14] and modified Delphi
card sorting [15]. In a closed card sort, participants organize a set of provided cards into a
set of providednamedcategories. In a hybrid card sort, participants canplace the provided
cards into provided categories or make their own categories. In a Modified-Delphi card
sort, the first participant performs an open sort, and each subsequent participant modifies
it until consensus is reached.

1.2 Open Card Sorting

Open card sorting is the most widely-used variant to design or evaluate the IA of inter-
active systems [1, 16]. Previous research has explored various questions related to open
card sort data collection and analysis.

Research has shown that a sample size of 15 to 20 participants is enough for open
card sorts [17, 18]. Participants may complete an open card sort in anywhere between
20 and 60 min, depending on the number of cards [14]. There shouldn’t be less than 30
cards to sort since it can be difficult to establish groups, and there shouldn’t be more
than 100 cards because participants might become tired or lost [1]. For a large set of
cards, a sub-sample sorting approach has been proposed: if each participant sorts 60% of
the total set and there are 30–40 participants involved, then the obtained data are highly
similar to sorting done on the full set of cards [19]. Recent research provides support for
the validity and reliability of open card sorts [20–22], but has also found that the results
are significantly affected by participants’ characteristics, such as sense of direction and
self-efficacy [23, 24].

Studies [25, 26] have also compared manual card sorting with physical cards against
electronic card sorting using software. No differences have been found in the obtained
results. However, the participants’ time spent sorting cards using software was signif-
icantly longer than their time spent sorting cards physically, especially for those who
did not speak English as their first language [26]. Research [27] has also examined the
usability of software tools for card sorting. It was found that researchers and participants
preferred different card sorting tools. However, more current study is needed in this area
since new card sort tools, such the open source CardSorter [28], have appeared and most
tools in the existing study [27] are no longer supported or have substantially evolved.

There is a rather large body of research on analysis of open card sort data, which is
the most challenging part [29–31]. Various open card sort data analysis methods have
been proposed in the literature, including tabulations [1] and graph visualizations of the
data [32], factor analysis [33], general purpose clustering algorithms (e.g. hierarchical
clustering, k-means clustering, multidimensional scaling) [1, 12, 14, 16, 31, 34, 35] and
specialized algorithms developed for clustering open card sort data [29, 30, 36]. Righi
and colleagues [31] present best practices for card sort analysis. Spencer [1] argues
that both qualitative and quantitative analysis should be employed. Nawaz reports that
analyzing the same data using different approaches results in varied IAs [35].



70 C. Katsanos et al.

1.3 Research Motivation

This paper presents a newvariant of open card sorting, theTask-BasedOpenCard Sorting
(TB-OCS). Our motivation for proposing this new variant was twofold.

On the one hand, card sorting has been criticized for not considering users’ tasks,
whichmay lead to unusable IAs [37]. Participantsmay sort the cardswithout considering
what the content is about or how they would use it to complete a task [37]. TB-OCS
considers users’ tasks. On the other hand, open card sort data analysis remains a rather
challenging task [29–31]. TB-OCS simplifies data analysis, but this comes at a cost of
an increase in the complexity of running the card sort.

In the following, we first present the TB-OCSmethod.Next, we present a two-phased
study that compares the proposed method with the open card sorting method. In the first
phase, the same participants sort the same cards following both the open card sorting and
the TB-OCS approach. In the second phase, a different sample of participants interacts
with two functional prototypes, one for the IA created by the open card sort and one
for the IA created by the proposed method, and usability metrics are compared. The
methodology and results of these two studies are reported in the following two sections,
and the paper concludes with a discussion of the findings and future research directions.

2 Task-Based Open Card Sorting

2.1 Procedure

The TB-OCS method involves the following steps:

1. Participants are divided into small groups (e.g., 3–5 participants per group). A small
number of participants per group is required for practical purposes so that the total
number of tasks to be performed in the final step of the method is manageable (see
in the following).

2. Each participant of the group performs an open card sorting. Each such sorting is
considered the participant’s proposal for the IA (participant’s IA). No data analysis is
required for the open card sort data as each set of participant’s groupings corresponds
to one IA candidate.

3. Each participant of the group performs tree testing [38, 39] in each IA created by
the rest participants of the group. In a tree test, also known as reverse card sorting or
card-based classification evaluation [40], participants are presented with an IA and
are asked what they would select in order to accomplish a task. For TB-OCS, the
study facilitator notes the total number of successfully completed tasks and the total
number of tasks attempted per participant’s IA.

2.2 TB-OCS Software Tool

We have developed a web-based software tool to facilitate the conduction of TB-OCS.
This tool is implemented in React and is freely available as an open-source project at
https://github.com/chrvaskos/card-sorting.

Figure 1 presents the user interface of the TB-OCS tool while a user performs an
open card sort (second step of the TB-OCS method). As shown in the figure, the tool

https://github.com/chrvaskos/card-sorting
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provides a list of the cards to sort (Fig. 1, left), which can be easily inserted as simple text
in the corresponding file of the tool. Each card can be dragged and dropped into either
a new category (plus symbol) or an existing one (represented as a box). This drag and
drop moving of cards can be repeated as many times as the participant wants. Naming
a category is done by clicking on the top of the category box and editing its title; the
default title is “New category”.

Fig. 1. The user interface of the TB-OCS tool while a user performs an open card sort. The cards
and categories are in Greek, the native language of our study participants.

The TB-OCS tool includes functionality to also support the third step of the TB-OCS
method, which involves tree testing the participants’ IAs. First, there is a down arrow
symbol to the right of the category names which can be pressed to hide or unhide the
cards placed in the corresponding category. Hiding the content items of the categories
is required for tree testing. In addition, there is a camera icon (Fig. 1, top-right) which
downloads a screenshot of the tool user interface when pressed. This enables easy cre-
ation of an IA screenshot for the needs of tree testing. The tool also provides a text
field for optionally adding the participant’s name or id (Fig. 1, top-left) so that an IA
screenshot can be easily associated with a specific participant.

Furthermore, there is an icon for instructions to the user (Fig. 1, bottom-right),
which are displayed as a tooltip. These text instructions can be easily inserted as text
in the corresponding file of the tool. Finally, the TB-OCS tool provides an embedded
timer, which can be used by the participant in order to measure the session time for
the open card sort. This timer provides the typical controls for starting, pausing and
stopping it. Such functionality can be particularly useful when the open card sort is
performed asynchronously (e.g., participants are instructed to time their session and
send a screenshot with the session time value embedded).
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It should be noted that the TB-OCS tool can also be used to facilitate the collection
of data in a typical open card sort. The collected data can then be exported and analyzed
with other tools, such as Casolysis 2.0 [41], which is also what we did for the needs of
the study described in the following (see Sect. 3.4).

2.3 Data Analysis

The data produced by TB-OCS is a list with all the IAs produced by participants’ open
card sorting and the total number of successful and attempted tasks per participant’s IA.
Analysis of the collected data involves simply calculating the first-click success rate per
participant’s IA (i.e., the number of successfully completed tasks for the IA divided by
the number of tasks attempted). The proposed IA is the one with the highest first-click
success rate.

3 Card Sorting Study

The card sorting study employed both the open card sort method and the proposed
TB-OCS method on the same group of cards with the same group of participants. In
practice, only the TB-OCS method was employed for the data collection part given that
open card sorting is a step of the proposed method. However, data analysis was separate
permethod. In the following, we describe themethodology and results of the card sorting
study.

3.1 Participants

A total of 20 participants, 10 females and 10 males, with mean age 28.4 years (SD =
9.7) were involved in the card sorting study. All the participants were native speakers
of Greek, the language used in the cards. They were volunteers recruited by the authors
and they were not compensated for their participation.

3.2 Cards Selection

The card sort was about an existing eshop retailing various housewares. We selected a
website domain that does not require any specialized knowledge so that no screening
criteria would be required for participants and their recruitment would be easier.

Following Spencer’s [1] recommendations, a total of 46 cards were chosen from the
website. All cards were provided in Greek and were items selected from the lowest level
of the website menu as it was available at the time of the study preparation. Examples of
these cards translated into English are the following: “Cutlery”, “Bathroom curtains”,
“Carpets”, “Knobs”, “Hangers”, “Photo frames”, “Candles”, “Pillowcases”, “Mirrors”,
“Blankets”.
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3.3 Instruments and Procedures

First, the participants were split into five groups. Each group had four participants. Due
to the COVID-19 restrictions, the sessions had to be performed from a distance.We used
a Discord server to coordinate communication with participants and our custom-built
TB-OCS tool to facilitate the card sorting.

Next, each group of participants was invited to connect to a Discord voice channel on
a pre-agreed time per group. This voice channel was used for communication between
the study facilitators (i.e., two of the authors) and the participants as a group. The
participants werewelcomed, provided their consent for study participation and thenwere
asked to read the study instructions. These instructions were available in a Discord text
channel and included a hyperlink to the TB-OCS tool used to mediate the card sorting.
Subsequently, participants were instructed to mute their microphones and perform a
typical online open card sorting. At any point, the participants could privately talk with
the study facilitators using Discord direct messaging or a one-to-one voice call in case
they needed technical help, or they had a question.

After completing the open card sorting, each participant used Discord direct messag-
ing to send to the study facilitators two screenshots of their groupings. Screenshot1 pre-
sented only the categories created by each participant, whereas the Screenshot2 showed
the full groupings (i.e., categories and cards placed in each category). These two screen-
shots were easily captured by participants through the functionality provided by the
TB-OCS tool (Fig. 1, camera icon) and were used in the final step of the proposed
TB-OCS method, as described in the following.

After a brief break of five minutes, each participant had received through Discord
direct messaging the following: a) four images showing only the categories created by
the rest members of the group (Screenshot1), b) three task descriptions, each of which
asked for locating a specific product on the eshop. For each Screenshot1, participants
were asked to select the category that they would click to find each product and write it
to the study facilitators using Discord direct messaging. The study facilitators used the
corresponding Screenshot2 to decide whether the correct category had been selected. In
addition, they entered in a spreadsheet the following data per participant’s IA: a) total
number of successful tasks, b) total number of attempted tasks. Administration of the
images with the categories and the tasks was counterbalanced to minimize order effects.

3.4 Data Analysis and Results for Open Card Sorting

Open card sorting data were collected from 20 participants who performed individual
sortings. According to research [17, 18], open card sorts require at least 15 users to
produce reliable data, therefore our sample was sufficient.

The collected card sorting data were analyzed combining exploratory and statistical
analysis [1]. Our analysis was mediated by Casolysis 2.0 [41], a free software tool that
supports a variety of methods for analyzing card sort data. First, the open card sort
data were exported from TB-OCS and imported into Casolysis 2.0 as a csv file. Next,
the visualization produced by Casolysis 2.0 using multidimensional scaling (MDS) was
inspected in order to get a first understanding of the data. Subsequently, we explored the
dendrogram produced by average-linkage hierarchical clustering. A dendrogram, a tree
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diagram that shows a hierarchy of groupings based on the dissimilarity of content items,
is the main result of hierarchical cluster analysis. Then, we used the tool functionality to
define standardized labels for every group. Each standardized label was the one that “had
been used by most participants or represented the idea most clearly” [1]. Subsequently,
we reinspected the MDS visualization and average-linkage dendrogram. This process
was iterated and was greatly facilitated by the Casolysis 2.0 hold functionality that
enables fixing individual card groups that are no longer considered in the next processing
step. The latter made it possible to flexibly explore the solution space without losing
intermediate results.

3.5 Data Analysis and Results for Task-Based Open Card Sorting

The first step in analyzing the data produced by TB-OCS was to calculate the first-click
success rate per participant’s IA. To this end, we used the spreadsheet produced by the
study facilitators and simply added a column that divided the total number of successful
tasks by the total number of attempted tasks for each participant’s IA. The mean IA
success rate was 57% (SD = 22%) and ranged from 17% to 100%. According to the
TB-OCS method, we selected as the proposed IA for the eshop the one with the highest
success rate, which in our case was 100%.

4 User Testing Study

The within-samples user testing study compared usability metrics for the IA produced
by the open card sorting method (hereafter OCS eshop) against the IA produced by the
proposed TB-OCSmethod (hereafter TB-OCS eshop). In the following, we describe the
methodology and results of this user testing study.

4.1 Participants

The user testing study involved 30 participants, 14 females and 16 males, with mean age
31.8 years (SD= 13.3). All the participants were native speakers of Greek, the language
of the provided prototypes and questionnaires. They were recruited as volunteers by the
authors, and they did not receive any payment for taking part.

4.2 Prototypes

Two functional prototypes were created for the eshop. The prototypes shared the same
overall appearance and feel and featured a top navigation menu. They differed only in
their IA. One eshop implemented the IA produced by the open card sorting method and
the other eshop the IA produced by the proposed TB-OCS method. The prototypes were
created using HTML5, CCS3 and JavaScript, and were made available online through a
web server.
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4.3 Instruments and Procedures

Due to the COVID-19 pandemic, participants were asked to attend a Discord video-
conferencing call with the study facilitator (one of the authors). There they were first
welcomed and provided their consent for study participation.

Next, the participants received the hyperlinks for each eshop functional prototype
and performedfive tasks in both prototypes. Each task asked participants to find a specific
item to buy: a) cookbook, b) mirror, c) stationery, d) fragrant cards, and e) vanity bag.
These items were selected because they were categorized differently in the two eshop
versions. To reduce order effects, the order of both the eshop versions and tasks was
counterbalanced.

Participants used screen sharing so that the facilitator could observe their interactions.
The facilitator recorded whether they made the right choice with their first click (first-
click success) and how long each task required (time on task). After performing all
the tasks in an eshop version, participants received a hyperlink to complete the System
Usability Scale (SUS) [42] in Greek (SUS-GR) [43, 44]. SUS is a standardized scale that
measures perceived usability. It has 10 questions and yields a final score between 0 and
100, the higher the score the more usable the system. In agreement with previous studies
[43, 44], SUS-GR was found to have high internal reliability in our dataset; Cronbach’s
α = 0.811, N = 10 items.

The Google Forms service was used to create and distribute the study questionnaire.
IBM SPSS Statistics 27 was used for the statistical analysis of the collected data.

4.4 Data Analysis and Results

Table 1 presents descriptive statistics of the dependent variablesmeasured in the user test-
ing study. In all subsequent statistical analyses, the effect size r was calculated according
to the formulas reported in [45].

Table 1. Descriptive statistics of the dependent variables measured in the user testing study.

Eshop IA version Variable Mean Mdn SD 95% C.I

Open card sorting First-click success (%) 72.67 80.00 17.01 (66.32, 79.02)

Task-based open card
sorting

First-click success (%) 52.00 60.00 19.37 (44.77, 59.23)

Open card sorting Time on task (sec) 13.91 12.90 4.99 (12.05, 15.77)

Task-based open card
sorting

Time on task (sec) 15.48 14.63 6.41 (13.09, 17.87)

Open card sorting SUS score (0–100) 90.00 92.50 11.03 (85.88, 94.12)

Task-based open card
sorting

SUS score (0–100) 76.42 78.75 17.81 (69.77, 83.07)

First-Click Success. A Shapiro-Wilk test found that the distribution of the differences
in the first click success for the OCS eshop and the TB-OCS eshop did not deviate
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significantly from a normal distribution; W(30) = 0.933, p = 0.060. Given that the p
value was rather close to the 0.05 threshold, the histogram, and skewness and kurtosis
values were also studied. They were found to support the Shapiro-Wilk finding. Thus,
a parametric test was used to compare participants’ first-click success between the two
conditions. A two-tailed dependent t-test found that participants were significantly more
successful with their first click in theOCS eshop (M= 72.67%, SD= 17.01%) compared
to the TB-OCS eshop (M= 52.00%, SD= 19.37%); t(29)= 4.356, p< 0.001, r= 0.629.

Time on Task. Shapiro-Wilk analysis showed that the assumption of normality was
violated for the differences in the task times of the two conditions; W(30) = 0.919, p
= 0.026. Thus, a non-parametric test was used to compare participants’ time on task
between the OCS eshop and the TB-OCS eshop. A two-tailedWilcoxon signed-rank test
found that the eshop IA version did not significantly affect participants’ time on task; z
= 1.512, p= 0.131. Participants average time on task in the OCS eshop (Mdn= 12.90 s)
and the TB-OCS eshop (Mdn = 14.63 s) was similar.

SUSScore. AShapiro-Wilk test found that the assumption of normalitywas violated for
the differences in the SUS score of the two conditions; W(30)= 0.879, p= 0.003. Thus,
a non-parametric test was used to compare participants’ SUS score between the OCS
eshop and theTB-OCSeshop.A two-tailedWilcoxon signed-rank test found a significant
effect of the eshop IA version on participants’ SUS score; z = 4.258, p < 0.001, r =
0.550. Participants provided significantly higher SUS score for the OCS eshop (Mdn =
92.50) compared to the TB-OCS eshop (Mdn = 78.75).

5 Discussion and Conclusion

Open card sorting is an important method for HCI research and practice, and thus there
are many publications on how to conduct it and analyze its data. However, open card
sorting does not consider users’ goal-directed behaviour when interacting with IAs and
thus might result in unusable IAs [37]. Additionally, analysis of open card sorting data
remains the main challenge of the method [29–31].

This paper proposed TB-OCS, a new card sorting variant that attempts to address
these two limitations of open card sorting. A software tool, named TB-OCS tool, has
been also developed to facilitate TB-OCSdata collection.A two-phase study investigated
whether the new method produces more usable IAs compared to open card sorting. In
the first phase, 20 participants were involved in a card sorting study with 46 cards from
an eshop. The study was mediated by our TB-OCS tool. This phase produced two IAs
for the eshop: one based on analysis of open card sort data, and one based on analysis of
TB-OCS data. In the second phase, 30 participants were involved in a within-samples
user testing study that compared two functional prototypes, one per aforementioned IA.
Results showed that users interactingwith the IA produced by the TB-OCSmethodmade
significantly less correct first clicks and provided significantly lower perceived usability
ratings compared to when interacting with the IA produced by open card sortingmethod.
No significant difference was found for the time required to find products.

On the one hand, the proposedmethod greatly simplified the analysis of the collected
data, which is the main challenge in open card sorting. And it did so by increasing the
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session time by only 8 min and 10 s on average; 5 min break between TB-OCS step2 and
step3 plus 3 min and 10 s on average for TB-OCS step3. Of course, the new method also
increased the complexity of running the sort for the facilitators. However, we believe
that this can be alleviated with some experience and/or pilot testing of the study.

On the other hand, the open card sorting method was found to produce more usable
IAs compared to the proposed method. Although we did not expect this finding, addi-
tional studies are required to investigate if it is generalizable. If it is indeed generalizable,
then this would provide support against the critique to the open card sort method that
it is too content-centric and may lead to unusable IAs. If it is not generalizable, then
we need to explore why the new method works well is some cases and not in some
others. We speculate that it might be related to parameters of the new method that need
finetuning, such as the number of groups of participants (5 in this study), the number of
participants per group (4 in this study), and the number of tree testing tasks (3 in this
study). For example, increasing the number of tree testing tasks could provide an IA that
has increased overall findability, but this would also increase the session time.

In conclusion, this research found that the classic open card sorting technique leads
to more usable information architectures compared to the proposed technique. However,
this may be due to parameters of the new technique that were not explored in this paper.
Therefore, additional research is required in order to draw safe conclusions about the
proposed technique.
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