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Abstract. Open Government Data (OGD) pose that public organisa-
tions should freely share data for anyone to reuse without restrictions.
However, the rawness of this data proves to be a challenge for data or
information seekers. OGD-based solutions, such as interactive maps and
dashboards, could help seekers overcome this difficulty and use OGD
to satisfy needs, helping them to work effectively, solve problems, or
pursue hobbies. However, there are several challenges that need to be
considered when designing solutions, such as seekers wanting to solve
problems rather than consuming information and aiming for quick wins
over quality. Previous research has classified OGD solutions, focusing on
general concepts. The next step is to reveal helpful patterns in OGD
solutions, helping seekers. This paper presents a taxonomy with 24 crite-
ria to classify these patterns. It was tested on 40 OGD solutions, and the
resulting classifications were grouped in a cluster analysis, identifying
16 key criteria and 6 clusters. The clusters are (1) simple-personalised,
(2) proactive multi-visual, (3) lightly-facilitated exploration, (4) facili-
tated data-management, (5) facilitated information exploration, and (6)
horizon solutions. One unexpected finding is that helpful patterns do not
cluster following themes, types, or purposes of solutions. Another finding
is that the importance of key criteria varies between the clusters.

Keywords: Open Government Data - solution + taxonomy *
classification - cluster analysis - information behaviour

1 Introduction

Open Government Data (OGD) pose that data from public organisations should
be made freely available for anyone to reuse. These data need to be used to unlock
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benefits [19] or risk being a costly burden [14]. The potential benefits of OGD
include improvements in accountability, value creation, and service development
[29]. People who could gain from these benefits are seekers who utilise data or
information (content) in their everyday life [30] to satisfy various needs [5]. OGD
is most often made available through online portals in raw formats such as CSV.
The rawness of OGD can make them difficult to use for any meaningful purpose
[35]. Therefore, OGD solutions (e.g., interactive maps and dashboards) have a
key part in helping seekers understand and act on OGD [16]. Help means to
make it possible or easier for someone by doing part of the work or by providing,
for example, advice or support [33]. OGD solutions could help seekers work
effectively, solve problems, or pursue hobbies [25]. However, a challenge is to
design solutions to help seekers who tend to prioritise ease of access and use
over quality, aim for quick wins, and can find it difficult to express their needs,
asking for the wrong content [3,8,25]. Consequently, it is important to consider
seekers when designing OGD solutions [25,27].

Previous OGD research has attempted to classify OGD solutions to under-
stand reuse. For example, by their ability to transform data into information
[6], as services along criteria like data, themes, and topics [9], and by domain
and features [20]. Janssen and Zuiderwijk [17] analysed solutions from a business
model perspective with a focus on the source of value and Crusoe [5] identified 23
ways OGD solutions may help seekers. These classifications provide general ideas
about the possibilities of solutions being helpful for seekers but open questions
about how this helpfulness has been achieved in the design of OGD solutions.
As a result, it is time to take the next step to reveal possibly helpful patterns in
the design of OGD solutions. We define a helpful pattern as the combination
of help provided by a solution for a seeker. A helpful pattern could be that a
solution acquires, filters, and visualises data for a seeker [see 10].

The paper’s objective is to construct a taxonomy (a classification of empirical
entities [2]) for helpful patterns in the design of OGD solutions. Hunke et al. [15]
explain that a taxonomy can be used to design new solutions by revealing their
“anatomy” and key features or properties. Rizk et al. [28] add that a taxonomy
can bring understanding to key aspects of utilising data in the design and delivery
of solutions. As criteria, our taxonomy must cover the seekers’ needing, seeking,
using, and distributing of content [5] and be able to classify a broad range of
OGD solutions [e.g., 6,17]. We started the research by synthesising a tentative
taxonomy from previous research, which was then refined through iterations of
classifying 40 OGD solutions. The research ended with a cluster analysis of these
solutions, helping to test the taxonomy and identify clusters of helpful patterns
and key criteria. This paper contributes towards explaining how OGD solutions
can be designed to be helpful for seekers, and as such realise benefits through
the satisfaction of needs.

2 Related Works

In their daily non-professional life, seekers frequently encounter problems that
they solve by seeking information related to, e.g., healthcare or hobbies.
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According to Savolainen [30], the behaviour undertaken to solve these problems
comprises three steps.

First, the evaluation of the importance of the problem. Second, the selection
of content sources, such as people, libraries, and digital solutions [32]. Recently,
the potential of OGD as a content source has been studied in the context of
seekers’ everyday life [18]. However, the rawness of OGD makes it hard to directly
use to solve a problem, which is a challenge for seekers. As a result, solutions
based on OGD are being developed to help seekers. Third, the seekers seek
orienting and practical content, which can, for example, be done through active
seeking, active scanning, non-directed monitoring, and by proxy [23]. This paper
focuses on OGD solutions as a content source, emphasising the third step of [30],
namely how OGD solutions help seekers seek information. As a result, we want to
understand the design of OGD solutions in relation to seekers. Previous research
has classified OGD solutions from three broad perspectives: (1) provision, (2)
solution, and (3) usage.

The provision perspective focuses on actors as providers of solutions in some
contexts. Gebka and Castiaux [11] have identified roles taken by public organi-
sations, projecting expected roles onto the seekers. The classification of Davies
[6] grouped solutions as the ability to transform data into facts, data, informa-
tion, interfaces, and services. Janssen and Zuiderwijk [17] viewed solutions from
a business model perspective, classifying them as single-purpose, interactive,
information aggregators, comparison models, repositories, and service platforms.
Azkan et al. [1] covered several criteria, such as main value, data types, and pay-
ment mode. Similarly, Paukstadt et al. [26] provided criteria like payment mode,
pricing model, and value proposition.

The solution perspective has its focus on describing solutions. Foulonneau et
al. [9] arranged solutions following criteria like data, themes, and topics. Mainka
et al. [20] covered, for example, features and type. Hunke et al. [15] included cri-
teria, such as data generator, data target, and analytic type. On the other hand,
Rizk et al. [28] used criteria like data acquisition mechanisms, data exploitation,
and insights utilisation. They identified three solution groups: distributed ana-
lytic intermediaries, visual data-driven services, and analytic-embedded services.
Shneiderman [31] understands criteria as tasks solutions can help seekers with,
such as giving an overview of, zooming in on, and filtering content.

The usage perspective approaches solutions from the view of seekers. Virkar
et al. [34] classified seekers’ usage of legal information solutions, which can be to
compare laws and follow legal developments. Crusoe [5] conceptualised solutions
following four behaviours of seekers: needing, seeking, using, and distributing
content. A solution can help seekers encounter needed content, but also formu-
late their needs (needing). It can also help them find or discover content (seeking)
while making it easier to understand by representing data, supporting interpre-
tations or adapting its help (using). The solution can enable seekers to share or
spread content (distributing). However, previous classifications of OGD solutions
do not explain how functions and properties can be combined into helpful pat-
terns to help seekers satisfy their needs for content. It can, as such, be difficult
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to construct complete designs for OGD solutions and explain how these designs
can satisfy seekers’ needs.

3 Research Approach

This research constructed a taxonomy for helpful patterns in the design of OGD
solutions. It followed a qualitative artefact study using a qualitative approach
[12]. An artefact study generates empirical material about solutions’ functions
and properties but provides limited information about whether they produce
desired results for seekers [12]. However, a qualitative approach gives a deeper
understanding of the solutions [24], helping to refine the taxonomy, which is our
motivation for following this approach. The taxonomy is made for constructed
types, a set of criteria with empirical reference that serve as the basis for compar-
ison of empirical cases [2]. These criteria were the reasons for grouping solutions
[21], referring to their functions and properties. We decided to use binary criteria
for whether a pattern had a certain help or not. It made the taxonomy possess
more criteria but allowed for freer identification of patterns and a reduction in
interactive complexity among criteria. This choice also enabled the calculation of
objective similarity levels between the helpful patterns [2]. This research followed
four steps, iterating between the second and the third: (1) construct an initial
taxonomy, (2) select OGD solutions, (3) classify solutions and refine the taxon-
omy, and (4) test the taxonomy with cluster analysis. The iterations aimed for
saturation in the construction of the taxonomy, meaning further data collection
no longer sparked new insights nor revealed new criteria [4].

First, we discussed previous research that could help to construct a taxonomy
based on previous knowledge. We decided to start by synthesising previous work
from multiple fields (e.g., Human-Computer Interaction, Information Behavior,
Open Government Data), using [23,30,31], and [5]. Individually, researchers cre-
ated a conceptual map of how concepts and previous research could be related,
which was discussed among them afterwards. The discussion resulted in a ten-
tative list of 25 criteria. Each criterion was named and provided with inclusion
criteria and examples. If necessary, exclusion criteria were formulated. Further-
more, a conceptual tree diagram was created to support the classification pro-
cess. At the centre was a general question (i.e., How is the pattern helping the
seeker?), which was then divided into more specific questions with the leaves
as the criteria. A researcher could follow and answer these questions to iden-
tify applicable criteria. When classifying a solution, colouring the leaves gave an
overview of the solution’s helpful pattern.

Second, we retrieved a list of 74 solutions identified in [5], enabling us to
test the conceptualisation of [5] and provide new insights into previously studied
solutions. We chose this list since it was easily accessible and known to con-
tain relevant solutions. Following purposive sampling [7], we started with the
solutions presented as good examples, believing them to be easy to classify and
have clear helpful patterns. Then, we selected solutions based on the perceived
ability to be a negative case or verification, helping to refine the taxonomy. How-
ever, some solutions were no longer active, as such we attempted to access them
through the Wayback Machine, bringing back six solutions.
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Third, the classification started with a small set of agreed solutions. Individ-
ually, we classified these solutions using the criteria list and the conceptual tree
diagram. We tested each solution, classifying a helpful pattern. We discussed our
classifications and underlying reasons, refining the taxonomy and correcting any
errors. This step started with classifying a few solutions in quick iterations, allow-
ing for rapid refinement of the taxonomy. When the taxonomy became stable, we
increased the number of solutions to classify within one iteration. We reached sat-
uration once 40 solutions had been classified. The taxonomy reduced analytical
drift and the sharing of classifications allowed for cross-checking, contributing to
research reliability [4]. The discussions of the taxonomy and classifications allowed
reflexivity for the researchers, contributing to research validity [22]. At the end of
this step, 40 helpful patterns had been classified with a taxonomy of 24 criteria.
11 criteria differed from the tentative taxonomy from the first step.

Fourth, we used cluster analysis to test the taxonomy, aiming to cluster solu-
tions into homogeneous groups based on similarities in their helpful patterns [2].
It is important that criteria help us to group and differentiate between solu-
tions [2,21]. The intent is to minimise differences between solutions within a
group while maximising differences between groups [2]. Following this reasoning,
we started this step by removing any criteria that we considered too common
or uncommon amongst the helpful patterns, as they do not help us differentiate
between solutions. We used subjective thresholds of 0.2 and 0.8 (i.e., correspond-
ing to 20% and 80% of classified solutions having a given help), identifying 16 of
24 criteria as key. We applied Gower and Legendres’ S9 method to calculate a
distance matrix for the criteria, as it is made for binary data and provides high
resolution [13]. We then applied divisive cluster analysis [2], which results were
visualised as a dendrogram, helping us to determine a cluster number of 6. A
cluster represents a group of solutions with similar helpful patterns. In order
to interpret the clusters, we created a heatmap to represent the proportion of
criteria amongst these clusters. Each tile in the heatmap presents the proportion
of help for a given cluster. We removed any tile with a value between 0.2 and 0.8
to highlight similarities and differences of the clusters, clarifying any particular-
ities. We then studied the helpful patterns and clusters. If any group contained
an odd or puzzling combination of solutions, we revisited the classifications and
verified them, helping to reduce errors further. This approach to taxonomy con-
struction has helped to validate the final taxonomy, as it has been tested on a
heterogeneous sample of OGD solutions by two researchers.

4 Results

4.1 A Taxonomy for OGD Solutions

The taxonomy comprises 24 criteria and is presented in Table 1 and 2. For each
criterion, the definition, examples, the proportion of the 40 classified solutions
checking the criteria, and whether it is selected as key or not are indicated. The
key criteria are those with a proportion between 0.2 and 0.8. There are 16 key
criteria, representing meaningful similarities and differences.
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Table 1. Criteria for the taxonomy of helpful patterns. For each criterion, the def-
inition, examples, proportion of the 40 classified solutions checking the criteria, and

whether it is selected as key or not are indicated (Part 1, continued in Table 2).

Criteria and examples

Proport.

Key

NEEDING

ENCOUNTER

Setup — Proactive encounters where data or its presentation has an
initial structure upon arrival. For example: start by presenting data for
a given year or how data is grouped before the user

0.550

Suggest — The solution suggests content to the seeker. For example:
Top rankings, alternatives, recent content, and “read more here’-links

0.525

Reveal — Proactive encounters as highlights or conclusions of data. The
solution conveys to the seeker an interpretation of the data. For example:
articles, blog posts, or content panels

0.375

FORMULATE

Nudge — The seeker is nudged towards certain actions. Not instruc-
tions nor manuals. For example: “Click on a country” or search field
with example keywords. It can also be more subtle like a label to explain
what type of content to input

0.375

Answer — Presents a question that the pattern aims to answer. It can
be intertwined with navigational structures. For example: “What energy
do we produce in the EU?” answered with text, statistics, and diagrams

0.175

SEEKING

Border — The seeker can draw borders between all content and some
content through simple keywords, categories, or parameters. Go beyond
predefined divisions. For ezample: dashboards and filters

0.950

Sift — The seeker has access to all or most of the data. For ezample: a
list of data that can be scrolled or various categories with data

0.775

Detail — The seeker can request more information about some content
amongst other content. It is not clicking on items in a search result list.
For example: interactive map where locations can be selected to show
some of its information

0.750

Herd — Data are stored in several datasets, which can be connected to
the navigational structure. The seeker manages content as buckets or
groups, which can come in categorical hierarchies. The seeker can make
clear distinctions and selections between datasets. For example: open
data portals or interactive maps with data inventories

0.750

Pull - Data are pulled out from a “black box” using various functions.
It is not a filter functionality, rather the seeker does not know the large
dataset behind the presented data. For example: search bar, showing
results

0.500

Traverse — The seeker traverses the relationships within the content.
Content is similar to a web, network, or layers of aggregation. Data
within dataset(s) can follow a hierarchical structure. It is possible that
several datasets are combined to produce this effect. It is not tagged data.
For example: animal taxonomies/typologies, some aggregated statistics,
politicians and their parties within a governing body

0.400
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Table 2. Criteria for the taxonomy of helpful patterns. For each criterion, the def-
inition, examples, proportion of the 40 classified solutions checking the criteria, and
whether it is selected as key or not are indicated (part 2).

Criteria and examples

Proport.

Key

USING

REPRESENT

Facts — The content presents facts and information to the user. For
example: tables and summary numbers

1.000

Comparative — The content makes similarities or differences clearly
visible. For example: bar charts and map charts

0.825

Relative — Content reveals relations, occurrences, densities, relativities,
or concentrations. For example: interactive maps, word clouds, or heat
maps

0.625

Movement — The content highlights the transfers of data between nodes
or changes in data over time. For ezample: Sankey diagrams, line charts,
or animations

0.525

SUPPORT

Clarify — Explanations and descriptions of content, easing the under-
standability. For example: change language, colours to highlight weight
or importance, explanations of terminology or patterns, or about pages

0.950

Facilitate — Make social communication or community building possible
or easier. Clear socio-technical purpose. It can be donations, but not pure
contact information to developers without a clear purpose. For example:
forums or contact information to politicians

0.750

Elucidate — Makes the content clearer, enabling the drawing of different
conclusions from the same content. For example: side-by-side visualisa-
tions of the same data and map layers

0.350

ADAPT

Personalise — Personalise the offered help by changing content or pro-
viding personalised content. Add customisation to the offered help. For
example: drawing tools, measuring tools, or asking for notification on
changes in content, put items in a basket

0.400

Acquire — The seeker can upload or request content. For example:
upload map layers or request evaluation of products

0.175

Record — The actions of the seeker can be undone, replayed, or viewed.
A history is kept of the seeker’s actions. A seeker could save states. For
example: button to undo the last action

0.125

DISTRIB.

Extract — The content can be extracted from the solutions. For example:
download a visualisation or underlying data; or print a map

0.825

Refer — The seeker can refer to specific content, which is still part of
the solution. For example: share a link to it or over social media

0.675

Embed - Other solutions can embed the solution’s content. For exam-
ple: iframes or API

0.300
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4.2 Divisive Cluster Analysis

Only the 16 key criteria were used in the divisive cluster analysis. In total, the
analysis returned 6 clusters represented as a dendogram in Fig. 1. It visualises
the distances between helpful patterns based on their similarities and differences.
Solutions belonging to the same cluster present similarities in their helpful pat-
terns and are coloured alike. Cluster 1 (colored in red) groups 6 solutions. Cluster
2 (chartreuse) has 7 solutions, Cluster 3 (salmon) has 4, Cluster 4 (blue) is the
most populated cluster with 12 solutions, Cluster 5 (purple) has 4, and Cluster
6 (orange) has 7. Table3 lists the 40 classified solutions sorted by cluster and
the checked criteria for each.
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Fig. 1. Dendrogram resulting from the divisive cluster analysis. (Color figure online)

In order to interpret these clusters, it is necessary to analyse the proportion
of each criterion, at the level of each cluster. Figure 2 presents the key criteria
proportions amongst the six clusters. It shows, for example, that solutions in
Cluster 1 always have “Herd” and never “Facilitate” and have a high (resp. low)
likelihood to possess, for example, “Detail” (resp. “Embed”). The most demanding
cluster in terms of criteria to check is Cluster 3. Its solutions must possess 9
criteria. On the contrary, no criterion is a must-have in Cluster 6, but several
criteria have a high likelihood.
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Fig. 2. Key criteria proportions amongst clusters.

Given the proportions of the key criteria, the following interpretations can
be given for the six clusters.

Cluster 1 — Simple-personalised help. Solutions in this cluster follow a simple
pattern compared to other clusters, as they seldom allow seekers to embed
content and give limited help to formulate needs or encounter content. They
focus on providing personalised information and visualisations, becoming a
base or frame for interpretation [5]. They can help seekers see data from
various perspectives, as such draw different conclusions.

Cluster 2 — Proactive multi-visual help. These patterns use various ways to visu-
alise data as part of one or more datasets. The patterns are proactive or at
least active, seeking to satisfy the seeker’s need for data or information [5],
meaning they can provide conclusions or guide a seeker’s attention towards
meaningful insights. This cluster matches visual data-driven services from
[28], which visualise data and use storytelling to communicate insights to
seekers. However, storytelling is less emphasised in our taxonomy.

Cluster 3 — Lightly-facilitated exploration help. The third cluster patterns aim
to help the seeker explore its datasets from multiple perspectives. Some of
these patterns allow the seeker to explore relationships within a dataset or
details about data. They have some degree of facilitation where the seeker
can provide feedback or ask questions.

Cluster 4 — Facilitated data-management help. Solutions in this cluster help seekers
manage some larger dataset(s) while facilitating social interactions. While
the patterns tend to allow for personalisation, the visualisations are often
simple with limited ability to distribute. They seldom reveal any highlights
or conclusions in the data.

Cluster 5 — Facilitated information exploration help. These helpful patterns have a
limited ability to visualise data. Instead, they focus on information and any
related internal connections. This information is often socially complex, such
as health information about products, lobbying in the EU, and coordination
of lift sharing. Social facilitation can range from community building to feed-
back or Q&A. While some level of dialogue [17] is possible, the patterns may
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Table 3. List of classified solutions and checked criteria (* denotes key criteria).
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encourage it to be outside the solutions, for example by providing contact
information or sharing content on social media.

Cluster 6 — Horizon solutions. These solutions share most key criteria, but there
is little agreement. They are complex to some degree and specialised. This
cluster indicates that there are more clusters to be identified. It could also
signal innovative designs, as help is combined in new or unique ways. Similar
to [28], our taxonomy does not address the structure of helpful patterns. This
cluster could be a result of this limitation, and as such, opens new avenues
for future research.
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5 Discussion

5.1 Novelty of the Contributions

Previous research had classified solutions, following a provision [e.g., 1,6,11],
solution [e.g., 9,28,31], or usage [e.g., 5,34] perspective. Our research bridges
the latter two, meaning we attempt to classify features and properties from
the perspective of seekers. This approach makes our research original within
the context of previous OGD research. While it is similar to [34], which focus
on classifying seekers, our work is oriented towards solutions. Our research is
a step towards designing OGD solutions that can be helpful for seekers but
also to evaluate how OGD solutions have attempted to help seekers. It opens
questions about possible matches and mismatches between seekers and solutions.
Moreover, we constructed a novel taxonomy comprising 24 criteria able to classify
helpful patterns in the design of OGD solutions. It enabled the identification of
6 clusters among 40 helpful patterns. 16 of the taxonomy’s 24 criteria were key
in differentiating and understanding these clusters. The successful identification
and interpretation of helpful pattern clusters serve as a test of the taxonomy.

Most of the initial criteria provided in [5,23,30,31] were identified to some
degree amongst the helpful patterns. Analysing the proportion of each gives
interesting insights into how OGD solutions currently help seekers. First, the
rarity of the criteria varies (e.g., 17.5% of solutions have “Acquire” and 82.5%
have “Comparative”). Nonetheless, the proportions are mostly included within
the 0.2-0.8 range, meaning that most of the criteria are neither too common nor
too uncommon. Such criteria can be found in all four categories (i.e., needing,
seeking, using, and distributing). This shows the diversity among OGD solu-
tions and reinforces the need for a detailed taxonomy to characterise how they
help data and information seekers. Second, the proportion of the criteria within
the “Needing” category varies between 0.175 and 0.55. At the same time, the
proportions of the criteria in the “Seeking” category and of those related to visu-
alisations in the “Using” category are overall higher. This difference indicates
that while OGD solutions help seekers look for and use information, few of them
help seekers encounter information or formulate needs for information. Third,
few solutions allow for personalising (40%) help and content, and even fewer
(12.5%) satisfy the “Record” criteria, which has long been recommended in the
literature [31]. Fourth, only 30% of OGD solutions allow seekers to embed the
solution’s content into other solutions. This lack indicates that it is difficult to
build OGD solutions based on other OGD solutions, which would be another
approach to increasing the value of OGD instead of working with the raw data
directly.

An unexpected finding is that solutions perceived to have similar themes,
types, or purposes can be designed following different helpful patterns. We
expected similar solutions (e.g., OGD portals and interactive maps) to form clus-
ters or at least follow the classes identified in [17]. It adds to our understanding
of taxonomies specialised towards certain fields [e.g., 1,26,28] by explaining why
digital solutions, like OGD solutions, can be difficult to classify. For example,
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Janssen and Zuiderwijk [17] classified solutions as single-purpose, interactive,
information aggregators, comparison models, repositories, and service platforms,
while [6] grouped them as facts, data, information, interfaces, and services. It
is possible to identify some of these classes among our classified OGD solu-
tions, but none of the identified clusters represents them. There is, as such, a
possible disconnect between the combinations of functions and properties that
can help seekers and the themes, types, or purposes of solutions. Therefore, the
application of helpful patterns could be a new fruitful approach to studying and
designing solutions for seekers.

We identified 16 key criteria with proportions ranging between 0.2 and 0.8. It
led us to another finding, as the key criteria do not play an equally important role
in each cluster (see Fig.2). For example, Cluster 1 has criteria regarding visu-
alisations with varied expressions, while “Herd” is required. In contrast, Cluster
5 has “Herd” with varied expressions, while criteria regarding visualisations are
mostly non-existent. It means that to understand and study some solutions, cer-
tain criteria come into the foreground, while others are in the background. The
focus may be difficult to make based on the perceived similar themes, types,
or purposes among solutions, as the helpful patterns may be different. Conse-
quently, taxonomies with few criteria [e.g., 6,17,28] may attribute importance to
properties and functions that can be relevant for some solutions, but not others.
This finding gives us a new insight into the complexity of solutions, but also
possible limitations in classifying them.

5.2 Implications of the Contributions

The two contributions of this research, that is, the taxonomy and the six clusters
identified from the 16 key criteria, have utility for researchers and for practition-
ers. In general, they can be used to describe and analyse helpful patterns in
existing solutions. They can also be used to design them. Researchers can use
the taxonomy to guide data collection or support the analysis of solutions. The
6 clusters can act as the basis for empirical comparisons, providing a stepping
stone towards theory development. The 16 key criteria can guide the researcher’s
attention towards functions and properties that are important to differentiate
between solutions but also help to identify functions and properties important
to consider when studying specific solutions. Public organisations providing
OGD can apply the taxonomy as well, on their OGD portal. This would help
them to understand how the solution can help seekers, revealing potential areas
of improvement. The identified clusters can give them an idea of what solutions
could be built from the provided OGD, which can inform relevant help features
to include in the OGD portal. OGD reusers can use the taxonomy as a basis to
brainstorm about innovative designs, helping them to consider important areas.
The reusers can also use the taxonomy to evaluate solutions, as it opens to
identifying any possible deficiencies or impediments.

However, it must be noted that the utility of the taxonomy depends on
the complexity of the solutions being classified. Solutions with tightly related
properties and functionalities produce better classifications, while solutions with
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varied dynamic content (e.g., blogs or descriptions in metadata; allowing for
unpredictable variations in help) or specialised parts (e.g., a solution that has
a forum, a dashboard, and a news section) can lead to unbalances or gaps in
the classification. On the other hand, some of the classified OGD solutions had
properties or functionalities difficult to detect for the authors (e.g., hidden within
multiple layers of menus or small icon buttons at unexpected locations), which
led to classification errors needing to be discussed among researchers. Therefore,
we recommend that classification is done independently by at least two individ-
uals and discussed afterwards to lower analytical drift and support reflection.
Some errors in our classification also emerged from conceptual unclarity arising
from misinterpretable functions or properties (e.g., a text field is presented as a
search bar, indicating “Pull’, but was used to filter a list of items, as such being
“Sift”). It is, therefore, important to understand functions and properties by
how they attempt to help the seeker rather than how they describe themselves.
Moreover, in our cluster analysis, we could not find any cluster that matches
one pattern mentioned by [5]: contextualisation of help to the life of a seeker.
Rather, it is spread out over several clusters, meaning the taxonomy may need
further refinement towards capturing properties and functionalities that work to
contextualise data or information.

5.3 Limitations and Future Research

The research presented in this article has several limitations. We used subjective
thresholds for the key criteria and heatmap tiles in Fig. 2, meaning that other
clusters may be identifiable among our classified solutions. However, after inspec-
tion, the identified clusters contained similar helpful patterns, giving important
insights into the helpfulness of OGD solutions. Moreover, a delimitation is that
solutions with dynamic content can introduce criteria while being difficult to
detect and classify. It relates to a limitation of the taxonomy, as it is not con-
structed to handle the structure of patterns. If a solution offers different help
at various locations, its classification presents these as equally important and
related, which is a future research avenue. While the taxonomy construction
reached saturation, the taxonomy was only tested with 40 classified solutions.
Future research could apply the taxonomy to a larger sample of solutions, going
beyond those previously identified by [5], giving insight into how OGD public
organisations and reusers have tried to help seekers, but also identify missed
opportunities and innovative designs. Another avenue could be to evaluate help-
ful patterns involving seekers.

6 Conclusion

Our main contribution is the theoretically grounded and empirically tested tax-
onomy for helpful patterns in the design of OGD solutions. The taxonomy con-
sists of 24 criteria where 16 were identified as key by classifying 40 OGD solutions
for their helpful patterns. The helpful patterns were grouped into 6 clusters fol-
lowing the 16 key criteria, which are (1) simple-personalised help, (2) proactive
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multi-visual help, (3) lightly-facilitated exploration help, (4) facilitated data-
management help, (5) facilitated information exploration help, and (6) horizon
solutions. Another finding is that the importance of key criteria varies between
the clusters. We expected helpful patterns to cluster following themes, types,
or purposes of solutions, which was not the case, as different solutions provide
similar helpful patterns.
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