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Abstract

Multidimensional modeling, i.e., the design of cube schemata, has a key role
in data warehouse (DW) projects, in self-service business intelligence, and in
general to let users analyze data via the OLAP paradigm. Though an effective
involvement of users in multidimensional modeling is crucial in these projects,
not much has been said about how to establish a fruitful collaboration in projects
involving numerous users with different skills, reputations, and degrees of au-
thority. This issue is especially relevant in citizen science projects, where several
volunteers can contribute their requirements despite not being formally-trained
experts in the application domain. To fill this gap, we propose a framework
for collaborative multidimensional modeling that can adapt itself to the pro-
files and skills of the actors involved. We first classify users depending on their
authoritativeness, skills, and engagement in the project. Then, following this
classification, we identify four possible methodological scenarios and propose a
profile-aware methodology supported by two sets of quality attributes. Finally,
we describe a Group Decision Support System that implements our method-
ological framework and present some experiments carried out on a real case
study.

Keywords: Data warehouse design, collaborative systems, quality dimensions

1. Introduction

Multidimensional modeling is the activity of designing multidimensional schemata
for data in such a way that they can then be used by analysts to answer their
queries of interest. Since the multidimensional model relies on the metaphor of
cubes to describe phenomena of interest, the resulting schemata are also called
cube schemata. Representing data in multidimensional form enables analysts to
access them using the OLAP (On-Line Analytical Processing) paradigm, which
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has been fruitfully adopted for more than 20 years to support decision-making
processes.

Multidimensional modeling is necessary in different design contexts. First
of all, it is a key activity in the design of data warehouses (DWs), which enable
advanced exploration and visualization of huge volumes of data via OLAP tools
[1]. The approach adopted in DW systems is often called schema-on-write, be-
cause source data are transformed and stored in multidimensional form using
schemata decided at design time. Multidimensional modeling is also necessary
to enable OLAP analyses on schemaless databases in so-called schema-on-read
approaches, where data are left in their original formats (e.g., graph-based or
document-based) within a data lake until they are accessed by the user (typi-
cally, a data scientist) [2]. Similarly, multidimensional modeling is required in
self-service business intelligence, where the search and analysis of data is ac-
complished by users on-the-fly without any mediation by analysts, designers, or
programmers [3]. In schema-on-read approaches the multidimensional schema
to be adopted for analyses is not decided at design time but at query time; still,
multidimensional modeling is important to let users choose a useful perspec-
tive for analyzing data through OLAP tools. Importantly, though for simplicity
in the rest of the paper we will always refer to DW projects as the context
for multidimensional modeling, all the arguments can be smoothly extended to
schema-on-read approaches and self-service business intelligence.

Two main groups of actors are typically involved in DW projects:

• Users, who access the DW to analyze data. Typically, they have good
to excellent skills in the application domain, and may be more or less
authoritative depending on their role. They may have some (basic or even
advanced) knowledge of OLAP and multidimensional modeling.

• Designers, i.e., Information Technology (IT) people with skills in DW
design in charge of managing the technical issues of the project.

Clearly, an effective involvement of users is one of the keys to the success of
DW projects [4]. Some existing approaches to design DWs (e.g., [5]) have been
shown to be effective to this end, with specific reference to projects taking place
in companies, where few and authoritative users are typically involved.

This scenario is today made more complex by the spread of data acquisition
systems (embedded sensors, smartphone cameras, social networks, etc.) and by
the democratization of information technology, which are making citizen obser-
vatories and citizen science more and more common. Citizen science has been
defined as an “online, distributed problem-solving and production model” [6].
It typically relies on crowdsourcing, i.e., on a large pool of people gathering in-
puts such as ideas, funding, etc. On the one hand, the role of crowdsourcing in
citizen science projects consists of having volunteers provide data and collabo-
ratively edit them, despite not being formally-trained experts in the application
domain. On the other, it extends the borders of decision making and introduces
another type of actors in DW projects: volunteers, who —differently from users
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in traditional projects— are often not authoritative, not fully engaged in the
project, and have poor or no skills in multidimensional modeling.

Though the innovative collaborative model provided by citizen science pro-
motes inclusion and awareness by making data more widely accessible for analy-
ses, it also raises a methodological challenge. Indeed, coping with crowdsourcing
in DW projects requires establishing a fruitful collaboration among a large num-
ber of contributors with different skills, reputations, and degrees of authority. So
far, not much has been said in the literature about this. In an attempt to fill this
gap, the authors of [7] investigated the collaborative design of cube schemata,
proposing a methodology that relies on three groups of users: volunteers (non-
authoritative users who express some preliminary analysis needs), committers
(authoritative users who collaboratively validate the volunteers proposals), and
DW experts (who take care of all technical issues related to the development
of the DW). Volunteers can give their feedback about the cube schemata; to
achieve a consensus about the elements of these schemata, they use a Group
Decision Support System (GDSS), i.e., a software tool that allows the man-
agement of group meetings with mathematical methods for finding solutions to
problems that are unstructured in nature [8].

However, some experiments carried out on a real case study have highlighted
some limitations of such a methodology, mainly related to the difficulty in coping
with the varying skills of users in the definition of analysis requirements [7, 9].
Some relevant issues that remain open are:

• “How to organise and prioritize the analysis needs of several users?”

• “How to deal with —and take advantage of— the specific skills and profiles
of the users involved in the design process?”

• “How to cope with the broad geographic distribution of users and with
the timeline of their interventions?”

• “How to deal with vandalism [10], i.e., with the participation of volunteers
with malicious intents associated to religious, professional, and political
goals?”

To answer these questions, in this paper we propose a framework for collab-
orative multidimensional modeling that can adapt itself to the profiles and skills
of the actors involved. Our work provides the following original contributions:

1. We classify users based on their authoritativeness, distinguishing between
(non-authoritative) end-users, who just express analysis requirements, and
(authoritative) decision-makers, who validate the end-users requirements
and integrate them with their own requirements. Then, we further classify
decision-makers and end-users based on their skills and engagement in the
project, respectively (Section 4).

2. We identify four possible methodological scenarios based on the above
classification (Section 4).
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3. Taking as a reference the most challenging methodological scenario, we
propose a profile-aware methodology that extends the one in [7] by taking
into account the varying skills of the users involved (Section 7). To this end
we identify (i) a metric aimed at assessing how trustworthy each schema
element is, also considering the reliability of volunteer end-users (Section
5), and (ii) a set of quality attributes1 aimed at supporting decision-makers
without multidimensional modeling skills in inspecting cube schemata and
detecting errors (Section 6).

4. We describe a web-based GDSS, called GROUDA, which implements our
methodological framework by tailoring it to the specific users’ profiles
(Section 8).

5. We discuss some experiments carried out in the context of a real case
study in biodiversity to test our approach (Section 9).

The paper outline is completed by a discussion of the related literature (Section
2), a description of our working example in biodiversity (Section 3), and some
concluding remarks (Section 10).

2. Related work

2.1. Multidimensional modeling

The approaches to multidimensional modeling were originally classified into
two categories [12], data-driven and requirement-driven. Data-driven approaches
design the schemata starting from a detailed analysis of the data source schemata;
user requirements impact on design by allowing the designer to select which
chunks of data are relevant for decision making and by determining their struc-
turing according to the multidimensional model [13, 14]. Requirement-driven
approaches start from determining the information requirements of end users,
while how to map these requirements onto the available data sources is inves-
tigated only afterwords [15, 16]. A third category of hybrid approaches has
been then emerging as a mixture of data- and requirement-driven ones; in this
case, both data source schemata and user requirements are used at the same
time [17, 18]. Finally, in query-driven approaches, a multidimensional schema
is created starting from the set of OLAP queries the users are willing to for-
mulate; these queries are specified using either SQL statements [19], MDX ex-
pressions [20], or query trees [21]. We refer the reader to [22] for a nice survey
of the approaches to multidimensional modeling. Interestingly, although some
approaches (e.g., [23, 24]) take the decision-makers’ profile into account to per-
sonalise OLAP analyses, they do not cover design.

With specific reference to requirements elicitation, several works propose
methods and tools to express the analysis requirements and translate them

1In the literature these are often referred to as quality dimensions [11]; we prefer not use
the term “dimension” to avoid confusion with the dimensions of a cube.
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into multidimensional schemata (see [25] for an up-to-date survey). Examples
of tools adopted to this end are UML use case diagrams, natural language,
and interviews [26, 27]. However, these tools appear ineffective when decision-
makers have poor skills in DW and OLAP, since they are either too complex
(e.g., UML or extensions of the Entity/Relationship model [28, 18]), or too
ambiguous (e.g., natural language). For this reason, pivot tables have been
proposed as easily understandable and non-ambiguous tools that can be used
by any kind of decision-makers [25].

Collaborative techniques and tools have already been applied to software
engineering, leading to the concept of social tools for software engineering [29,
30]. For instance, collaborative tools, such as Wiki and forums, are used in the
context of programming activities for software development to achieve fast and
easy content creation [31]. Wiki has also been used for DW testing activities
[9].

To the best of our knowledge, only [7] investigates the collaborative design
of cube schemata in crowdsourcing scenarios taking the profile of volunteers into
account. In particular, the authors propose a DW design methodology where
three groups of users have been identified: volunteers, committers, and BI ex-
perts. The main goal of this methodology is to collect the users’ feedback about
cube schemata and achieve a consensus about its elements using mathematical
methods provided by GDSSs [8]. However, the approach in [7] has the draw-
back of not properly accounting for the variability of skills among all actors
participating in the system design. In this paper we propose a methodology
that addresses such a limitation.

2.2. Multidimensional modeling quality

Quality is a fundamental aspect of all software applications and information
systems. Several works investigate the quality attributes of information systems
—including DWs— from both the data and schema points of view [11], e.g., in
terms of completeness, accuracy, etc. These attributes are often associated
to quality metrics. A quality metric can be objective or subjective, and it
represents a measurable aspect of a quality attribute. These measures are then
used to assess the quality attribute according to an expected value [32].

According to [33], quality in DWs can be investigated from three points
of view: presentation quality, data quality, and schema quality. The existing
literature has mainly addressed data quality and schema quality. Here we will
only focus on the approaches focused on schema quality, which are relevant to
our work.

In [34] the authors define a framework for the analysis of the quality of
multidimensional schemata according to three points of view: specification (the
designer’s), usage (the decision-maker’s), and implementation (the developer’s).
In particular, from the specification point of view, the authors focus on readabil-
ity and expressiveness, delivering the following metrics: non-redundancy (i.e.,
minimality), factorisation degree (reuse of a hierarchy for different facts), zoom-
in zoom-out facility (related to the maximum depth of hierarchies), fact richness
(related to the number of measures), fact dimensioning (related to the number of
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dimensions), fact analysability (overall number of levels), fact summarizability
(number of aggregation functions applicable), simplicity (related to the total
number of concepts expressed in a schema), and correctness (related to the
number of errors found in a schema). Note that all these metrics evaluate a
cube schema in its entirety, thus they do not provide indications on each single
multidimensional element.

The schema quality metrics proposed and validated in [33] are related to
the understandability of multdimensional schemata, which is strictly connected
to the readability mentioned above. Examples of these metrics are the num-
ber of dimensions of a fact, its number of measures, and the maximum depth
of fact hierarchies. These metrics are evaluated with reference to either single
multidimensional elements, single multidimensional schemata, or set of multidi-
mensional schemata forming a DW [35]. Further metrics concern the maintain-
ability of multidimensional schemata and evaluate the quality of a multidimen-
sional schema with respect to its ability to sustain changes during an evolution
process. Not surprisingly, empirical evidences based on simulated sequences of
evolution events suggest that the vulnerability of a fact or dimension to future
changes mostly depends on its number of attributes [36]. Finally, other metrics
are introduced as a support to DW testing in [37], namely, conformity metrics
(to assess how well conformed dimensions have been designed) and usability
metrics (regarding the navigability of hierarchies).

The metrics proposed in [20] are more relevant to our work since they are
related to the schema correctness rather than to its understandability/legibility.
They are completeness, minimality, correct aggregations, and minimal sparsity.
Minimality refers to non-redundant elements, correct aggregation to is equiva-
lent to summarizability [38], and minimal sparsity estimates the percentage of
empty cells in the cube. It is also checked that schemata are in multidimensional
normal form [39].

All the approaches mentioned above aim at introducing metrics to measure
specific quality attributes of cube schemata. However, they cannot be used to
guide decision-makers when inspecting and correcting a cube schema so as to
expedite and improve requirements elicitation. Indeed, requirements elicitation
asks for a set of guidelines on multidimensional modeling issues, which cannot be
expressed by measurable objective metrics —especially within a collaborative
setting like the one we consider, where different decision-makers are involved
and often disagree on requirements.

2.3. Quality attributes in crowdsourcing systems

The seminal work in [40] provides a categorization of quality attributes.
The authors recognise four main groups: intrinsic, contextual, representational,
and accessibility. Besides the quality attributes issued from classical informa-
tion systems, such as precision and accuracy, they identify some new quality
attributes exclusively related to the volunteer character of crowdsourcing sys-
tems: credibility and attractiveness. Credibility characterises the reputation
of the volunteer, while attractiveness defines the popularity of a crowdsourced
element. The definition and management of user reputation in the context of
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crowdsourcing systems has been studied by many (see, for example, [41, 42]).
Efforts to link the quality of crowdsourced data to the ability and reputation of
its contributors have been carried out in the context of Volunteered Geographic
Information (VGI). Some approaches define the trust attributed to the data
itself and the reputation of contributors, calculated by investigating the history
of edits of geographic features [43, 44]. Specific studies investigate the relation-
ship between the quality of VGI and the number of users editing [45, 46, 47].
In [48] the reputation of contributors is used to develop a rule-based system
that identifies potential instances of vandalism in the OpenStreetMap (OSM)
database. Following the work in [47], the authors of [49] develop a VGI evalu-
ation model for features trustworthiness and user reputation as a data quality
proxy measure. An extension of this model is presented in [50] and applied to
the assessment of the quality of street semantics in OSM.

Inspired by some of this work, in this paper we provide our definition of
volunteer reputation. In many of the approaches presented in the literature a
user reputation depends on many factors, including the previous behaviour of
that person [51]. Here, by behaviour we intend the set of interactions a user
has with the system. In the context of schema definition, we do not have a
historic set of defined cube schemata since, once the DW is implemented, then
no further cube schemata are defined or modified. However, we can use the
history of data contribution of volunteers in order to assess the reputation of
users. For example, this could include any data they added, any edits they
made to data inputted by others, etc. Indeed, the historic data contribution of
volunteers could indicate whether they are involved in data vandalism (where
vandalism is detected by quality control measures), and consequently whether
they are likely to carry out vandalism in defining cube schemata for such data.
It could also indicate they are trusted by other users in case where other users
access their data but do not apply any edits to them.

2.4. Collaborative process recommendation

Group Decision Support Systems (GDSSs) have been defined as “interactive
computer-based environments that support concerted and coordinated team ef-
fort towards completion of joint tasks” [52]. GDSSs have explicit and implicit
advantages that must be understood by the responsible leaders to reach the
best of their potential team-oriented productivity [53]. The explicit benefits
are mainly, but not exclusively, a better problem definition, more group cohe-
siveness, a higher number of solutions with better quality, and stronger team
commitment to those solutions’ adoption and implementation. The implicit
ones include a remarkable reduction of the staff’s engagement time to reach
final decisions and budget savings thanks to the boosted productivity. The
original purpose of GDSSs also includes the exploitation of opportunities that
information technology tools can offer to support group work.

Many studies have evaluated GDSSs, and showed that they can improve the
productivity by increasing the information flow between participants, by gener-
ating a more objective evaluation of information, by improving synergy inside
the group, by saving time, etc. [54]. The specific use of GDSS systems for
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requirements elicitation has been discussed since the early 1990s [55, 56, 57].
For example, in [58] a methodology is proposed called Decision Support in Soft-
ware Engineering (SEDS), which suggests presenting the perspectives of various
stakeholders for a better definition of requirements. Also, among the others,
in [59] an approach is introduced that helps, in a corporate environment, to
manage requirement elicitation. Specifically, some studies highlighted that the
efficiency of using GDSSs depends strongly on the presence of a facilitator [60].
Group facilitation is defined as a process in which a person, who is considered as
trustworthy by all the group members, intervenes to help improve the way they
identify and solve problems, and make decisions [61]. Though in general the
role of the facilitator in collaborative process recommendation is very complex
and high expertise is required, using a GDSS to support collaboration makes
this role much simpler since the decision algorithms are automated.

Recommendation systems can be an important asset in the absence of a
professional facilitator. This is the reason why we make use of recommendation
to tailor our methodological approach. When a system suggests several items
to its users, the recommendation challenge becomes how to provide the most
convenient set of propositions tailored to each user’s needs. This has been the
focus of many commercial and academic research approaches [62]. However,
since this is not the main contribution of our approach, we adopt a simple
question-based recommendation [63] as a proof of concept that more advanced
techniques can be incorporated for further improvements.

3. Working example

Before we describe the working example we will use along the paper, we
briefly summarise the basic concepts of the multidimensional model, used to
organize data in DWs. A multidimensional schema is based on the concepts
of cube (analysis subject), dimensions (axes for analyzing a cube), and mea-
sures (numerical attributes of cubes). A cube can have several dimensions and
measures. A dimension can be organised in hierarchies, each composed of a set
of levels expressing different possible aggregations of that dimension. Indica-
tors are described by a measure and an aggregation function, used to aggregate
measure values along hierarchies.

Our working example is related to a real case study concerning the analysis
of biodiversity in the agricultural context, and derives from the French ANR
project VGI4Bio (www.vgi4bio.fr/). Data are obtained from Faune-Aquitaine
(faune-aquitaine.org), an online observation notebook for naturalists which
enables them to archive and consult their own observations. This is also a tool
to share data and to improve knowledge about the regional fauna, thanks to the
pooling of observations from thousands of field naturalists. To ensure data reli-
ability, a validation process is constantly carried out. First of all, incoming data
are automatically scanned to check that the observations are compatible with
the basic knowledge about species biology (mainly phenology, behaviour, con-
sistency, and distribution). Data are also manually checked by some validators,
who are expert naturalists with access to additional functionalities. Validators
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Figure 1: Cube schema for agro-biodiversity analyses; the schema is called abundance as it
describes the abundance of species

can tag questionable observations and discuss with their authors to improve
data quality. Outliers are also identified a-posteriori, when datasets are used to
create distribution maps or phenological analyses.

In this work we focus on the cube schema in Figure 1, which is called abun-
dance (as it describes the abundance of species) and was designed starting from
the requirements expressed by volunteers. The schema is represented using the
ICSOLAP UML profile [64]. The abundance cube has six dimensions:

• Crop, which includes levels Crop and Type of crop (the latter describing
the group of crops used in the plot, e.g., wheat).

• Species, whose hierarchy includes two levels describing the species and its
group (for instance, species ’eagle’ belongs to the ’Accipitridae’ group).

• Location, whose hierarchy includes three levels modeling cities, depart-
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ments, and regions, respectively.

• Time, with one hierarchy that groups dates into months and years.

• Altitude, describing the altitude at which each observation was made.

The abundance cube has one indicator, Avg(abundance), which measures the
average abundance of each species as observed on each date by each user for
each type of crop. Thus, this cube enables analysts to monitor the evolution of
biodiversity over time and space, and by type of crop.

4. A profile-aware methodological framework

In this section we sketch a general profile-aware framework for multidimen-
sional modeling methodologies.

We start by recognizing that, in most DW projects, the users involved can
be classified into two groups based on their authoritativeness, which depends on
their self-confidence on the application domain and on the analysis requirements,
as well as on how likely it is they will be respected and obeyed in the context
of the DW project:

• We call end-users the non-authoritative users, i.e., those who are sup-
posed to have a good knowledge of the application domain, will use the
DW for their analysis, may contribute to the project by expressing some
requirements that are not guaranteed to actually be taken into account
faithfully.

• We call decision-makers the authoritative users, i.e., those who have an
excellent knowledge of the application domain, will use the DW for their
analysis, can validate the end-users requirements and integrate them their
own requirements.

Note that in a typical DW project taking place within a company, decision-
makers correspond to the so-called key users, i.e., those who have a deeper
knowledge of the application domain and/or who play a leading role in the
company. End-users are those who do not have a broad picture of the company
strategy and will mainly use the DW for routine analysis. Conversely, in citizen
science projects, end-users correspond to volunteers, who express their prelim-
inary and “local” analysis needs, while decision-makers correspond to so-called
committers, i.e., authoritative experts of the application domain who collabora-
tively validate and integrate the volunteers proposals [7].

We further specialise both end-users and decision-makers:

• For end-users we consider their level of engagement in the project: we
distinguish between projects whose end-users are engaged (mostly, com-
pany projects) and projects whose end-users are volunteers (citizen science
projects).

10



End-users’ engagement 

D
ec

is
io

n-
m

ak
er

s’ 
sk

ill
s i

n 
m

ul
tid

im
en

si
on

al
 m

od
el

in
g 

Volunteer 
collaborative 

design 

Collaborative 
design 

Quality-based 
volunteer 

collaborative 
design 

Quality-based 
collaborative 

design 

citizen 
science 
projects 

 
 
 
 
 
 
 
 
 

company 
projects 

 
 
 
 
 
 
 
 
 

poor 

good	
  

low high	
  

Figure 2: Magic quadrant for DW projects and multidimensional modeling methodologies

• For decision-makers we consider their skills in multidimensional modeling,
which can make them more or less autonomous and confident in validating
and integrating the analysis requirements.

As a result, we can draw some sort of “magic quadrant” for DW projects
as shown in Figure 2 where, with respect to the horizontal axis (end-users’
coordinate):

1. The two right-most quadrants cover typical company projects, where end-
users are strongly engaged. Thus, there is no need to assess their reputa-
tion; in other words, we assume that the risk that they may maliciously
influence the project to achieve some personal goal (e.g., by removing di-
mensions/indicators that can be explanatory for sensible phenomena such
as treatments for agricultural biodiversity) is negligible.

2. The two left-most quadrants cover citizen science projects, where end-
users are volunteers (i.e., they are not paid for the task they execute in the
context of the project and are likely to be loosely engaged). In this case,
assessing the reputation of end-users is crucial to ensure that the work
made by volunteers is reliable, as they might make mistakes due to their
lack of expertise or they might deliberately want to perform vandalism
[48].

With respect to the decision-makers’ coordinate (vertical axis):

1. If decision-makers have sufficient skills in multidimensional modeling (two
top quadrants), a basic collaborative approach can be pursued to coordi-
nate all users and obtain comprehensive cube schemata.

2. Otherwise, decision-makers can hardly evaluate the quality of the cube
schemata proposed by end-users [25]. In particular, they are likely un-
able to identify typical problems of cube schemata such as redundancy,
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Figure 4: A sample pivot table in Excel

completeness, etc. Besides, integrating these schemata also taking into ac-
count their own requirements will be very difficult for them. Thus, some
support and guideline must be given to them for these tasks to achieve a
quality-based collaborative design (two bottom quadrants).

Based on the above discussion, we aim at devising a profile-aware method-
ological framework that can flexibly adapt itself to cover all four quadrants in
Figure 2. To this end we extend and generalise the methodology proposed in
[7], which falls in the top-left quadrant (volunteer collaborative design). In the
following we sketch the general methodological framework, while in Section 7 we
specifically describe how it is tailored to the most challenging scenario, i.e., that
of non-engaged end-users and decision-makers not skilled in multidimensional
modeling (bottom-left quadrant of Figure 2).

Besides decision-makers and end-users, our framework relies on two more
actors, corresponding to DW experts in [7], both skilled in multidimensional
design but with little or no knowledge of the application domain:

• designers, who support end-users in expressing their requirements, and

• facilitators, who organise the collaboration of decision-makers and select
the cube schema elements to be validated by them.

The main steps of the methodological framework we propose are shown in Figure
3 and briefly commented below:

1. During the first step, Create, end-users define their own cubes supported
by designers. Specifically, as done in [7], the requirements of each end-user
are captured in five steps: (i) a goal model is created by a designer by in-
terviewing the end-user; (ii) the end-user expresses detailed requirements
for each goal by drawing pivot tables in Excel; (iii) these requirements are
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refined by the designer via semi-structured interviews with the end-user;
(iv) each pivot table is automatically translated into an ICSOLAP cube
schema; and (v) a prototype is automatically obtained from that cube
schema using the ProtOLAP tool [65], to let the end-user validate her
analysis requirements. As to (ii) we observe that, while other approaches
have been devised in the literature to capture requirements (e.g., based on
MDX expression or SQL queries), using pivot tables is preferred in case
of users who are unskilled in multidimensional modeling, so they cannot
express their analysis needs directly in terms of multidimensional concepts
such as measures and dimensions, and even in terms of classical require-
ments engineering concepts such as goals, KPIs, etc. [25]. Conversely,
these users can easily understand and validate the results of prototype im-
plementations, which normally consist of pivot tables returned by OLAP
tools. As to (iv), the complete algorithm for translating pivot tables into
ICSOLAP schemata is shown in [25]; the basic idea is to map the headers
of each pivot table into multidimensional concepts (namely hierarchies,
dimensions, levels, and indicators).

Example 1. Figure 4 shows a pivot table drawn by an end-user and in-
cluding three dimensions and one indicator; Figures 5 and 6 show the cor-
responding ICSOLAP schema and the prototype created using the JRubik
OLAP client.

2. The previous step produces a set of ICSOLAP schemata, obtained from
the requirements the different end-users. During the second step, Merge,
these schemata are semi-automatically merged to generate one or more
integrated cube schemata. Indeed, using pivot tables encourage decision-
makers to think in terms of single queries rather than in terms of a global
multidimensional schema, so an integration step is mandatory. In terms
of DW design, this corresponds to the fusion of a set of multidimensional
schemata, for which some approaches have been proposed in the literature.
We adopt the one proposed in [7], in turn inspired by [66, 67]. Basically,
for each common hierarchy (i.e. hierarchy with the same name), we fuse
the levels present in the different schemata by preserving their functional
dependencies, so that the hierarchies designed by a user may be enriched
with levels designed by other users. Standard semantic reconciliation tech-
niques (e.g., [68]) can be adopted to automate the derivation of inter-level
matchings. The contradictions possibly arising in hierarchies are solved
manually by the decision-makers.

Example 2. Consider again the cube schema in Figure 5, to be merged
with the one in Figure 7. Two different versions of the Location hierar-
chy are found, one including levels Region and Location, one including
levels Dept and Location. Therefore, the designer has to decide whether
two separate hierarchies should be created or these three levels should be
included in the same hierarchy. In this case, a many-to-one association
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Figure 5: ICSOLAP schema obtained from the pivot table of Figure 4

holds between Dept and Region, so she chooses the second option; the
merged ICSOLAP schema is shown in Figure 8.

3. The integrated cube schemata may include a large number of elements;
the Filter step aims at reducing the validation effort of decision-makers by
letting them focus only on the controversial elements, which are more likely
to give rise to discussions and conflicts. This can be done by a facilitator
if she has some knowledge of the application domain. Otherwise, filtering
must be automated; to this end we introduce a metric aimed at assessing
how trustworthy each schema element is, also considering the reliability
of volunteer end-users (Section 5).

4. Each controversial element is then collaboratively validated by decision-
makers (Endorse). As a consequence, some changes to the cube schema
(e.g., delete a level or rename a hierarchy) may be required (Edit). Both
activities are supported by the GROUDA GDSS (see Section 8) and coor-
dinated by a facilitator. To cope with the case in which decision-makers
have no multidimensional modeling skills, we introduce a set of quality
attributes aimed at supporting them in inspecting cube schema and de-
tecting errors (Section 6).
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Figure 6: JRubik prototype for the ICSOLAP schema of Figure 5

To complete the design of the DW, the resulting ICSOLAP cube schema is
automatically prototyped and validated as described in [7].

5. A metric for filtering

In this section we introduce a trustworthiness metric, inspired by the litera-
ture on crowdsourcing systems, aimed at assessing the reputation and reliability
of end-users (specifically, volunteers in the two left-most quadrants of Figure 2)
and, therefore, of the cube schema they contribute. Trustworthiness represents
the degree of confidence that can be associated to each level and each indicator
suggested by end-users; it is based on three factors, namely, expertise, volun-
teer reputation, and attractiveness. Importantly, trustworthiness will be used
during the Filter step to relieve decision-makers of the endorsement effort for
non-controversial elements of cube schemata.

1. Expertise. Each end-user indicates her degree of expertise concerning the
application domain of the cube schema using the ordinal scale {’low’;
’medium’; ’high’; ’expert’}. The expertise of end-user i, indicated Expi,
is then obtained by mapping these ordinal values to numerical values (0.3,
0.5, 0.7, and 1, respectively). For instance, in our working example, ecol-
ogy and agronomy researchers would classify themselves as ’expert’, a
farmer as ’medium’ (since she only has empirical knowledge about agro-
biodiversity), while a naturalist amateur as ’low’ (since she has no knowl-
edge about agriculture).

2. Volunteer reputation. Reputation belongs to the community, not to the
person whose trust was evaluated and it depends on many factors, in-
cluding the previous behaviour of that person [51]. In a crowdsourcing
project, where members of the community are able to accept/reject/edit
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Figure 7: An alternative ICSOLAP schema to be merged with the one in Figure 5

other people’s contributions, the reputation of volunteer i can be seen as
a function of the ratio of correct data (or data accepted by the commu-
nity) and all the data that i contributed. More formally, we define the
reputation of volunteer i as:

Repi = f(1− rdi
di

)

where:

• rdi represents the number of rejected data entries made by i;

• di represents the number of all data entries entered by i (therefore
rdi ≤ di);

• f is a function with domain and codomain [0, . . . , 1].

Calculating the reputation of end-users based on the quality of the data
they provide gives us a means of adjusting the self-assessment provided by
users when indicating their expertise. Indeed, expertise is taken into ac-
count when calculating the trustworthiness of multidimensional elements,
which we consider as a proxy for their quality, to identify elements that
require further checks. Therefore, it is important to have a mechanism
that can capture the potential for vandalism and/or for incorrect entries
made by non-expert users when calculating trustworthiness.
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Figure 8: ICSOLAP schema obtained by merging those in Figures 5 and 7

3. Attractiveness represents the “popularity” of a multidimensional element
within the proposed cube schemata, and provides an important measure
of its quality. Indeed, according to the many eyes principle [69], the more
a piece of data is defined/edited, the higher its quality. Formally, given
an element e and end-user i, we define

Attri(e) =

{
1 , if i has defined e

0 , otherwise

For instance, if five end-users agree on the presence of the Crop dimension,
its attractiveness is 1 for all these end-users.

4. Trustworthiness. We can now define the trustworthiness of a multidimen-
sional element e as:

Trust(e) =

∑
i(w

exp × Expi + wrep ×Repi)×Attri(e)∑
i(w

exp × Expi + wrep ×Repi)
(1)

where wexp and wrep are weights such that wexp + wrep = 1. Therefore,
trustworthiness is a value between 0 and 1, where 1 means that all end-
users defined this element. As previously mentioned, combining the (self-
defined) expertise of end-users and their (quality-dependant) reputation
in the weighted sum allows to moderate the effect the expertise has in
assessing the trustworthiness of elements. This aims at avoiding that
either malicious volunteers identify themselves as experts for vandalism
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actions, or non-expert users do the same with no malicious intention but
still resulting in several incorrect contributions. Similarly, if an expert
end-user is too modest in her self-assessment, her high reputation will
compensate for it. The values of wexp and wrep can vary depending on
the particular scenario. For example, in a quite controlled environment,
where it is very unlikely to have malicious users and the self-assessment is
reliable (e.g., because very specific guidelines are provided), both weights
could have the same value. In other cases, more weight could be given
to the reputation vs. self-assessed expertise. Where the self-assessment is
totally unreliable, it could be disregarded altogether.

To give a theoretical validation of the trustworthiness metric, we adopt the
DISTANCE framework [70]. Given a set of end-users U and a multidimensional
element e, our reference universe S is the set of all possible project situations
where any subset of end-users has defined element e. The steps of the validation
process are then solved as follows:

1. Find measurement abstraction: we adopt function abs : S → 2U such
that abs(s) = Us, where Us ⊆ U is the set of end-users who defined element
e in project situation s ∈ S.

2. Model distances between measurement abstractions: Since mea-
surement abstractions are sets of end-users, only two elementary trans-
formations are required: one for adding an end-user to a set and one for
removing an end-user from a set.

3. Quantify distances between measurement abstractions: let TrustU (e)
denote the value taken by Formula 1 when evaluated with reference to a
project situation where U is the set of end-users who defined e (note that U
impacts on the values of Attri(e) for each i). Given two project situations
s and s′, we measure their distance as

δ(s, s′) = Trustabs(s)−abs(s′)(e) + Trustabs(s′)−abs(s)(e)

It is straightforward to prove that δ satisfies identity of indiscernibles,
symmetry, and triangle inequality, so it is a metric2.

4. Find a reference abstraction: the project situation s∗ where no end-
user defined element e, i.e., where abs(s∗) = ∅.

5. Define the software measure:

δ(s, s∗) = Trustabs(s)−abs(s∗)(e) + Trustabs(s∗)−abs(s)(e)

= TrustUs
(e)

2It has been proven that the symmetric difference model can always be used to define a
metric when the set of measurement abstractions is a power set like in our case [71]. Though
the function we use here does not simply count the number of end-users in each set, it weighs
the presence of each end-user with a constant that depends only on that end-user, so all
properties of metrics are preserved.
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Table 1: Quality attributes for cube schemata and their applicability to cube schema elements
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Completeness yes yes yes yes
Precision yes yes

Relevance yes yes
Minimality yes yes yes yes

Consistency yes yes
Certainty yes yes yes yes

Confidentiality yes yes
Usability yes

6. Quality attributes for endorsement

Inspired by the quality attributes defined for databases, the attributes we
introduce in this section aim at supporting decision-makers not skilled in multi-
dimensional modeling and are intended to be adopted in scenarios corresponding
to the two bottom quadrants of Figure 2.

Specifically, these quality attributes are used to support decision-makers
in detecting possible errors in multidimensional modeling during the Endorse
step. Note that they are not formally defined as metrics because (i) they can be
evaluated only ex-post, i.e., after the design process is completed and the final
version of a cube schema is available; (ii) they are subjective and multi-valued,
i.e., each decision-maker may give different evaluations for these attributes and
may be difficult to reach an agreement; and (iii) they are applied to fine-grained
parts of a cube schema and are defined as Booleans. Indeed, they are not meant
to measure the quality of schemata, but to provide a sort of checklist that each
decision-maker is encouraged to inspect on all different parts of a cube schema
to ensure that all quality aspects are properly considered.

The applicability of quality attributes to cube schema elements is sum-
marised in Table 1 and detailed below. Some examples are referred to the cube
schema in Figure 9, obtained by merging the schemata proposed by different
end-users, where some errors are present.

1. Completeness refers to sets of multidimensional elements, and indicates
whether all necessary concepts have been modeled in the cube schema. It
can be applied to the following sets of elements:

• set of indicators (e.g., the median and the standard deviation of
abundance might be useful as well, besides its average);

• set of levels of a hierarchy (e.g., the Location hierarchy might be
considered incomplete should an additional Plot level be useful for
farmers’ analyses);
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Figure 9: Cube schema for agro-biodiversity analyses with some errors (in red)

• set of hierarchies (e.g., a hierarchy for classifying species according
to some specific taxonomy might be missing);

• set of dimensions (e.g., a dimension representing altitudes is manda-
tory to characterise the abnormal presence of some species).

2. Precision refers to single multidimensional elements, and indicates whether
an element is represented with sufficient precision and detail. It can be
applied to two types of elements:

• indicator (for instance, using an integer to measure the average abun-
dance is not precise enough since values are very small —typically
from 1 to 15; therefore, a higher precision with two decimal digits is
required);

• dimension (e.g., biodiversity is strongly related to specific crops, thus,
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the Crop dimension —whose finest level in Figure 9 is Type of crop—
is not precise enough and level Crop should be added).

3. Relevance refers to single multidimensional elements and indicates whether
they are useful for analysis; it can be applied to two types of elements:

• indicator (e.g., an indicator based on an irrelevant measure might
have been created);

• level (e.g., the User and Week levels in Figure 9 are not relevant for
the analysis of biodiversity).

4. Minimality refers to sets of multidimensional elements and indicates whether
they present redundancies (i.e., duplicates). It can be applied to differ-
ent sets of schema elements: set of dimensions; set of indicators; set of
levels of a hierarchy ; and set of hierarchies of a dimension (e.g., hierar-
chy Time month in Figure 9 is redundant because hierarchy Time already
contains all the levels of Time month).

5. Consistency refers to single multidimensional elements and indicates to
what extent the rules characterizing the application domain have been
adhered to. It can be applied to two types of elements:

• indicator (e.g., an indicator might use an inappropriate aggregation
operator);

• hierarchy (e.g., in the Species hierarchy of Figure 9, groups of species
are children of species, while it should be the opposite).

6. Certainty refers to single multidimensional elements and indicates that
there are no ambiguities in the names chosen for them. It can be applied
to four types of elements: hierarchy, dimension, indicator, and level (e.g.,
the Location level in Figure 9 is ambiguous since it apparently represents
the exact geographical coordinates of an observation, while it actually
represents the city where the observation was made).

7. Confidentiality is inspired from [40] and indicates whether a multidimen-
sional element can be part of the cube schema or it should be removed for
legal, anonymization, or confidentiality issues. It can be applied to two
types of schema elements, namely, indicator and level (e.g., the User level
in Figure 9 may cause privacy and confidentiality problems).

8. Usability indicates if, overall, a cube schema facilitates analysis. For ex-
ample, a cube with 30 dimensions can lead to unreadable pivot tables in
OLAP clients.

7. Quality-based volunteer collaborative design

In this section, we explain in detail how the profile-aware framework in-
troduced in Section 4 is instanced into a specific methodology for the scenario
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where end-users are volunteers and decision-makers have poor skills in multi-
dimensional design (bottom-left quadrant of Figure 2). To address the most
challenging case, we also assume that the facilitator has a poor knowledge of
the application domain, so that the Filter step must be automated.

Steps Create and Merge are the same as in [7]; the other steps are described
in the following subsections.

7.1. Filter

The goal of this step is to reduce the validation effort of decision-makers
during the next step. This is done by forcedly validating a priori all non-
controversial multidimensional elements. This can be done by a facilitator if
she has some knowledge of the application domain as well as sufficient time,
otherwise it can be done automatically as described below.

The main idea is that, when end-users are reliable and they agree on the def-
inition of a multidimensional element, then that element is well-defined. This is
expressed by the trustworthiness metric defined in Section 5. The multidimen-
sional elements whose trustworthiness is above a given threshold are automati-
cally validated, thus saving the decision-makers’ effort in voting those elements
during the Endorse step.

For instance, a facilitator with good skills in ecology who also participated
in the collection of data can set a relatively high threshold, e.g., 80%. Indeed,
during the Endorse step it will be easy for her to manually validate controversial
elements such as location, since she is aware that the name Location used in the
application for data collection actually refers to city.

7.2. Endorse

During this step, the multidimensional elements that were not validated
during Filter are checked by decision-makers to see if they can be validated
or not. Should decision-makers have good skills in multidimensional modeling,
they could quickly do this by just discussing each element during the required
meetings conducted by the facilitator. In the scenario we are considering, the
decision-makers’ skills in multidimensional modeling are poor, so we propose to
rely on the quality attributes described in Section 6.

The endorsement process takes place as follows. First of all, the facilitator
explains the quality attributes to the decision makers supported by some exam-
ples. Then, for each multidimensional element, each applicable quality attribute
is evaluated. The multidimensional elements are examined following a bottom-
up approach, i.e., from the finest ones to the coarsest ones. More precisely,
considering the part-of relationships between elements, indicators and levels are
considered first, followed by hierarchies, then by dimensions, and finally by the
whole cube. The whole process is sketched in Figure 10.

Example 3. For instance, after checking levels Date, Month, and Year for rel-
evance, certainty, and confidentiality, the Time month hierarchy is checked for
certainty and consistency. After the set of hierarchies of the Time dimensions
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Figure 10: Breakdown of the Endorse step

has been checked for completeness and minimality, and finally the Time dimen-
sion is checked for precision and certainty.

The check of each quality attribute on each multidimensional element is
done collaboratively through a majority vote. We choose a simple majority
vote, without taking into account the expertise of each decision-maker, because
multidisciplinary skills are involved in the endorsement of a cube schema. In
fact, to enable an expertise-weighted vote, the decision-makers would have to
define their expertise for each multidimensional element, which would make the
Endorse step too time-consuming. For example, checking the Crop dimension
requires agronomy skills, while Species should be evaluated by a naturalist. To
solve this issue, we give each decision-maker the possibility of “not voting” when
she considers herself not skilled enough to express her opinion on a specific
multidimensional element. This may lead to a neutral result of the voting
process, which must then be solved by decision-makers via a free discussion.

Example 4. In our working example, the User level was voted as relevant only
by two decision-makers, while the other three thought it was irrelevant. Thus,
User was deleted during the Edit step (as described in Section 7.3). Conversely,
the Location level was voted as relevant by all decision-makers, so it was checked
for certainty. Four decision-makers out of five voted Location as not certain
(i.e., they deemed its name as ambiguous), so this level was renamed during the
Edit step.

We close this subsection by observing that, as depicted in Figure 10, the
endorsement of each element is immediately followed by its editing. Since ele-
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Table 2: Actions on cube schema elements that can be triggered in presence of quality problems
during Endorse

Indicator Level Hierarchy Dimension
Completeness add add add add

Precision modify add
Relevance delete delete

Minimality delete delete delete delete
Consistency modify modify

Certainty rename rename rename rename
Confidentiality delete delete

Usability delete delete delete delete

ments are examined from the finest ones to the coarsest ones, performing the
Edit step on a component element may affect the subsequent endorsement of
the composed element. For instance, if the only hierarchy in a dimension is
voted to be redundant (i.e., non-minimal) and is deleted, that dimension will
then be empty so it will not have to be endorsed.

7.3. Edit

Once all quality attributes have been evaluated on an element or set of
elements, some actions may have to be applied so as to correct the cube schema.
These actions are:

• Delete. For example, the User level is removed since it causes confiden-
tiality problems.

• Add. For example, the Crop level is added to the Crop hierarchy.

• Rename. For example, Location level is renamed as City.

• Modify. For example, levels Species and Group are inverted in the Species
hierarchy.

The collaborative process for this step is implemented as a free discussion among
the decision-makers. Table 2 shows which actions on cube schema elements can
be triggered in relationship to each quality problem possibly emerged during
the Endorse step.

8. Implementation

The technological stack for our implementation relies on three components:
(i) GROUDA, a GDSS; (ii) PostgreSQL (www.postgresql.org/), a well-known
relational database management system; and (iii) Mondrian (mondrian.pentaho.
com/), an open-source OLAP Server.

GROUDA (GROUp Decision & DAta-warehouse) allows decision-makers to
organise a variety of thinklet-based group activities, coordinated by a facilitator.
A thinklet is a “scripted collaborative activity that gives rise to a known pat-
tern of collaboration among people working together towards a goal” [72]. Every
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Figure 11: An excerpt of the XML Mondrian file for the abundance cube schema

thinklet is composed of three group activity stimuli that are described indepen-
dently of the technological support of its implemented solution: (i) the tool,
i.e., the hardware and software technology used so the thinklet definition allows
reproducibility, (ii) the configuration to give a precise parametrization among
the various possible combinations of the used tool settings, and (iii) the script
that leads to the sequential progress of the activity execution. GROUDA has
been implemented as a web-based application in Python with the Django 2.2.2
framework, which allows the availability of these thinklet-based group activities
on the web. All data about users and meetings are stored in Postgres. Im-
portantly, GROUDA provides a completely decentralised GDSS, which enables
groups of decision-makers to remotely join their meetings. It is also possible to
use some of the offered techniques asynchronously, ensuring flexibility in terms
of users’ availability.

Mondrian is used to implement the DW prototype starting from an XML file
that describes cube schemata and is automatically generated from ICSOLAP
schemata as described in [7]. GROUDA comes with a java component that
takes in input this file so as to display its multidimensional elements on the user
interface for voting or discussing. Note that we have extended the original XML
schema of Mondrian with an attribute to represent the trustworthiness for the
Level and Measure tags. This attribute is used in the Filter step to automate
the selection of the multidimensional elements to be validated. Even in case the
selection is made manually by the facilitator, trustworthiness values are shown
to her in the user interface to make her task easier. An excerpt of the XML file
for the abundance cube schema is shown in Figure 11.

In order to take into account the varying users’ profiles and skills, our frame-
work recommends a different implementation of the Filter and Endorse steps
depending on the answers given to three questions:

1. “Do you consider yourself an expert of the application domain?”. This
question is directed at the facilitator.

• If the answer is no, the Filter step is automated as described in
Section 7.1, based on the trustworthiness metric.
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• If the answer is yes, the facilitator can manually select the well-
defined elements of the cube schemata proposed by end-users.

2. “Do you think your skills in multidimensional modeling are good?”. This
question is directed at decision-makers.

• If the answer is no for at least one of them, decision-makers must
be supported by quality attributes and the Endorse step is based on
majority votes, as described in Section 7.2.

• If the answer is yes for all, considering that the evaluation of quality
attributes can be long and tedious, the Endorse step can be carried
out more informally via a free discussion.

3. “Are the end-users volunteers?”. This question is directed at the facilita-
tor.

• If the answer is no, the reputation of all end-users is set to 1 when
computing trustworthiness.

• If the answer is yes, the reputation of end-users is computed as dis-
cussed in Section 5.

To support the Endorse and Edit steps we created a thinklet that supports
both variants of the collaborative process (voting and free discussion):

• When decision-makers have good skills in multidimensional modeling, the
facilitator explains each multidimensional element (Figure 12), invites the
decision-makers to discuss them, and annotates their suggestions so as to
take the necessary edit actions.

• Otherwise, an additional functionality is shown to enable voting the dif-
ferent quality attributes of multidimensional elements when clicking on
each of them (Figure 13). Then, at the facilitator’s command, the results
of voting are shown to all the participants to keep them informed about
the decisions taken (Figure 14).

At the end of the meeting, a report of the results is downloaded by the facilitator
who will be in charge of applying the edit actions as discussed by the decision-
makers. Remarkably, this process is streamlined and accelerated thanks to the
combined use of the ICSOLAP profile and of the ProtOLAP tool. Indeed, each
edit action on a cube schema is quickly carried out by the facilitator on the
corresponding ICSOLAP schema. Then, ProtOLAP automatically generates a
prototype used to continue the process.

9. Experiments

In this section we describe two experiments carried out to put our approach
to the test on the agro-biodiversity case study. The first experiment, called
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Figure 12: The facilitator summary of multidimensional elements in GROUDA

Exp1 from now on, concerns the abundance cube schema, used as a working
example throughout the paper; this cube enables analyses of the biodiversity of
birds and is fed with the LPO (Ligue pour la Protection des Oiseaux) dataset.
The second experiment, Exp2, has been conducted on a cube fed with data from
the Observatoire Agricole de la Biodiversite (observatoire-agricole-biodiversite.
fr) and concerning the biodiversity of bees according to the applied treatments
at the plot scale.

9.1. Description

In Exp1, five volunteers were involved in the definition of cube schemata;
they created 14 cube schemata overall, which were then merged into one cube
schema (the one in Figure 9).

In Exp2, five volunteers defined 12 cube schemata. From them, a single
cube schema was obtained with one indicator (the average abundance), a tem-
poral dimension, a treatment dimension, a spatial dimension (grouping plots
into farms, cities, departments, and regions), a crop system dimension, and a
neighboring land use dimension (e.g., wood, urban area, or other cultivated
area). Both experiments were focused on the novel steps proposed in this work,
namely, the Filter and Endorse steps.
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Figure 13: The voting phase in GROUDA

Figure 14: Voting results in GROUDA

To assess the trustworthiness of each multidimensional element during the
Filter step, we had to measure the reputation of volunteers and the expertise
of end-users. Tables 3 and 4 show the reputation of each volunteer involved
in Exp1 and Exp2, respectively, together with its components: the number
rd of data rejected and number d of data collected. These numbers count the
observations of taxa made by each volunteer. These observations are collected in
the Faune-Aquitaine notebook to be manually accepted (or rejected) by some
expert naturalists; note that not all observations are actually loaded in the
cubes, since some of them refer to species not monitored. We also observe that
the data collected in Exp2 are less than in Exp1, since they are collected by
farmers and/or researchers with a more complex and time-consuming protocol
[73].

To compute the reputation we used a simple quadratic function:

Repi = (1− rdi/di)2

This is because, by statistically analyzing the data, we observed that many
of the data contributors provide large amounts of data, and the majority of
contributors make very few mistakes. In other words, the ratio rdi/di is in
almost all cases very low. However, in some such cases, if a contributor provides
a very large amount of data items (e.g., 10000) and makes several mistakes (e.g.,
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Table 3: Volunteers’ reputation and expertise in Exp1
i-th volunteer rdi (rejected data) di (collected data) Repi Expi

V1 2 11 0.67 Expert (1)
V2 0 32909 1 Expert (1)
V3 0 14529 1 Low (0.3)
V4 0 2929 1 High (0.7)
V5 23 1621 0.97 High (0.7)

Table 4: Exp2: Volunteers’ reputation and expertise in Exp1
i-th volunteer rdi (rejected data) di (collected data) Repi Expi

V6 3 20 0.72 Expert (1)
V7 0 250 1 Expert (1)
V8 0 150 1 Expert (1)
V9 2 270 0.98 Medium (0.5)
V10 4 350 0.97 Medium (0.5)

100) but still a very small number with respect to her overall contribution, this
ratio would be very low, while the number of mistakes made is still quite high.
By using a quadratic (or higher order) function we better take this into account.
Of course, more complex functions could also be used.

As to the expertise, we observe that the analysis of data requires skills that
may be different from those needed to collect the same data. Indeed, in our
case study, the collection of data needs basic naturalist skills, while the analysis
of these data for agro-biodiversity issues requires ecological knowledge. For
instance, volunteer V4 is a good data collector, but he is not an ecological
expert, so he evaluated his expertise as 0.7.

To evaluate the effectiveness of the quality attributes for the Endorse step
in Exp1, we focused on the following aspects (see Figure 9):

1. completeness of the set of dimensions;

2. precision of the Crop dimension;

3. relevance of the User level;

4. relevance of the Week level;

5. minimality of the set of hierarchies of the Time dimension;

6. consistency of the Species hierarchy;

7. certainty of the Location level;

8. confidentiality of the User level.

Then, we created two groups of three decision-makers each and let them inves-
tigate these problems using:

• for group A, a preliminary analysis made by each decision-maker on its
own, and then a global free discussion;
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• for group B, the majority vote based on quality attributes.

A similar approach was adopted for Exp2. The kind of errors introduced in this
experiment is shown in the X axe of Figure 18. Note that all five decision-makers
involved had poor skills in multidimensional modeling.

To complete our evaluation, we collected the feedback of the decision-makers
involved in the two experiments by means of a questionnaire. The participants
answered 14 questions aimed at assessing their satisfaction levels with our ap-
proach. For the first 11 questions we adopted a 5-point Likert scale [74], which
allows a neutral midpoint and two nuances for positive and negative answers
(i.e., ’very dissatisfied’, ’fairly dissatisfied’, ’neither satisfied nor dissatisfied’,
’fairly satisfied’, and ’very satisfied’). These questions are:

1. Overall satisfaction with the methodology

2. Success in identifying errors in cube schemata

3. Success in identifying conflicts in multidimensional elements

4. Success in building group consensus

5. Better understanding of cube schemata

6. Complexity of the endorsement process

7. Satisfaction with the user interface

8. Effectiveness of facilitation

9. Understandability of the quality attributes

10. Ease of keeping up with the overall process

11. Willingness to reuse the methodology in the future

For the remaining three open questions we gave a maximum space of two sen-
tences to provide general suggestions.

9.2. Results

We start by discussing Exp1. With reference to the Filter step, Figure 15
shows the attractiveness and the trustworthiness of each indicator and level
in Figure 9. Note that three elements (User, Week, and Location) have been
only proposed by one volunteer, five elements by all the volunteers. This con-
firms that, while there is some general agreement among volunteers about the
elements that should be used for biodiversity analysis, some volunteers may
provide particular suggestions, whose validity is to be confirmed by decision-
makers. Since our experiment took place within a controlled environment,
to compute trustworthiness we chose wexp = wrep = 0.5. We opted for a
100% filtering threshold, so five elements (those with 100% trustworthiness)
were automatically approved, while the remaining seven had to be validated
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Figure 15: Attractiveness and trustworthiness of multidimensional elements (indicator and
levels) in Exp1

by decision-makers. Eventually, only the three elements with lowest trustwor-
thiness (namely, Location, Week, and User) were edited (Week and User were
removed, Location was renamed to City), which confirms the effectiveness of this
quality attribute for filtering.

The results of the Endorse step are shown in Figure 16. All members of
group B found all problems except one (relevance of the User level), which was
identified by two of the three users. The overall voting process took about
45 minutes. Conversely, for group A, one problem (completeness of the set of
dimensions) was not detected by any member, while only two problems were
detected by all three members. For this group, the overall endorsement process
(preliminary analysis plus global discussion) took about 30 minutes.

In the Edit step, all the actions required to fix the problems detected were
carried out. Remarkably, group A had not detected the problem related to the
completeness of the set of dimensions, so (differently from group B) it did not
add dimension Altitude. Besides, group A had not agreed on the minimality
issue for the set of hierarchies of the Time dimension, while group B chose to
delete the Time month hierarchy.

As to Exp2, Figures 17 and 18 show the attractiveness and trustworthi-
ness of multidimensional elements and the number of decision-members who
individually found quality problems for the second cube schema. Also these
results confirm the usefulness of the Filtering, Endorse, and Edit steps of our
methodology.

9.3. Discussion

Overall, our two experiments show that (i) the metric measuring the trust-
worthiness of multidimensional elements can reliably predict their correctness,
so it can be used to relieve decision-makers from the tedious task of validating
all elements; (ii) the attributes measuring the quality of elements offer decision-
makers a valid support in detecting possible problems with cube schemata. In
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Figure 16: Number of decision-members who individually found quality problems in Exp1

particular, the experimental results suggest that, by relying on these attributes,
a larger number of decision-makers can individually detect quality problems in
the schema. This is encouraging because it suggests that adopting this method-
ology would allow to reduce the number of decision-makers in the Endorse step,
leading to a significant saving in time and effort, without compromising the
quality of the resulting schemata.

Clearly, the choice of the threshold for filtering has a crucial role in ensur-
ing the success of our methodology. Indeed, the lower the threshold, the lower
the number of elements to be manually evaluated. Since the duration of the
Endorse step is obviously proportional to the number of multidimensional ele-
ments evaluated, the threshold should be set according to the available time of
the decision-makers. For example, in Exp1, using a 100% threshold resulted in
the GDSS session taking less than one hour. On the other hand, having some
multidimensional elements automatically approved without any manual check
may cause quality issues, so when decision-makers are closely involved in the
project a high threshold should be preferred.

Finally, the results of the questionnaire can be judged to be satisfactory.
The questions with the most critical feedback are 6, 9, and 10. This has also
been orally expressed by more than 50% of the decision-makers. More precisely,
the quality attributes for endorsement support were not immediately under-
standable, and the facilitator had to repeat their explanation at each voting
step. This has made facilitation more complex. However, the general under-
standing of the endorsement process and of the quality attributes has shown an
improvement over time. In fact, though decision-makers found it hard to keep
up with the endorsement of the first two-three elements, later on the process
became clearer so they could better focus on the subject matter rather than on
the process itself.
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Figure 17: Attractiveness and trustworthiness of multidimensional elements (indicator and
levels) in Exp2

10. Conclusion

The more faithfully a cube schemata represents the end-users’ requirements,
the more successful a DW project is. Thus, ensuring that multidimensional
modeling properly takes into account all requirements is crucial. Unfortunately,
classical methodological approaches fall short when a large number of end-users
are involved, so collaborative approaches are necessary in this case. Achieving
an effective collaboration is particularly challenging in projects where end-users
are volunteers and are not really engaged (e.g., in citizen science projects), due
to their varying reliability, expertise, and reputation.

To cope with these issues, in this work we have proposed a framework for
multidimensional modeling that can adapt itself to the different profiles of the
actors involved. To support the approach, we have proposed two sets of quality
attributes related to cube schemata and end-users, respectively. Finally, we
have described an implementation that relies on a web-based GDSS, and we
have assessed its effectiveness using a real case study concerning biodiversity in
the agricultural context.

Our future work on this topic will be to enhance the collaborative method-
ology by properly taking into account the discussions and comments that vol-
unteers leave on the Wiki-based OLAP front-end used for rapid prototyping
of cube schemata. To investigate the scalability of our approach, we also plan
to test it on a case study involving a larger number of end-users and a more
complex schemata.
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