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A B S T R A C T
With the emergence of big data and new data sources, a challenge posed to today’s organizations consists of identifying how to align their decision-making and organizational processes to data that could help
them make better-informed decisions. This paper presents a study in the context of disaster management
in Brazil that applies oDMN + , a framework that connects decision-making with data sources through an
extended modeling notation and a modeling process. The study results revealed that the framework is
an effective approach for improving the understanding of how to leverage big data in the organization’s
decision-making.
© 2017 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction
With the widespread adoption of smartphones, social media
platforms, and wearable technologies, there has been not only an
increase in the amount of available data but also a proliferation of
new data sources. All of these “big data” have the potential to transform the entire business process [10,35], as well as to provide greater
support for decision-making in different contexts, such as business
management and marketing [16,36]. However, a remaining challenge lies on how to align decision-making within the organization
with the data sources, e.g., how to determine, which data sources
could provide useful information for assessing market trends? The
reason for this challenge is that despite the fact that the available
data could be of great value in supporting decision-making, they
often fail to reach the decision-makers in a suitable way [34]. As a
result, decision-makers are supplied with useless information that
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still requires extended knowledge or experience for further data
processing. This also makes it diﬃcult to predict the impact that
a change of data availability may have on specific tasks, since it
is virtually impossible to find out if and where there is a lack of
information.
In light of this challenge, this paper proposes the following
research question: “How can the decision-makers’ tasks be connected to emerging big data sources?”. In order to investigate this
question in a practical scenario, we perform a study based on the
context of disaster management in the Brazilian National Center
for Monitoring and Early Warning of Natural Disasters (Cemaden)
(http://www.cemaden.gov.br). Cemaden has the mandate of monitoring disasters across the entirety of Brazil’s continental territory
with 8.5 million km2 . This is thus a notable scenario of decisionmaking within a “big data” context, since Cemaden must cope with
datasets characterized by volume, velocity, variety and veracity. It
must process a considerable volume of data, since it monitors around
1000 municipalities with recurrent disaster problems using more
than 4750 rainfall gauges, about of 550 humidity and rainfall sensors,
9 weather radars, and almost 300 hydrological stations. Data from
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these sources have different velocities, such as near real-time (in-situ
sensors with a reading in each 5 min), every 12 h(weather radars),
and unsystematic (semi-automated rainfall gauges). Furthermore,
they are provided in a variety of formats such as numerical observations, satellite images, and unstructured text. Furthermore, this
different sources are disconnected and prone to errors of different
types (e.g., sensor errors) and inconsistencies, requiring the analysis of their veracity. Additionally, the monitoring natural hazards
is a scenario characterized by frequent changes in the information
requirements (e.g., new sensors may become available, or existing
sources are rendered ineffective), organizational complexity (e.g., it
involves several organizational roles, decisions and activities) and
tight time pressure — decisions made may have significant consequences to mitigate material and human losses. In summary, these
features amount to a highly relevant case for the study of the
challenges and opportunities for integrating big data sources into
decision-making.
The existing standards and notations from business modeling
(i.e., BPMN and DMN) could potentially be used in this context.
However, these fail to clearly represent the connection between the
information required to make a decision and the data sources. To
address this need, we have supplemented the existing standards
and notations (i.e., BPMN and DMN) by conducting a design science research to develop and evaluate the oDMN + Framework for
connecting decision-making to useful data sources. Based on the
lessons learned from the case study within Cemaden, this framework extends our previous work [13] – which has presented the
observation-aware Decision Model and Notation (oDMN) – with
the aim of improving the knowledge basis and thus supporting the
generalization.
Therefore, this article makes the following key contributions:
• Case study: Lessons were learned from a case study carried out
in the Cemaden, which is a notable scenario of decision-making
within a “big data” context.
• Extended model and notation: The oDMN of Horita et al. [13] is
extended here by simplifying the notation and using a layerbased structure that makes it easier to understand all the
elements. The extended model is now called oDMN + which is
an improved generalization based on the lessons learned from
the case study.
• Modeling process: The modeling process is proposed to systematically employ the oDMN + for the case study. This fills a gap
both in the modeling practice and in literature, which is lacking
clear procedures and guidelines about how to model the conceptual elements of decision-making (e.g., activities) within a
specific application context.
This paper is structured as follows. Section 2 outlines the related
literature while Section 3 describes the research methodology
employed in this research that forms the basis of the oDMN + Framework set out in Section 4. Section 5 describes the case study used
for evaluating the framework and Section 6 discusses the lessons
learned from this case study and contributions achieved in this
research. Finally, Section 7 summarizes our conclusions and makes
recommendations for future work.
2. Literature review
2.1. Connection of decision-making with data sources
Although the use of data for supporting decision-making might
be regarded as an established area in the literature, it has attracted
further attention in the past few years due to the growing interest in data science, and thus more research has been carried out
in this area [7]. Another group of studies seeks to analyze the use

of different data sources (e.g., the external data server and sensors)
to support decision-making in different scenarios [10,32,35]. Within
this group, Vera-Baquero et al. [33] outlined an architecture for integrating data from different organizations, which included a data
server for improving the analysis of business performance management. Social media messages have also been employed to support
organizational tasks like marketing trends [18,19], or disaster management [34]. For instance, Mandviwalla and Watson [20] described
an organization as a mix of capitals (human, economic, social, symbolic, and organizational), which is generated through a social media
strategy. Moreover, Kleindienst et al. [15] integrated social media
analytics and the business goals of an organization by breaking down
these goals into critical success factors that make it possible to find
out the information requirements. Although these works addressed
an important issue, they failed to provide a method for establishing
a connection with the information needed for the decision-making,
as well as for providing a representative model that describes this
connection.
2.2. Modeling the connection of decision-making with data sources
Business processes can be defined as “a chain of functionally
connected activities using information and communication technologies, which lead to a closed outcome providing a measurable
benefit for a customer” [22]. The Business Process Model and Notation (BPMN) is a standard model and notation that defines a set of
conceptual elements for modeling these processes. BPMN has been
applied in different areas, such as customer services [28] and business management [8]. Sackmann et al. [27] proposed an extension
to BPMN for including elements to represent place-related information, such as water hydrants or ambulances. Although process
modeling notations are valuable to represent organizational activities that involve decision-making, they do not include an explicit
consideration of the decisions involved.
Decision Model and Notation (DMN) overcomes this gap by providing conceptual features (e.g., business rules and required information) for modeling decisions, and thus establishing a relationship
between business processes and decision-making [23]. Some first
examples of studies that have employed DMN can be found in the
literature [2,14]. DMN and related studies are certainly an important step for providing a further understanding of decision-making in
organizations. However, it does not take into account the kind of data
sources that could provide the modeled information requirements
to support decision-making. This problem can be partially solved by
resorting to the Observations and Measurements (O&M) standard.
In short, O&M provides an abstract view of observations that originate from various data sources, as well as being able to integrate
the data sources to the requirements of the information [24]. The
use of BPMN, DMN and O&M presents a relevant alternative for connecting the business process of an organization to data sources, as
showed in our previous work [13]. However, they do not describe a
process for obtaining information about conceptual elements from
decision-makers of the application context.
2.3. Systematic modeling of the connection of decision-making with
data sources
The process used for eliciting the conceptual elements from
decision-makers and generating model diagrams of their business
processes play an essential role in business process management.
These modeling processes are particularly important since many
organizations lack a clear understanding of the details (activities,
sequence, decisions) of their work practices.
Traditionally, the business process analyst adopted an interviewbased approach for extracting data from decision-makers and modeling their business processes [1,3]. Other works proposed the use of
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a tool-based re-engineering [30]. In contrast, Front et al. [9] adopted
a design approach, which was iterative and end-user centered and
involved multiple perspectives of specific business processes for
supporting the design of useful process perspectives. Although the
existing literature provides useful guidelines for eliciting conceptual elements and modeling the business process of an organization,
it does not include specific guidance for the modeling of business
decisions or the relationship between decisions and data sources.
3. Research design and methods
This research project rests on the hypothesis that a model artifact can be used as an effective means of describing the connection
of the decision-makers’ tasks with the data sources. For this reason,
we carried out a design science research (DSR) method for designing and evaluating an artifact. We understand an artifact following
Hevner et al. [11] as “a thing that can be transformed into a material
(e.g., model) or process (e.g., method)”. In this paper, Hevner’s guidelines [11] were adopted for ensuring the quality and rigor of our DSR
method, as it is detailed in Table 1.
The left-hand side of Table 1 shows the activities involved in the
DSR method while the right-hand side displays their descriptions.
It is worth mentioning that this paper itself can be regarded as the
“communication of research”, since it fulfills Hevner’s Guideline 7 —
Communication of Research.
4. oDMN + Framework: a framework for connecting
decision-making with data sources
4.1. oDMN + : an extended model and notation
In order to give a first idea of the practical use of oDMN + ,
Fig. 1 displays an example that makes use of the model to represent the decision-making involved in the request of a new product.
On the top of Fig. 1, there is a business process and its tasks that
are modeled using the BPMN notation. Within this, a specific task
(“Define the appropriate supplier”) involves a decision (“Appropriate
supplier”), which is modeled on the bottom using the DMN notation and Extended O&M notation. The decision requires an item of
information (“Product data”) and the outcome of another decision
(“Supplier reputation”). It also employs a decision table (“Supplier
reputation rules”) for processing the required items of information.
The value of these items is provided by an external data source
(“Supplier data”). The decisions are modeled into three categories.
Firstly, the required components of the decision (the shapes in white)
are defined at the topmost table on the right-hand side (“Appropriate
supplier”). Then, the items of information provided by the input data
and their values (the shapes in light gray) are defined in the middle
table (“Product data”) while the decision rules of the business knowledge are determined at the table on the left-hand side (“Appropriate

supplier rules”). Finally, the observations provided by the data source
(the shapes in dark gray) are shown in the table at the bottom. The
data source combines observations with properties, which in turn
are related to the properties defined for the decision.
The graphical representation is useful for providing a common
understanding among the different stakeholders; however, a formal
definition of this notation requires of a metamodel that describes its
elements and their relationships, shown in Fig. 2. The elements are
separated in accordance with their functional objectives through a
layer-based structure, which consists of three layers: (1) the business
process, (2) the decision, and (3) the data. All new elements proposed
in this research are highlighted in gray. T he other elements, depicted
in white, were proposed before as part of BPMN, DMN, and O&M. For
simplification, only the elements of BPMN and DMN that are related
to the oDMN + were presented.
4.2. The modeling process
The practical use of oDMN + consists of identifying important
conceptual elements of a particular application context and translating them into a model diagram. To support this, we propose a
modeling process (Fig. 3), which defines a systematic sequence of
five activities for employing oDMN + .
The aim of Activity 1, plan data collection, is to produce a protocol that defines the method for data collection and the analytical
features for guiding the modeling process in practice. The analytical
features are a key factor for determining the conceptual elements of
the application context (e.g., the activities) [12]. Furthermore, they
would be later used as a basis for the coding technique. Activity
2, execute fieldwork, implements the previously defined instruments
of data collection, e.g., conducting interviews within an application
context. After the fieldwork, the collected data are used in Activity 3, data analysis and classification, which consists of employing
a coding technique for supporting the analysis and classification of
the data. Coding is an analytical technique employed for extracting
quantitative data from qualitative datasets, such as the transcriptions of interviews [29]. As a result, all the coded data will be used
as input for Activity 4, model elements. The modeling of elements is
achieved by four tasks, each of which is responsible for producing
a particular model diagram. The business process modeling should
be first defined. After this, the data sources that supply useful data
for decision-making should be identified. Having obtained the data
sources, a catalogue of the information requirements is compiled.
In the last task, the decisions are first listed by conducting an analysis of the activities. Then, both the business knowledge and its
input data are planned in a way that provides a solid background
for the decision-making. Altogether, these will be used in the final
activity for interconnecting the modeled elements. The final aim
of Activity 5, connect modeled elements, is to interconnect all the
modeled elements that were found in the previous activity. This

Table 1
DSR method.
Activities

Description

Act 1. Research problem

The problem of this research lies in: (a) providing a modeling notation that is able to fill the gap between the decision-making and the
data sources, and (b) creating a modeling process that supports analysts in this task. Thus, these problems lead to the following
research question: How can the decision-makers’ tasks be connected to emerging big data sources?
The development of the oDMN + Framework, which is composed of two features: (1) oDMN + , an extended model and notation, and
(2) a modeling process.
The connection of the decision-makers’ tasks with data sources through a case study at Cemaden, as well as empirical evaluation of
the generated model diagrams with members of Cemaden in focus group sessions.
The contributions here are threefold: (1) oDMN + , an extended model and notation, (2) a modeling process, and (3) lessons learned
from the application of the framework in a case study.
This work has theoretical foundations in standard models from the area of Business Process Modeling (BPM), and techniques of
qualitative analysis, tested analytical features, and empirical evaluation methods.
This research extends our previous work based on the lessons learned from a case study and thus represents the second cycle of
improvements towards supporting the generalization of the framework.

Act 2. Design as an artifact
Act 3. Design evaluation
Act 4. Research contributions
Act 5. Research rigor
Act 6. Design as a search process

3
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Fig. 1. Example of usage: Procurement.

means attributing the activities to the appropriate decisions, and
then connecting these decisions to their required data, by defining the required information, which this required data belongs to,
and ultimately determining the data sources that might provide the
required information. This activity then summarizes all the modeled
elements in specific model diagrams. The next section presents the
evaluation of the oDMN + Framework at Cemaden.

5. Case study
5.1. The Cemaden
In Brazil, preventive countermeasures have been taken to mitigate loss and damage, as well as to improve the coping strategies of
communities against floods, droughts, and landslides. One of these
countermeasures was to set up Cemaden (in 2011), which aims to
develop, implement, and operate monitoring systems for the issuing
of warnings of imminent natural disasters to the National Center for
Disaster Risk Management (CENAD, in Portuguese), and thus support
disaster management in Brazil.
As mentioned before, the current monitoring systems of Cemaden
collect data from around 1000 municipalities with recurrent disaster problems using more than 6500 sensors (e.g., hydrological
stations and semi-automated rainfall gauges). This sensor network
has been supplemented with different crowdsourcing projects with
a view to increasing the volume, type, and quality of the available
data. Among these projects, the “Pluviômetros nas Comunidades”

(Rainfall Gauges in the Communities) (http://www.cemaden.gov.br/
pluviometros-nas-comunidades/) is a project that seeks to involve
vulnerable communities in the monitoring of environmental variables. This means that people collect data from semi-automated
rainfall gauges installed in the region of these communities and
share them with the center via a web-based system. Around 1000
of these gauges have been installed in different communities in
Brazil. Furthermore, Cemaden works in collaboration with several
other institutions, e.g., the Brazilian Geological Survey (CPRM, in Portuguese). These provide further data about different environmental
variables, which thus supplement the existing data of the center. All
these data are displayed on a video wall located in a monitoring control room that is used by members of Cemaden to assist them in
decision-making (Fig. 4), e.g., deciding on whether to issue a warning. These members are divided into different monitoring teams that
work around the clock in six-hour shifts. These teams comprise five
to seven members, and include at least one specialist in each of the
following areas of expertise: hydrology, meteorology, geology, and
disaster management.
However, all these data raise further challenges for the work
in the monitoring room of Cemaden. Since the monitoring teams
do not follow a strictly-defined business pattern, this makes the
decision-making more empirical and based on tacit knowledge, as
well as making it diﬃcult to understand a) the information which is
required, b) the appropriate data sources, c) the tasks that must be
performed, and d) the corresponding decision-makers. These challenges thus make the decision-making carried out in the monitoring
room of Cemaden a largely ad hoc process, and provide a suitable
opportunity for the application of the oDMN + Framework.

Please cite this article as: F. Horita et al., Bridging the gap between decision-making and emerging big data sources: An application of a
model-based framework to disaster management in Brazil, Decision Support Systems (2017), http://dx.doi.org/10.1016/j.dss.2017.03.001

ARTICLE IN PRESS
F. Horita et al. / Decision Support Systems xxx (2017) xxx–xxx

5

Fig. 2. oDMN + metamodel.

5.2. The modeling process at Cemaden
In Activity 1, as a part of the data collection protocol, we defined
how participatory observation and interviews could be employed
in this case. These were chosen because, participatory observation allows data to be obtained during the decision-makers’ daily

activities while, interviews make it possible to find out the personal
perspectives of the decision-makers.
In Activity 2, the data was collected by one of the authors on
January 19th–22nd, 2016 and February 1st, 2016 at Cemaden in São
José dos Campos, Brazil. Participatory observations were first carried out as an instrument for gathering data about the day-to-day

Fig. 3. Modeling process.
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Fig. 4. The monitoring control room of Cemaden.

activities and interactions of the subjects. Additionally, individual
and face-to-face interviews were also conducted to obtain data about
the individual business activities of the subjects (e.g., the activities
they carried out or the data sources that were used). This included 10
semi-structured interviews with members of the monitoring room –
comprising 2 geologists, 2 hydrologists, 2 meteorologists, and 4 disaster analysts – all of whom completed a questionnaire that was
prepared in the data collection protocol. Since the interviewees
were working within strict time constraints, the interviews took no
more than 30 min, while the participatory observations lasted for
2 h. Therefore, the methods of data collection in this research were
twofold: (a) direct observation of the daily activities of the members
in the monitoring room, and (b) 10 semi-structured interviews with
these members.
After the data had been collected, we started on Activity 3. The
interviews were then transcribed verbatim and a coding scheme
was adopted for the analysis and classification that was based on
the analytical features proposed by Horita et al. [12]. This analysis was supported by the NVivo Data Analysis Software (http://
www.qsrinternational.com/what-is-nvivo). An in-depth analysis of
the content defined by each coding category was then undertaken.
For example, the coding category “Open Warning” and “Execute
Group Meeting” – sub-elements of the coding category “Activity” –
became activities of the business process while the coding category
“Satellite” – sub-element of the coding category “Stationary Sensors”
– was turned into a data source. The generated coded data were used
in Activity 4 for modeling the conceptual elements of the case study,
i.e., we modeled the business process of the monitoring room, its
derived decisions, information requirements, and data sources. This
activity was supported by the Signavio Modeling Platform (http://
www.signavio.com/). Finally, we concluded with Activity 5 in, which
we decided to model the connection between the elements by means

of a general diagram editor since the Signavio Platform does not
provide a means of including the customized features.
5.3. The modeling results of Cemaden
5.3.1. Modeled business process
With the aid of the coded data, we began with the modeling of the
business process using BPMN. Fig. 5 displays a simplified version of
the business process diagram generated, which represents the process of issuing a warning that is executed inside the monitoring room
of Cemaden — an expanded version can be found in Horita et al. [12].
The business process starts when there is a new shift of a monitoring team. In the first activity, the weather conditions are analyzed
and all the areas under surveillance are determined, i.e., those areas
that are susceptible to an adverse situation. With a focus on these
areas, the conditions of the rivers and mountains are continuously
analyzed so as to be able to predict events involving landslides or
floods. When a potential disaster has been detected, the whole team
will gather together for further discussions about the potential event
(e.g., if one member of the team is not absolutely certain about the
occurrence of the event). In case the available data is not enough for
determining the event and the warning cannot be opened, further
data have to be gathered. Otherwise, the warning can be opened with
all the data so that evidence can be provided to forecast the potential event. Finally, the warning file os revised and communicated to
CENAD.
5.3.2. Modeled decisions
It should be mentioned that all the tasks based on a decision,
are highlighted in the business process, e.g., the “Open a warning”
task marked on the top-left of the rectangles (see Fig. 5). Following this, this decision is expressed in greater detail by showing the

Fig. 5. Simplified version of the business process of issuing a warning.
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Fig. 6. Decision of opening a warning.

connection between business knowledge, required information, and
data sources, as shown in Fig. 6.
The decision requirements level of the DMN and Extended O&M
were used for modeling the way these elements were interconnected. The “Warning” decision employs a business knowledge
“Warning rules” and requires information from two other decisions (“Possibility of Occurrence” and “Potential Impact”). These
decisions require particular business knowledges (“Possibility of
occurrence category table” and “Potential impact category table”)
for processing the required information, whereas the “Possibility
of Occurrence” also requires information from another decision
(“Weather Condition”), which employs further business knowledge
(“Weather condition rules”). The Weather data, Threshold data,
Infrastructure data, Community data and Risk data have been defined
as the input data for these decisions. These input data, in turn, can
be provided by different data sources, e.g., weather radar are suitable
data sources for supplying the required information about weather
conditions. Similarly, data about thresholds and the infrastructural
facilities of an area can be gathered from the CPRM reports. Through
the DMN’s decision logic level, it is also possible to model more

detailed information about the required business knowledge and the
information requirements.
Fig. 7a displays the data for the “Potential Impact” decision that
employs a business knowledge (“Potential impact” category table)
and requires two items of information (the infrastructure of buildings, and the estimated number of vulnerable inhabitants). The
definition of the potential impact is achieved by a cross-comparison
of the items of information, as displayed in Fig. 7b. For example,
when the number of buildings is unsuitable for a particular area
and its estimated number of vulnerable inhabitants is very high, the
potential impact on the area is very high.
The cross-comparison of items of information takes into account
their specific values in a particular area, e.g., the infrastructure with
regard to buildings is unsuitable at the city. These items of information are some of the items that comprise the information requirements catalogue. The connection between decisions’ about items of
information and their values are defined by the input data. Fig. 8a
shows the value of the item of information “Situation of buildings”
as unsuitable while Fig. 8b shows that the estimated number of
vulnerable inhabitants is “moderate”.

Fig. 7. Details of the decision “Potential Impact”.
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Fig. 8. Input data of the decision “Potential Impact”.

Since the items of information are provided by specific data
sources, such as oﬃcial reports, Fig. 9 outlines data sources, which
include their items of information. For example, reports from CPRM
may provide information about the location of buildings (Fig. 9a).
These items of information are also connected to decision properties, e.g., the population density and the rainfall threshold. This
association thus highlights the connection between the information
requirements of decisions (“Infrastructure with regard to buildings”)
and items of information (“Location of buildings”) provided by the
data sources (CPRM Reports). The next section presents the results of
an evaluation of the generated model diagrams at Cemaden.
5.4. Evaluation of the generated model diagrams at Cemaden
Two focus group sessions were held on August 23rd, 2016 at
Cemaden. The analysis of the collected data revealed that the participants supported the idea that the decision-making could be speeded
up by the generated model diagrams, since they would serve as
guidelines for taking actions. The reasons are that “decision-makers
will be trained to know how the existing processes and decisions should
be carried out, and thus be prepared for making better decisions or even
improving them”, as a geologist mentioned. In this way, they will
know what their activities are and what information they have to
look for. However, it was noted that these model diagrams should
provide guidelines for action but not constrain the activities of the
monitoring team owing to the intrinsic dynamics of disaster management.
The identification of emerging data sources that would be useful
for decision-making was another important result of the generated
model diagrams. Existing sensors still require supplementary data to
enable them to estimate the overall situation in a vulnerable area,
mainly because of the limited type of data that these sensors share
and the restricted coverage of the monitored area. As a result, when
asked about the modeled data sources, the participants stated that
the information provided by ordinary citizens is of particular value
for understanding the situation in their area. All this information can
support the analysis of a warning that is examined when it is opened
in the monitoring room, as a disaster analyst pointed out:
“This information [from social media] is more useful for the
monitoring of a warning in a place where it was opened.”

However, a geologist mentioned that social media messages
“should not be determining factors that directly influence decisionmaking”, since there are serious concerns about their quality and
reliability. In contrast, messages sent by oﬃcial organizations such as
civil protection services or the police department, are useful because
they can report on current incidents in the area, e.g., which areas
are more damaged. This would support the activities of the disaster analysts, especially those that are concerned with assessing the
degree of vulnerability of an area. Hence, the analysis of the generated model diagrams has enabled practitioners to find alternative
data sources that can be adopted to meet the requirements of the
decision-makers. Furthermore, owing to the intrinsic dynamics of
this study, finding the most useful data sources for particular decisions plays an important role in providing more accurate information
and for speeding up the decision-making.
Another statement often made by the participants was the need
to continuously update the reference values of the information
parameters that comprise a business rule per location. This can be
attributed to the intrinsic changes of the reference variables, which
affect decision-making over a period of time, e.g., the number of
inhabitants or buildings in a particular region. The environmental conditions in different locations are also worth noting, e.g. the
flood threshold changes from the Central region of São Paulo to the
Serrana region of Rio de Janeiro. This led to a valuable discussion
about how to address this issue. There was a common agreement
that the reference values of the information parameters should not
be defined when modeling the decisions, largely because they will
often change depending on the nature of the location. Instead, a
reference table could be created to connect the information parameters of a business rule with their respective reference values, e.g., a
rainfall decision table (business rule) could establish that the moderate level of rainfall (information parameter) for Rio de Janeiro is
50 mm per hour (reference value), while in Recife it is 30 mm per
hour. Likewise, a hydrologist raised an interesting comment about
information regarding changing parameters when making decisions:
“It is not only a matter of quantitative factors but also of parameters; other parameters should be taken into account and not only
the water level.”
Hence, another important outcome of the generated model diagrams that was raised during the discussions held in the focus group

Fig. 9. Data sources.
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sessions was determining the information parameters for decisionmaking. These parameters and reference values should be used to
define the decision rules, which in turn “are of significant value for
supporting the decision-making” according to a meteorologist. This is
even more important when involved in critical tasks, which need
to be discussed in depth by all the members of the monitoring
team. In effect, the analysis of the generated model diagrams during the focus group sessions showed that these diagrams can allow
decision-makers to establish the information parameters for their
decision-making, as well as how the business rules should be formulated.
Finally, the model diagrams generated by our framework enabled
the participants to determine, which tasks were most urgent; for
example, the “Open a warning” and “Identify potential events” tasks.
These tasks require further discussion by the monitoring team both
about the decision-making tasks and the conditions for using data
sources, the reliability and type of used data, and the decision rules
that are employed. Evidence of this is provided by the following
statements:
“When the team gathers there is a decision-making [to open a
warning], which is a critical task . . . I have often asked the other
members: ‘Is it going to rain?’ because I was not confident enough
about the data that I received.”
These statements showed that the model diagrams generated by
our framework have allowed decision-makers to identify both noncritical and urgent tasks that could affect their decisions. This also
helps the monitoring teams to understand their business process.
6. Discussion
The results obtained from this study have important implications for practice and research on decision-making with big data. In
the first place, the results suggest that practitioners and researchers
should not only focus on the information requirements when making
a decision, but also go beyond this and understand how current data
sources can be used to meet those requirements. This is particularly
important because decision-making often involves a large volume
of data that are shared in different formats and supplied by different sources. Therefore, a clear understanding of the data sources that
affect decisions could improve decision-making either by speeding it
up or by allowing people to acquire information that is more accurate. In this way, this research supplements existing studies that are
confined to studying the use of big data in decision-making without recognizing the importance of data sources [21,35,37]. Moreover,
this research can support the task of “specifying the authorized
source” as described in the decision-making process proposed by
Kościelniak and Puto [16] when the decisions of an organization
are based on big data. In this task, practitioners can identify, which
authorized data sources may affect their decision-making.
The findings of this research also suggest that practitioners and
researchers need to be aware that decisions and their requirements
(e.g., business rules) have an impact on the flexibility of organizations, i.e., on their capacity to adapt to new conditions and situations.
In the case of decision-making that relies on big data sources, this
is even more challenging because new sources can emerge in realtime, while existing sources may be rendered ineffective. As a result,
the business rules and information requirements should be able to
adapt to this new set of data sources. When addressing this issue,
the findings of our case study imply that it is very important to
design mechanisms to support a flexible system for matching information requirements with the corresponding reference values. This
finding makes it easier to understand the multiple dimensions of
flexibility in the modeling of a business process that was provided
by de Albuquerque and Christ [5], insofar as it adds new dimensions
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of flexibility that correspond to different data sources, decisions,
information requirements, and business rules.
Another factor is that the results obtained in this research suggest that decision support systems in the context of big data, provide
features that allow end-users to control the visualization of data
sources of interest. This is important since the required information and data sources often change; for example, decisions about
resource allocation require data about available modes of transport, which are not required when defining a marketing strategy.
This research thus supplements existing studies by adopting an
approach that involves multiple levels of visualization for displaying big data [34]. Furthermore, the required information for the
decisions modeled with our approach can be regarded as a significant
extension of previous works [15,32] that offers a basis for the creation of innovative analytical algorithms or better ontologies for big
data. Moreover, our approach can support the design of “information
services” and “analytical services” as in the conceptual architecture
of Demirkan and Delen [6] for service-oriented DSS. In these services,
our results suggest that a supplementary service (or component)
should be provided for managing the connection between a decision
and its business rules, information requirements, down to its related
data sources. As a result, it is expected that service-oriented DSS
can provide information that is better suited to the needs of the
decision-makers.
In addition, the study findings showed that the oDMN + is
successful not only in linking the decision-makers’ tasks and the
emerging big data sources its objectives but also in supplementing
the existing standard notations (e.g., BPMN) for making a connection between decision-making and data sources. It thus adds to
existing work on the question of making a connection between
decision-making and data sources [15,18–20] because it provides
the Extended O&M that eﬃciently represents the abstraction of the
data sources and connects it to the information required by a decision. Moreover, it supports the modeling of the required information
of decisions, which can be understood as a relevant contribution
to previous works [15,34]. This is because these works are only
focused on analyzing the necessity of considering required information in decision-making while, at the same time, they do not provide
a systematic way of describing the connection of decision-making
and its required information. In contrast, the generated model diagrams act as guidelines both to enable decision-makers to recognize
all the useful information for specific tasks and to determine the
impact of information for the existing tasks. These findings can also
assist in supporting and improving the use of the analytical models proposed in previous studies [4,26]. This can be done by pointing
out the data sources that can provide the information required by
decision-makers. For example, social media platforms might provide
information about the consumers’ attitudes and intention in a specific area. Hence, this data can be used in supporting the planning
of marketing actions in the area. It is thus expected that decisionmaking can be improved because decision-makers are provided
with more valuable information. The oDMN + adds to the previous research on metamodeling for disaster management [25,27] and
decision-making [2,14] by describing all variables associated with
decision-making.
With regard to the modeling of business processes and decisions, the results obtained from this study also supplement existing
works [1,3,31] that are limited to provide guidelines for eliciting
conceptual elements and modeling the business process of an organization. This paper then proposes and evaluates a modeling process
that is not only focused on modeling business processes but also adds
the modeling of variables related to decision-making (e.g., information requirements and business knowledge) and establishes their
connection with data sources. In summary, all the layers (i.e., business process, decision, and data) of an organization can be modeled
with oDMN + , instead of only modeling the business process layer.
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Finally, although the case study was centered on disaster management, the oDMN + Framework could be useful in several other application domains for understanding the connection between their big
data sources and decision-making. For example, possible application
domains include the police patrolling and crime monitoring, healthcare, marketing, and smart cities. The application of the oDMN +
Framework in these areas is conceivable, since the framework has
been showed useful in three different application domains so far (i.e.
humanitarian logistics in our previous work [13], procurement in
Fig. 1, and disaster management in the case study presented above).
However, while these examples demonstrate the potential of the
framework, its rigorous evaluation through the systematic application in several other scenarios is still required to establish the
generality of the framework, which is beyond the scope of this work.
7. Conclusion
This paper has applied and extended a modeling framework to a
practical scenario with the aim of connecting the decision-makers’
tasks with data sources by means of two essential features: (a)
the oDMN + , an extended integrated model and notation, and (b) a
modeling process to employ oDMN + in practice. The application of
oDMN + in a case study involving the decision-making at a Brazilian early warning center (Cemaden) demonstrated the potential of
oDMN + Framework as an underlying approach for the understanding of how business processes could be aligned to data sources. This
is because decision-makers can understand, which information is
required for each task, and then find out what information is lacking or predict the impact of changes in information. The results
of this application also showed that the extended oDMN + effectively describes the connection between the decision-makers’ tasks
with the data sources by modeling the conceptual elements from
decision-makers. However, this was only possible after the Extended
O&M had been defined, since it seeks to model the relationship
between the input data and data sources (i.e., from the DMN to the
data sources). The evaluation results indeed provided evidence of
the effectiveness of the modeling process in obtaining conceptual
elements from the decisions-makers in the context of an application.
Future works could include the design of a supporting tool that
makes the usage of oDMN + easier when it is applied to a particular
domain. The use of oDMN + for improving the data collection and
for the design of decision support systems is an area that requires
further research too. Finally, applications of oDMN + Framework in
different organizational settings and scenarios should be performed
for providing further evidence on the generality of the framework
and improve the knowledge basis.
8. Data access statement
Due to ethical concerns, supporting data cannot be made openly
available. Further information about the data and conditions for
access are available at the University of Warwick data archive: http://
wrap.warwick.ac.uk/87038.
Acknowledgements
This research was partially funded by the Engineering and Physical Sciences Research Council (EPSRC) through the Global Challenges
Research Fund. The authors would like to express thanks for the
financial support provided by CAPES (Grant No. 88887.091744/201401). FEAH is grateful for the financial support from CNPq (Grant no.
202453/2014-6). JPA acknowledges financial support from Heidelberg University (Excellence Initiative II/Action 7). EMM is granted by
CNPq (Grant no. 307637/2012-3). The authors are also grateful to the

Editor, Prof. Dr. James Marsden, and the anonymous reviewers for
their helpful suggestions.

References
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