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Abstract 

A key factor of software architecting is the decision-making process. All phases of software development 

contain some kind of decision-making activities. However, the software architecture decision process is 

the most challenging part. To support the decision-making process, a research project named ORION 

provided a knowledge repository that contains a collection of decision cases. To utilize the collected 

data in an efficient way, eliciting correlations between decision cases needs to be automated.  

 

The objective of this thesis is to select appropriate method(s) for automatically detecting correlations 

between decision cases.  To do this, an experiment was conducted using a dataset of collected decision 

cases that are based on a taxonomy called GRADE. The dataset is stored in the Neo4j graph database. 

The Neo4j platform provides a library of graph algorithms which allow to analyse a number of 

relationships between connected data. In this experiment, five Similarity algorithms are used to find 

correlated decisions, then the algorithms are analysed to determine whether the they would help improve 

decision-making. 

 

From the results, it was concluded that three of the algorithms can be used as a source of support for 

decision-making processes, while the other two need further analyses to determine if they provide any 

support. 
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1 Introduction 

Software design is one of the four software processes, where software developers design the structure of 

the software before they start with the implementation [1]. The first activity of the design process is 

architectural design, which is about understanding the system and then structure it. In other words, the 

role of software architect it is to establish the structure of the system and relationship between 

components. The authors David Garlan and Mary Shaw [2] state several reasons for importance of 

architectural software design. First, it will identify similar models and relationships between systems. 

Second, it helps to take the right architecture for a system, and as a result, unwanted consequence of a 

software system will be avoided. Third, the software architects will be able to make a better design 

decision after having a deeper understanding of the system. 

 

Another key factor of software architecting is the decision-making process [3]. All phases of software 

development contain some kind of decision-making activities. However, the software architecture 

decision process is the most challenging part. Since software architecture is one of the first steps of 

software development, it has a major impact on the system, and it is harder to make changes in the future. 

In addition, software architecture involves stakeholders in decision-making, which further complicates 

the task as each stakeholder’s concern should be taken into account. For those reasons, many software 

architectural tools and techniques have been developed to support the decision process. 

 

A research project named ORION has developed a decision canvas template to support the process of 

decision-making [4]. GRADE is the decision canvas, and it is used to define the decisions cases 

categories by the following elements: Goals, Roles, Assets, Decision methods and criteria, and 

Environments. The GRADE taxonomy provides a common vocabulary to simplify communication and 

discussions about decision cases, it also help to identify correlations between decision cases. 

 

The objective of this thesis is to explore Similarity algorithms for automatically detecting correlations 

between decision cases. The dataset that will be used in this experiment is a collected decision cases, 

and it is stored in a graph database called Neo4j. Neo4j platform provide a library of graph algorithms, 

which allow to analyse a number of relationships between connected data. The results from the 

experiment is then analysed to determine whether the algorithms provide support in decision-making. 
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2 Background 

The objective of this section is to present the research project ORION, and then describe in more detail 

the GRADE taxonomy. Next, a brief overview of graph theory terms will be provided, and finally the 

graph database and Neo4j platform will be introduced. 

 

2.1 Knowledge Repository 

Development of massive or complex systems requires decision support, due to the number of decision-

making scenarios that exist. The ORION project [5] has conducted a support for decision-making, by 

collecting information about previous decision cases. These collections are known as knowledge 

repository and they are used as evidence when choosing an asset origin, for example. There are four 

asset origins that are used to build a software system: in-house development, outsourcing, open source, 

and component off-the-shelf (COTS). A decision case scenario occurs when a decision-maker have to 

select between two assets in a development of a software, it is here where the knowledge repository can 

be used to support the decision situation. Having more data on the knowledge repository increase both 

the possibility of making right decisions, and the confidence of decision-makers [6]. To further utilize 

the collected data, ORION project [7] proposed a way of organising and analysing similar decision cases. 

Since most of the time, there are some previous decision cases that are similar to the current decision 

case in terms of assets or methods. According to Sommerville [1] software systems that are within the 

same application domain often have similar architectural decisions. 

 

2.2 GRADE Taxonomy 

The proposed method by ORION project [7] is a decision support taxonomy called GRADE. The 

GRADE taxonomy is a decision canvas template, that is used to analyse architectural decisions and then 

to select the most appropriate decision cases. The canvas supports the decision-making process by 
providing a common way to discuss and communicate decisions. Furthermore, previous decision cases 

can be viewed as part of the decision process by reviewing documentations and then reflect on it. The 

GRADE decision canvas also offers a structure of collected decision-making evidence, which reduce the 

risk of overlooking some of them [4]. To classify decision cases, the GRADE taxonomy provides five 

key elements that define a decision case. The five elements are: Goals (G), Roles (R), Assets (A), 

Decision methods and criteria (D) and Environment (E). These elements are explained and described 

more clearly in the following studies [4], [8], [9], and [10]. Here is a brief summary of the elements: 

 

• Goals (G) – represents the objective(s) that the stakeholders agreed to achieve. These goals can 

be reached from the following perspectives: Customer, Financial, Internal business, Innovation 

& Learning, and Market. 

• Roles (R) – represents stakeholders of a decision and they are individuals who have any 

involvement in decision-making process. These individuals are viewed from the following 

perspectives: Role Type, Role Function, and Role Level. Each perspective is further divided 

into sup-elements. 

• Assets (A) – represents artefacts which are developed or obtained during the development 

process. Assets have been characterised by five bases: Asset Usage, Asset Origin, Sub-Option, 

Asset Type, and Asset Properties. The first three perspectives are further divided into sup-

elements. 

• Decision methods and criteria (D) – represents methods and set of criteria that are is used to 

reach an architectural decision. The decision methods and criteria are divided into two 

perspectives: Method Family and Criteria Type. Each of these two perspectives have four sup-

elements. 

• Environment (E) – represents the context of a decision, such as criteria and facts which help to 

understand the decision case. The context also includes incidents that might occur, which the 

decision-maker will not be able to control these cases. Environment have five categories and 

they are: Organisation, Product, Stakeholders (non-decision), Development technologies, 

Market & Business. 
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With the help of the GRADE taxonomy, decision cases that are similar can be identified. To better 

illustrate how decision cases could be correlated to each other, Papatheocharous et al. [9] have provided 

some examples of correlated decisions. Here a company which is developing a software-intensive system 

had three decisions to make:  

 

The first decision (X1) was about an Asset Usage (AU) of buying a component and a 

choice of the Asset Origin (AO) between in-house and COTS. […] Next decision X2 

was about changing the Asset Origin (AO) from one COTS supplier to a different one. 

[…] The third decision (X3) concerned changing the Asset Origin (AO) from COST 

(AO4) to open source (AO3). [9] 

 

In these examples the company has to choose between assets. In order to better support of choosing right 

asset, the company needs first to identify the GRADE elements of each decision case. The next step is 

to search and analyse previous decision cases that have similar elements by using the knowledge 

repository. Papatheocharous et al. [9] coded the three cases using GRADE, the results are listed in table 

1. By looking at table 1, one would notice that there is some similarity in elements between the cases. 

For example, the decision (X1) has three goal perspectives that needs to be achieved: Customer, 

Financial, and Internal business. While the decisions (X2 and X3) have only one perspective, however, 

they share similar perspectives with some of the decision (X1): Financial and Internal business. The 

elements that are listed in Roles, Assets, and Decision, are some of the sup-elements perspectives. 

 

Case Goals Roles Assets Decision Environment 

X1 Customer, 

Financial, 

Internal business 

Asset supplier, 

Asset user, 

Initiator,  

Strategic, 

Supporter 

COTS, Buy, 

In-house, Sub-

contracting 

Expert-based Organisation, 

Product, 

Market & 

Business 

X2 Internal business Asset supplier, 

Asset user, 

Strategic, 

Supporter 

COTS, Buy, 

Sub-

contracting 

Expert-based, 

Quality 

Organisation, 

Product, 

Development 

technologies 

X3 Financial Asset supplier, 

Asset user, 

Initiator, 

Strategic, 

Influencer 

COTS, Reuse, 

Open source 

(AO3),  

Open source 

(AS3) 

Expert-based, 

Financial 

Organisation, 

Market & 

Business, 

Development 

technologies 

 
Table 1: Example of decision cases defined with GRADE [9]. 

 

2.3 Graph Theory 

Graph in mathematics [11] is a set of points or entities that are connected to each other by lines. Bruggen 

explains in his book [12] that graphs consist of two main components which are used to present the 

connections between objects and how they are related to one another. The first component is a point 

which also known as vertex or node, the term node is mostly used in mathematics and other fields. The 

second component is a connection line and is called edge or link. In the context of databases, the links 

that are between nodes are known as relationships.  

 

A graph refers to the graph theory, when it used to analyse data models or to solve problems by using 

mathematical algorithms. Graph theory contains several notations and terms beside nodes and links, 

some of the terms are defined by Erciyes [13]. The first definitions that the author describe is the graph 

notation: 𝐺 = (𝑉, 𝐸), where V represents a set of vertices (nodes) and E represents a set of edges (links). 

An illustration of a graph G can be seen in the figure 1, here the vertices are 𝑉 = {1, 2, 3, 4, 5}  and the 

edges are 𝐸 = {{1, 5}, {5, 4}, {4, 5}, {5, 3}, {3, 2}}.  
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Figure 1: An example of a graph. 

 

For the purpose of this thesis, selective definitions of graph theory that are described in [13] and [14] are 

presented in the following points: 

▪ Neighborhood – represent vertices that are adjacent to each other by an edge in the graph, 

𝑁(𝑣) = {𝑢  𝑉 ∶ 𝑒(𝑢, 𝑣)  𝐸}. For example, the neighborhood of vertex v3 in figure 1, can be 

expressed as 𝑁(𝑣3) = {𝑣5, 𝑣2}. The vertices v1 and v4 are not included because there is no 

edge connecting them to the vertex v3. 

▪ Degree – is the total number of edges that are linked to a vertex. The sum of edges is actually 

equal to the sum neighborhood sets of a vertex. Again, using the vertex v3 as an example the 

degree of v3 will be: 𝑑(𝑣3) = 2. 

▪ Directed– a directed graph contains edges that are pointing from one vertex to another. Visiting 

vertices in a directed graph is only possible by following the direction of the edges. The graph 

in figure 1 is a directed graph, it starts with the vertex v1 at ends at the vertex v2. 

▪ Walk – a walk in a graph is a sequence of vertices and edges: 𝑤 = {𝑣0, 𝑒0, 𝑣1, 𝑒1, … , 𝑣𝑛, 𝑒𝑛, 𝑣𝑛 +
1} where  𝑒𝑛 = { 𝑣𝑛, 𝑣𝑛+1}. A walk in a graph the vertices and edges can be traversed more 

than once. 

▪ Path – a path in a graph can be represented as a sequence of vertices 𝑣1 … 𝑣𝑛where each vertex 

is traversed once. The length of the path is the total number of edges between the vertices. 

▪ Connectedness – the term connected graph is used when there is a walk between each pair of 

vertices in a graph. For a directed graph if there is a walk from 𝑣1 to 𝑣2, and vice versa, these 

vertices are referred to as strongly connected. In figure 1, an example of strongly connected 

vertices are v4 and v5.  

 

Graph theory is used in many areas [12] such as in social studies, biological studies, route problems and 

computer science. Graphs in computer science have several uses cases, one of which is UML modelling. 

During software design process, developers analyses the effects of changing a part of design or code on 

a system by using pathfinding algorithms. These algorithms allow to analyse the UML graph and then 

see where and how a change might affect the system. 

 

As explained by Needham and Hodler [15] graph algorithms are generally based on graph theory, 

therefore mathematical structures are used to calculate relationships of connected data. The operation 

usually starts from a specific place of a graph, for example an initial node, then traverses the surrounding 

subgraphs. Graph algorithms take an entire graph as input and then return the desired subgraph, or values 

which are the result of some calculations. These computational algorithms highlight the pattern of the 

connected data, which could be useful. For instance, graph algorithms can be used to model systems, 

predict behaviour or to highlight important components of a system.  
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2.4 Neo4j Graph Database 

Graph database is one of the most popular DBMSs (database management systems) in recent years, the 

popularity of graph database is constantly increasing since 2013 [16], as figure 2 shows. The DBMS is 

a system that allow users to manage data by performing CRUD operations, which are Create, Read, 

Update and Delete data. Graph database is faster when it comes to query very dense connected data [17], 

compare to other DBMSs such as relational database. The reason for this is that the graph database store 

connected data as a graph with structure of node and edges. While relational database support connected 

data by joining tables, it performs poorly when the relationships between tables are highly connected 

[12]. Moreover, writing SQL queries became more complex when there are many tables to join. With 

the graph model database adding new nodes or relationships is more efficient due to flexibility of 

establishing new connections. Representing data as graph provide a simple way to understand how data 

are related to each other, therefore the graph data model is also known as “whiteboard friendly” [18].  

 

 
Figure 2: The growing popularity of graph database [16]. 

 

Neo4j is one of the graph databases in the market, which was released in 2007. Neo4j is a native graph 

database, that is the database engine uses index-free adjacency [18]. An index-free adjacency means that 

each node has a pointer (the physical address) to other neighborhood nodes in the graph. This allows for 

fast graph traversals and consistent response time of query operations. Neo4j’s data structure contains 

four components to represent a graph data model [12]. The first two main components of data model are 

nodes and relationships, which are already described. The other two components that are not presented 

are labels and properties, which are commonly used in graph databases. Labels are used to represent 

different nodes by their roles in a graph, in figure 3 for instance two labels can be identified: Person and 

Movie. Properties are names or values that can be assigned to node and relationships. In nodes properties 
represent attributes, whereas in relationships properties clarify what kind of connections is between 

nodes. In Neo4j each node or relationship can have zero or more properties, see figure 3 for an example. 

The node labeled with Movie has two properties the title Cloud Atlas and a released date 2012. And an 

example of a relationship is the ACTED_IN which has the property roles, the relationship means that 

Tom Hanks has acted in Cloud Atlas as Zachry. 

 

 
Figure 3: A simple graph data model. 
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2.4.1 Cypher 

The query language that is used in Neo4j is Cypher, which is one of the easiest graph query language 

[18]. Cypher language is simplified to make it understandable to both software developers and business 

stakeholders by using ASCII Art. The ASCII Art in Cypher represent nodes with parentheses (), and 

relationships with square brackets and arrows −[]−> to visualize graph patterns. A developer who 

already has experience with SQL (a query language used in relational database) can easily learn Cypher, 

since these two languages have similar structure and also share some common clauses such as WHERE 

and RETURN [19]. One main difference, however, between SQL and Cypher is the way of querying 

relationships. In SQL, joining tables are needed to obtain the relationships between data, the JOIN clause 

is used to perform joins. However, in Cypher there is no need to join relationships since they are already 

stored in the graph database. To query connected data a clause named MATCH is used. This clause uses 

the ASCII Art syntax to find relationships between nodes, see Query 1 for an example of Cypher query. 

This example retrieves all movies which Tom Tykwer has directed.  

 

1. MATCH (p:Person)-[:DIRECTED]->(m:Movie) 
2. WHERE p.name = 'Tom Tykwer' 
3. RETURN p, m 

Query 1, Example of simple Cypher query. 

 

The Cypher query language can be also used to execute graph algorithms. Neo4j has a library that contain 

a number of graph algorithms, which are used to support graph analytics [15]. The library includes five 

different types of graph algorithms, namely: Centrality algorithms, Community detection algorithms, 

Path finding algorithms, Similarity algorithms and Link Prediction algorithms. The two later algorithms 

have recently added to the platform, and as graph analytics usages is expected to grow, more algorithms 

will be added to the platform [15]. 
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3 Problem Formulation 

The objective of this thesis to explore methods of eliciting correlations between decision cases in an 

automated way. The motivation is to provide some support for software architects who have to make 

decisions when the requirements are increasing. According to [20], the number of requirements is 

continuously growing when developing complex systems, such as software-intensive systems. These 

requirements are made by various stakeholders that have different viewpoints on the systems, and 

conflicts among stakeholders might occur. Therefore, software architects need to make decisions on 

which requirements to select by prioritizing them. Given the increasing amount of requests involved in 

the decisions, it makes the process of decision-making a difficult task. 

 

A dataset of collected decision cases which are based on GRADE taxonomy are store in the Neo4j graph 

database. Neo4j provide a library of graph algorithms, which are used to analyse relationships between 

connected data. The Similarity algorithms in Neo4j use different methods for detecting nodes that are 

similar to each other [15]. Using these algorithms, the correlations between decision cases can be 

obtained automatically since the decision cases are stored as nodes in Neo4j. There are five Similarity 

algorithms: Jaccard similarity, Cosine similarity, Pearson similarity, Euclidean distance, and Overlap 

similarity. 

 

3.1 Research Questions and Contributions 

The research questions of this thesis are defined as follows: 

 

• RQ1: What are the outcomes of using the Similarity Algorithms in decision cases that are 

collected on Neo4j Graph Database? 

• RQ2: Can we use the outcomes of the Similarity Algorithms as a source of support for decision-

making processes? 

 

Answering the first research question (RQ1) will explore how the Similarity algorithms outputs 

correlations between decision cases. The Similarity algorithms will not be compared by performance or 

the simplicity of the algorithms, the focus will be on examining the results. For the second question 

(RQ2) the objective is to observe and analyse the results of the Similarity algorithms, and then establish 

whether the algorithms would help improve decision-making. 
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4 Method 

The reason for exploring the Similarity algorithms is to check whether the algorithms can be used as 

support for decision-making, by automatically detecting correlations between decision cases. This thesis 

work consists of two steps, the initial step tackles the first research question (RQ1). This step starts with 

using the Cypher query language to create queries that retrieve decision cases in the graph database, and 

then follows with executing the Similarity algorithms. A Community detection algorithm can be used to 

obtain the communities or groups of correlated decision cases that the Similarity algorithms generate. 

The scope of this thesis is reduced to use only one Community detection algorithm of 6 algorithms that 

Neoj4 support, and that is the Louvain algorithm.  Since the algorithm is the most common algorithm 

used with Similarity algorithms, and it also used to find communities in large networks [15]. The other 

algorithms are useful to find connectedness or degree of the graph. 

 

The second step targets the second research question (RQ2), which mentions determining if the 

Similarity algorithms can support decision-making. The answer to this question might provide a new 

way to identify correlated decision cases. This type of research result is called procedure or technique 

[21] in software engineering research strategies. To answer this question (RQ2), the results from the 

Similarity algorithms will be analysed to validate the usefulness of the algorithms in decision-making. 

Analyses will consider visual representations of decisions, the number of communities that each 

Similarity algorithm creates, and the size of the communities. Even though the interpretation of the 

analyses cannot be taken as conclusive proof, the findings of the analysis will be presented and discussed. 

These findings can be used in future research which includes decision experts who evaluate the results 

of the Similarity algorithms in supporting decision-making. 
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5 Experimental Algorithms 

This section contains a description of how the Similarity algorithms are implemented to measure 

similarity between decision cases. The second section explains different ways of querying the Louvain 

algorithm how it is used together with the Similarity algorithms. 

 

5.1 Similarity Algorithms 

Algorithms can be executed using the Cypher query in Neo4j Browser or cypher-shell [22]. There are 

two ways that can be used to run an algorithm. Functions, which is useful to calculate only two or a 

small amount of data. Procedures, which is used to calculate all nodes simultaneously by using parallel 

computation. For this experiment the procedure will be used to calculate correlations between all pairs 

of decision cases. There are also two versions of procedure: streaming and a write procedure. Both of 

them will be used for different purposes, the streaming procedure will return the calculated result in a 

table. The write procedure store results as new relationships between similar nodes, which then can be 

viewed as graph of connected nodes or used in other queries. 

 

5.1.1 Jaccard Similarity 

The Jaccard Similarity algorithm [23] computes the intersection divided by the size of the union between 

two sets of data. The mathematical notation of the algorithm is presented in equation 1, 𝐴  and 𝐵 

represent two different cases. The result of the algorithm is a number between 0 and 1 depending on the 

degree of similarity, if there is no similarity between cases the answer will be 0 and if the cases are 

identical the answer will be 1. 

 

 
J(A, B) =

|𝐴 ∩ 𝐵|

|𝐴 ∪ 𝐵|
 

 

(1) 

 

The streaming procedure of Jaccard Similarity algorithm is shown in Query 2. The query is adapted to 

calculate similarity of decision cases based on their elements. The first line of the code matches all nodes 

with label DECISION_CASE that have any relationship with any node, in the second line all nodes ids 

are collected into a list. In fifth line is where the algorithm is called, two parameters are used the topK 

to return the most similar pairs and similarityCutoff to filter out cases with less than 0.1 similarity. The 

rest of the code is about the presentation of the result. In the write procedure a write parameter is 

included, and it assigned to true. The algorithm will return a table that contain a list of cases and their 

similarity score.  

1. MATCH (c:DECISION_CASE)-[]->(i) 
2. WITH {item:id(c), categories: collect(id(i))} AS simiData 
3. WITH collect(simiData) AS data 
4.  
5. CALL algo.similarity.jaccard.stream(data, { 
6.     topK:1, similarityCutoff: 0.1 
7. }) 
8.  
9. YIELD item1, item2, count1, count2, similarity 
10. RETURN algo.asNode(item1).name AS A,  

11.        algo.asNode(item2).name AS B,  

12.        similarity 

13. ORDER BY similarity DESC  

Query 2: Jaccard Similarity algorithm 
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5.1.2 Cosine Similarity 

The Cosine Similarity algorithm [23] computes the similarity between two cases by measuring the cosine 

of their angles. The formula of the algorithm is written in equation 2, it divides the dot product of two 

vectors with the length of the two vectors product. The result will be between 1- and 1, where 1- means 

dissimilar and 1 means similar.  

 
similarity(A, B) =

𝐴 ∙ 𝐵

‖𝐴‖ ×  ‖𝐵‖
 

 

(2) 

 

The algorithm is presented in Query 3, is the same syntax as Jaccard algorithm. The difference is in line 

2, relationships ids are collected into a list instead of nodes. That because the algorithm calculates the 

number of relationships that each case has to the common element. The Cosine algorithm is called in the 

line 5. 

1. MATCH (c:DECISION_CASE)-[r]->() 
2. WITH {item:id(c), weights: collect(id(r))} AS simiData 
3. WITH collect(simiData) AS data 
4.  
5. CALL algo.similarity.cosine.stream(data, { 
6.     topK:1, similarityCutoff: 0.1 
7. }) 
8.  
9. YIELD item1, item2, count1, count2, similarity 
10. RETURN algo.asNode(item1).name AS A,  

11.        algo.asNode(item2).name AS B,  

12.        similarity 

13. ORDER BY similarity DESC 

Query 3: Cosine Similarity algorithm 

5.1.3 Pearson Similarity 

The Pearson Similarity algorithm [23] which also called Pearson correlation coefficient, it computes the 

correlation between two cases by using the formula below (3). This equation calculates linear 

relationship between two variables, if the result is closer to 1 the variables are correlated to each other. 

On other side, if the result is closer to -1 variables are independent to each other. 

 

 
similarity(A, B) =

cov(𝐴, 𝐵)

𝜎𝐴 𝜎𝐵
 

 

(3) 

 

The query of Pearson algorithm is almost identical to the Cosine. The only difference is the calling of 

Pearson procedure, see Query 4. 

1. MATCH (c:DECISION_CASE)-[r]->() 
2. WITH {item:id(c), weights: collect(id(r))} AS simiData 
3. WITH collect(simiData) AS data 
4.  
5. CALL algo.similarity.pearson.stream(data, { 
6.     topK:1, similarityCutoff: 0.1 
7. }) 
8.  
9. YIELD item1, item2, count1, count2, similarity 
10. RETURN  algo.asNode(item1).name AS A,  

11.         algo.asNode(item2).name AS B,  

12.         similarity 

13. ORDER BY similarity DESC 

Query 4: Pearson Similarity algorithm 
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5.1.4 Euclidean Distance 

Euclidean Distance algorithm [23] computes distance in n-dimensional space between two cases. The 

shorter distance between cases, the more they are similar. Therefore, in this algorithm the result will be 

0 if two cases are perfectly similar and the greater the number will be if they are not similar, see equation 

4. 

 

 d(p, q) = √(𝑝1 −  𝑞1)2 + (𝑝2 − 𝑞2)2 + ⋯ +  (𝑝𝑖 − 𝑞𝑖)2 + ⋯ + (𝑝𝑛 − 𝑞𝑛)2  

(4) 

 

This algorithm query is the same as other algorithms. However, the parameter similarityCutoff is not 

included in the algorithm since it is used to filter out small values.  The lower values are the desired 

solutions in this case, therefore the descending clause DESC was also removed, see Query 5. 

1. MATCH (c:DECISION_CASE)-[r]->() 
2. WITH {item:id(c), weights: collect(id(r))} AS simiData 
3. WITH collect(simiData) AS data 
4.  
5. CALL algo.similarity.euclidean.stream(data, {topK:1}) 
6.  
7. YIELD item1, item2, count1, count2, similarity 
8. RETURN  algo.asNode(item1).name AS A,  
9.         algo.asNode(item2).name AS B,  
10.        similarity 

11. ORDER BY similarity 

 Query 5: Euclidean Distance algoritm 

5.1.5 Overlap Similarity 

The Overlap Similarity algorithm [23] is close to Jaccard algorithm in both equation and query. The 

equation computes the intersection between two cases then divided the result with the smaller one of the 

cases, see equation 5. The result of the algorithm is as the Jaccard algorithm which is between 0 and 1. 

 

 
O(A, B) =

|𝐴 ∩ 𝐵|

𝑚𝑖𝑛(|𝐴|, |𝐵|)
 

 

(5) 

 

Like the Jaccard algorithm, the Overlap algorithm collects the nodes ids into a list then calculates the 

number of similar elements between cases, see Query 6. 

1. MATCH (c:DECISION_CASE)-[]->(i) 
2. WITH {item:id(c), categories: collect(id(i))} AS simiData 
3. WITH collect(simiData) AS data 
4.   
5. CALL algo.similarity.overlap.stream(data, { 
6.     topK:1, similarityCutoff: 0.1 
7. }) 
8.  
9. YIELD item1, item2, count1, count2, similarity 
10. RETURN algo.asNode(item1).name AS A,  

11.        algo.asNode(item2).name AS B,  

12.        similarity 

13. ORDER BY similarity DESC 

Query 6: Overlap Similarity algorithm 
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5.2 Community Detection Algorithms 

After running Similarity algorithms on decision cases, it is expected that the most correlated decision 

cases will form some kind of group that are connected together. To find this connected cluster the 

Community Detection algorithms will be utilized. There are 6 algorithms in Neo4j library [24]: Louvain, 

Label Propagation, Connected Components, Strongly Connected Components, Triangle Count and 

Average Clustering Coefficient, and Balanced Triads. For this experiment only the Louvain algorithm 

will be used to find communities of decision cases. The choice of this algorithm is because it is the most 

useful algorithm for detecting groups [15]. Triangle Count and Clustering Coefficient are used to find 

the density of relationships like how connected the nodes are or if the connected nodes form triangles, 

Strongly Connected Components used to find the structure of the graph and measure the connectedness 

of nodes, Connected Components is useful to check if a graph is connected, Balanced Triads is a new 

algorithm in Neo4j library and it is used to analyse the balance of a graph, Label Propagation is the 

fastest algorithm for finding communities, however, it is nondeterministic algorithm which means it 

returns different communities in each run. Louvain is also nondeterministic algorithm, but unlike Label 

Propagation, the results are stable in less dense communities. 

 

5.2.1 Louvain Algorithm 

The Louvain algorithm detect communities by comparing them to each other and then create different 

groups based on relationships [15]. Louvain use modularity calculation to compute the density between 

nodes. The formula of the algorithm is defined in equation 6, u and v represent two different cases. The 

result of the algorithm is between 1- which means lower density and 1 which means higher density. 

 

 
Q =

1

2𝑚
∑ [𝐴𝑢𝑣 − 

𝑘𝑢  𝑘𝑣

2𝑚
]

𝑢,𝑣
 δ(𝑐𝑢 , 𝑐𝑣) 

 

(6) 

 

There are different ways of querying the algorithm, depending on the desired presentation of the result. 

One query assign community number to each case and return a table of decision cases and their 

community number, another query return two hierarchical levels of communities which present nodes 

that belong to more than one community. A third way collect all cases that have same community number 

into a list then store the result in the database using the SET clause, see Query 7. Query 8 can be used to 

view the stored result. However, to run the two later queries one of Similarity algorithms needs to be 

executed by using the write procedure to store new relationship between similar cases. Therefore, in the 

first line of Query 7, the algorithm has three parameters one of them is for the new relationship 

SIMILAR. There is an alternative way to run Louvain algorithm without having to store any relationship 

between cases, and that is using Cypher Projection to run two algorithms together, see Query 9.  

 

1. CALL algo.louvain.stream("DECISION_CASE", "SIMILAR", 
{includeIntermediateCommunities: true}) 

2. YIELD nodeId, communities 
3. WITH algo.asNode(nodeId) AS case, communities 
4. SET case.communities = communities 

Query 7: Louvain algorithm 

 

1. MATCH (c:DECISION_CASE) 
2. RETURN c.communities[-1] AS community, collect(c.name) AS 

cases, count(*) AS size  

3. ORDER BY community 

Query 8: Retrieving the stored communities. 
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1. CALL algo.louvain.stream( 
2.     'MATCH (c:DECISION_CASE) RETURN id(c) as id',  
3.     'MATCH (c:DECISION_CASE)-[]->(i) 
4.      WITH {item:id(c), categories: collect(id(i))} AS simiData 
5.      WITH collect(simiData) AS data 
6.      CALL algo.similarity.jaccard.stream(data, { 
7.          topK:1, similarityCutoff: 0.1, write:false 
8.      }) 
9.      YIELD item1, item2, similarity 
10.      RETURN item1 AS source, item2 AS target',  

11.     {graph: 'cypher'}) 

12. YIELD nodeId, community 

13.   

14. WITH algo.asNode(nodeId) AS cases, community 

15. RETURN cases.name, community 

16. ORDER BY community 

Query 9: Cypher Projection, chaining Jaccard Similarity and Louvain algorithm. 
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6 Experiments 

This section starts with describing how the decision cases that are stored in the graph database are 

structured. The second part present results of the Similarity algorithms both from streaming procedure 

and write procedure. 

 

6.1 Decision Cases 

Similarity between decision cases can be measured in different ways. It can be based on the number of 

nodes that exist between cases or on the number of relationships (edges) that are directed towards the 

elements. See figure 4 for an example of two decision cases that have some common elements. Notice 

that the edges from Case1 or Case2 are more than nodes in the middle. A decision case can have more 

than one relationship with another node, as illustrated in the figure 5. Moreover, a case can also have the 

same relationship multiple times with a node. However, these repeated relationships have different 

properties. For example, in figure 4 Case2 have two relationships of type ROLE_VALUES with the 

node CTO, one of the relationships has the Decider property while the other one has the Initiator 

property. To measure the different types of correlations between decision cases, the five similarity 

algorithms in Neo4j will be examined in this experiment. 

 
Figure 4: Example of how decision cases have similar elements. 

As for relational databases, Neo4j graph database provide schema representation of the data, see figure 

5. Nodes are divided into seven labels, in the centre orange node represents decision cases and all 

relationships from the node are directed towards other nodes. Green node represents context of the 

decisions, blue node refers to decision methods, dark pink node is values, tan/light brown node is 

decision criteria and it is connected to the pink node which is property model, red node represent asset 

origins, and finally light blue node represent decision stakeholders.  

 
Figure 5: The dataset schema. 
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6.2 Results 

The dataset used in this experiment is a collected data that are based on the GRADE decision canvas. 

The data contains decision cases and GRADE elements, and they are stored in the Neo4j graph database. 

Since the data are stored in graph model, the decision cases are represented as nodes and they are 

connected to GRADE elements which are also represented as nodes. There are 220 nodes, where 77 of 

the nodes are decision cases and rest are elements and their perspectives. The edges between nodes are 

1 327 relationships in total, and they are divided into 21 different types. 

 

During the experiments, the Similarity algorithms (Queries 2 – 6) were modified several times to get a 

clear presentation of correlated decision cases, which then can be analysed.  One of the changes that has 

been made was on the parameter topK. It's been assigned to 1, that means connecting each node to its 

most similar node. Assigning topK to high number make each decision cases to have relationships with 

several cases, and as a result the community detection algorithm perform poorly due to high correlation. 

As previously mentioned, in high dense communities Louvain algorithm return different result in each 

run, therefore is recommended to keep the value of topK as low as possible [15].  

 

Decision cases are compared to each other based on the number of nodes (GRADE elements) or on the 

number of edges. The obtained results with the Similarity algorithms are then presented as both graph 

where the correlated cases are connected, and as table where each pair of decision case is given a 

similarity score.  

 

6.2.1 Jaccard Similarity Results 

The result of running the Query 2 is presented in Appendix A (Table 2), and the result of the query in 

the write procedure version is shown in Figure 6. As described in the previous section, the algorithm 

yields a similarity score closer to 1, the more similar a pair of decision case are, and closer to 0 the more 

dissimilar they are. Case 64 and Case 66 were the only ones who got similarity score of 1, that means 

these two cases have identical GRADE elements. To evaluate the result the two cases were validated 

graphically, and as evident in Figure 7 the two cases share the same elements. The other similar cases 

were also checked, each two pair had one or more distinct elements.  

 

Result returned by the Louvain algorithm (Query 7 and 8) was 17 different communities, see Appendix 

B (Table 7). The number of communities is actually matching with graphical result of Jaccard Similarity. 

 

 
Figure 6: Graphical presentation of correlated decision cases using Jaccard similarity algorithm. 
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Figure 7: Identical graphs (number of nodes), Case 64 and Case 66. 

 

6.2.2 Cosine Similarity Results  

The result of running the Query 3 is presented in Appendix A (Table 3), and the result of the query in 

the write procedure version is shown in Figure 8. Cosine algorithm is one of the algorithms that emphasis 

on the number of edges. Similarity score was around 0.999 for all similar pairs, the score difference 

between each pair was in the tenth decimal digit. That indicates the similarity between cases is very high, 

since the highest score is 1. Case 62 and Case 63 have the most similarity score, and as evident in Figure 

9 the two cases share similar relationship types. Though, Case 63 have nine edges of ROLE_VALUES 

relationship type, while Case 62 have only two of them. 

 

Result returned by the Louvain algorithm was 21 different communities, see Appendix B (Table 8). 

Also, the number of communities is equivalent to the number correlated cases in the graphical 

presentation. 

 

 
Figure 8: Graphical presentation of correlated decision cases using Cosine similarity algorithm. 
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Figure 9: Cases with the most similar number of edges, Case 62 and Case 63. 

 

6.2.3 Pearson Similarity Results  

The result of running the Query 4 is presented in Appendix A (Table 4), and the result of the query in 

the write procedure version is shown in Figure 10. Person algorithm also emphasis on the edges of the 

graphs. The algorithm returned a score of 1 for almost all pairs except for the last five pairs who also got 

a very high score. The value 1 means that the linear relationship between cases are perfectly similar. 

Furthermore, the graph structure of the Person algorithm was very different compared to the two later 

algorithms. Most of decision cases were correlated to two cases, for instance OLD Case 1 had 57 cases 

connected to it. To see how the cases are correlated, some similar cases were examined graphically. For 

instance, the Figure 11 shows the two cases (OLD Case 1 and OLD Case 6) who have the most cases 

connected to them, they are also connected to each other. As illustrated is not clear how they are 

associated to each other. However, one possible explanation could be that the other cases are dependent 

on these two cases. Since as explained in the previous section, the algorithm calculates linear relationship 

between two cases, if the score is closer to 1 indicates that the cases are dependent to one another. In 

other words, if a change was made to OLD Case 1 or OLD Case 6, the other cases might get affected. 

 

Result returned by the Louvain algorithm was only 3 communities, see Appendix B (Table 9). As 

expected, after viewing the graphical result. 

 

 
Figure 10: Graphical presentation of correlated decision cases using Pearson similarity algorithm. 
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Figure 11: The two cases that the most decision cases were correlated to them. 

 

6.2.4 Euclidean Distance Results  

The result of running the Query 5 is presented in Appendix A (Table 5), and the result of the query in 

the write procedure version is shown in Figure 12. Similar to Cosine and Person algorithms, the 

Euclidean distance algorithm emphasis on the edges of the graphs. The score for the most similar pair 

(OLD Case 5 and OLD Case 6) was around 5.196. With Euclidean, the lower the score between pairs 

are, the more similar they are, thus a score of 0 would indicate that cases are perfectly correlated. Figure 

13 shows the graphs of OLD Case 5 and OLD Case 6, as illustrated there is not even a single node 

between the cases. The only similarity that can be noted visually are the edges of ORIGIN relationship 

type. 

 

The Euclidean Distance gets the highest number of communities which is 24, see Appendix B (Table 

10). Same here, the number of communities and the number of correlated cases is equal.  

 

 
Figure 12: Graphical presentation of correlated decision cases using Euclidean Distance algorithm. 
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Figure 13: The most correlated case with the Euclidean distance of 5.196. 

 

6.2.5 Overlap Similarity Results 

The result of running the Query 6 is presented in Appendix A (Table 6), and the result of the query in 

the write procedure version is shown in Figure 14. Overlap algorithm is like the Jaccard algorithm, its 

emphasis on the number of nodes. Five pairs of cases got similarity score of 1, which indicates perfect 

similarity between the cases. The algorithm calculates the co-occurrence of elements (nodes) in each 

pair. For example, if all elements of Case A also occur in Case B, then the correlation will be 

similarity(A, B) = 1. However, if some elements of Case B do not occur in Case A, a lower score may 

receive or even the case will not be correlated. As evident in Figure 15 the Case 12 is perfectly correlated 

to Case 11, since all elements of Case 12 occur in Case 11, but the opposite is not true. 

 

The Louvain algorithm return two different result in each run. Most of the time it returns 8 communities 

(see Table 11), but sometimes 9 communities are retrieved (see Table 12). Unlike other Similarity 

algorithm, the number of communities cannot be detected visually. 

 

 
Figure 14: Graphical presentation of correlated decision cases using Overlap similarity algorithm. 
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Figure 15: The Case 12 is perfectly correlated to Case 11, but the opposite is not true. 

 



 

 

 
 22  

 

Mälardalen University Eliciting Correlations between Decision Cases 

7 Discussion 

The contribution of the thesis is to check if the Similarity algorithms can be used in decision support, by 

automatically detecting correlation between decision cases. The obtained results are discussed in this 

section. 

 

RQ1: What are the outcomes of using the Similarity Algorithms in decision cases that are collected 

on Neo4j Graph Database? 

The outcomes of the Similarity algorithms can be represented in two ways, as graph of decision cases 

connected to each other, or as table of correlated decision cases and their similarity score. Although the 

same dataset was used the total number of correlated cases were quite different in each algorithm. 

However, the Jaccard similarity, Cosine similarity and Euclidean distance, show some closeness of graph 

structure, each case is connected to its most similar case. For the Pearson Similarity graph structure, an 

explanation of its structure might be that the most cases are “dependent” or correlated to two cases. 

Therefore, if a change was made in one of the two cases the other cases might get affected. As for the 

Overlap similarity, the graph structure presents co-occurrence of elements between cases. In simple 

terms, if all or most elements of a decision case also occur in another decision case, a correlation is made 

between cases. 

 

The results of the Community Detection algorithm show different numbers of communities for each 

Similarity algorithm. The higher the number of communities, the less decision cases are correlated and 

vice versa. For example, Jaccard, Cosine and Euclidean Distance algorithms create many small 

correlated decision cases, compare to Pearson and Overlap Similarity which created few communities 

with large size of correlated decisions. To get fewer communities in Jaccard algorithm for example, one 

might change the topK parameter to higher number but as discussed it will affect the correlation detection 

algorithm. However, there was not a problem for Louvain to detect communities that Pearson Similarity 

have created. That because that decision cases were not connected to each other, they were instead 

connected to only two cases. For Overlap Similarity, the detection algorithm returns one of the two 

results for each run. Louvain algorithm can be useful in conditions like when Overlap Similarity is used 

or when the dataset is large, since is difficult to find communities visually. 

 

 

RQ2: Can we use the outcomes of the Similarity Algorithms as a source of support for decision-

making processes? 

Similarity algorithms provided visual representation of correlated decision cases in a way that 

simplifies the communication and analyses of architecture decisions. In addition, the algorithms detect 

correlations between decision cases in an automated way. However, the algorithms Pearson Similarity 

and Euclidean distance were difficult to understand and interpret their results. In contrast, other 

algorithms such as Jaccard similarity their outcome could be expected, for example Jaccard detect 

decision cases who share similar elements (nodes). The outcomes of Jaccard similarity, Cosine 

similarity and Overlap Similarity can also be validated by visually exploring the graphs of the decision 

cases. Therefore, it is concluded that the three algorithms Jaccard similarity, Cosine similarity and 

Overlap Similarity can be used as a source of support for decision-making process. And for the two 

algorithms Pearson Similarity and Euclidean distance, they need to be tested on several datasets to 

determine if they provide some support in decision-making. The obtained results of the Similarity 

algorithms need to be evaluated by decision experts to assess the usefulness of the algorithms. 
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8 Related Work 

This section reviews the related work on decision support, starting with decision support system (DSS) 

of Graph Model for Conflict Resolution (GMCR) which is used to identify conflicts between decision-

makers. Moving on to car problems, a model that uses decision support tools such as AI and similarity 

measurement is described. And concluding with a database of decision cases to support group decisions. 

 

Kinsara et al. [25] have developed a new version of DSS GMCR, they call it GMCR+.  They introduced 

four different solutions of GMCR+. The first two solutions are the logical and matrix solver, which use 

stability calculations to define the stability of each decision-maker state. The stability consists of four 

concepts, namely Nash stability, General metarationality (GMR), Symmetric metarationality (SMR), 

and Sequential stability (SEQ). These calculations predict the risks and movements of decision-makers 

form one state to another, and then determine the balance or stability of all states. The third solution is 

the inverse GMCR, which used to generate the preferences state that are desirable by all decision-makers. 

The fourth and last solution is goal seeker, which is actually an adaptation of inverse GMCR. Here, 

however, the decision-makers select a set of desirable states and then the system checks if the stability 

of states by using the four calculations concepts. The GMCR+ also contain GUI for user interaction. 

Since the previous GMCR lacked the GUI, the authors believe that graph model presentation simplifies 

the communication and analysis of conflicts.    

 

Another research that is relevant even though it focuses on car fault, the authors use decision support 

tools to solve problems. De and Chakraborty [26] proposed a model that is based on Case Based 

Reasoning (CBR), and it uses decision tree and Jaccard similarity method. CBR is an Artificial 

Intelligence (AI) technique that solve new problems by using solutions of old problems. The model uses 

the CBR to search in the old problems, if a similar problem is found then the old solution will be used 

or adapted. Otherwise, a new problem with a new solution will be stored in the Case Base (CB) for future 

problems. To store cases the decision tree is used, where cases with similar description are clustered 

together. The Jaccard similarity is used to calculate the similarity between the new case and old cases 

and retrieve the similar cases from CB. To conclude, the model that the authors created allow users to 

query their car problem on the system and then they can get an appropriate solution of the problem. 

However, in their model all types of car fault are not included, therefore in the future work an expansion 

of the CB is needed as the authors stated.  

 

Goncalves and Antunes [27] have implemented a system that allows users to select and manage decision 

cases in a database. The objective of this research was to support decision processes in group meetings 

where experts and novices in decision-making are involved. There are around 75 cases listed in the 

database, which are gathered from several research papers and books using systematic review method. 

Furthermore, two different models are used to identify the goals and tasks that affect decisions. 

Experimenters for the study consisted of 30 students that were in their final year at university. They were 

requested to solve two decision-making problems, and then individually answer a survey to evaluate the 

proposed system. The survey contained questions about model, cases and the tool, each question a scale 

of five points (1 = very low; 5 = very high) was used. From the results the authors concluded that the 

global satisfaction with the model and tool was high, however, they found that the system as a whole 

was complicated for the experimenters. Thus, a redesign of the system is needed, also the authors state 

that future work the evaluation of the experiment’s needs improvements to get more precise results. 

From examining the experiment, one might suggest increasing the participants of the experiment, also 

the students could be from more than one university as a way to increase accuracy and credibility. 
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9 Conclusions 

This thesis explored five Similarity algorithms (Jaccard similarity, Cosine similarity, Pearson similarity, 

Euclidean distance, and Overlap similarity) that are implemented in Neo4j, for automatically detecting 

correlations between decision cases. The used dataset is a collection of decision cases that are based on 

GRADE taxonomy. The algorithms measure similarity between decision cases in different ways, two of 

the algorithms emphasis on number of nodes, while the other three emphasis on number of edges. The 

obtained outcomes of the algorithms are presented both graphically and numerically (similarity score for 

each pair).  

 

The results of the algorithms were then analysed to determine whether they can be used as a source of 

support for decision-making processes. The findings from analyses indicates that the Jaccard similarity, 

Cosine similarity and Overlap Similarity algorithms can be used to support decision-making, while the 

Pearson Similarity and Euclidean distance algorithms need to be analysed further on several datasets in 

order to make better interpretation of their results. The limitation from the analyses is that the results of 

the algorithms are not evaluated by decision experts or software architects. 

 

9.1 Future Work 

Since analyses were not shown to decision experts to evaluate the results, the future work should include 

software architects who can view the results of the algorithms, and then ask the architects whether the 

algorithms provided some support in decision-making.  

 

Correlated decision cases could be investigated further by testing other graph algorithms in Neo4j. A 

suggestion might the Link Prediction algorithms, these algorithms predict future relationships between 

nodes. For example, a decision case can be removed from one community, then a Link Prediction 

algorithm can be used to see if the case can find its community back. Another possible future work could 

be combination of Similarity algorithms, for example executing Jaccard algorithm with Cosine algorithm 

and then checking the structure of the graph using Community Detection algorithms. 
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Appendices 
 

Appendix A 

This appendix shows similarity between correlated decision cases using streaming procedure of the Similarity 

algorithms. 

 

 

A B similarity 
Case 64 Case 66 1.0 
Case 66 Case 64 1.0 
Case 11 Case 12 0.8888888888888888 
Case 12 Case 11 0.8888888888888888 
Case 46 Case 53 0.8666666666666667 
Case 51 Case 53 0.8666666666666667 
Case 53 Case 46 0.8666666666666667 
Case 71 Case 72 0.7894736842105263 
Case 72 Case 71 0.7894736842105263 
Case 40 Case 41 0.7741935483870968 
Case 41 Case 40 0.7741935483870968 
Case 16 Case 20 0.7058823529411765 
Case 20 Case 16 0.7058823529411765 
Case 73 Case 72 0.7058823529411765 
Case 1 Case 7 0.6666666666666666 
Case 7 Case 1 0.6666666666666666 
Case 2 Case 3 0.6071428571428571 
Case 3 Case 2 0.6071428571428571 
Case 19 Case 1 0.6 
Case 9 Case 37 0.5862068965517241 
Case 37 Case 9 0.5862068965517241 
Case 49 Case 50 0.5714285714285714 
Case 50 Case 49 0.5714285714285714 
Case 35 Case 62 0.5555555555555556 
Case 62 Case 35 0.5555555555555556 
Case 25 Case 16 0.5238095238095238 

 

A B similarity 
Case 48 Case 49 0.5238095238095238 
Case 13 Case 14 0.5217391304347826 
Case 14 Case 13 0.5217391304347826 
Case 18 Case 33 0.5 
Case 33 Case 18 0.5 
Case 43 Case 19 0.5 
Case 54 Case 56 0.5 
Case 56 Case 54 0.5 
Case 15 Case 2 0.4827586206896552 
Case 27 Case 56 0.4782608695652174 
Case 55 Case 49 0.4782608695652174 
Case 47 Case 49 0.4761904761904762 
Case 44 Case 43 0.4736842105263158 
Case 8 Case 25 0.4666666666666667 
Case 45 Case 3 0.4666666666666667 
Case 17 Case 26 0.4615384615384616 
Case 26 Case 17 0.4615384615384616 
Case 52 Case 43 0.44 
Case 24 Case 41 0.4375 
Case 5 Case 43 0.4230769230769231 
Case 68 Case 27 0.4210526315789474 
Case 6 Case 19 0.4166666666666667 
Case 74 Case 71 0.4137931034482759 
Case 22 Case 7 0.4 
Case 59 Case 60 0.4 
Case 60 Case 59 0.4 

 

A B similarity 
Case 28 Case 52 0.391304347826087 

Case 38 Case 37 0.382352941176470 

Case 58 Case 60 0.368421052631578 

Case 61 Case 50 0.36 

Case 70 Case 28 0.352941176470588 

Case 34 Case 28 0.35 

Case 69 Case 72 0.35 

Case 10 Case 51 0.333333333333333 

Case 42 Case 3 0.333333333333333 

Case 23 Case 74 0.321428571428572 

Case 32 Case 42 0.321428571428572 

Case 4 Case 47 0.315789473684211 

Case 65 Case 35 0.294117647058824 

Case 29 Case 55 0.285714285714286 

Case 31 Case 17 0.259259259259259 

Case 30 Case 31 0.255813953488372 

Case 21 Case 44 0.25 

Case 39 Case 29 0.25 

Case 67 Case 17 0.25 

Case 57 Case 74 0.243243243243243 

Case 36 Case 13 0.241379310344828 

Case 63 Case 35 0.235294117647059 

OLD C1 Case 35 0.1875 

OLD C5 OLD C1 0.166666666666667 

OLD C6 Case 10 0.133333333333333 
 

 

Table 2: Jaccard similarity algorithm streaming procedure results. 

 

 

A B similarity 
Case 62 Case 63 0.9999999999465231 

Case 63 Case 62 0.9999999999465231 

Case 69 Case 70 0.9999999997631961 

Case 70 Case 69 0.9999999997631961 

Case 59 Case 60 0.999999999744748 

Case 60 Case 59 0.999999999744748 

Case 67 Case 68 0.9999999996894819 

Case 68 Case 67 0.9999999996894819 

Case 61 Case 60 0.9999999996398886 

Case 64 Case 62 0.9999999995300515 

Case 58 Case 59 0.9999999993994619 

Case 6 Case 67 0.9999999993967873 

Case 65 Case 66 0.9999999990121451 

Case 53 Case 54 0.9999999985711749 

Case 54 Case 53 0.9999999985711749 

Case 51 Case 52 0.99999999837187 

Case 52 Case 51 0.99999999837187 

Case 55 Case 54 0.9999999982219454 

Case 34 Case 35 0.9999999982087954 

Case 35 Case 34 0.9999999982087954 

Case 47 Case 48 0.9999999978937166 

Case 48 Case 47 0.9999999978937166 

Case 46 Case 47 0.9999999977623275 

Case 50 Case 51 0.9999999977401022 

Case 49 Case 48 0.9999999973942137 

Case 56 Case 55 0.9999999972475935 
 

A B similarity 
Case 37 Case 35 0.9999999944922366 

Case 45 Case 46 0.9999999940180047 

Case 39 Case 40 0.9999999925171912 

Case 40 Case 39 0.9999999925171912 

Case 57 Case 62 0.9999999920619462 

Case 17 Case 18 0.9999999910828833 

Case 18 Case 17 0.9999999910828833 

Case 32 Case 33 0.9999999876744632 

Case 33 Case 32 0.9999999876744632 

Case 38 Case 35 0.9999999830116942 

Case 41 Case 42 0.9999999757428546 

Case 42 Case 41 0.9999999757428546 

Case 16 Case 17 0.9999999691763644 

Case 44 Case 39 0.9999999592565851 

Case 31 Case 32 0.9999999578148611 

Case 23 Case 24 0.9999999571324923 

Case 24 Case 23 0.9999999571324923 

Case 29 Case 30 0.9999999499246647 

Case 30 Case 29 0.9999999499246647 

Case 19 Case 17 0.999999901559957 

Case 27 Case 29 0.9999999007913671 

Case 25 Case 24 0.9999998873787737 

Case 22 Case 23 0.9999998810552023 

Case 20 Case 19 0.9999998777052094 

Case 43 Case 35 0.9999998413184975 

Case 15 Case 17 0.9999997821725043 
 

A B similarity 
Case 14 Case 15 0.9999997633700008 

Case 28 Case 29 0.9999997372806704 

Case 36 Case 31 0.9999997110187032 

Case 12 Case 13 0.9999996280373805 

Case 13 Case 12 0.9999996280373805 

Case 10 Case 11 0.999999379848402 

Case 11 Case 10 0.999999379848402 

Case 9 Case 10 0.9999984094623116 

Case 6 Case 7 0.9999972600735039 

Case 7 Case 6 0.9999972600735039 

Case 5 Case 6 0.999992369822497 

Case 8 Case 9 0.9999921795813483 

Case 3 Case 4 0.9999907613619176 

Case 4 Case 3 0.9999907613619176 

Case 26 Case 18 0.9999892190239582 

OLD C5 OLD C6 0.9999741509174706 

OLD C6 OLD C5 0.9999741509174706 

Case 2 OLD C6 0.9998660483799291 

Case 1 OLD C6 0.9996057711480721 

Case 71 Case 72 0.999535287030115 

Case 72 Case 71 0.999535287030115 

Case 73 Case 74 0.9989945800191334 

Case 74 Case 73 0.9989945800191334 

Case 21 OLD C6 0.99893870390898 

OLD C1 Case 71 0.9391344403521252 
 

 
Table 3: Cosine similarity algorithm streaming procedure results. 
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A B similarity 
OLD C1 OLD C6 1.0 

OLD C5 OLD C6 1.0 

OLD C6 OLD C1 1.0 

Case 1 OLD C6 1.0 

Case 3 OLD C1 1.0 

Case 4 OLD C6 1.0 

Case 5 OLD C1 1.0 

Case 6 OLD C1 1.0 

Case 7 OLD C1 1.0 

Case 8 OLD C1 1.0 

Case 9 OLD C1 1.0 

Case 10 OLD C1 1.0 

Case 11 OLD C6 1.0 

Case 12 OLD C1 1.0 

Case 13 OLD C1 1.0 

Case 14 OLD C1 1.0 

Case 15 OLD C1 1.0 

Case 16 OLD C1 1.0 

Case 17 OLD C1 1.0 

Case 18 OLD C1 1.0 

Case 19 OLD C1 1.0 

Case 20 OLD C1 1.0 

Case 21 OLD C6 1.0 

Case 22 OLD C1 1.0 

Case 23 OLD C1 1.0 

Case 24 OLD C1 1.0 
 

A B similarity 
Case 25 OLD C1 1.0 

Case 26 OLD C6 1.0 

Case 27 OLD C1 1.0 

Case 28 OLD C6 1.0 

Case 29 OLD C1 1.0 

Case 30 OLD C1 1.0 

Case 31 OLD C1 1.0 

Case 32 OLD C1 1.0 

Case 33 OLD C1 1.0 

Case 34 OLD C6 1.0 

Case 35 OLD C1 1.0 

Case 36 OLD C6 1.0 

Case 37 OLD C1 1.0 

Case 38 OLD C1 1.0 

Case 39 OLD C1 1.0 

Case 40 OLD C1 1.0 

Case 41 OLD C1 1.0 

Case 42 OLD C1 1.0 

Case 43 OLD C6 1.0 

Case 44 OLD C6 1.0 

Case 45 OLD C1 1.0 

Case 46 OLD C1 1.0 

Case 47 OLD C1 1.0 

Case 48 OLD C1 1.0 

Case 49 OLD C1 1.0 

Case 50 OLD C1 1.0 
 

A B similarity 
Case 51 OLD C1 1.0 

Case 52 OLD C1 1.0 

Case 53 OLD C1 1.0 

Case 54 OLD C1 1.0 

Case 55 OLD C1 1.0 

Case 56 OLD C1 1.0 

Case 57 OLD C6 1.0 

Case 58 OLD C1 1.0 

Case 59 OLD C1 1.0 

Case 60 OLD C1 1.0 

Case 61 OLD C1 1.0 

Case 62 OLD C1 1.0 

Case 63 OLD C1 1.0 

Case 64 OLD C6 1.0 

Case 65 OLD C1 1.0 

Case 66 OLD C1 1.0 

Case 67 OLD C1 1.0 

Case 68 OLD C1 1.0 

Case 69 OLD C1 1.0 

Case 70 OLD C1 1.0 

Case 72 OLD C6 0.9950820986458986 

Case 71 Case 72 0.9950094279903017 

Case 73 Case 74 0.9862115371563305 

Case 74 Case 73 0.9862115371563305 

Case 2 Case 57 0.9608745333036525 
 

 
Table 4: Pearson similarity algorithm streaming procedure results. 

 

 

A B similarity 
OLD C5 OLD C6 5.1961524227 

OLD C6 OLD C5 5.1961524227 

Case 62 Case 63 18.520259177 

Case 63 Case 62 18.520259177 

Case 35 Case 36 19.364916731 

Case 36 Case 35 19.364916731 

Case 17 Case 18 22.627416997 

Case 18 Case 17 22.627416997 

OLD C1 OLD C6 27.712812921 

Case 59 Case 60 31.622776601 

Case 60 Case 59 31.622776601 

Case 61 Case 60 36.482872693 

Case 34 Case 35 37.040518354 

Case 69 Case 70 37.947331922 

Case 70 Case 69 37.947331922 

Case 44 Case 45 38.327535793 

Case 45 Case 44 38.327535793 

Case 16 Case 17 39.597979746 

Case 67 Case 68 39.799497484 

Case 68 Case 67 39.799497484 

Case 4 Case 5 40.828911325 

Case 5 Case 4 40.828911325 

Case 1 OLD C6 41.569219381 

Case 26 Case 27 44.620623034 

Case 27 Case 26 44.620623034 

Case 28 Case 29 46.893496350 
 

A B similarity 
Case 29 Case 28 46.893496350 

Case 58 Case 59 47.434164902 

Case 66 Case 67 51.961524227 

Case 46 Case 47 52.383203414 

Case 47 Case 46 52.383203414 

Case 48 Case 47 52.383203414 

Case 51 Case 52 52.383203414 

Case 52 Case 51 52.383203414 

Case 53 Case 54 52.383203414 

Case 54 Case 53 52.383203414 

Case 43 Case 44 52.924474489 

Case 10 Case 11 53.207142377 

Case 11 Case 10 53.207142377 

Case 64 Case 62 55.560777532 

Case 2 Case 1 57.349803835 

Case 6 Case 7 58.094750193 

Case 7 Case 6 58.094750193 

Case 23 Case 24 58.094750193 

Case 24 Case 23 58.094750193 

Case 32 Case 33 58.094750193 

Case 33 Case 32 58.094750193 

Case 49 Case 48 58.094750193 

Case 55 Case 54 58.094750193 

Case 65 Case 66 58.094750193 

Case 50 Case 51 59.866518188 

Case 12 Case 13 64.0 
 

A B similarity 
Case 13 Case 12 64.0 

Case 14 Case 15 64.0 

Case 15 Case 14 64.0 

Case 39 Case 40 64.0 

Case 40 Case 39 64.0 

Case 25 Case 26 66.332495807 

Case 37 Case 35 68.789534087 

Case 56 Case 55 70.092795635 

Case 19 Case 20 73.586683577 

Case 20 Case 19 73.586683577 

Case 3 Case 4 75.445344455 

Case 57 Case 56 78.752777728 

Case 30 Case 29 82.819079927 

Case 22 Case 20 89.078616962 

Case 42 Case 43 93.413061185 

Case 9 Case 10 93.541434669 

Case 38 Case 37 96.234089594 

Case 31 Case 32 100.69756700 

Case 41 Case 42 112.56997823 

Case 8 Case 9 130.0 

Case 71 Case 72 178.09548001 

Case 72 Case 71 178.09548001 

Case 73 Case 74 218.07567493 

Case 74 Case 73 218.07567493 

Case 21 Case 23 256.94551951 
 

 
Table 5: Euclidean Distance algorithm streaming procedure results. 
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A B similarity 
Case 12 Case 11 1.0 

Case 35 Case 71 1.0 

Case 41 Case 40 1.0 

Case 72 Case 71 1.0 

Case 64 Case 66 1.0 

Case 19 Case 1 0.947368421052 

Case 46 Case 53 0.928571428571 

Case 51 Case 53 0.928571428571 

Case 14 Case 1 0.875 

Case 17 Case 31 0.875 

Case 16 Case 20 0.857142857142 

Case 73 Case 71 0.857142857142 

Case 62 Case 27 0.857142857142 

Case 18 Case 33 0.85 

Case 7 Case 1 0.846153846153 

Case 44 Case 43 0.818181818181 

Case 37 Case 9 0.809523809523 

Case 25 Case 8 0.777777777777 

Case 3 Case 1 0.772727272727 

Case 43 Case 1 0.764705882352 

Case 50 Case 49 0.75 

Case 6 Case 1 0.733333333333 

Case 48 Case 49 0.733333333333 

Case 54 Case 45 0.733333333333 

Case 24 Case 40 0.727272727272 

Case 26 Case 22 0.727272727272 
 

A B similarity 
Case 68 Case 27 0.727272727272 

Case 47 Case 49 0.714285714285 

Case 49 Case 15 0.705882352941 

Case 55 Case 45 0.705882352941 

Case 15 Case 2 0.7 

Case 2 Case 1 0.695652173913 

Case 28 Case 18 0.692307692307 

Case 27 Case 1 0.6875 

Case 13 Case 7 0.684210526315 

OLD C6 Case 2 0.666666666666 

Case 11 Case 7 0.666666666666 

Case 20 Case 8 0.666666666666 

Case 21 Case 7 0.666666666666 

Case 69 Case 71 0.666666666666 

Case 5 Case 1 0.65 

Case 10 Case 22 0.642857142857 

Case 53 Case 8 0.642857142857 

Case 4 Case 5 0.636363636363 

Case 45 Case 40 0.636363636363 

Case 60 Case 49 0.636363636363 

Case 71 Case 74 0.631578947368 

Case 52 Case 37 0.631578947368 

Case 22 Case 7 0.608695652173 

Case 23 Case 74 0.6 

Case 32 Case 42 0.6 

Case 59 Case 58 0.6 
 

A B similarity 
Case 70 Case 28 0.6 

Case 34 Case 52 0.571428571428 

Case 56 Case 1 0.555555555555 

Case 61 Case 9 0.555555555555 

Case 42 Case 40 0.545454545454 

Case 66 Case 8 0.533333333333 

Case 29 Case 1 0.526315789473 

Case 9 Case 7 0.52 

Case 39 Case 30 0.5 

Case 74 Case 1 0.5 

Case 63 Case 33 0.5 

Case 67 Case 13 0.5 

Case 38 Case 33 0.461538461538 

Case 8 Case 1 0.423076923076 

Case 31 Case 30 0.423076923076 

OLD C1 OLD C5 0.416666666666 

Case 1 Case 40 0.413793103448 

Case 36 Case 1 0.411764705882 

Case 65 Case 1 0.4 

Case 30 Case 33 0.357142857142 

Case 57 Case 30 0.333333333333 

Case 58 Case 2 0.333333333333 

Case 33 Case 40 0.322580645161 

OLD C5 Case 1 0.217391304347 
 

 
Table 6: Overlap similarity algorithm streaming procedure results. 
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Appendix B 

Here are presented the communities or groups of decision cases that the Louvain algorithm detected for each 

Similarity algorithm. 

 

 

Community Cases Size 

0 ["OLD Case 1", "OLD Case 5", "Case 35", "Case 62", "Case 63", "Case 65"] 6 

1 ["OLD Case 6", "Case 10", "Case 46", "Case 51", "Case 53"] 5 

2 ["Case 1", "Case 6", "Case 7", "Case 19", "Case 22"] 5 

3 ["Case 2", "Case 3", "Case 15", "Case 32", "Case 42", "Case 45"] 6 

4 ["Case 4", "Case 29", "Case 39", "Case 47", "Case 48", "Case 49", "Case 50", "Case 

55", "Case 61"] 

9 

5 ["Case 5", "Case 21", "Case 28", "Case 34", "Case 43", "Case 44", "Case 52", "Case 

70"] 

8 

6 ["Case 8", "Case 16", "Case 20", "Case 25"] 4 

7 ["Case 9", "Case 37", "Case 38"] 3 

8 ["Case 11", "Case 12"] 2 

9 ["Case 13", "Case 14", "Case 36"] 3 

10 ["Case 17", "Case 26", "Case 30", "Case 31", "Case 67"] 5 

11 ["Case 18", "Case 33"] 2 

12 ["Case 23", "Case 71", "Case 57", "Case 72", "Case 73", "Case 74", "Case 69"] 7 

13 ["Case 24", "Case 40", "Case 41"] 3 

14 ["Case 27", "Case 54", "Case 56", "Case 68"] 4 

15 ["Case 58", "Case 59", "Case 60"] 3 

16 ["Case 64", "Case 66"] 2 

 
Table 7: Communities found of Louvain algorithm (Jaccard similarity). 

 

 

Community Cases Size 

0 ["OLD Case 1", "Case 71", "Case 72"] 3 

1 ["OLD Case 5", "OLD Case 6", "Case 1", "Case 2", "Case 21"] 5 

2 ["Case 3", "Case 4"] 2 

3 ["Case 5", "Case 6", "Case 7"] 3 

4 ["Case 8", "Case 9", "Case 10", "Case 11"] 4 

5 ["Case 12", "Case 13"] 2 

6 ["Case 14", "Case 15", "Case 16", "Case 17", "Case 18", "Case 19", "Case 20", "Case 

26"] 

8 

7 ["Case 22", "Case 23", "Case 24", "Case 25"] 4 

8 ["Case 27", "Case 28", "Case 29", "Case 30"] 4 

9 ["Case 31", "Case 32", "Case 33", "Case 36"] 4 

10 ["Case 34", "Case 35", "Case 37", "Case 38", "Case 43"] 5 

11 ["Case 39", "Case 40", "Case 44"] 3 

12 ["Case 41", "Case 42"] 2 

13 ["Case 45", "Case 46", "Case 47", "Case 48", "Case 49"] 5 

14 ["Case 50", "Case 51", "Case 52"] 3 

15 ["Case 53", "Case 54", "Case 55", "Case 56"] 4 

16 ["Case 57", "Case 62", "Case 63", "Case 64"] 4 

17 ["Case 58", "Case 59", "Case 60", "Case 61"] 4 

18 ["Case 73", "Case 74"] 2 

19 ["Case 65", "Case 66", "Case 67", "Case 68"] 4 

20 ["Case 69", "Case 70"] 2 

 
Table 8: Communities found of Louvain algorithm (Cosine similarity). 
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Community Cases Size 

0 ["OLD Case 1", "Case 3", "Case 5", "Case 6", "Case 7", "Case 8", "Case 9", "Case 

10", "Case 12", "Case 13", "Case 14", "Case 15", "Case 16", "Case 17", "Case 

18", "Case 19", "Case 20", "Case 22", "Case 23", "Case 24", "Case 25", "Case 

27", "Case 29", "Case 30", "Case 31", "Case 32", "Case 33", "Case 35", "Case 

37", "Case 38", "Case 39", "Case 40", "Case 41", "Case 42", "Case 45", "Case 

46", "Case 47", "Case 48", "Case 49", "Case 50", "Case 51", "Case 52", "Case 

53", "Case 54", "Case 55", "Case 56", "Case 58", "Case 59", "Case 60", "Case 

61", "Case 62", "Case 63", "Case 65", "Case 66", "Case 67", "Case 68", "Case 

69", "Case 70"] 

58 

1 ["OLD Case 5", "OLD Case 6", "Case 1", "Case 2", "Case 4", "Case 11", "Case 

21", "Case 26", "Case 28", "Case 34", "Case 71", "Case 36", "Case 43", "Case 

44", "Case 57", "Case 72", "Case 64"] 

17 

2 ["Case 73", "Case 74"] 2 

 
Table 9: Communities found of Louvain algorithm (Pearson similarity). 

 

 

Community Cases Size 

0 ["OLD Case 1", "OLD Case 5", "OLD Case 6", "Case 1", "Case 2"] 5 

1 ["Case 3", "Case 4", "Case 5"] 3 

2 ["Case 6", "Case 7"] 2 

3 ["Case 8", "Case 9", "Case 10", "Case 11"] 4 

4 ["Case 12", "Case 13"] 2 

5 ["Case 14", "Case 15"] 2 

6 ["Case 16", "Case 17", "Case 18"] 3 

7 ["Case 19", "Case 20", "Case 22"] 3 

8 ["Case 21", "Case 23", "Case 24"] 3 

9 ["Case 25", "Case 26", "Case 27"] 3 

10 ["Case 28", "Case 29", "Case 30"] 3 

11 ["Case 31", "Case 32", "Case 33"] 3 

12 ["Case 34", "Case 35", "Case 36", "Case 37", "Case 38"] 5 

13 ["Case 71", "Case 72"] 2 

14 ["Case 39", "Case 40"] 2 

15 ["Case 41", "Case 42", "Case 43", "Case 44", "Case 45"] 5 

16 ["Case 46", "Case 47", "Case 48", "Case 49"] 4 

17 ["Case 50", "Case 51", "Case 52"] 3 

18 ["Case 53", "Case 54", "Case 55", "Case 56", "Case 57"] 5 

19 ["Case 58", "Case 59", "Case 60", "Case 61"] 4 

20 ["Case 73", "Case 74"] 2 

21 ["Case 62", "Case 63", "Case 64"] 3 

22 ["Case 65", "Case 66", "Case 67", "Case 68"] 4 

23 ["Case 69", "Case 70"] 2 

 
Table 10: Communities found of Louvain algorithm (Euclidean Distance). 
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Mälardalen University Eliciting Correlations between Decision Cases 

 

 

Community Cases Size 

0 ["OLD Case 1", "OLD Case 5", "Case 1", "Case 3", "Case 4", "Case 5", "Case 6", "Case 

14", "Case 19", "Case 27", "Case 29", "Case 36", "Case 43", "Case 44", "Case 

56", "Case 62", "Case 65", "Case 68"] 

18 

1 ["OLD Case 6", "Case 2", "Case 15", "Case 47", "Case 48", "Case 49", "Case 50", "Case 

58", "Case 59", "Case 60"] 

10 

2 ["Case 7", "Case 10", "Case 11", "Case 12", "Case 13", "Case 21", "Case 22", "Case 

26", "Case 67"] 

9 

3 ["Case 8", "Case 16", "Case 20", "Case 25", "Case 46", "Case 51", "Case 53", "Case 

64", "Case 66"] 

9 

4 ["Case 9", "Case 34", "Case 37", "Case 52", "Case 61"] 5 

5 ["Case 17", "Case 18", "Case 28", "Case 30", "Case 31", "Case 33", "Case 38", "Case 

39", "Case 57", "Case 63", "Case 70"] 

11 

6 ["Case 23", "Case 71", "Case 35", "Case 72", "Case 73", "Case 74", "Case 69"] 7 

7 ["Case 24", "Case 32", "Case 40", "Case 41", "Case 42", "Case 45", "Case 54", "Case 

55"] 

8 

 
Table 11: Communities (1) found of Louvain algorithm (Overlap similarity). 

 

 

Community Cases Size 

0 ["OLD Case 1", "OLD Case 5", "Case 1", "Case 3", "Case 4", "Case 5", "Case 6", "Case 

14", "Case 19", "Case 29", "Case 36", "Case 43", "Case 44", "Case 56", "Case 65"] 

15 

1 ["OLD Case 6", "Case 2", "Case 15", "Case 47", "Case 48", "Case 49", "Case 50", "Case 

58", "Case 59", "Case 60"] 

10 

2 ["Case 7", "Case 10", "Case 11", "Case 12", "Case 13", "Case 21", "Case 22", "Case 

26", "Case 67"] 

9 

3 ["Case 8", "Case 16", "Case 20", "Case 25", "Case 46", "Case 51", "Case 53", "Case 

64", "Case 66"] 

9 

4 ["Case 9", "Case 34", "Case 37", "Case 52", "Case 61"] 5 

5 ["Case 17", "Case 18", "Case 28", "Case 30", "Case 31", "Case 33", "Case 38", "Case 

39", "Case 57", "Case 63", "Case 70"] 

11 

6 ["Case 23", "Case 71", "Case 35", "Case 72", "Case 73", "Case 74", "Case 69"] 7 

7 ["Case 24", "Case 32", "Case 40", "Case 41", "Case 42", "Case 45", "Case 54", "Case 

55"] 

8 

8 ["Case 27", "Case 62", "Case 68"] 3 

 
Table 12: Communities (2) found of Louvain algorithm (Overlap similarity). 
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