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Abstract. The possibility to use computer-based analysis to support decision-

making situations in an organization represents a crucial competitive factor. An 
important component of these analyses is a cause-effect analysis to identify cause-

effect relationships amongst data, which can then be considered in decision-

making situations if needed. However, comprehensive data competencies are 
required for a cause-effect analysis and while more and more data is available, the 

establishment of these competencies is getting increasingly difficult. Therefore, a 
concept for the support of cause-effect analyses is introduced. Components of this 

concept are a homogeneous knowledge base, including cause-effect relationships 

based on knowledge from a variety of sources, and a knowledge reasoning based 

on the human approach to solve problems. 
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1. Introduction and motivation 

Data analysis is a crucial competitive factor [1, p. 48], because the results can be used 

for effective decision-making [2, p. 99], [3, p. 3]. An important component of these 

analyses is the identification of cause-effect relationships in specific decision-making 

situations [4, p. 237], [5, p. 274]. A cause-effect analysis is a method of supporting 

decision-making, which allows for a better understanding of relevant cause. E.g. when 

sales in a specific sales region are dropping, the possible causes for this effect can be 

determined. A better prediction of potential consequences can be made with the help of 

these analyses, e.g. when the causes for the lower sales are based on a lower product 

quality, the different effects to increase the product quality can be identified.  

The skills required of analysts conducting promising analyses consist of business 

competencies, method competencies and data competencies [6, pp. 98–101]. Especially 

the buildup of comprehensive data competencies, i.e. understanding and knowing the 

structure and interaction of data, represents an important foundation for analyses [7, p. 

23]. This buildup evolves into a more difficult challenge with more data available and a 

wider variety of data sources [8, p. 10]. 

The demand for employees with these data competencies and analytical skills will 

grow further in the future and is predicted to lead to a shortage of employees with 

analytical competencies [9, p. 1185], that cannot be resolved in the medium term. This 

impending lack of suitable analytical skills threatens the attaining or securing of 
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competitive advantages. It will be all the more important to offer computer-supported 

cause-effect analyses within a decision-making situation to all decision-makers. 

2. Research objective 

For the formulation of a research objective, the important components of a knowledge-

based cause-effect analysis will be deduced in the following. 

According to Simon [10] a decision-making process is divided into the phases 

intelligence, design and choice
2
. The intelligence phase is used to identify the problem 

and the relevant causes, the possible solutions are developed in the design phase and 

the actual selection of a solution happens in the choice phase [10, p. 40 f.]. Mintzberg, 

Raisinghani & Theoret [5] further divide the intelligence phase into the decision 

recognition and the diagnosis, whereas the latter contains the identification and 

understanding of cause-effect relationships in a decision-making situation [5, p. 252 f.]. 

These cause-effect relationships are getting more significant for any decision-

making situation, because the environment is getting more complex [12, p. 32], [13, p. 

9]. A widely-used method to document causes for an effect comes from the Total 

Quality Control (TQC) concept created by Ishikawa for the correction of quality 

defects [14, p. 12], [15, p. 19 ff.]. The causes for an observed effect can be shown with 

the help of a cause-and-effect diagram
3
. However, the degree of a cause-effect relation 

in a specific situation will not be assessed [15, p. 20]. Besides the identification of 

cause-effect relationships, the validation and assessment of cause-effect relationships 

shall also be a focus in the following concept, which gives the user of the system an 

impression of the significance of the causes. 

The human approach to solve problems always identifies and validates cause-

effect relationships within a specific problem context [17, p. 809]. After understanding 

the problem, a problem space must be constructed or, if a similar already exists, the 

problem must be transferred into an existing problem space [17, p. 809]. A problem 

space consists of the elements of a problem, the operators to handle it and the 

knowledge relevant to the specific problem situation [17, p. 810]. This method to solve 

problems and the narrowing down of the knowledge shall be integrated into the 

following concept. Therefore the analysis of the cause-effect relationships of a problem 

is always done within the context of a specific decision-making situation. 

The capability to solve problems and the quality of a solution are mainly based on 

knowledge [17, p. 814]. The selection of relevant knowledge for a decision-making 

situation is always done using the available knowledge. A comprehensive accumulation 

of knowledge is an important element to identify cause-effect relationships because the 

likelihood increases that the most influential cause-effect relationships are present and 

can be located within the knowledge. The integration of knowledge from as many 

sources as possible and the extensibility of the knowledge both play a fundamental role 

in the following concept, especially in compiling comprehensive knowledge on cause-

effect relationships.  
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The following research objective is based on and sums up the presented 

requirements. 

Research objective: Supporting decision-making situations with a 

knowledge-based system for context-sensitive identification, validation 

and assessment of cause-effect relationships. 

3. Related work 

Research on cause-effect analyses has previously been done by Caron [18]. The 

identification and explanation of exceptional values in a multi-dimensional analysis has 

been analyzed already. An exceptional value is defined as a value with a significant 

difference from the expected value and often leads to the identification of a problem or 

to new business opportunities [18, p. 9]. These exceptional values within an On-Line 

Analytical Processing (OLAP) cube are attempted to be explained with data in the 

same cube and with the help of a statistical model [19, p. 889]. This implies the 

assumption that the explanation of an exceptional value is available within the 

previously defined multidimensional data cube. 

Due to the assumption that a cause-effect relationship analysis is always done in a 

specific decision-making situation and therefore requires data specifically adapted for 

the situation, the concept from Caron [18] is not applicable to achieve the research 

objective. 

4. Concept for a knowledge-based cause-effect analysis 

The first steps in the execution of a cause-effect analysis are to identify potential cause-

effect relationships and to evaluate the influence of a cause on an effect [5, p. 253]. The 

identification is a knowledge-intensive process based on the data and business 

competencies [ref. chapter 1]. The evaluation of the cause-effect relationships is done 

with statistical methods to determine the correlation of the factors and is based on the 

method competencies [ref. chapter 1]. 

Because of the requirements discussed in chapter 2, a knowledge-based system 

will be used, which can be separated into knowledge representation and knowledge 

reasoning [20]. This research approach refers to this separation and discusses the 

conceptual design of a knowledge-based cause-effect analysis. First, the knowledge 

already available about cause-effect relationships in an organization, as well as its 

possible storage, is explained and afterwards the reasoning of knowledge is presented. 

4.1. Knowledge representation 

Knowledge about cause-effect relationships from varying sources is unified in a 

homogeneous structure during the knowledge representation. Additionally, links to the 

original data for subsequent validations are created. 

There are a variety of sources with knowledge about potential cause-effect 

relationships in an organization. These sources could be, for instance, OLAP cubes or 

processes for the extraction, transformation and loading (ETL) within the scope of a 



Business Intelligence system. In addition, knowledge from models in Decision Support 

Systems (DSS) can be used to create a quantitative view on cause-effect relationships. 

Besides structured knowledge, experts offer comprehensive knowledge about cause-

effect relationships. Due to the assumption that knowledge about cause-effect 

relationships exists in organization-external sources, the World Wide Web could also 

be one possibility as a source for knowledge. 

The unified knowledge in the knowledge base can be used by the knowledge 

reasoning [ref. chapter 4.2] to systematically discover cause-effect relationships. 

Additionally, links to the respective data in the data warehouse are available for the 

statistical validation of cause-effect relationships. The integration of knowledge from a 

variety of sources is presented in Figure 1, in which the selection of source systems is 

extendible. 

 
Figure 1: Homogeneous knowledge base about cause-effect relationships created from a variety of sources 

For the creation of the knowledge base, knowledge as relevant as possible for the 

purpose of a knowledge-based cause-effect analysis from a variety of sources should be 

extracted, if possible automatically. Because the knowledge is often only available in 

different structures and in varying quality, it must be transformed for the integration 

into the homogeneous knowledge base. This approach is analogous to the extraction, 

transformation and loading for the creation and usage of a data warehouse [21, p. 122]. 

The basic pattern for a cause-effect relationship can be defined as a cause  , which is 

related to the effect   with an intensity of   [ref. Figure 2], still allowing for the pattern 

to be extended to also cover bi-directional relationships. 

 
Figure 2: Basic pattern for a cause-effect relationship in the knowledge base 

The transfer of knowledge into the knowledge base is influenced by the format of 

representation as well as the knowledge itself that needs to be extracted from the 



sources. In the following, the mentioned sources are discussed and the potential 

knowledge about cause-effect relationships is explained. 

4.1.1. OLAP cube 

Due to its multidimensional character, data within organizations is often prepared in a 

multidimensional format as an OLAP cube for dynamic analyses in a multidimensional 

data storage [22, p. 87] . The data is grouped by key performance indicators and 

dimensions, with the latter further structured in hierarchies. In addition, every OLAP 

cube can have metadata about e.g. the creator, the intended use or the timeliness of the 

data. 

The structure and the metadata of an OLAP cube are relevant for a cause-effect 

analysis. Because of the structure, assumptions about the relationship between key 

performance indicators and dimensions can be made if a key performance indicator and 

a dimension is used within the same OLAP cube. In addition, the hierarchies represent 

implicit cause-effect relationships from lower to higher hierarchy levels. The metadata 

of the intended use of an OLAP cube is also relevant because it can point to potential 

cause-effect relationships. 

4.1.2. ETL process 

A data warehouse provides subject-oriented, integrated, nonvolatile and time-variant 

data as decision-making support for managers [21, p. 31]. The aspect of integration is 

made possible by the preparation of data from source systems through ETL processes 

in order to establish a consistent database for the data warehouse. 

Knowledge about potential cause-effect relationships can mainly be gathered from 

the transformation steps of the data from the source systems to the data warehouse. The 

transformation is divided into the six sub-processes: selection, separation/concatenation, 

normalization/denormalization, aggregation, conversion and enrichment [23, pp. 206–

211 & 256–258]. All steps can provide, at least partly, useful knowledge about 

potential cause-effect relationships and their validation: 

 

 Selection 

Relationships between the entire data and the selected data. 

 Separation/concatenation 

Relationships between data, which was separated/is concatenated. 

 Normalization/denormalization 

Relationships implicated through the (de-)normalization of data. 

 Aggregation 

Hierarchical relationships in the data based on definitions and calculation rules 

of hierarchy levels 

 Conversion 

Relation of terms, e.g. synonyms and homonyms, which are used for the 

buildup of a consistent database. 

 Enrichment 

Data relations from the calculation of composite key performance indicators. 



4.1.3. DSS model 

A DSS model is used in a model-driven DSS, which is one category from the AIS 

SIGDSS classification for DSS [24, p. 79 f.]. These models consist of decision 

variables, one or more result variables and parameters describing the environment [24, 

p. 48 f.]. They are typically designed for the optimization of one or more decision 

variable(s) or for the simulation of alternatives, concerning the decision variables [24, 

pp. 49 & 52]. Relationships between the decision variables and the result variables are 

specifically defined, usually with mathematical expressions [24, p. 49]. Because of the 

close similarity to the basic pattern [ref. chapter 4.1], a transformation is almost not 

required in order to integrate knowledge from DSS models into the knowledge base. 

4.1.4. Expert 

Experts have superior skills to solve new, emerging problems [25, p. 14]. Especially 

when handling undocumented problems, experts can use their knowledge to evaluate 

the impacts of a decision [25, p. 14]. This knowledge is based, amongst others, on 

experiences from similar situations [26, p. 78] and on commonsense knowledge [25, p. 

15]. 

Compared to the sources presented so far, the knowledge from experts takes a 

special position, because it is not yet externalized. It represents an essential part during 

the creation of the knowledge base, since cause-effect relationships between different 

sources can be created with the knowledge of experts. In addition, an expert can correct 

conclusions made by the system to continually improve the knowledge base, which 

leads to better results in the long-term. 

4.1.5. World Wide Web 

Based on the assumption, that not all relevant data for a cause-effect analysis is 

available within an organization, it is necessary to be able to include external sources. 

This opens up the possibility to include external influences for the analysis of cause-

effect relationships. 

The World Wide Web is a huge, organization-external data source [27, p. 96]. 

Applying the developments in the field of the Semantic Web, structured data can be 

provided in a machine-readable format as Linked (Open) Data [28, p. 410]. This 

structured data can be integrated into the knowledge base as potential causes for effects, 

e.g. the weather may affect sales in a specific month. The integration of such data must 

be done manually, because the knowledge about relationships between organization-

internal and -external data is not externalized. Therefore, an expert is required for the 

integration of knowledge from the World Wide Web into the knowledge base. 

4.2. Knowledge reasoning 

The knowledge stored in the knowledge base is utilized in a specific decision-making 

situation, through the use of knowledge reasoning, to identify relevant cause-effect 

relationships. According to the human approach to solve problems, the elements of a 

problem must be isolated and the operators to solve the problem must be applied on the 

relevant knowledge [ref. chapter 2]. The procedure of the reasoning is based on this 

human approach, in which the elements of a decision-making situation are determined 



and the relevant knowledge is used to identify and validate potential cause-effect 

relationships. 

At first, the initialization takes place, which matches a decision-making situation 

with the knowledge base. Using this matching as starting point, the knowledge base is 

explored in the context of the transferred decision-making situation, in order to identify 

potential cause-effect relationships. Concluding the knowledge reasoning, the 

discovered cause-effect relationships are evaluated. The three phases are shown in 

Figure 3. Next, they will be discussed individually in detail and their operations will be 

explained. 

 
Figure 3: Knowledge reasoning phases 

Because of the modular system structure, it will be possible to exchange specific 

components. This could lead to the usage of a different strategy of activation during the 

exploratory phase or the isolation of a decision-making situation from a different 

system. The modular structure raises the flexibility and adaptability of the research 

approach. 

4.2.1. Initialization phase 

Before the knowledge in the knowledge base can be used in a decision-making 

situation, the situation must be transferred into the knowledge base. This happens 

through the automatic isolation of the decision-making situation to a model on a 

conceptual level and the matching of this model with the knowledge base.  

During the isolation, a structured model representing a decision-making situation is 

created. This model must be compatible with the knowledge base or at least it should 

be possible to match it with the knowledge base. The decision-making situation can be 

in numerous formats. In order to initialize a cause-effect analysis out of any system, a 

model is used to represent the isolated decision-making situation. An exemplary 

isolation of a decision-making situation from an OLAP cube into a model is presented 

in Figure 4. The OLAP cube consists of the dimensions Time, Article and Region as 

well as several key performance indicators, e.g. Sales. In the figure, at a specific 

moment in time, for a specific article and in a specific region the sales might have 

collapsed in comparison to the previous year.  

 
Figure 4: Transfer from a decision-making situation in an OLAP cube to a model 



The model is transferred into the knowledge base through the matching. For this, 

the knowledge base is searched for the appropriate factors from the model, e.g. Time, 

Article, Region and Sales [ref. Figure 5]. The relationships between the factors in the 

model are only checked against existence in the knowledge base. A matching of the 

relationships is not required, because the assumptions are made, that the overall 

matching would not be better and the quality of the relationships already in the 

knowledge base are always superior, e.g. there could be multiple semantic relationships 

between two factors or differently directed relationships compared to the model. The 

result of the matching is the placement of the factors into the knowledge base with the 

goal to search for cause-effect relationships based on the placements. 

 
Figure 5: Matching of a model with the knowledge base 

4.2.2. Exploratory phase 

After matching the decision-making situation with the knowledge base, the relevant 

cause-effect relationships can be explored. This is done with the activation of factors 

directly connected to factors of the decision-making situation and the validation of 

potential cause-effect relationships between these factors, based on their linked data. 

During the activation, all factors directly connected to an already activated factor 

are marked for further cause-effect analysis. An activated factor is thereby defined as 

an already analyzed factor or a factor marked for analysis. The activation is started with 

all factors of the decision-making situation, while each factor is used as a starting point 

to activate the connected factors [ref. Figure 6]. This happens by using the connections 

between the factors. All activated factors are considered as unconfirmed cause-effect 

relationships to the specific decision-making situation. 

 
Figure 6: Activation of connected factors in the knowledge base 



The discovered potential cause-effect relationships are confirmed by validating 

each factor in the context of the specific decision-making situation. Successively, the 

data from two connected factors is retrieved from the data warehouse (or other sources, 

if applicable) through the links stored in the knowledge base and with the help of 

statistical methods the correlation between the two factors is checked against 

correctness. The calculated correlation represents the weighting of the respective 

connection in the specific decision-making situation. 

After the validation is done, the exploratory phase is repeated with the previously 

confirmed cause-effect factors as new starting points. The weighting of the connections 

can be used to start the exploration of cause-effect relationships with a high correlation 

between two factors. This leads to a targeted activation along promising factors. The 

repetition ends, when no significant correlations, i.e. lower than a defined threshold, 

can be discovered anymore. 

4.2.3. Evaluation phase 

The evaluation phase is divided into the verification and, if necessary, an adjustment of 

the results. 

The cause-effect relationships discovered and validated by the system are assessed 

by the user during the verification. According to the experience of the user and the 

specific decision-making situation, a comparison with reality could be accomplished. 

This comparison could consist of the assessment of an experienced user, who uses 

expert knowledge to judge the result’s accuracy. 

When the user discovers more cause-effect relationships based on expert 

knowledge or through the application of the suggested results, the original results can 

be adjusted and adopted into the knowledge base for further analysis. If a connection is 

missing completely the user can extend the knowledge base. Alternatively, existing 

connections in the knowledge base could also be marked as insignificant by the user for 

further analysis. 

Because the knowledge base is modified and extended, the exploratory phase can 

be restarted to eventually discover more or other cause-effect relationships. An 

initialization is not necessary, given that the decision-making situation is already 

matched with the knowledge base and solely connections between factors were 

modified. 

5. Alternatives for the realization of context-driven decision support 

The result of a knowledge-based cause-effect analysis is a hierarchy of possible causes, 

including their degree of influence on an effect. This can be used in different ways to 

support decision-making. A differentiation of qualitative and quantitative ways is made 

at this point and an example for each category is presented. 

The results of a knowledge-based cause-effect analysis can be overwhelming, 

especially when many potential causes have been found. Creating a good visualization 

of the results can solve this problem. An option would be to visualize a network of 

causes of an effect, in which the thickness of a connecting line represents the degree of 

influence. The network would only contain causes identified as relevant to the 

decision-making situation. This approach would also lower the information density, e.g. 

removing the mathematical definitions of the influences, to create a qualitative 



overview of the data. This overview could be dynamically explored to better 

understand the cause-effect relationships in the specific decision-making situation. 

Instead of removing the mathematical definitions of the influences, these could 

also be used to create a DSS model. Because not all influences can be quantified by a 

knowledge-based cause-effect analysis, the model serves as a foundation for a DSS 

user. Picking up the example in chapter 4.2.1, the decision-making situation is 

identified in an OLAP cube without any relationships to other data except the data 

available in the cube. Through the knowledge-based cause-effect analysis, causes from 

different sources are identified and transferred to a DSS model with many relationships 

between the relevant data. This model can then be used for further analysis concerning 

the simulation or optimization of potential solutions, enabling what-if and/or goal-

seeking-analyses. 

6. Conclusions and further steps 

The presented research approach is the theoretical foundation for further work. The 

knowledge base as well as the individual reasoning steps must be developed and 

defined in more detail. Particularly, there need to be defined interfaces for each system 

component, allowing for the exchange of components, e.g. the Activation component 

can be exchanged to use a different strategy for the activation. How the knowledge in 

the knowledge representation is formatted has a huge influence on the inference 

machine of the knowledge reasoning and still needs to be determined. 

Cause-effect relationships can be classified to further refine the presented concept 

and to render the possibility for a more efficient usage of the knowledge representation 

and reasoning. Activation and validation during the exploratory phase could then be 

aligned, according to this classification of cause-effect relationships, or other modules 

could even be used, e.g. the validation is not done on statistical correlation but rather 

the user can manually confirm each found cause-effect relationship.  

A conceptual requirement is the dynamic extensibility of the knowledge base. 

Besides manual extensions by the user, a semi-automatic extension is imaginable. The 

system might automatically suggest new connections, which have to be approved by 

the user. These suggestions could be created by calculating the correlation between two 

not yet connected factors in the knowledge base, while being in the context of an 

analysis. In addition to that, the frequency of successfully used connections could be 

incorporated as a weighting for the identification of cause-effect relationships. This 

would assume that some connections are more relevant for an analysis than other 

connections. Likewise, the systematic neglecting or fading out of connections in the 

knowledge base poses an interesting field of research. 

Finally, an evaluation of the practical application of the concept on the basis of a 

prototypical implementation is necessary. This evaluation could cover the analysis of 

the dependency between the identification of cause-effect relationships and the size of 

the knowledge base, as well as the critical overall size of the knowledge base. 
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