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Abstract—The data warehouse design is currently recognized as the most 
important and complicated phase in any project of decision support system im-
plementation. Its complexity is primarily due to the proliferation of data source 
types and the lack of a standardized and well-structured method, hence the in-
creasing interest from researchers who have tried to develop new methods for 
the automation and standardization of this critical stage of the project. In this 
paper, the authors present the set of developed methods that follows the data-
driven paradigm, and they propose a new data-driven method called X-ETL. 
This method aims to automating the data warehouse design by generating star 
models from relational data. This method is mainly based on a set of rules de-
rived from the related works, the Model-Driven Architecture (MDA) and the 
XML language. 

Keywords—Data warehouse, Relational model, Multidimensional model, De-
sign of data warehouses, MDA 

1 Introduction 

The evolution of technology and storage media in recent years has enabled compa-
nies and organizations to produce and manage a large amount of data. These data are 
stored in the company's operational systems and are processed by OLTP (Online 
Transaction Processing).  

However, the use of these operational systems and transactional processes for re-
porting and decision-making support is described as difficult and tedious. These tradi-
tional systems have shown their limit in the operational data analysis and the extrac-
tion of strategic information that can be used as a support for decision-making [1], 
hence the birth of Business Intelligence and new Decision Support Systems (DSS). 

After its emergence in the early 1990s [2], business intelligence was the subject of 
a series of researches that dealt with various issues related to: data warehousing, the 
integration of heterogeneous data [3], data mining techniques [4], On-line Analytical 
Processing (OLAP), etc. Moreover, particular attention was paid to the issue of data 
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warehouse design and the automation of this step given its complexity and importance 
for all other steps of the decision chain. Therefore, several works have focused on this 
issue and different design methods have been developed. 

The analysis of the previous research works revealed that the design methods fol-
low mainly three approaches, namely: 

Requirements-driven approach: This approach gives priority to user require-
ments to design the data warehouse model. Thus, surveys are conducted with several 
user groups in order to collect requirements information. Requirements may vary over 
time. Consequently, these surveys should be planned periodically and a further evolu-
tion of the data warehouse model should be considered. Generally, methods following 
this approach require experts intervention to transform the information collected into 
a functional model that best meets the users' needs [5]; 

Data-driven approach: This approach is based on an analysis of the semantic 
structure of the OLTP data to generate a data warehouse model. Generally, the analy-
sis aims, firstly, to detect fact tables, dimension tables and hierarchies before generat-
ing the model. The simplest methods are those aimed at generating star models, 
whereas the most complicated ones generate constellation schemes. The main disad-
vantage of this approach is that it ignores users' needs and the strategic objectives of 
the organization and may generate inadequate models especially when transactional 
data are poorly structured; 

Hybrid approach: Combines both approaches above-mentioned to design the data 
warehouse from the data sources while meeting the requirements and users' needs [6]. 

For their part, the authors have chosen the data-driven approach simply because it 
allows to save an enormous amount of time and money [7], since the start of the data 
warehouse Design project requires only the availability of transactional data. This is a 
very important advantage for companies and decision-makers. 

In this paper, the researchers have identified and analyzed the significant works 
carried out in this area (section 2). From these works, they have developed a list of 
rules in section 3, before presenting the new method and giving some critical observa-
tions in Section 4 and conclude with the perspectives of the research. 

2 Related Work 

There are many methods for automating the data warehouse design process. 
Among these methods the authors cite those that follow the data-driven approach: 

Golfarelli et al. [8]: This work proposes a semi-automated methodology to build 
Dimensional Fact model from the pre-existing Entity/Relationship schemes describing 
a database. The conceptual model consists of tree-structured fact schemes whose basic 
elements are facts, attributes, dimensions and hierarchies; other features, which may 
be represented on fact schemes, are the additivity of fact attributes along dimensions, 
the optionality of dimension attributes and the existence of non-dimension attributes. 
Compatible fact schemes may be overlapped in order to relate and compare data. Fact 
schemes may be integrated with information of the conjectured workload, expressed 
in terms of query patterns, to be used as the input of a design phase whose output are 
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the logical and physical schemes of the data warehouse. However, no procedure to 
translate the conceptual schema into logical and physical schemas has been presented; 

Moody and Kortink [9]: This is one of the first data-driven methods and one of 
the most cited. It is a formal and structured method to derive logical multidimensional 
schemes from the Entity / Relationship models of the company. This method is divid-
ed into three steps: 

• The first step: Enables the classification of the entities in the data model into 3 
categories, namely: 
- Transactional entities: Contain details about specific events in the company 

(orders, sales, etc.). These entities will form the basis of fact tables in star 
schemas because they represent the events that decision makers aim to ana-
lyze. 

- Component entities: Are directly related to transactional entities via one-to-
many relationships. These entities will form dimension tables in star schemas. 

- Classification entities: Are related to component entities by a chain of one-to-
many relationships. These entities will constitute dimension hierarchies in star 
schemas. 

• The second step: Identifies existing hierarchies in the data model based on a list of 
rules. 

• The last step: Consists of collapsing these hierarchies and aggregating the transac-
tional data to form dimensional models. It also defines a new type of schema called 
a star cluster schema. This is a restricted form of snowflake schema, which mini-
mizes the number of tables while avoiding overlap between different dimensional 
hierarchies. Individual schemas can be collected together to form constellations or 
galaxies; 

Vrdoljak et al. [10]: the authors proposed a method for designing a multidimen-
sional schema from an XML schema. The method includes the following steps:  

• Pre-processing the XML schema.  
• Creating and transforming XML schema into a graph by applying two transfor-

mations: Functional dependencies are explicitly stated (using key attributes) and 
nodes that do not store any value are rejected.  

• Identifying facts among all nodes and arcs of the graph 
• Constructing a multidimensional schema for each fact, which includes constructing 

a dependency graph.  

The root of this graph represents the fact while dimensions and hierarchies are de-
fined by identifying relationships with cardinalities one-to-many or many-to-many. 
Like all other data-driven approaches, this method remains semi-automatic since it 
requires the intervention of the designer who has to decide whether relationships in 
hierarchies are multiple and whether they are interesting for aggregation; 

Jensen et al. [11]: The authors proposed a semi-automatic method to discover the 
multidimensional structure from relational databases. The discovery of the multidi-
mensional structure consists of four general steps: 
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• First step: Aims to collect metadata (name of tables and attributes, cardinalities of 
attributes, etc.). 

• Second step: Using a Bayesian network, these metadata are annotated with addi-
tional information that divides the attributes into three categories according to their 
potential role: measure, keys and descriptive data. 

• Third step: Discovers the interrelations between tables by identifying functional 
and inclusion dependencies, which represent many-to-one relationships and that 
will subsequently give rise to dimensions. 

• The last step: Derives snowflake schema from this metadata:  

Fact tables are proposed based on the cardinality of tables and the number of 
measures identified by the Bayesian network. Then, the user has to choose those that 
represent an interest. 

A connected graph is considered as a dimension if there is an inclusion dependency 
between a fact table and a graph node. This method also contains an algorithm to 
generate the aggregation hierarchy for each dimension; 

Song et al. [5]: The authors presented a semi-automatic lexical method for generat-
ing star schemas from an Entity-Relationship Diagram (ERD) by analyzing its seman-
tics and its structure. The main innovation in this method is the use of the connection 
topology value (CTV) to identify candidate fact and dimension tables, as well as the 
use of the annotated dimensional design patterns and WordNet to extend the list of 
dimensions. The Connection Topology value of an entity is a composite function of 
the topology value of direct and indirect many-to-one relationships. This composite 
function gives a higher weighting factor to direct relationships. Thereby, all entities 
with a CTV value higher than the calculated threshold are proposed as fact tables. 
However, this method doesn't give any information on how to identify measures and 
aggregation hierarchies; 

Romero and Abelló [12]: Introduced a semi-automatic approach to support the da-
ta warehouse design by using the AMDO (Automating Multidimensional Design from 
Ontologies). It's an automatic method for identifying concepts that can play multidi-
mensional roles, from an ontology representing the activity field. This approach con-
sists of three different steps:  

• The first step is to retain the concepts that are related to most measures and poten-
tial dimensional concepts as candidate fact tables. After that, the user can choose 
among these candidate tables those that represent an interest. 

• The second step involves generating sets of concepts for each selected fact table. 
These sets of concepts will form the basis for generating the data cubes that will be 
suggested to the end-user. 

• The third step gives rise to dimension hierarchies by rearranging the dimensional 
concepts. For every concept identified as a dimension, its hierarchy of levels is 
conformed to those concepts related to by typical part-whole relationships [13]. In 
this step, AMDO builds up graphs giving shape to each dimension hierarchy that 
the user may tune up to his needs. 
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The analysis of the different data-driven methods allowed the authors to make two 
main observations: 

• All data-driven methods developed to date are semi-automatic; 
• Most of the existing methods are based on the analysis of the source model struc-

ture and some rules to generate a multidimensional model. 

Indeed, the analysis of the data sources and their structures is generally not suffi-
cient to ensure a fully automatic transformation that could generate good results what-
ever the field of application. Such a transformation always requires manual interven-
tion or assistance from the designer. However, it is possible to rely on the previous 
methods to develop a new approach that automates the transformation process as 
much as possible and minimizes human intervention. Thus, the authors have attempt-
ed to identify all the rules used in these methods (section 3), to refine them and inte-
grate them into a single approach that will be fully automatic and applicable in all 
areas. 

3 Rules for Data Warehouse Design 

This section presents a set of rules drawn from the previous works and the methods 
discussed in Section 2. These rules will form the foundation of the solution to stand-
ardize the process of data warehouse design: 

3.1 Rules for fact tables and measures 

In order to extract the corresponding fact tables and measures, the proposed meth-
od is governed by a number of rules: 

• The fact tables are the concepts of main interest for the decision making process. 
They correspond to events that always occur in the organization or company [14]; 

• The measures of the fact table should be numeric and additives (at worst semi-
additives) [15]; 

• The data of a fact table are fixed and cannot be changed [16]; 
• A fact table represents always a particular activity and should be interrogated from 

a particular context (one or a few dimensions); 
• No line of the fact table must contain an empty value; 
• A fact table contains only the foreign keys that represent the primary keys of the 

dimensions, and these keys must be numeric in order to make the fact table more 
efficient [17]; 

• Each combination of dimension values defines an instance of the fact table and 
which is characterized by one and only one value for each measure. 

A mathematical representation of the rules above-mentioned is given below: 
Let TF be a fact table, MTF a fact table measure, Di a dimension of the fact table and 

m an instance of MTF. 
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TF = P(Ev) 
with: 
P: Main interests 
Ev: Company events; 
Let m1 and m2 be two instances of MTF 
∃m3 = m1 + m2 
with m3 an instance of the same measure MTF; 
Suppose that f is a change function on TF  
∀ m ∈ MTF 
f(m)=0; 
Let F be the set of fact tables and A a particular activity of the organization 
For each TF ∈ F we have: 
TF =A; 
∀ TF there is at least one function f which applies at least one dimension Di on TF; 
Let LTF be the set of rows of a fact table and l a row of LTF. 
∀ l ∈ LTF 
l ≠ ∅; 
Let f be a foreign key and p a primary key 
we have :  
{f1,f2,...,fn}={p1,p2,...,pn} 
∀ K ∈ {1,2,...,n} 
with fk ∈ TF  and  pk ∈ Di 
and fk and pk of type Integers; 
Let C be the set of combinations of dimension values 
c a combination of C and f a function on MTF: 

• For each instance m of MTF, the combination f (m) ∈ C. 
• For each combination c of C, the equation f (m) = c admits a unique solution (any 

combination c of C admits a unique antecedent MTF) f (m) is bijective. 

3.2 Rules for dimensions and attributes 

• The dimensions determine how fact instances can be aggregated significantly for 
decision making process; 

• A fact table always contains the time dimension; 
• The dimensions should have numeric primary keys; 
• The primary key of each dimension table should be unique (preferably auto-

increment), and fields should have an atomic value (not compound); 
• The dimension hierarchies should preferably have a simple form of 1-n type, and 

avoid relationships of n-n type; 
• A non-dimensional attribute contains additional information on an attribute of the 

hierarchy, and it is linked by to-one relationship [8]; 
• The non-dimensional attributes cannot be used for aggregation [8]; 
• The relationship between a fact table and a dimension is always many-to-one. 
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Below are the mathematical representations of the rules for dimensions and attrib-
utes: 

Let TF be a fact table and Di a dimension of the fact table. 
Let f be an aggregation function on TF 
f is significant if and only if f applies one or more dimensions on the instances of 

TF. 
∀ TF (TF ∋ Dit) with Dit a time dimension; 
Let Cp be the set of primary keys of Di 
∀ Di 
Cp ∈ ℕ. 
Let Cp be the set of primary keys of Di and p1 and p2 two instances of Cp 
∀ p1 and p2 
p1 ≠ p2; 
Let R be a relationship between two dimensions 
∀ R 
R ≠ (∞, ∞). 
Let f be an aggregation function, A the set of its attributes, and an a non-

dimensional attribute. 
For any non-dimensional attribute an we have: 
an ∉ A; 
Let R be a relationship between TF and Di 
∀ TF & Di / R = (∞,1). 

4 The X-ETL Method 

The X-ETL method is based principally on the rules developed in the previous sec-
tion, the MDA techniques [18], and the XML language. The major strength of XML 
lies in its extensibility and its ability to describe any data field [19]. Indeed, XML 
allows us to structure and define the vocabulary and the syntax of the data contained 
in a legal document. The definition of the vocabulary and the syntax (i.e., the gram-
mar) of a family of XML documents is described through an XSD Schema. Therefore, 
the authors created two XSD schemas, the first one for validating the XML file that 
describes the relational model (Input), and the second one for validating the generated 
multidimensional model (Output). The authors used the relational model because it 
provides several advantages compared over other models [20]. 

These two XSD files were developed from the meta-models presented in this paper 
[21] and specifically the relational meta-model (see Figure 1) and the multidimen-
sional meta-model for the star schema (See Figure 2) since the model that will be 
generated by the X-ETL method is a star model. These two meta-models have been 
designed with Ecore 
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Fig. 1. The relational meta-model 

 
Fig. 2. The multidimensional meta-model for the star schema 

 
Fig. 3. The steps of the X-ETL method 

The X-ETL method consists mainly of two steps: 

• Identify fact tables and dimension tables that are directly connected; 
• Identify dimension tables that are indirectly connected. 
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The diagram in Figure 3 illustrates the X-ETL method. 
The data warehouse development starts with the detection of multidimensional el-

ements, which are mainly facts and dimensions. This is a crucial step on which all 
other steps of the process will depend, and it will strongly influence the final model 
that will be generated. It is therefore essential to give this step a major interest in any 
data warehouse design method. In the data-driven approach, the detection of multidi-
mensional elements can only be achieved through a detailed analysis of the data 
sources and a number of criteria that can be automated and that can be considered as 
solid arguments, which justify the choices made. These criteria can be drawn from the 
rules defined in Section 3. 

4.1 Facts and dimensions connected directly 

There is no doubt that among the multidimensional elements, the facts are the most 
important since they represent user’s interests and form the basis of the multidimen-
sional schema. Therefore, any method should aim, primarily, to detect these tables 
based on one or more criteria. According to methods discussed in Section 2, it is very 
likely that a table that has the highest number of relationships in the source model 
represents an interest for decision makers and a core activity of a company. Thereby, 
the number of relationships can be a good criterion to locate fact tables. 

In the first step, the method allows the detection of a set of candidate fact tables by 
calculating the number of foreign keys in each table of the relational model (data 
source) and by classifying them from the largest to the smallest. Tables containing the 
highest number of foreign keys will be retained as the first candidate fact tables. The 
second candidate fact tables will be those with a number of foreign keys less than the 
first one and so forth.  

Every table connected directly to a candidate fact table with a many-to-one rela-
tionship is automatically retained as a dimension table. Once this first step is complet-
ed, the first version of the star model containing a fact table and dimensions connect-
ed directly is generated. 

4.2 Dimensions connected indirectly 

The second step of the method aims to detect the dimensions that are indirectly 
connected to the fact table in the source model. To achieve this goal, the method is 
based on two fundamental principles: 

• A fact table is always related to a dimension by a many-to-one relationship (Rules 
7 in section 3); 

• The transitivity of cardinalities in relational models. 

So, to detect the potential dimensions, the application has to calculate the cardinali-
ties of the tree by transitivity and every time we get the cardinality many-to-one as 
result, the table is retained as a candidate dimension table. 
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The researchers specify that the second rule of dimensions states that a multidi-
mensional schema always contains a time dimension. Therefore, if no time dimension 
has been detected in the relational schema, the X-ETL engine will automatically cre-
ate a new one. 

In addition, the authors recall that their method is iterative. This means that for 
each candidate fact table, the program executes the two steps above and produces at 
the end a star model. 

5 Example and Practice 

In order to implement the X-ETL method, the authors take the relational model of 
sales in Figure 4 as the source model. 

 
Fig. 4. Relational model of sales 

According to the X-ETL method, candidate fact tables are selected on the basis of 
the number of foreign keys contained in every table. So, the result will be the 3 tables 
"Sales Lines", "Purchases Lines" and "Sales" since each of them contains the highest 
number of foreign keys in the source model (3 foreign keys). For each candidate fact 
table, The X-ETL engine will generate a multidimensional model by identifying, in a 
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first step, the dimensions connected directly and then, in a second step, those connect-
ed indirectly. 

For example, if the "Sales Lines" is the fact table, the program will retain "Arti-
cles" and "Sales" as dimensions connected directly since these tables are connected to 
the fact table by a one-to-many relationship in the source model. Thus, the first multi-
dimensional model will include the fact table and two dimensions. 

Once this step is complete, the X-ETL engine will look for dimensions connected 
indirectly to the fact table by using the transitivity principle and retaining only many-
to-one relationships. 

The table 1 summarizes the calculation of the cardinalities and shows the dimen-
sions connected indirectly that will be retained in the example. 

Table 1.  Identification of dimensions connected indirectly to the fact table "SalesLines" 

T1 T2 Cardinality Indirect Dimension table 
SalesLines Articles  (∞-1) Direct -- 
Articles Suppliers (∞-1) Direct -- 
SalesLines Suppliers (∞-1) Indirect 1 Suppliers 
Articles Inventory (1-∞) Direct -- 
SalesLines Inventory  (∞-∞) Indirect 1 Not selected 
Articles PurchasesLines (1-∞) Direct -- 
SalesLines PurchasesLines (∞-∞) Indirect 1 Not selected 
SalesLines Sales (∞-1) Direct -- 
Sales Payment (1-∞) Direct -- 
SalesLines Payment (∞-∞) Indirect 1 Not selected 
Sales Customers (∞-1) Direct -- 
SalesLines Customers (∞-1) Indirect 1 Customers 
Sales Employees  (∞-1) Direct -- 
SalesLines Employees (∞-1) Indirect 1 Employees 
Employees Stores (∞-1) Direct -- 
SalesLines Stores (∞-1) Indirect 2 Stores 
Stores Cities  (∞-1) Direct -- 
SalesLines Cities  (∞-1) Indirect 3 Cities 
Cities Countries (∞-1) Direct -- 
SalesLines Countries (∞-1) Indirect 4 Countries 
SalesLines Articles  (∞-1) Direct -- 
Articles Suppliers (∞-1) Direct -- 
SalesLines Suppliers (∞-1) Indirect 1 Suppliers 
 

Since the source model contains no time table, the program will create one as a di-
mension in the multidimensional model. Therefore, we will obtain as final result a 
multidimensional model which contains the fact table "Sales Lines" and 9 dimensions: 
Articles-Sales-Suppliers-Customers-Employees-Stores-Cities-Countries-Time. 

The star model in Figure 5 represents the final result for the fact table "Sales 
Lines": 

Subsequently, we can introduce some modifications on the final model for further 
improvement and adapt it to the needs, for example grouping "Stores", "Cities" and 
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"Countries" in a single dimension table that will be called "Place". Therefore, stores, 
cities and countries will be the different granularities of the dimension "Place". 

 
Fig. 5. The star model for the fact « Sales Lines » 

The figure 6 is a screenshot of the X-ETL program: 

 
Fig. 6. The X-ETL program 
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6 Evaluation and Validation 

In order to evaluate the X-ETL method, the authors applied it on the “hospital” ex-
ample used by Golfarelli et al. [7] then they compared the results of the two methods. 
The figures 7 and 8 represent respectively the example used and its multidimensional 
model. 

 
Fig. 7. The physical model of the “Hospital” example 

 
Fig. 8. The multidimensional model of the “Hospital” example 
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By applying the X-ETL method on the example of Figure 7, the following multi-
dimensional model will be generated: 

 
Fig. 9. The multidimensional model of the “hospital” example by using the X-ETL method 

In order to compare the two results and measure the degree of correspondence be-
tween the model generated by the X-ETL method and the exemplary multidimension-
al model, the authors defined a percentage value for each multidimensional element. 

There is no doubt that the fact tables are the most important multidimensional ele-
ment. It's about central tables that group all the essential axes of analysis and their 
choice largely influences the choice of the other multidimensional elements. There-
fore, selecting the right fact table constitute half success of the multidimensional 
model that will be generated. For each correct fact table selected the authors assign 
the value 50%. In some cases new information and measures can be solicited and 
since these data are available in the fact table and can be extracted from it, the authors 
decide to not calculate the percentages for the measures. 

Regarding the dimension tables their number is undefined in a multidimensional 
model. Therefore, and to properly calculate the final result the authors took the re-
maining percentage which is 50% and divided it by the total number of the dimen-
sions generated in the exemplary model to determine the percentage that represent 
each right dimension selected. If the exemplary model contains only the attribute 
hierarchy, the 50% will be divided by the total number of these attributes. 

Thus, in the example 50% is assigned for choosing the correct fact table "Admis-
sion". Concerning the dimensions of the exemplary model which is in the form of a 
tree, there are 16 dimension attributes. So, the value of 2.78% is assigned for any 
similar attribute selected. The correctly selected tables are: Ward-Division-Hospital-

iJES ‒ Vol. 7, No. 1, 2019 17



Paper—X-ETL: A Data-Driven Approach for Designing Star Schemas 

Diagnosis-Drg-Type-Rate-Threshold-Sex-Town-Age-Physician and 6 attributes were 
not selected. Therefore, the model generated by the X-ETL method is correct at: 

50 + (2.78*12) = 83, 36% 

7 Discussion and Criticism 

The X-ETL method tries to automate as much as possible the design process of a 
multidimensional model from a relational model. However, this method has the fol-
lowing disadvantages: 

• If the relational model is poorly designed, we will get a bad result or a result that 
doesn't make sense; 

• It could generate fact tables that don't have priority; 
• It could generate dimension tables that have no added value for the multidimen-

sional model; 
• The X-ETL method doesn't create hierarchies in the dimensions; 
• Measures are selected manually in the fact table; 
• The X-ETL method does not allow us to merge two or more different fields in 

order to get a single measure. 

8 Conclusion 

In this paper, the authors presented a new data-driven method for designing a mul-
tidimensional model from a relational model. This method is mainly based on a list of 
rules to identify the different elements of the multidimensional schema and consists of 
two steps. The first one aims to identify fact tables and dimensions connected directly, 
and the second one allows identifying dimensions connected indirectly. At the end, 
several multidimensional models will be generated in an automatic way. At this stage, 
it should be noted that the quality of these generated models depends greatly on the 
quality of the source model, and therefore it is very important to verify the relational 
source model before using the X-ETL method.  

However, and like any data-driven approach, the X-ETL method has some disad-
vantages, among which are the risk of selecting inadequate tables and the limitations 
of the method in merging different tables to get a single dimension or a single fact 
table. These disadvantages are mainly due to the approach followed, which is limited 
to analyzing the data and excludes the users' and decision makers’ needs. Therefore, 
the authors will try in the next work to remedy these disadvantages by integrating the 
requirements-driven approach in the X-ETL method. 
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