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entities related among them such as facts, measures, dimensions
and hierarchies [7] (refer Section II).
A DW is a complex structure [9] [10]; the cost of correcting
a fault in the course of, or after the development, has been found
to be costly compared to getting the same fault corrected earlier
on. Therefore, much effort is put into correct design models to
meet stakeholders‟ and decision makers‟ needs and
expectations.
The Unified Modelling Language (UML) has been broadly
accepted as a de facto standard for software design using
semi-formal notations, yet often lacking precision or
correctness [11]-[13]. In software development, several
solutions can be considered for a same system and the
assessment and selection of options are non-trivial [14] [15].
Selecting the most appropriate model from a set of options
requires the approach to start with the same set of requirements
for each option. The literature addresses cases of models being
evaluated and compared [16] [17] and there are work on the
design of DW systems using UML as an Object-Oriented
Conceptual model [18]-[20].
Research has been conducted on the evaluation and
comparison of DW Star and Snowflake models, stemming from
UML variants, at the logical level using a multidimensional
model. To the best of the knowledge of the authors, no work on
comparing Star and Snowflake models at the conceptual level
has been done.
This paper presents through a case study around a data mart
a methodology for evaluating and comparing two main DW
design models, namely, Star and Snowflake. We compare these
design models using the same set of requirements expressed by
stakeholders and decision makers.
The remainder of the paper is as follows: the definition of
the research questions (RQs) below, Section II presents some
design models of data warehouse systems. A framework to be
used from previous work with all stages from the requirements
definition to the comparison stage is illustrated in Section III.
Section IV introduces the data-mart case study by defining the
business requirements and business objective in Section IV.A
followed by the generation of class diagrams for the Star and
Snowflake models constructed from the requirements definition
in sections IV.B and IV.C respectively. The results of
comparisons appear in section IV.D and recommendations in
Section V. Conclusions and directions for future work are given
in Section VI.

Abstract— Often in software engineering more than one solution
to a complex problem is designed, thereafter selecting only the most
appropriate one. A similar technique is used in requirements
engineering – a key is to establish a foundation for assessing and
choosing one model above others. This paper suggests a methodology
through a case study around a data mart, to evaluate and compare Star
and Snowflake models of data warehouse systems using a same set of
requirements and from these furnish a means to choose the model
deemed the more appropriate one. On the strength of the case study,
the methodology suggests the elicitation of aspects relevant for the
evaluation and comparison of the two models portrayed in Star and
Snowflake schemas.

Keywords— Case Study, Data Warehouse Design Models,
Methodology, Requirements Definition, Snowflake Model, Star
Model, UML Class Diagram.
I. INTRODUCTION
Critical systems such as data warehouse (DW) systems
require a high level of software reliability and precision. In line
with this purpose, the software development team ought to rely
on alternatives to guide them towards a best practice solution.
A DW is defined as an integrated, subject-oriented and
non-volatile collection of data that aids decision makers with
strategic information [1]. DW system development differs from
traditional systems embedding operational data bases since it‟s
based on the support of the decision-making process (cf.
Business Intelligence) of the enterprise [2]-[5].
The development of DW systems requires a set of phases to
be performed, namely, requirements analysis, conceptual-,
logical- and physical phases [6] [7] [4]. Among all these
development phases, the requirements analysis and conceptual
design are the two principal phases in the design process of DW
systems [4]. Following this view, [8] contends the design
process to be the most important phase in the successful
construction of DW systems.
For DW systems, the conceptual design is the phase
intended to yield the structural view of the system that is
presented under the multidimensional form. The
multidimensional model design is realized through an analysis
of the business needs and business objectives. It consists of
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A. Research Questions (RQs)
This paper aims to find answers to the following:
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RQ1: What are the main models used for the design of a data
warehouse system?
RQ2: What may be the most suitable model for the design of
a data warehouse system?
Next, we briefly address the data warehouse systems design
models as mentioned in the RQs.
II. DATA WAREHOUSE (DW) SYSTEMS DESIGN MODELS
A DW system is defined as the linking of a number of
operational
databases
with
(business)
intelligence
(decision-making) added to the resultant structure. An
important substructure in a DW is the data mart; it is viewed as a
subset of a DW (cf. a view in a database) often considered as
one of the operational databases in the DW. Owing to its
meta-level characteristic, the design of DW systems is rather
different from the design of transactional systems, which
supplies data to the warehouse [4].
Roughly, four models exist for the design of data
warehouses. These are the star model, snowflake model, galaxy
model and fact constellation model all aimed at representing the
data warehouse system with emphasis on data structures at the
logical level.
In this paper, we focus on the star and snowflake models for
the design of DW systems by representing the two models at the
conceptual level. These two models are considered the
fundamental ones. Other models, namely, the galaxy- and fact
constellation models are very similar – they combine several
star models or snowflake models in a single diagram where
different fact tables share some of the dimension tables and fact
tables are also linked [21]. Examples of the galaxy and
fact-constellation models appear in Fig. 1 and 2 respectively.

Fig. 2: Fact constellation model [21]

Further consideration of the galaxy- and fact-constellation
models is beyond the scope of this paper.
A. Star Schema
A star is a relational database model utilized for containing
measures and dimensions in a data mart [22]. Measures are
numerical attributes stored in the fact table and dimensions are
textual attributes maintained in dimension tables. A fact table is
the subject analysis in the decision-making process and
dimensions are axes of analysis [23]. A fact table is related to
every dimension table. It is called “star” since the representation
shows the fact table being surrounded by a number of dimension
tables. Fig. 3 depicts a star model with 1 fact and 4 dimensions.
Dimension 1
(dimensions)

Dimension 2
(dimensions)

Fact
(measures)

Dimension 3
(dimensions)

Dimension 4
(dimensions)
Fig. 3: Star model [22]

B. Snowflake Schema
A snowflake is defined as a relational database model that is
utilized for containing measures, dimensions and
sub-dimensions in a data mart by applying normalization on
dimension tables. A Fact table is surrounded by a number of
dimension tables that are directly linked to sub-dimensions
(hierarchies).
Fig. 4 shows a snowflake with four dimension-tables, one
fact table and one sub-dimension table.

Fig. 1: Galaxy model [21]
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Consider the following business requirement and business
objective for a data warehouse system.

Dimension 1
(dimensions)
Dimension 2
(dimensions)

Business requirement: Model a car-rental company that
offers car rental to customers at its agencies.

Fact
(measures)

Dimension 3
(dimensions)

Dimension 4
(dimensions)

Sub-Dim
(dimensions)

Business objective: Design a DW system for a decision
maker interested in analyzing car-renting facts regarding a
certain date in terms of revenue.
Moving to a requirements specification, assume the data
warehouse designer has to:
1. Define all entities/objects that would be involved in the
design of the above support system.
2. Describe all attributes for each entity/object as well as the
relationships among them.
Suppose the designer decides on a semi-formal specification
via a UML class diagram containing attributes, relationships
and cardinalities to illustrate the static aspect of the above data
warehouse system.
A brief presentation of some well-known UML static
constructs is presented next.

Fig. 4: Snowflake model [22]

The above discussion presents an answer to our RQ1.
III. METHODOLOGY
In [15] challenges of DW projects failure have been
addressed and a framework to facilitate the formalization of
requirements elicitation have been suggested. Consequently,
our methodology stems from such previous work [15] that
combined the bottom-up approach and top-down approach with
aim of having one set of requirements that we call here
requirements definition, which will be useful for generating the
two models. However, our methodology aims at comparing two
design models starting with the same requirements (refer Fig.
5).
Concepts from each model are identified and linked to system
requirements. A recommendation on a suitable model is made
following a comparison.

B. UML Overview
As may be observed in any number of texts, e.g. [25], UML is
a graphical language used for the specification, visualization
and documentation of software systems. UML diagrams are
utilized to model business processes and systems; specifically,
the class diagram plays a prominent role in the design phase of
(e.g.) mission critical systems [12].
A class diagram is a static representation of a finite set of
identified classes (entities) of a system using boxes with three
cells containing the name of the class at the top, a list of fields or
attributes in the middle and finally a list of operations in the last
cell to depict methods (refer Fig. 6). Lines between the boxes in
a class diagram represent relationships also called associations.
Denotations of relationships among classes are numerous, e.g.
association,
aggregation,
composition,
dependency,
generalization, etc.

Requirements definition

Model 1

Model 2
Compare
P2

P1

Name
Attributes
Operations

Suitable model
Fig. 6: Class layout [26]

Associations are categorized as common associations,
aggregations and compositions. An association end has a role
name with a multiplicity constraint attached to classes at both
ends [27].
The multiplicity constraint of an association is defined as the
number of times that instances of a class may be associated with
an instance of another class, represented by a range of
non-negative integer values (lower value … upper value) but
also represented by the character „*‟ designating an “unlimited”
number of instances. An aggregation is a form of association
having a diamond as an indicator at the association end attached
to the whole object of the whole-part relationship to describe
the whole-part relationship between objects [28]. Since we

Fig. 5: Methodology [15]

Next, we present the case study used in this paper.
IV. CASE STUDY
Although a DW system as a decision-making support system
[24] portrays a dynamic character, we consider, for the purposes
of this paper a snapshot of a problem at a certain time to
investigate static aspects of the system at the conceptual level.
A. Requirements Definition
EXAMPLE 1:
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concentrate on static aspects of data warehouses in this paper,
further discussion of operations and methods (cf. dynamic
aspects) is beyond the scope of this paper.
Next, we present the UML class diagrams obtained from the
business requirement and objective as per Example 1 for each of
a Star and Snowflake models introduced above.

The star representation for EXAMPLE 1 yields five (5) classes
– the fact table Renting, and Car, Agency, Customer and Date
classes as dimension tables. Renting is modeled as a composite
class having shared-aggregation relationships with the
corresponding dimension tables [29]; the relationship between
the fact table and dimension tables is the aggregation
relationship with multiplicities. Referential integrity constraints
are maintained via the surrogate keys.
2) Class Diagrams using Star Model
The snowflake model consists of a fact table and dimension
tables with sub-dimension tables. This model instead adheres to
normalization principles, but only on the dimension tables to
obtain sub-dimension tables; the fact table is not affected by the
principle.
A snowflake representation for Example 1 appears in Fig. 8.

C. Star and Snowflake for Class Diagrams
According to [29] and [30], the fact table is modeled as a
composite class having shared-aggregation relationships with
the corresponding dimension tables in the diagram and common
associations are used between dimension tables, with
sub-dimension tables as relationships. The cardinality or
multiplicity is the number marked on the links (relationships) of
tables (1 to represent one, 1…* to represent one or more and
0…* to represent zero or more).
At the conceptual level of DW systems, surrogate keys (SKs)
are used to alleviate latency as DW systems are built for
performance improvement. An SK joins the fact and dimension
tables, similar to a foreign key being a primary key to one
relation (table) and an attribute in another relation. An SK is
usually an integer for quick access.
1) Class Diagrams using Star Model
As indicated, the star model consists of a fact table and
dimension tables with all the dimension tables directly related to
the fact table. This model applies the denormalization principles
over all the tables‟ structure, i.e. none of the tables in a star has
been normalized. The star structure for our example appears in
Fig. 7.
Car

Car
CarSK
CarID
Model
Type
Brand

Int
Str
Str
Str
Str

AgSK
AgID
Name
City
Country

1…*

1

*

*

Int
Str
Str
Str
Str

Customer
CustSK
Int
CustID
Str
CityID
Str
Name
Str
Gender
Str
1…*

*

1

1

Customer
CustSK
CustID
Name
Gender
City
Country

Int
Str
Str
Str
Str
Str

Agency
AgSK
AgID
CityID
Name

Int
Str
Str
Str

1…*
1

City
CityID
Str
CountryID Str
Name
Str
1…*
1

Int
Int
Int
Int
float

*

*

Renting
CustSK
Int
CarSK
Int
AgSK
Int
DateSK
Int
Amount
float
*
*
1
1

Renting
CustSK
CarSK
AgSK
DateSK
Amount

Int
Str
Str
Str
Str
1…*
*

Agency

CarSK
CarID
Model
Type
Brand

Date
DateSK
Int
DateID
Date
Day
Int
Week
Int
Month
Int
Year
Int
1

Country
CountryID
Str
Name
Str

Date
DateSK
DateID
Day
Week
Month
Year

Int
Date
Int
Int
Int
Int

Fig. 8: Model 2 [29]

The snowflake representation in Fig. 8 consists of seven (7)
classes: Renting as the fact table and Car, Agency, Customer,
City, Date and Country as dimension tables. A similar
aggregation as before is defined plus common associations
between dimension and sub-dimension tables. The fact table is
modeled as a composite class having shared-aggregation
relationships with the corresponding dimension tables [29]. The

Fig. 7: Model 1 [29]
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relationship between dimension tables is the common
relationship also known as association [31] and this
representation is based on referential integrity as discussed
before.
The following section presents a discussion on the
comparison of the two models – star and snowflake –using items
based on their semantical features.

We assume a value representing each criterium in TABLE as
follows: Zero (0) specifies both classes are identical having the
same name; 0.5 indicates both classes have the same name but
have some items with different names; and finally 1 indicates
that a class of one model has a different name and items from
another class of the other model. The values assigned to
distances of each criterium is executed in Step 1 of Algorithm
1.

D. Evaluation and Comparison
Model comparison is an endeavor, which asks for designating
semantic correlations between items of the two models [16]
[17].
Qualitative model comparison is time consuming and error
prone owing to the differences in design decisions [17].
Comparison of the two models in the car rental case study
(Example 1) is performed on the strength of the items and
features in TABLE , assuming that the items needed for the
modeling be generated in the light of stakeholders and decision
maker‟s expectations and needs and adhering to software
quality principles. For instance, the requirements defined in the
case study state that the proposed system should determine all
the necessary elements for representing the system. Therefore,
items such as classes; attributes of the class; methods or
operations (which are beyond the scope of this paper); and
relations between classes may be relevant to describe these
requirements based on their semantical features.
We utilize the comparison algorithm in [16] for the
evaluation and comparison of our two UML class diagrams.
Items possibly relevant for detecting any contradictions,
missing or duplicates in the entire system are identified as
follows:

TABLE II: ATTRIBUTES OF THE CLASS FEATURES [16]
Featur
e

Difference between access modifiers of
relevant attributes of the class

Identical: 0
Different: 1

s

Static modifier flag

Identical: 0
Different: 1

n

Difference between names

Identical: 0
Different: 1

t

Difference between attribute type

Identical: 0
Different: 1

The features in TABLE II are as follows: a indicates attributes
(of the class), s indicates a static (modifier), n stands for name
and t indicates type (of the attribute).
A vector is assigned the distances between the class attributes
features and its length (Len) is determined, by formula (1)
below.
(1)
Formula (1) is executed in Step 2 of Algorithm 1.
TABLE III: RELATIONS FEATURES [16]
Feature

Input: A DW Star schema and Snowflake schema;
Step 1: Pair items from both schemas according to their
semantics. It usually involves human contribution;
Step 2: Calculate the distance between the items of each
pair;
Step 3: Summarize the distances as a model-difference
vector to determine the final difference.
End.
Finally, a vector comprising the distances between relevant
item pairs is constructed and its length is evaluated as the
resultant difference. As per the list of items identified for the
evaluation and comparison, we have three (3) tables containing
respective semantical features for each item. The above process
is illustrated next.

0

When both models are semantically equivalent but
have items with different names.

0.5

https://doi.org/10.17758/EARES10.EAP1120285

Value

s

Relation source – whether relation
into the semantically equal class is
outgoing in both models

Identical: 0
Different: 1

t

Relation target – whether relation into
the semantically equal class is
incoming in both models

Identical: 0
Different: 1

y

Difference between relation

Identical: 0
Different: 1

m

Difference between multiplicity

Identical: 0
Different: 1

(2)
Having compared the identified item pairs, the set of
distances between them (to become a set of values later on) is
converted into an n-dimensional model difference vector where
n represents the identified item pairs‟ number. However, the
final model difference estimation is a scalar representing the
length of the model difference vector (formula 3). The
calculation is performed in Step 3 of the algorithm.

Distance

When both models that are semantically equivalent
have items with identical names.

Criteria

Distances between relation features are calculated as a 2nd
vector with different parameters by applying Step 2 of the
algorithm. Its length is evaluated as in formula (2) below.

TABLE I: CLASSES AND INTERFACES DISTANCES [16]

When any one of the models does not have a
semantically equivalent class in the other model.

Value

a

Algorithm 1

Criteria

Criteria

l=

1
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where xi represents the distance between item pairs.
Should any of the attributes of a class diagram be missing, or an
entire class diagram is missing, all the features of the attributes
of the class will be set to 1. Also, access- and static modifiers are
omitted and the distance between them is set to 0.
Formula 4 calculates the length for each item pair using the
model difference of both schemas.
=

= 13.93 ≈ 14

Diagram 1 Items

Diagram 2 Items

Distance

Aggregation
(Agency → Renting)
Aggregation
(Customer →
Renting)

Aggregation (Agency
→ Renting)

Len (⟨0|0|0|0⟩) = 0

Aggregation
(Customer → Renting)

Len (⟨0|0|0|0⟩) = 0

-

(4)

-

The results are shown in TABLE IV

-

Association (City ↔
Country)
Association (City ↔
Agency)
Association (City ↔
Customer)

Len (⟨1|1|1|1⟩) = 4
Len (⟨1|1|1|1⟩) = 4
Len (⟨1|1|1|1⟩) = 4

TABLE IV: ITEMS PAIRS COMPARISON FOR MODEL 1 AND MODEL 2 [16]
Diagram 1 Items

Diagram 2 Items

Distance

Car
Car.CarSK
Car.CarID
Car.Model
Car.Type
Car.Brand
Date
Date.DateSK
Date.DateID
Date.Day
Date.Week
Date.Month
Date.Year
Renting
Renting.CustSK
Renting.CarSK
Renting.AgSK
Renting.DateSK
Renting.Amount
Agency
Agency.AgSK
Agency.AgID
Agency.Name
Agency.City
Agency.Country
Customer
Customer.CustSK
Customer.CustID
Customer.Name
Customer.Gender
Customer.City
Customer.Country
Aggregation (Date
→ Renting)
Aggregation (Car →
Renting)

Car
Car.CarSK
Car.CarID
Car.Model
Car.Type
Car.Brand
Date
Date.DateSK
Date.DateID
Date.Day
Date.Week
Date.Month
Date.Year
Renting
Renting.CustSK
Renting.CarSK
Renting.AgSK
Renting.DateSK
Renting.Amount
Agency
Agency.AgSK
Agency.AgID
Agency.Name
Customer
Customer.CustSK
Customer.CustID
Customer.Name
Customer.Gender
City
City.CityID
City.CountryID
City.Name
Country
Country.CountryID
Country.Name
Aggregation (Date →
Renting)
Aggregation (Car →
Renting)

0
Len(⟨0|0|0|0⟩) = 0
Len (⟨0|0|0|0⟩) = 0
Len (⟨0|0|0|0⟩) = 0
Len (⟨0|0|0|0⟩) = 0
Len (⟨0|0|0|0⟩) = 0
0
Len (⟨0|0|0|0⟩) = 0
Len (⟨0|0|0|0⟩) = 0
Len (⟨0|0|0|0⟩) = 0
Len (⟨0|0|0|0⟩) = 0
Len (⟨0|0|0|0⟩) = 0
Len (⟨0|0|0|0⟩) = 0
0
Len (⟨0|0|0|0⟩) = 0
Len (⟨0|0|0|0⟩) = 0
Len (⟨0|0|0|0⟩) = 0
Len (⟨0|0|0|0⟩) = 0
Len (⟨0|0|0|0⟩) = 0
0
Len (⟨0|0|0|0⟩) = 0
Len (⟨0|0|0|0⟩) = 0
Len (⟨0|0|0|0⟩) = 0
Len (⟨1|1|1|1⟩) = 4
Len (⟨1|1|1|1⟩) = 4
0
Len (⟨0|0|0|0⟩) = 0
Len (⟨0|0|0|0⟩) = 0
Len (⟨0|0|0|0⟩) = 0
Len (⟨0|0|0|0⟩) = 0
Len (⟨1|1|1|1⟩) = 4
Len (⟨1|1|1|1⟩) = 4
1
Len (⟨1|1|1|1⟩) = 4
Len (⟨1|1|1|1⟩) = 4
Len (⟨1|1|1|1⟩) = 4
1
Len (⟨1|1|1|1⟩) = 4
Len (⟨1|1|1|1⟩) = 4

V. FINDINGS AND RECOMMENDATION
The rounded-up integer value from formula (4) indicates that
model 1 is different from model 2. From TABLE IV and the
procedure in [16], we infer that the more the value obtained is
larger; the more the difference between models is also greater.
TABLE IV indicates that model 1 (star) has no contradictions
or duplications of items over model 2 (snowflake), but it has
some missing items with respect to model 2 in the sense of
classes; attributes of the class; and relations features.
Conversely, model 2 only has some items missing with respect
to model 1 in the sense of a few attributes of the class features.
This makes model 1 the preferred one for a DW system design,
owing mainly to the easy-to-read aspects because of fewer
items.
The above discussion answers our RQ2.
VI. CONCLUSION AND FUTURE WORK
This paper illustrated through a data mart case study, a
methodology to evaluate and compare two DW schemas
constructed from the same set of requirements expressed by
stakeholders and decision makers. The methodology proposes
identifying a list of items needed from a satisfactory model and
relating them to the system requirements. These items were
compared to determine the more suitable model. To this end, the
star- and snowflake models of DW design were considered. Our
case illustrated that the star model was more suitable than the
snowflake model for the design of data warehouse systems. The
star schema resulted in fewer components, leading to reduced
complexity. These are important findings especially when we
consider the manual generation of DW schemas by a human
designer. Such techniques are applied usually during the first
phases of a software development methodology. Reduced
complexity is furthermore an important consideration in query
optimization for very large data warehouses.
As future work, we intend to investigate formal specification
aspects of both models. This could be pursued by extending the
methodology in Fig. 5 to allow for the reasoning about
properties of the models.
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