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Abstract 
 

Multidimensional data models are playing an 
increasingly prominent role in support of day-to-day 
business decisions. Due to their significance in taking 
strategic decisions it is fundamental to assure its quality. 
Although there are some useful guidelines proposals for 
designing multidimensional data models, objective 
indicators (metrics) are needed to help designers and 
managers to develop quality multidimensional data 
models. In this paper we present two metrics (Number of 
Fact Tables, NFT and Number of Dimensional Tables, 
NDT) we have defined for multidimensional data models 
and an experiment developed in order to validate them as 
quality indicators. As a result of this experiment it seems 
that the number of fact tables can be considered as a solid 
quality indicator of a multidimensional data model. 

 
 

1. Introduction 
 

Nowadays organizations can store vast amounts of 
data obtained at a relatively low cost, although these data 
may fail to provide information [11]. Organizations are 
adapting new technologies as: 

• Data warehouses, large repositories that 
integrates data from several sources in an 
organization for analysis 

• Online analytical processing (OLAP) systems, 
which provide fast answers for queries that 
aggregate large amounts of detail  data to find 
overall trends. 

• Data mining applications, that seek to discover 
knowledge by searching semiautomatically for 
previously unknown patterns and relationships in 
multidimensional databases 

On the three cases, multidimensional data models can 
be used [19] enabling executives, managers and analysts 
to make better and faster decisions. Consequently 
organizations are adopting them to manage information 
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efficiently as “the” main organizational asset. For all 
these reasons it is fundamental to assure the quality of 
multidimensional data models. 

A multidimensional data model is a direct reflection of 
the manner in which a business process is viewed. It 
captures the measurements of importance to a business, 
and the parameters by which the measurements are 
broken out. The measurements are referred to as fact or 
measures. The parameters by which a fact can be viewed 
are referred to as dimensions [1]. Usually 
multidimensional data models are represented as star 
schemas, which consists of one central table and several 
dimension tables. The measures of interest are stored in 
the fact table (e.g., sales, inventory). For each dimension 
of the multidimensional model there exists a dimensional 
table (e.g., product, time) that stores the information about 
the dimensions [15]. 

In figure 1 we present an example of multidimensional 
data model design, in which we have two fact tables 
(Returns_Facts and Sales Facts) and four dimensional 
tables (Product, Store, Return_Reason and Time): 

Figure 1. Example of a multidimensional data model 
design 

 

product_key 
SKU 
description 
line 
category 
department 
brand 
supplier 
supplier_state 
supplier_country 
date_first_offered 
store_brand_flag 
buyer

PRODUCT

store_key 
store_location_descript
ion 
city 
state 
region 
retail_square_footage 
cost_per_square_foot 
manager 
date_first_opened 
budgeted_employees

STORE

return_reason_key 
return_type 
return_reason 

RETURN REASON

time_key 
date 
month_name 
month_number 
quarter 
year

TIME

time_key 
store_key 
product_key 
returned_quantity 
returned_dollars 
return_reason_key 

RETURNS_FACTS

time_key 
store_key 
product_key 
actual_sales_price 
original_sales_price 
quantity_sold 
sales_revenue

SALES_FACTS
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In recent years different authors have proposed some 
useful guidelines for designing multidimensional data 
models. However, more objective indicators are needed to 
help designers and managers to develop quality 
multidimensional data models [12] [16] [17].  Also, 
interesting recommendations for achieving a “good” 
multidimensional data model have been suggested [17] 
[1] [13] but quality criteria are not enough on their own to 
ensure quality in practice, as different people will 
generally have different interpretations of the same 
concept. The objective should be to replace intuitive 
notions of design “quality” with formal, quantitative 
measures in order to reduce subjectivity and bias in the 
evaluation process.   

Quality is a crucial issue during multidimensional 
design and there are several approaches focussing on the 
quality of the multidimensional models [24] [15] [6] but 
they lack of concrete and quantitative metrics for the 
measurement of multidimensional models quality. These 
objective metrics could be used by the designers, for 
example, for choosing among different designs 
semantically equivalents. 

The final aim of our work is to define a set of metrics 
for assuring multidimensional data model quality. 
However, it is not enough with proposing metrics. It is 
fundamental to be sure that these metrics are really useful 
for the goal they were conceived. In this sense metrics 
must be defined with an specific goal and is necessary to 
prove that they achieve this goal. In this paper we present 
an experiment made with two metrics for 
multidimensional data models for knowing if they can be 
used as indicators of its understandability (one quality 
factor, as remarked on the standard ISO 9126). These 
metrics have been chosen in order to continue with the 
experimental work we are doing [22] with the metrics we 
have proposed for multidimensional data models [8]. The 
final goal of all the experimental work is the selection 
(among the complete set of metrics) of those metrics 
which have demonstrated to be solid indicators of the 
multidimensional data models quality. 

The two metrics presented have been developed 
in a methodological way that is explained in the 
following paragraphs. By applying this method we 
obtain correct metrics and we know the main 
mathematical and statistical characteristics of the 
metrics defined.  

On the next section, the method used will be 
presented. All the information related to the controlled 
experiment comes in section 3 and in section 4 the 
experiment planning is detailed. Analysis and 
interpretation of the results are presented in section 5 and 
in section 6 some conclusions are presented together with 
the future work. All the experiments presented have been 
prepared following the recommendations of [26]. 
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2. Method for defining valid metrics 

The method we follow consists of a number of steps 
which ensure the reliability of the obtained metrics (see 
figure 2). 

METRIC DEFINITION

FORMAL 
VALIDATION

EMPIRICAL VALIDATION

EXPERIMENTS CASE  
STUDIES SURVEYS

PSYCHOLOGICAL 
EXPLANATION

 
Figure 2. Steps followed in the definition and validation of 

metrics 
 

In this figure four main activities are represented: 
 
• Metrics definition. The definition must be made 

taking into account the specific characteristics of the 
multidimensional data model. Two of the metrics that 
capture one of the main characteristics of a 
multidimensaional data model (being S a schema of a 
multidimensional data model) are: 

NFT(S). Number of fact tables of the schema S.  
NDT(S). Number of dimension tables of the 
schema S. 

For the example given in figure 1, the metrics 
values are NFT = 2 and NDT = 4. 

Although these metrics could seem too simple, this 
is not a negative aspect because, as [10] remark this 
is a desirable property for software metrics in 
general. 
 

• Formal validation. The second step is the formal 
validation of the metrics. Formal validation helps us 
to know when and how to apply metrics. There are 
two main tendencies in metrics validation: the 
property-based frameworks [7] [18] and those based 
on measurement theory [21] [27] [25]. Formal 
validation of the presented metrics in the Zuse’s 
formal framework are ascertained in [8]. As a result 
of this formal validation we have obtained that NDT 
is above the ordinal scale and NFT is in the ratio 
scale, which means that are formally valid software 
metrics as remarked by [27].  

 
• Empirical validation. Here, the objective is to prove 

the practical utility of the proposed metrics. Basically, 
3 $17.00 (C) 2003 IEEE 2
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we can divide the empirical validation into: 
experimentation, case studies and surveys [20].  
• Experiments are launched when we have control 

over the situation and want to manipulate behavior 
directly, precisely and systematically.  

• Case studies are used for monitoring projects, 
activities or assignments. The case study is 
normally aimed at tracking a specific attribute or 
establishing relationships between different 
attributes.  

• A survey is often an investigation performed in 
retrospect, when for example, a tool or technique, 
has been in use for a while.  

Replication of the experiments is also necessary 
because with only the isolated results of one 
experiment it is difficult to appreciate how widely 
applicable the results are and, thus, to assess to what 
extent they really contribute to the field [3]. In this 
paper, a controlled experiment conducted with the two 
metrics presented is explained in detail. 

• Psychological explanation. Ideally, we should also be 
able to explain the influence of the values of the metrics 
from a psychological point of view. Some authors, such 
as [23], propose the use of cognitive psychology as a 
reference discipline in method engineering and the 
study of information modeling. In this way, cognitive 
psychology theories such as the Adaptive Control of 
Thought (ACT) [2] could justify the influence of 
certain metrics in multidimensional data model 
comprehension. Knowledge of the limitations of the 
human information processing capacity could also be 
helpful to establish metrics threshold values for 
assuring multidimensional data model quality.  

 
As we can see in figure 2, the process of defining and 

validating metrics is evolutionary and iterative and as a 
result of the feedback, these metrics could be redefined or 
discarded depending on their formal and empirical 
validation or psychological explanation. 

 
3. Controlled Experiment 

The objective of our empirical study is to determine if 
the two metrics presented can be used as mechanisms for 
controlling the quality of multidimensional data models 
from a practical point of view (because metrics must be 
used in the real world and it is there, where they must be 
useful). 

The experimentation presented in this paper is part of 
the experimental work we are developing with the metrics 
we have defined for multidimensional data models. On 
[22] we presented a set of metrics for multidimensional 
data models and a first study developed with the metrics 
in order to know if they were correlated with quality 
(concretely with understandability, one of the factors that 
influences on quality, [14]). As a result of this experiment 
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we obtained that NFT was a good quality indicator and 
NDT seemed to be less correlated with quality. We also 
obtained that the number of tables (NT, defined as the 
sum of NFT and NDT) seemed to be correlated. Taking 
into account the definition of the NT metric, we decided 
to made another experiment in order to obtain a more 
conclusive results about the metrics used in the definition 
of NT and knowing if we can use only one of them 
instead the three (this is, if only NFT influences on the 
NT metric or if there is also influence of NDT not 
detected on the previous experiment). As quality is a 
multidimensional concept, also in this new experiment we 
work with understandability, one of the factors that 
influences quality [14]. 

Taking all these considerations into account and using 
the GQM template [4] [5] the goal definition of our 
experiment can be defined as follows: 
 
Analyse two multidimensional data 

model metrics 
For the purpose of evaluate 
With respect to the capability to be used as  

understandability indicators 
From the point of view of data model designers 
In the context of computer science students 

at the University of 
Castilla-La Mancha (Spain) 
enrolled in the final-year of 
their studies 

 
4. Experiment Planning 
 

The subjects were chosen by convenience, i.e. 
undergraduate computer science students at the University 
of Castilla-La Mancha, with knowledge about database 
and multidimensional data model design.  

The experiment is specific since it is focused on two 
multidimensional data model metrics and addresses a real 
problem, i.e. can these indicators be used to assess the 
understandability of multidimensional data models? To 
this end it investigates the correlation between the two 
metrics and the understandability of the multidimensional 
data models. 
 
4.1. Hypotheses 
 

We wish to test the following hypotheses:   
• Null hypothesis, H0:  There is no significant 

correlation between the structural complexity metrics 
and the understandability of the schemas. 

• Alternative hypothesis, H1: There is a significant 
correlation between the NFT metric and the 
understandability of the schemas. 

• Alternative hypothesis, H2:  There is a significant 
correlation between the NDT metric and the 
understandability of the schemas. 
3 $17.00 (C) 2003 IEEE 3
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• Alternative hypothesis, H3:  There is a significant 
correlation between the combination of the NFT and 
NDT metrics and the understandability of the 
schemas. 

 
Hypotheses H1 and H2 are stated on the basis that 

when the number of tables (fact or dimensional) increases 
(or decreases) the understandability will be affected in 
some way. Hypothesis H3 is stated to determine if there is 
any kind of interaction between both metrics. 
 
4.2. Variables 
 

The independent variables are the variables for which 
the effects should be evaluated. In our experiment these 
variables correspond with the two metrics under study: 
NFT and NDT. Each of these metrics (factors) can take 
two different values (levels): one and two for the NFT 
metric and three and five for the NDT metric. 

The dependent variable is the understandability of the 
multidimensional data model schema. The 
understandability of the tests was measured as the 
accuracy with which they completed the tasks included in 
each test (so, as the number of correct answers given to 
the exercises proposed) on a fixed time, this way, all the 
tests, not necessarily completed, would be taken as valid. 
The tasks they must perform were asked to answer a set 
of questions about each of the schemas, consulting the 
data tables associated with the schemas. We allowed 60 
seconds to understand each of the schemas and 90 
seconds to answer each of the questions (these times were 
calculated in a pre-experiment phase with a reduced 
control group of subjects). The experiment times were 
controlled by the experiment supervisor.  
 
4.3. Design 

 
Taking the hypotheses into account, the experiment 

must consider two factors: NFT and NDT, so we have a 
factorial model, where all the values a factor can take are 
combined with all the values of the other factor (in our 
case, both metrics can take two values, 1 and 2 for the 
NFT metric and 3 and 5 for the NDT metric). A crossed 
design as the one described before produces the matrix 
shown in table 1 where each value of the matrix is a pair 
(NFT, NDT). 

 
Table 1. Crossed design for the experiment 

  Factor B  
(NDT) 

  LOW HIGH 
LOW 1,3 1,5 Factor A 

(NFT) HIGH 2,3 2,5 
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4.4. Data used in the study 
 

The objects used in the experiment were four 
multidimensional data model schemas. We prepared the 
material to be handed to the subjects, consisting of the 
four multidimensional data models schemas, a set of 
pages with the data of each schema table, and an answer 
form (see figure 3). In this answer form two different 
questions related to the specific schema were made to the 
subjects. With these questions we tried to force the 
subjects to "navigate" among the dimensional tables 
thorugh the fact tables of the schema. In this way we can 
derive if the number of both types of tables has any 
influence on the number of correct answers given. All the 
schemas were related to the same universe of discourse 
that is general enough to be easily understood by each of 
the subjects. 

Figure 3. Answer form of the experiment 
 

Before the subjects took the test, the experiment was 
conducted with a small group of people in order to 
improve it and ensure that both the experiment and the 
documentation, were well designed. As a result of this 
pre-test no changes were necessary.  

Experiments were made consecutively during an hour 
session. Before we started, subjects were given an 
intensive explanation session, what kind of exercises may 
be developed, the material given, how response the 

Id 
Name 
Mark

PRODUCT Id 
Day 
Month 
Quarter 
Year

DATE

Id 
Street 
ZIP Code 
City

ADDRESS

Id 
Name 
Surname 
Address 
Account

CLIENT

Id 
Name 
Date

SALESMAN

ORDER

Producto 
Date 
Client 
Address 
Salesman 
Quantity 
Price

How many ACME nails has John Smith ordered to the  
salesman Kevin Knight? 

Where must be the order dated 12/30/99 delivered to?
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questions made, and how much time they had to take 
every test. However, the subjects were not aware of the 
aspects we intended to study. Neither were they informed 
of the actual hypotheses stated.   

The complete documentation was given to each 
subject. When the time of each test ended (60 seconds to 
understand and 90 seconds to answer each of the 
questions), the subjects were informed and, immediately, 
they could change to the next test. 

Tests were performed in a different order by the 
different subjects in order to avoid learning effects. When 
the tests were marked, the right answers above the total 
answers were selected for obtaining the results of the 
experiment.  
 
4.5. Validity of results 
 

As we know different threats to the validity of the 
results of an experiment exist. In this section we are going 
to discuss threats to construct, internal and external 
validity.  First we will give the definition of each threat 
[26] and after we will study each of them for our 
experiment. 
 
Construct validity 

Construct validity is concerned with the relationship 
between theory and observation. We propose, as a 
reasonable measure of understandability the accuracy 
with which the subjects completed the tasks included in 
each test (so, as the number of correct answers given to 
the exercises proposed) on a fixed time 

To assure construct validity it would be necessary to 
perform more experiments, varying the operations to be 
developed. 
 
Internal validity 

Internal validity is related to the assurance that the 
relationship observed between the treatment and the 
outcome is a causal relationship, and that it is not a result 
of a factor over which we have no control or have not 
measured. Regarding internal validity the following issues 
must be considered: 
• Differences among subjects. Within-subject 

experiments reduce variability among subjects. In the 
experiment, all the subjects had approximately, the 
same experience working with multidimensional data 
models. 

• Knowledge of the universe of discourse. The 
multidimensional data models were from the same 
universe of discourse and they are general enough to 
be easily understood by each of the subjects. As a 
result the knowledge of the domain does not affect 
the internal validity. 

• Learning effects. The subjects were given the tests 
in different order, to cancel out learning effects. 
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Subjects were supervised and required to answer in 
the order in which the tests appeared. 

• Fatigue effects. On average the experiment lasted for 
less than half an  hour, so fatigue was not very 
relevant. Also, the different order in the tests helped 
to cancel out these effects. 

• Persistence effects. We must be sure that, when a set 
of subjects perform an experiment, the effects of 
previous similar experiments do not persist. In our 
case persistence effects are not present because the 
subjects had never performed a similar experiment. 

• Subject motivation. The tests were presented as a 
rehearsal to exam questions, so students participation 
was overwhelming. 

• Other factors. Plagiarism and influence among 
subjects were controlled. Students were told that 
chatting was forbidden and lecturers were in the class 
during the experiment assuring this aspect. 

 
External validity 

External validity is concerned with generalization of 
the results. Regarding external validity the following 
issues must be considered: 
 
• Materials and tasks used. We tried to use 

multidimensional data models and operations 
representative of real cases in the experiment 
although more experiments with larger and more 
complex multidimensional data models are 
necessary. 

 
• Subjects. Due to the difficulty of getting 

professionals to perform the experiment, the 
experiment was done by students. In general, more 
experiments with a larger number of subjects, 
students and professionals, and with a greater 
difference between the values of each metric are 
necessary to obtain more conclusive results regarding 
the relationship between the metrics and the 
understandability of multidimensional data models. 

 
5. Analysis and interpretation 

To proceed to the analysis, we have first to preset a 
level of significance. Several factors have to be 
considered when setting α because we can commit a 
Type I error (probability of incorrectly rejecting the null 
hypothesis). We decided to select α=0.05 which means a 
95% level of confidence. 

The best test to apply to our data for obtaining results 
susceptible of being interpreted, taking into account that 
we have normal data, are parametric tests. The most 
appropriate one taking into account our hypothesis is the 
F-statistic which is extremely robust. 
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In table 2 we present the results obtained from this 
statistic with the values of the dependent variables in the 
four cases. In this table the first column represents the 
source of variation. The second column represents the 
degrees of freedom, the third one indicates the results 
obtained for our experiment, and these values must be 
compared to the table values. In each row of the table we 
have the two factors of the experiment, the interaction and 
the total. 

The values which appear in the F-ratio column have to 
be compared with the appropriate value in the tables. In 
our case the value we need is F1,48 . The numerator is 1 
(in the three cases, NFT, NDT and interaction, we have 
one degree of freedom) and the value forty-eight is 
calculated as  T*I*(n-1) being T the amount of levels 
NFT can take, I the amount of levels NDT can take (in 
our case both factors can take two values, so T = I = 2) 
and n the number of subjects. Consulting the tables we 
find that F1,48 = 4,032. 

The way to know if the hypothesis is true or not is by 
comparing the value in the tables with the value obtained 
in the experiment. If the value obtained is greater than the 
value in the tables, the hypothesis can be considered 
valid, if not it can be considered invalid. 
 

Table 2. Results of the F-statistic for the experiment 
Variation Source Degree of freedom F-Ratio 
NFT 1 5,851 
NDT 1 0,711 
NFT * NDT 1 1,157 
Total 48  

 
Analysing the table 2, we obtain that: 
Alternative hypothesis, H1: There is a significant 

correlation between the NFT metric and the 
understandability of the models: As 5,851 > 4,032, NFT 
influences the results of the experiment, hence the 
alternative hypothesis H1  is valid. 

Alternative hypothesis, H2:  There is a significant 
correlation between the NDT metric and the 
understandability of the models: As 0,711 < 4,032, NDT 
does not influence the results of the experiment, hence the 
alternative hypothesis H2 is not valid. 

Alternative hypothesis, H3:  There is a significant 
correlation between the combination of the NFT and NDT 
metrics and the understandability of the schemas: As 
1,157 < 4,032, the combination of the NFT and NDT 
metrics does not influence the results of the experiment, 
hence the alternative hypothesis H3 is not valid. 
 

As a conclusion of the experiment we can deduce that 
the number of fact tables seems to be a solid indicator of 
the complexity of the multidimensional data models but 
the number of the dimensional tables is neither an 
indicator of this complexity nor can it modulate the 
complexity. 
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We cannot however consider the results obtained in 
his experiment as conclusive results. We are aware that it 
s necessary to replicate the experiment and to carry out 
ew ones in order to confirm our results. It is also 
ecessary to apply these measures to data obtained from 
real projects”. 

 
. Conclusions and future work 

One of the primary duties of IT professionals must be 
o assure the quality of information, as it is one of the 
ain assets of organizations. Quality considerations have 

ccompanied multidimensional data model research from 
he beginning [15] 

Although some interesting guidelines have been 
roposed for designing “good” multidimensional models, 
ore objective indicators are needed. We are working on 

laborating a set of valid metrics for measuring 
ultidimensional data model quality, which can help 

esigners in their daily work, for example on selecting 
etween different designs semantically equivalents. In 
rder to create a valid set of metrics, we are not only 
roposing the metrics, but we are also validating them 
ormally and empirically.  

In this paper we have presented an experiment we 
ave undertaken in order to see if the number of fact 
ables and dimensional tables can have a practical effect 
n the complexity of a multidimensional schema. It seems 
hat the number of fact tables is a solid indicator of the 
omplexity of a multidimensional schema. However, 
hese are only the first steps and we must carry on more 
xperiments to obtain a set of valid metrics. 

Following the MMLC (Measure Model Life Cycle) of 
9] with this and other experiments, our research can be 
lassified into the creation phase. At this moment we are 
oing to start different collaborations with enterprises in 
rder to go to the  acceptance phase through the 
ystematic experimentation in a context suitable to 
eproduce the characteristics of the application 
nvironment, with real business cases and real users. 
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