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Abstract Recently there have been numerous proposals
aimed at correcting the deficiency in existing darabase
models to manipulate macro data (such as surmmary tables).
The authors propose a new functional model, Mefisto,
based on the definition of a new data structure, the
"statistical entity”, and on a set of operations capable of
manipulating this data structure by operating ar metadata
level,

1 Introduction

Statistical databases (SDBs) are widely used in
applications, such as census data analysis, economic
planning, health care organizations, etc. They are different
from conventional DBs in the following ways [Shos 82],
[ShWo 85]:

a) the data structure - most of the existing models for
conventional DBs support merely simple data structures,
as the "relations”, whereas SDBs need to support
complex data siructures [BINS 83).

b) the data manipulation - boclean operations or logical
associations berween data are not of prime importance to
statisticians; in fact, the most common manipulaton is
related to the encodling of data, or to the reclassification of
the descriptive data [Gosh 86].

There are two broad classes of SDBs, micro and macro
SDBs {Wong 84]. The former (micro-DBs) refers to SDBs
containing micro data, that is, records of individual entities
or events (such as, mortality data of individual pcople or
population census). The latter (macro-DBs) refers to SDBs
containing wmacro data, often shown as summary tables. that
result from the application of aggregate functions (for
example, count, sum, or average) on data of micro-DB3
(such as tables of “consumption of energy” or chans of
"mortality by disease"). These two classes of SDBs are
quite different: the more relevant difference is the existence
of an intentional and an gxtensional leve! in the metadaia of
macro data

In this paper we propose a statistical functional model for
macro data (Mefisto) in which new operations are defined;
these operations carry out the statistical analysis (which
however turns out to be a subsequent phase, tied to the use
of statistical packages). The Mefisto model presents the
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advantages of the flexibility, compactness, and the use of
the operations, in that they are independent from the
single SE and the single summary type, and of the
simplicity of use for the statistical user (the objects

- described by the Mefisto model come close to the statistical

user's way of thinking),

2. MODELING STATISTICAL MACRO DATA

We will call "statistical entity” (SE) any representation of
data structures for summary data (relation, vector, s

table, time series, etc.) in statistical databases (SDBs). The
clements that characterize a SE are:

a) a single swmmary attribute representing a property of the
phenomenon described in the SE; its instances (summary
values) are the numeri¢ values inside the summary table.
Its summary type depends on the particular aggregate
function that generated it for example, the aggregate
function "percentage" produces, as a summary type,
"mwﬂ‘

b)a set of caregory attributes which have the role of
characterizing the summary armibute. It is the intentional
level of metadata.

c) statistical entity variable domain, that is, a set of values
corresponding to every category altribute; such values are
generally strings of alphanumeric characters. It is the
extensional level of metadata.

The Cartesian product of all the statistcal entity variable
domains of the SE represents the szatiszical enrity space;
the summary values of the SE are all determined by the
elements of this

In Fig.1 an example of SE is shown.

The summary attribute is "cancer around the world" and its
summary type is "rate per 100,000" (the aggregative activity
in this application is the function "count” applied to the
above micro data set and the subsequent function "ratio”,
generating the result per 100,000). The set of category
atributes is composed of "sex"”, "country”, and "site” of the
cancer; the statistical entity variable domain of sex is{M (=
male), F (= female)}, the statstical entity variable domain
of site is (oral, lung), and the statistical entity variable
domain of country is { Australia, Aunstria, Denmark}.

The activity of users of macro-DBs generally includes two


http://crossmark.crossref.org/dialog/?doi=10.1145%2F122050.122051&domain=pdf&date_stamp=1991-02-01

Cancer around site
the world oral lung
sex sex
rate per 100000 M F M F

Australial 5,1 1,7 71,6 24
country  Austia| 5,3 0.6 65,9 9,7
Denmark| 4 2 70,6 18,7

Source of data: World Health Organ., Annual Statistics, 1984

Figure 1

orthogonal phases which are characterized by the following:

1) the manipulating of the descriptive part of the macro data,
that is the metadata (Statistical Entinles Manipulating);

2)the processing of the summary values (Darg Analysis).

The former is characterized by the homogenization of the
macro data which are often distributed among different data
sources, and by verifying the semantic consistency and
comparability among different levels of aggregation of the
available data.

The latter processes the data by statistical-mathematicat
functions (such as regression, clustering etc.); in this last
phase the statistical expertise is also important.

3 The Mefisto model

The Mefisto model is a logical model based on the
functional approach, which represents the macro datum
independently of its physical storage or its display form o
the user. [tis concerned with the logical management of the
SE (statstical entity management); the user manipulates the
descriptive elements of the SEs, changing their
characteristics both at the level of category ataibutes (for
instance, eliminating one or more category attributes) and at
the level of statistical entity variable domains (for instance,
selecting or compacting values). This process generally
requires a calculation of the comesponding summary values,
such a calculation is done according to rules which depend
upon the summary type. The Mefisto approach to the
management of the summary is independent of the
user, that is, the system "kmows" if it is possible (and how)
to compute the summary values with that particular
summary type: the user applies the operators without having
to consider the procedure by which the s values are
calculated. The Mefisto model does not consider the dam
analysis aspect: this actvity requires the use of statistical
packages and programming languages, according to the
type of data analysis required.

Formally we have: let 3= (C}, ..., Gy ) be a universe
of category anributes (composed of atomic and sei-valued
atributes).

Let dom be a function that associates to each category
attribute C; an underlying domain, dom(C;).

A siarsistical entity scheme S is a pair < C t >, where "C "
(13 2 C)is a set of the category atributes of S and "t " is
the summary type of the summary attribute, that is the
;lc:istract characterization of the g function (explained
ow).
Let § = <, t> be an stpdistical entity scheme, with C =
{C1,...,Cp} and n S m: a starisrical entity s onSisa
pair < D, g >, where ]2=le}. 1<ign, dom(C;) =2 Dj
and Dj finite set,and g is a function (accor:fing to t)
which maps from the szaristical entity space rH(s)=D
XDyX...XD, w RU({NA.}, where R is the set o
real numbers and N.A. corresponds to "Not Available".
We denoted by r (s) a relation which is a subset of the
statistical entity space r*(s), that is, r+(s) > r(s). The
relatons r (s ) and rt(s ) are defined on the relation scheme
L (that is, the set of category atributes previously defined).
We represent an element of r(s) by a tuple p = (dy, ...,
dp), withdi € D; (1 <i Sn), and let Z be a non empty
subset of G, that is, C > Z ; we denote by p(C;) the
instance of attribute C; (Cj € C ) in the tuple p, 2nd by
plZ] the tuple, whose va’lucs are the corresponding
instances, in p, of the attributes of Z.

In order to schematically represent the operations of the
Mefisto model we use the graph in Fig.2, where the
directed edge (representing an operation) goes from the
input data structure to the output data structure.

Statistical Entity
space

Statistical Entity

Enarged
relational
algetra
operatns
Summarization
Dissggregation
Enlargement
Extention
Rermming
Figure 2

The algebra operations can have one or two SEs in inpue,
or the pair < relation, SE >; output is one SE.

Relations in non-first normal-form (that is, relzancns having
set as tuple components [OzOM 87]) are needed to
manipulate the statistical entity space.

Now we illustrate briefly the most important operations of
the Mefisto algebra.

Summarization

One of the operations performed in the statistical entity
manipulation is the elimination of one category arribute,
This operation is carried out by the summarization
operation, which provides as output a statstical entity in
which the category attributes are the same (except the
deleted category attribute) as those of the input staustical
entity; the summary values are computed according to the
new statistical entity space of the output statistical enaty.
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For instance, let us consider the statistical entity "number_
of_cars_produced” of Fig.3 described by "model” and
"years". If we wish to have the total quantity of cars
produced described only by "years”, we apply the sum-
marization operation with respect to the category attribute
"model”, obtaining the SE of Fig.4.

number of car

produced in Japan model

absoluwte value Corolla Civic Corona
1980 427 341 220
years 1981 458 373 249

1982 499 401 285

Note: the summary values are expressed in thousands.

Figure 3

total of car
produced in Japan

absolute value
1980 988
years 1981 | 1080
1982 | 1185

Note: the summary values are expressed in thousands.

Figure 4

Let sy =< Dy, g1 > be a statistical entity defined on S} = <
Ci.t>and let Cie C1. The summarization of 5| , with
respect to C;, is the statistical entity s defined on <y -
(Cj), t >; then we have:

s=Zci(s1) = <D1-(Di) g >
with each summary value:

g =f ({g1eiprertspap=p1{Ci-(CiJ]1 })
where p e r*(s).

f; represents a function which depends on the summary type
of the SE and which permits the computation of the
summary values. This means that the summarization
operation is actually a family of operadons, each of them
doing the same operation at the metadata level (th= category
attribute deletion) but by different f; .

In the above cxample if the s was “average”,
the function f; is different, because, obviously, the sum of
the averages generally is not the same type of average.

Classification

This operation classifies one category atribute of an SE
according to a given relation in which the new classification
criteria are specified. For example, the category atribute
"months” can be classified in "quarter" specifying the
function of transformation {in this case "{January,
Felgmary. March}" -> "1st quarter”, etc).
This operation is also able to reclassify by means of a
substitution a set (or possibly all) of the category artributes
of the SE with another set of attributes, according 10 a given
relation. The resulting statistical entity is a reorganizanon of
the starting data, with calculation of the surnmary values.
Let us consider, for example, the statistical entity
"number_of_ cars_produced_in_Japan" of Fig. 3; if we
wish 10 have the same stadstical entity described by the
category attributes "displacement” and "years” (the link
between the “model” and "displacement” is the relation "rel”
of Fig. 5-a), we perform the classification of the above SE
using the relation "rel” along the category atmibutes
displacement” and "years" and we obtain the statistical
entity of Fig. 5-b.

rel
model displacement
Coroila 1,2
Civic 1.2
Corona 1.8
Figure 5-a
the car produced
in Japan displacement
absolute value 1,2 1,8
1980 768 220
years 1981 831 249
1932 900 285

Note: the summary values are eapressed in thousands.
Fgure 5-b
Let sL: <D, 1> be a stadstical entity on S1 = <Cy, t>;

let R be a relation scheme; C1 M R functonally determines
R.. Let C be a set of attributes such that CiUR D C; letr
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be a relation defined on R. The classification of s{by r
along C is a statistical endty s definedon S =<, t>:

s=Le(s1.0)=<{D; | DieD1ACie Ci"CIU{D; | D
=ﬂc%(r)1ACj€Rl-Cll].Sl> G 1NCIU(D; !

with summary value:

gP=fi ({g1p1) | ppe P AprerAp [C1mC]
=p{21;nC]A PlRACI=pLRAC AP IR-C
1=p [R-CI1)

where p € r+(s).

Also, if {g1(p1)} = @& then g(p) = f;{@) = null value.

Restriction

This operation produces an output SE whose statstical
entity space is restricted to the elements of a set described
by a given relation. The result of its application is a new
statistical entity, defined on the same statistical entity
scheme as the input SE.

For instance, let us consider the SE "Employees” described
by "industry” and "state” (Fig. 6); if we only want to have
the distribution in "Florida, Texas", we perform the
restriction of "Employees” by the relation “rel” of Fig. 7,
obtaining the SE of Fig. §.

We note that there is the calculation of the summary values,
because the summary type is "rate”.

employees industry
rate per industry, stae agricolure  metal  other | total
California 1.2 54 9.1 157
Florida 2.1 10,1 12,1 | 243
state
Oregon 4 ns 7.5 214
Texas 6.4 127 195 | 386
sotal 12,1 397 482 100
Figure 6
rel
state
Florida
Texas
Figure 7

employees in the South industry

rate per indusiry, State agricolure metl  other | weal

Florida 2,89 1622 19,55 | 38.66

state
Texas 9.67 20,17 31,5 | 6134
sotal ._12.56 3639 51,05 100
Figure 8

Let sy =<Dq, gt > be an SE on 81 = < Cy, t >; further,

let r| be a relation defined on the relation scheme R (this
relation represents a set of element of the statistical entity
space of s1) and let C) 2 Rj and =R, (r*(s})) 2 r. The

restriction of sy by r) is a statistical entity s defined on
the same statistical entity scheme §1:

s=oM(r,5))=<{Dj | Dj=Dj ACje R; } U (D; |
Dj=nc;(r1) ACe R1).8>
with summary value:

@) =f (810D | prer*sp A pr=p)
where p € 1+(s).

Enlargement

Let us consider, as an example, the two SEs described by
"industry” and “state”: "Empioyees in the South” where the
statistical variable domain of "state" is {Flonda, Texas)
(Fig. 8); "Employees in the West" where the the siatistical
variable domain of "state” is {Oregon, Califomia]} (Fig. 9).
If we are interesting to have the SE "Employees”™ described
by "industry" and "state” where the statistical vanable
domain of "states" is {Oregon, Florida, California,
Texas)), that is, the "union" of the previous two SEs, we
perform the enlargement of these SEs and we obtain the SE
of Fig. 6 (where the weight of the two input SEs with
respect to the output one is <40, 60>).

Let 33 =< (D1, D3, ...,Dyl, g > and 53 = < (D}",
D3 ..., Dy} g2 > be two statstical entities defined on §
=<C1.t > sothat D' D" = @, The enlargement
of 81 and s is a statistical entity s defined on the same
statistical entity scheme Sp:
=512 53 =<{DyUDy" Dy, ..., Dy 1. g>
with summary value:
filg1 1)) if prer*tGspAapy=p
gp) =

fig2 ) if prer*(sa)Apa=p

where p € r*(s).
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employees in the West industry

rate per industry, state agricolire  metal  other total

California 3 13,5 302 | 45,7
state
Oregan 585 287 1875 | 533
Figure 9

4 Discussion

The case of macro data is more complex than that of micro
data. Generally simple queries for manipulating SE are
expressed in a complex way (especially when the summary
type is not "absolute vaiue”} both by classic query
languages, such as Sql, and by some proposals such as the
n lag proposed by [OzOM 87] (it is
also an extension of Klug's algebra [Klug 82)). Even if the
extension is different [Su 83] and the query is expressed in
a simpler way, it is difficult 1o use the operations, because
there are some conditions of applicability for each
operations: for example in the case of projection there are
three conditions of applicability; this fact causes difficulty in
their use.
The fact that the models based on the relational model are an
appropriate tool for the logical representation and
manipulation of micro-DBs, but have these disadvantages
for the case of macro data, should not be surprising. In fact,
at the level of micro data, the only things that need to be
represented are the concepts and the associations among
such concepts: on the other hand, the generation of macro
data from micro data renders such associations implicit
the summary datum; we must express, for each summary
attribute, the category attributes that define it and viceversa
[ChSh 81].
The Mefisto model has some advantages with respect to the
models which currently exist in literature, in particular the
relational model. It represents explicitly the link berween the
category attributes and a summary attribute, that is, the
summary attribute is a function of category atmibutes; for
example, the SE in Fig. 1 is denoted by:

cancer_around_the_world (sex, country, site)

Also, the queries are expressed in a simple way: for
example, if the user wishes to know “what is the
distribution of cancer by country and by site", he performs
the following command expressed in Stequel [MeoE 90],
the language basad on the Mefisto model:

Zm cancer_around_the _world

The operations must at least have the power of matrix
algebra in order to allow data analysis. In Mefisto, it is
possible define with the same approach the operations
needed for data analysis

As an example we will define the division operation which
performs the classic arithmetic operation of divide: let sy =
< (D}, D' ..., Dy, ..., Dp'), g1 > be a statistcal
entity defined on 81 =<y, t1 > ancl sp=< (D", D"
... » Dp"), g2 > be a statistcal entity defined on §2 = < &2,
ta>suchthatCy DCrandfor 1 Si<h, Dy" =I§,
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The division of 51 by s is a statistical entity s defined on
the scheme S =< 1,1 >:

s=sy+s2 =<{D1 D2’ ... \Dp'l.g>
with summary value:

g = gl(]:llz)/n(pz) | prert(sy) Appert(s)) A p1 =
pap2=plL2))

where the symbol / represents the division between real
numbers and p € r*(s).

Let us take as an example the SE in Fig. 3; if we wish to
obtain the SE which expresses the "percentages with respect
to the total per year", we must apply the division operation
between the SEs of Fig. 3 and of Fig. 4 (obtained as a
summarization with respect to "model” of SE Fig. 3). The
division gives-as a result the SE in Fig. 10.

percent of car
produced in Japan model
raze per year Corolla Civic Corona
1980 0,44 0,34 0,22
years 1981 0,42 0,35 0,23
1982 0,42 0,34 0,24
Figure 10

It must be realized that it is impossible & priori to know
which summary types should be considered in a macro-DB,
since there is always the possibility of defining new ones.
The database administrator must supply the system, for
each summary type, the information (expressed in general
terms and not tied to the single SE) which enables the
system to construct the computation procedures of the
summary values for the summarization, the classification,
the restriction and the enlargement operations. This is a
problem of knowledge elicitadon. Consequently the abject
oriented model is used as the knowledge structure for
capturing the statistical expertise, needed to compute the
summary values; in (Falc 89} a2 model based on objects was
defined: it uses a double inheritance hierarchy (between
classes and between instances).

5 Conclusions

In this paper we have presented the Mefisto model, based
on the functional ap?roach. in which the staristical enrity
structure and a set of new operators for SE manipulation
are proposed and discussed.

Prototype implementations of a visual Data Definition
Language, based on the graphical model (Grass [RaRi 83]),
and of a Query Language [MeoE 90}, as well as of Visnal
end-user interface [RaRi 90] have been implemented on a
Macintosh IL



Future work deals with the following problems:

- design and implementation of an integrated environment
for the DDL, the QL and the data analysis activity;

- improvement of the current proposal regarding the use
of an object-oriented approach [Falc 89], in order to extend
the above data analysis to complex statistical indicators.
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