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This paper briefly outlines a logic-based
approach to the conceptual analysis of a database.
The approach used is a combination of relational
database management and wmachine induction. The
merger of a  relational database model and
inference techniques produces a "database analysis
gysten” rather than the more traditional database

management system. Relational commands with
Variable-valued Logic qualifiers are used for
database management functions. - Induction
techniques are used to group data  records
according to conceptual (rather than numeric)

eritera and infer diagnostlc rules. The poteutial
application of this methodology to the analysis of
clinical databases is 1llustrated with a series of
examples.

Introduction
Databases are constructed for two major
reasons:
1} to keep track of information (database
management )
and
2) to learn more about the phencmena which
produce the data (database analysis).
Simple database storage and vetrieval operations
extend human memory and wmake possible ithe
management of large sets of specific facts.

Database analysis techniques extend our ability to
interpret and generalize trends shown in the data.
Typical database analysis technlques include
statistical tests, discriminant function analysis,
and probabilistic technigques.

Most database analysis techniques operate om
numeric data and require that such arithmetic
operations as addition and wmultiplication be
defined over individual data items. In additicnm,
many techniques require that a complete set of
values be supplied for each data element. The
restriction to complete sets of numeric data items
is not in keeping with the growing need to store
and manipulate incomplete, imprecise, non-—
numerical data in the life sciences. TIn clinical
medicine, the restrictions can only be met for
small subsets of the possible data and where
collecticn is rigidly monitored.
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In contrast, natural language processiag
techniquas have been developed to reiax both of

the restrictions above
retrieval from

{1). Although uvseful for
unstructured data bhases, these
techniques are not generally able to take full
advantage  of known numerical or  logical
relationships which may exist in the data.

Our logic—based apprcach - relaxes the
restrictions by using logical operations on non—
numeric data {nominal data) and by using only

aumeric operations where mumeric relationshlps are

known. Combined with the use of incomplately or
Impreclsely specified data, our approach relaxes
the restrictions without requiring the

sophistication of a natural language processor.

Database agglzgis

In the ©biological sciencaes, databases are
being constructed in order to formulate hypotheses
or to wvalidate existing hypotheses. Indeed,
clinical databases, whether a retrospective study
of past cases or a prospective study designed to
angwer a specific question, are being used to
monitor and modify patient care.

Database analysis technriques are used:

L) to extract a summary of important features
of a database {descriptive analysis) or

to derive a classification rule for new or
existing data (predictlve analysis)

2)

Descriptive database analysls is a process in
which normative information is extracted from the
database and used to identify structure in the
data. The grouping of similar patients into
syndromes and the lidentification of the important
characteristics of each syndrome is an example of
descriptive analysis.

Predictive database analysis
which rules for classifying data elements into
known categotries are derived from the database.
The development of minimal diagnostic rules which
predict the disease a patient has based on the
data record is an example of predictive analysis.

is a process in

In general, descriptive analysis techinques
(whether done by human expert or machine) are used
to produce a classification of records 1in a
database bafore predictive analysis techniques can
be applied. The analysis system described in this
paper has induction operators for both descriptive
and predictive analysis of data.



QUery and IVferemce (QUIN)

The
University
management

QUIN
of Tllinois
and analygis

system Ybeing developed at the
(2) 18 a prototype data

system which usses 3
relational database  management scheme  ta
store/retrieve  data. NDatabase analysis is
performed by two separate induction programs which
implement conceptual clustering of the data and
the induction of classification rules from the
data.

The QUI¥ program provides a concise and
natural human interface to relational database
management functions as well as the inductioun
operations. The command language uses Variable-
valued Logic (3) as a relational calculus and is
similar to Codd's relational data sublanguage
called ALPHA (4).

Using the Variable-valued Logie (VL) language

interactively, a database can be built, perused,
and analyzed. The analysis is  usually an
iterative process in which portions of the

database are analyzed and the analysis is refined
based on the results. TFor instance, in a database

with records for several +%housand patients each
containing %0-50 attributes, only a subset of the
patients or attributes might be ussd at any one
time. In  thia manner, the most important

attributes can be identified before the entire set
of patient data is used.

Database Management with QULN

The QUIN program uses relaticonal tables ta
store data and operations on tables to store and
retrieve data. Apart from soms normalization
requirements which are mnot important for this
discuasion, a relational table in QUIN consists of
a rectangular array of names/numbers arranged in
rows and columns. The itopmost row contains labels
for the columns and the entire table is given a
name. Columns correspond to some attribute and
the value in the column may be a name or a number.
Rows 1in the table correspond to the attribute
values for a single data base entry such as a
patient record.

As an example of a relational table, consider
a database of information collected about twin
births. Such a database might contain a table
showing the identification mumber of the mother
(1D), the number of pregnancies for that mother
(aR), the number of previous full term pregnancies
(PTP), the number of previous premature deliveries
(PPP), and the number of previous abortions (PAB).
The QUIN table would be:

gother

l e o - ek R L

'tp !gr|pTP| PPP| PAB|
i

Bttt Sttt bl e

6, 31 1) 11 0
6! 3l 1} ol o}
2l ol 1)l o

793

The use of non-numeric data attributes is
shown in the following table listing the delivery
routes used by twin A and twin B:

?Gute
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The system provides commands to define new
tables, add rows %o a table, change rows, and
delete rows. Existing tables may be concatenated
together (joined) if they share a common attribute
guch as ID in the tables above. The resulting
table has cne new row for sach ID value where the
aoriginal rTows are concatenated. The Jjoin of the
two tables above would be of the form:
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The complete database about twin births can

be assembled by multiple joins of the individual
tables using the mother's 1ID number to determine
which rows +to match. QUIN allows columns to be
selected from a table by typing the table name and
then the names of the columns desired:

Route{ID,DRA).

The route table with Just columns ID and DRA
containa data about the delivery route of the
firat twin only. '
Logical Qualifiers in QUIN

The three examples below illustrate how the

logical expressions of the VL language can be used
with data management operations. Complex
retrievals are easgily specified using the command
GRT with logical restrictions on the retrieval
request and can be used for quality control.

In the twin database described above, all
data has been joined together in a single table
called "twin". The fellowing QUIN command can be
uged to find any records in which the number of
pregnancies is not equal ito the number of previous
full term pregnancies plus the number of previous
premature deliveries plus the number of abortions
plus one (for the present pregnancy):

get twin(ID,GR,PPP,PTP,PAB) : [GR not = PTP + PPP
+ PAB + 1]



which produces the following table:
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showing that only one incousistent data record

exists and should be checked.

An improbable finding such as an infant born
at less than 28 weeks gestation with a welght of
over 2000 grams can bve detected with the following
retrieval request:

get twin{ID,GA,WTA,WTB) : EGR<28]& WTA> 2000
GA<28 |&| WIB>2000

which will detect an improbable birth weight in
either twin and produce the following table
containing one implausible data item:
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GA=geatational age
WlA=weight twin A
#TB=weight twin B

Finally, the example below checka for an
jmpraobable delivery segquence 1in which the first
twin was delivered by c-gection and +the second

twin was not:
zet twin{ID,DRA,DRB) : [DRA = C3]&[DRB not = C3)

which produces an empty table showing that no such
data records exist.

Database Analysis with QUIN

The programs iaveked by QUIN to perfeorm
deseriptive analysis and opredietive analysis are
called CLUSTER (5) and AQ11 (6) reapectively. The
CLUSTER program takes a table of data elements
(rows) and attempts to partition the data elements
intc a apecified number of groups. The progran
searches Tor conceptual rather than statistical
groupings (elusters} which ocan be described with
logical statements. The AQ11 program searches for

predictive rules which distinguish two or more
already identified clesses of data elements.
Rules induced are optimized according to0 a

generalized ©wost criterion.

The operation of CLUSTER and AQ11 can best be
illustrated by a simple example. Although the
data below wag taken from a real database, only a

subset of the possible descriptors were used. The
number of patients and the complexity of the
example have been kept small for purposes of
illustration.
CLUSTSR

The CLUSTER command 1in QUIV was used for

‘degcriptive analysis of a database containing the
records of patients with craniosynostosis
syndromnes. CLUSTER was uged to partition the
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dztabage into subgroups in wauch the same way a
physician mizght divide the patients into different
ayndromes. After CLUSTER partitioned the dats,
the diseriminate command in QUIN was used to
determine rules which can be used 1o predict
membership in each of the "syndromes” found by
CLUSTEIR. Tigure 1 shows the eighteen attributes
which were used together with a ome letter
abbreviation. The attributes may take the values
present(+) or absent(-). Tigure 2 ghows the
database of patients where sach row specifies a
value for each attribute for each patient.

Variables
abbreviation attribute
craniostenosisfcraniosyncstosis
facial agymmetry
flat forehezad/low-set hairline
sars malformed/low-set
hearing impairment
ptosis
proptosis/exophthalmos
strabismus
excessive tearing/tear duct
atenosis
cleft palate
high arched palate
midface or maxillary hypoplasia
apinal malformations
complete syndactyly-fingers
impaired CNS function
complete syndactyly-toes
cutaneous syndactyly-finger
(webbing) :
cutaneous syndactyly-toes
{webbing)

HoD =g g oo~
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=

Tigure 1. The 18 variables in the example study
together with one letter abbreviatious that will
be uged in the remainder of the example.
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Figure 2. The 14 data records with wvariable
names and values abhreviated. The data table
uged by CLUSTHER contains no syndrome
clagsification. For AQ11, +the classification

returned by CLUSTER was used to separate the

cases into machine derived syundromes.



Tven - though we  know the syndrome
classifications which have heen  assigned by
paysicians, this information was not provided to
CLUSTER. TIndeed, CLUSTER was initially asked to

¢cluster the patient data into two classes even
though three syndromes are present in the data
{Apert, Crouzon, and 3aethre-Chotzen).

The beast grouping of patient records found by
CLUSTER for two groups is:

Class Bule . complexity
L {ﬁ:ﬁ]{g::][Ez"][Hz"][J='][L=+] e
S e o i

which can be paraphrased:
1 present; craniostenosis, maxillary hypoplasia
abgent: facial agymmetry, strabisaus, cleft
palate, complete syndactyly of hands
or feet |

sranostenosis, maxillary hypoplasia,
complete syndactyly of hands and
feet

lowset hairline, ptosia, tear-duct
stencsis, sgpinal malformations,

CHS impaired, webbing

2 present:

absent:

From a compariscn of the rules above with the
gimple database, it can be shown that class 1
contains bhoth +the Crouzon and DSaethre~Chotzen
syndromes while clasgs 2 contains only the Apert
syndrome. Furthermore, the large complexity
measure for c¢lass 1 guggests that further
clustering of the data might produce a better
clasaification of the data.

The best grouping of patient records found by
CLUSTER for three groupd can be paraphrased:

1 present: craniosgtenosis, low-set hairline,
maxillary hypoplasia
facial asymmetry, ears malformed/
low-set, heasring impairment,
ptosis, strabismus, cleft
palate, high arched palate,
spinal malformations, impaired
CNS function, complete
ayndactyly-fingers and toes,

ahaent:

2 present: craniosynostosis, maxillary
hypoplasia, complete syndactyly-
fingers and toes

low-set hairliine, ptosis, tear-
duct stenosis, spinal
malformatiens, impaired CNS

function, webbing

absent:

3 present: craniosynostosis, proptosis,
maxillary hypoplasia

facial asymmetry, low-get
hairline, hearing impairment,
gtrabismugs, tear duct stenosis,
cleft palate, complete
syndactyly fingers and toes,

webbing

abaent:

195

with complexity measures 14, 122, 2b regpectively.
Notice that the complexiiy measures are comparable
and much reduced from the case for two groups.

Among the 14  patient records used, the
grouping above splits the patients dinto the same
three syndromes as the human experts. The low

complexity measures suggest it is ftime to use AQTH
to derive rules which discriminate between the
clasaes found by CLUSTHR.

DISCRIMINATE

The diacriminate command in QUIN which
invokes AQ11 produged the following discrimination
rules when given the three separate c¢lasses of
records found by CLUSTER:

Apert: [P = +]
+]&[W = -Jalr = -]
+]

Jrouzon: [G

Saethre—Chotzen:[C
which can be paraphrased:

Apert: complete syndaciyly of toes
Lrouzan:proptosis and
no complete syndactyly of fingers
and no webbing of the Toes

Saethre-
Chotzen:low-set hairline/flat forehead

Because of the s=mall number
records wused, the discrimination rules
the program are not

of patient

given Dy
general purpose rules which
can be used to diagnose all patients with these
three ayndromes. The rules above do accurately
geparate all of the patient records in this simple
axample.

Unlike the CLUSTER command which describes
the conceptually important featuresg for defining a
class (even when they are common to all elasses),
the  DISCRIMIWATE  command finds only those
attributes which differentiate the members of each
clags. In this example, the discrimination rules
accurately differentiate the three syndromes given
that one of the syndromes is present.

Comparison to traditional technigques

I% is useful to compare the logical database

analyalia described here with other kinds of
analysis which use gtatistics, probability and
numerical taxonomy. CLUSTER has two advantages

over traditional numerical taxoncmic technigques:
first, it 1is capable of handling nominal or
ordinal values as well as numeric data; second, it
not only generatea | clusters but provides
descriptions of the c¢lusters in conceptual or
logical form which can be c¢ritiqued by the
investigator. In addition, the eriteria on which
the clusters are generated {the "similarity
measure") may be based on concepts other than



nunmeric distance, and this has resulted in
clusters which tend to mateh human solutions more
alosely (&).

2011 generates rules for differentiating
clagges of events based on logical and numeric
information. This means that, unlike  most
probabilistic techniques, the distinction between
twao c¢lasses of evenits can be wade even with
incomplete information. The rules are optimized

to be simple and %o include the factors considered
most  important by the investigator (via
weighting), and they are easily understocd and
critigued. Although  QUIN  supports primarily
logical operations on individual data items, 1%
also is capable of more traditional statistical
measures {(e.g. mean, variance, chi square).

When using QUIN, it 1is important to realize
that it ia difficult to fit certain iypes of data
into  the relatiomal formalism. Consider a
database  which contains descriptions of
abnormalities found in patients. Let each patient
occupy & row in the relatiomal table, and each
abnormality be a column, It i3 readily apparent
that these will be large sparse tables becauss of
the limited number of abnormalities that occur in
any one patient. Such large aparse tables zre
computationally expensive as inputs to the
analysis procedures and generally must be
collapsed wuging the relational table operations.
Thus, the analysis process 1is an interactive
iterative process involving Judgements on each
cycle.

Conclusion

One objective of QUIT is to provide the
medical researcher with a tool which snhanceg his
ability to discover new syndromesg {descriptive
analysis) and generate rules for differentiating
known syndromes ({predictive analysis). Tt should
be emphasized that the intellectual involvement of
the clinician 1is crucial to the success of the
induction algorithms, because he must make the
initial observations, record them, decide which
descriptors (symptoms and signs) are present and
how to express them, and finally, decide which
patients and descriptors to give to the induction
algorithms. He muat choose a set of descriptors
large enough to adeguately characterize the
patient data dut which does not excesd the
computational limits of the algorithms. 1If his
data contain large amounts of irrelevant
information, the induction operations will not
always be able to detect this and may return
irrelevant classifications and rules.
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The major benefit of automated induction is
the potential elimination of time consuming non-
intellectual activities associated with eclinical
inveatigations in which large amounts of data are
collected. Decisions about the relevance and
importance of symptoms, signs, laboratory tests,
and automated rules and classifications still must
be made with care and thought. Automated database
analyais should allow a researcher more time for
productive thought and 1lesa time spent doing
tedious and Yhoring tabulations and asgessments
which the computer does well with so 1little
complaint.
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