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DESIGNING MEDICAL PRODUCTION RULESFROM
SEMANTICALLY INTEGRATED DATA

In the paper an algorithm for automatic knowledgguasition is proposed. The knowledge is acquineanf
aggregate data stored in different repositorieg dligorithm operates by means of semantic datgratien, allowing
both syntax and semantic differences between datang from different sources. If only we know déxonomies,
can interpret data schemas and design schema ngappien the differences are not an obstacle &miation. The
acquired knowledge is being defined in a form afduction rules with uncertainty. The consideratians illustrated
with medical examples.

1. INTRODUCTION

The problem of discovering knowledge that is hiddeevidence has been studied for many years.
The diversity of solutions results from varying caer of evidence and also from varying applicetio
of the knowledge being discovered. The main attebwf evidence are the following ones: consistency
or inconsistency of data stored, their syntactienbgeneity or heterogeneity, and their semantic
uniqueness or ambiguity. Saying of knowledge appbn, we mean the necessity of designing
knowledge that is certain or uncertain, universasmecific. These attributes influence both a metbb
data exploring and also a way of knowledge repitasien.

In the paper we propose an inductive learning #lyor for exploring such domain data that are
stored in various tuple formats. One of the formstshosen as a point of reference and all the mgpp
between this reference format and the remainingndts must be given. All the data must be based on
similar ontologies (see subsection 3.1), and tawooal dependencies between domain individuals must
be known. The data can be incomplete (lackingbatteis prove ignorance on attributes’ values).

The algorithm is based on using a multisort algefrdomain individuals, with sorts corresponding
to categories of individuals, a partial-order nelatof subsumption, and union/ intersection opersti
being counterparts of classical operations from gbe theory. The relation of subsumption enables
expressing taxonomical dependencies between the dfeiindividuals; the union and intersection
operations are used as well for defining mappingsveen different data schemas, as for implementing
the algorithm’s kernel. The algorithm’s performanseillustrated with examples from the domain of
medicine.

Related work. Inductive learning methods received a great déaktention and were reported in many
papers and surveys. Commonly known algorithms sd¢aliering association rules [1, 2, 18, 6] are based
on using factors of support and confidence - thetmpopular measures of significance and interdst. T
two factors do not occur in the association rubgglieitly — they are hidden. Another kind of inductive
learning is being used when designing rough sesidacrules from data written in a form of attribut
tables [13, 15]. The decision rules can be gengradecertain or approximate ones. However, thd teve
uncertainty cannot be exposed, same as in thequ®wase of association rules. There are different
algorithms of managing incomplete data, i.e. dath missing attribute values, when designing roagh
decision rules [5].

Since early nineties, various data integration neglnes have been developed very intensively. The
proposed solutions are based on relational dateelheodl SQL query language [10, 7, 4] or XML data
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model and XPath language [3, 12]. While it is tilu@t the goal of such integration is obtaining Iildta”
only, yet these data present a valuable sourcamiledge.

In the last decade, also ontological sciences deeel very rapidly. There are many languages and
many tools, e.g. [11, 17] that help us to correctiegorize or conceptualize domains — to undedtdtas
semantics of individuals, categories and varioustio;ms between them. They can be useful for
processing heterogeneous data from the domain.

2. FORMAT OF PRODUCTION RULES

Production rules, used in rule-based systems (RBS8sautomatic reasonings, have a form of
implications with premises and conclusions, andeggnt theses (classical RBSs) or hypotheses (RBSs
with uncertainty). The knowledge based on expegefe.g. medical knowledge) is usually being
expressed in a form of production rules with uraiety, that are provided with two visible factors o
reliability. Contrary to association rules, low we$ of these factors do not necessarily reduceuptich
rules’ quality. In case of absence of very relidiypotheses, even a less reliable one can be Ugeful
an initial diagnostic hypothesis made by a GenPBraktitioner). Also, a low level of the conclusisn’
reliability does not forejudge a low quality of thde as a whole (e.g. a hypothesis on frequencsidsf
effects of treatment). The discussed productioasrtdke the form (2):

it happens with grf = ps :

if Py, .., P (2)
then C with irf = pa,

wherep,, ...,P, stand for premises, amd- for an uncertain conclusion. The two facigrandirf are
being calculated by means of probabilistic andigteian methods. They stand fajif — global rule’s
reliability, determining the priority of the rul@ icomparison to other rules from the knowledge hudse
RBS, irf — internal rule’s reliability, defining probabilityfdhe conclusiort given the certain occurrence
of the premises, ...,P.. An actual reliability of the conclusianis usually calculated from the formula

(3) [9]:
p=ps- min{p(Py), . . ., P(Pn)} - Pe (3)

wherep(Py, i = 1, ...,n stands for the probability of occurrence of therpiser..

3. DESIGNING PRODUCTION RULES

The most valuable production rules can be obtamather by book learning nor by knowledge
acquisition from domain experts, but by means obgl data mining. We mean here as well individual
data stored in distributed databases as aggregédestbred in special repositories. Considering ttie
last data are general in form, we will only showvhio design production rules with uncertainty fréime
aggregate data from repositories. We will allowehmjeneous data schemas, incompleteness of data
specification, and also dynamic changes of dataegalln order to makbewhole process automatege
will put some constraints on the format of dataespntation.

3.1. FORMAT OF EVIDENCE

We will assume that each data in a repository ssmes a fact relating to a number of people,
things or events (e.g. fact specifying a resultlofical trials performed for a number of patient§he
number usually varies from 10 to 200. The datadms$ihe repository are homogeneous: they diffehaeit
in syntax, nor in semantics. All of them are baittording to the same tuple schema, determinedhéy o
of domain ontologies. Repositories can differ oramf another in tuple schemas used. However, the
following constraint must be fulfilled: all domaontologies addressed by the schemas must be based o
the same set of domain individuals.

For the needs of our algorithm for designing praiducrules with uncertainty, we will set some

tuple schema as a reference one. It will comprigada range of attributes characterizing peoplegh
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or events being the object of the considered dgaizs$. We will allow each data tuple (in short pl&) to
be incomplete, i.e. some tuple’s attributes carehtheir values unknown. The above attributes wall b
invisible in specification. Apart from the ’attribai value’, each visible attribute has an additional
"attribute count’ parameter, being an equivalentagfiregating 'count’ operators from query languages
Besides, in each tuple a nonempty subset of comkagnattributes has to be defined. They are the
attributes of primary importance for the tuple. Teenmon-key attributes must be attributes of thelevh
group of people, things or events "caught” in thelé. The remaining visible attributes belong e of
common-not-key ones or to a set of discriminatorgso All common-key and common-not-key attributes
have their 'attribute count’ parameters identigadl aaximal in the tuplenj. In discriminatory attributes,
their "attribute count’ parameters take values frii@ range:o;N). The discussed tuple format is universal
enough to represent also data of an individualgeerhing or event.

Symbolically, a tuple;, of a given reference schemacan be written as (4):

Ti :<A1:V©i1/Ni, veey A‘n:V©im/Ni ’ al:V©i(m+1)/Nia teey al:V©i(m+n)/Ni ’ bl:V©i(m+n+1)/qi1a sy l:b:V©i(m+n+p)/(qip>(4)

wherea, ..., Am, ai, ..., an, b1, ..., b, Delong to the set of attributes characteristichef reference
schemss; A, ...,AnStand for attributes that are common-key in théetupa,, ..., a, — for attributes that
are common-not-key in the tupieb,, ...,b, — for attributes that are discriminatory in thelarr; voy, ...,
vOinmp — fOr 'attribute values’ of all the attributes mi®ned aboveuy,, qu, ..., q, — for 'attribute counts’
of the attributes in the tupte In each paire;, for 1<jsn+m+p, v Stands for a value set, aad- for so called

'value qualifier’, taking a form of® — for a set symbolizing the conjunction of elenaeptvalues, and
— for a set symbolizing the disjunction of elemeytaalues. As it was said before, attributes taking
value "any” are not being shown (we mean here:laevaet consisting of all elementary values from th
attribute’s domain — in case of the qualifierand an empty set — in case of the qualiigr

Let us remark that, depending on the semanticaés, the same attributes can occur in a set of
common ones in some tuples, and in a set of digtaiory ones — in others. For example, let us imagi
an experiment testing the dependency of addictioralults on environmental and genetic factorsa In
tuple specifying basic experiment’s results, thekatte 'addictions’ would be a discriminatory ork@r a
change, in an "opposite” tuple specifying reasamstifie addictions, this attribute would be a common
one.

In case of heterogeneous evidence, all data st@utthnsformed to the chosen reference schema a
the beginningThe transformation should be based on mappingsdegtwata schemas [12].

3.2. ALGEBRA OF AGGREGATE DATA

As it was considered in [8], aggregate data andadip@s performed on these data can be given an
algebraic-taxonomical interpretation. First, eatthlaute A has its model in a form of the qualified power
set of a domailvaLa, =2 x {0, © }. For the attribute, a simple algebra, can be defined, with a partial
order relatiomga, an operation of uniong,, and an operation of intersectioet., being defined on the set
qvALa. The algebra, is a lattice.

Next, an aggregate data built under a schema,...., A, as,..., an, bs,..., by) Can be seen as a list of
gualified set values, being subsetsq@fLai, ..., qVALAm, qVALai, ..., QVALan, GVALbi, ..., QVALp, With their
countings (an ordered paa,, c) IS being written for simplicity agoa/ca, as it is in (4)). For the schema
s, an algebras = (VALs, Ocs, Ocs, ncs), being a product of similar algebras-lattices, ..., Scam, Scai, ...,
Scan, Scbi, ..., Scpp CaAN be defined. The algebyais also a lattice.

Let D, stands for a set of domain data matching the neterschema. In the light of the above
comments, the data from, can be compared, joined or processed in any otlagr wy means of the
partial order relatiomcs, and the operations of uniams and intersectioncs. As it was shown in [8], the
two operationsics andncs are necessary and sufficient for transforming data matching a reference
schemas; compatible withs (based on the same set of individuals, but possiifilerent froms) into its
counterpart fronp,. As a consequence, it is finally possible to defam algebra-lattice for the seof all
data compatible with data from. Formally, it has the following form (5):
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Ap = (D, Ocs, Ocs, ncg). )

3.3.ALGORITHM FOR DESIGNING PRODUCTION RULES

Now, let us demonstrate how from tuples of a fisetiema we come to production rules with
uncertainty (in case of heterogeneous evidence,gdmeralized approach should be used — see the
subsection 3.2). In each pass of the algorithmapointed initial tuple will be joined with eachhet
tuple that "preserves” values of all required htites from the initial tuple. Among the requirettintites
are: a number of "if” attributes (containing allsmon-key and some chosen common-not-key attributes)
and one "then” attribute (being a chosen discrin@raa common-not-key attribute). In order to mdnes t
requirement, all corresponding ’attribute valuet’ of” and “then” attributes from the initial onand
attached tuples have to be in an appropriate oelatj, (the indexa depends on the considered attribute:
not its role, but its name). What is more, for tie®sen “then” attribute, in case if the correspogdi
attribute from the attached tuple is a discrimir@te, the both ’attribute values’ have to be id=ifii.e.
an appropriate relatiam, should hold in both directions. The relatiap holds:

- for sets symbolizing conjunctions of values — iflamly if 'attribute value’ from the attached tupée
a superset of 'attribute value’ from the initiapte;

- for sets symbolizing disjunctions of values — itlamly if it is its subset.

For the remaining common-not-key and discrimindtebaites from the initial tuple (the ones not
chosen as "if” or "then” attributes), updates oftribute values’ are being performed. Such the tgda
consists in:

- calculating a union of sets by means of an appatgriq. operation — in case if the current tuple’s
attribute is a common-not-key one and the attathel@’s attribute is a common-key common-not-
keyone,andtheboth’attributevalues’symbolizedisjunctionsof values;

- calculating an intersection of sets by means o&ppropriatenqg. operation — in case if the current
tuple’s attribute is a common-not-key one and tttached tuple’s attribute is a common-key
common-not-key one, and the both ’attribute valsgsibolize conjunctions of values;

- preserving the ’attribute value’ of the currentl&lp attribute — in case if:

» this attribute is a common-not-key one and thechéid tuples’ attribute is a discriminate one,
and their "attribute values’ are equal;

» this attribute is a discriminate one and the agdduples’ attribute is a common-not-key one,
and the relatiomg. between the two 'attribute values’ holds;

» the both attributes are discriminate ones, and tagribute values’ are equal,

- setting a value "any” to the current tuple’s attitd and, next, removing this attribute from theeup
in other cases.

Let us note that, while integrating, initial shaagtribute values’ of common-not-key attributes not
chosen as "if” or "then” ones are often being fliezi. As concerns ’attribute counts’ parametersjrth
values increase while integrating. The values aleutated by means of the classical sum operator,
applied to corresponding ’attribute counts’ frore thitial one and all attached tuples.

A production rule designed from the set of desctitgles has a form of an uncertain implication,
with:

- a number of premises, corresponding to the atggbeing common-key or common-not-key in the
final, integrated tuple (except the one chosentlasn™ at the beginning, in case it is a common-not-
key attribute in this tuple), and

- one conclusion, corresponding to the attribute enh@s "then” at the beginning.

The algorithm for designing production rules fromhamogeneous data repositorycan be
formally defined as follows:

For each tuple T; from the homogeneous data repository T, with a set of common-key attributes K; = {Aiy, Ay, ..., Am}, a set of
common-not-key attributes U; = {a, ai, ..., an}, and a set of discriminate attributes S; = {bi, by, ..., bj}, do the following:
{ for each subset E; of the set U;, including the empty and full ones, do the following actions:

{ for any attribute fi from the set U\E; O Si:

{ Tcurr = Ti;
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perform an integration Ki—E;—fj of the tuple T, with each other tuple Ty, having a set of common-key attributes
Knh = {An1, Anz, ..., Ang, a set of common-not-key attributes Uy, = {an1, anz, ..., any}, and a set of discriminate attributes
Sh = {bh1, bra, ..., bn}, and fulfilling the constraints:
1. for each AkCK|, k=1,..., m, it exists dJ<1; t>, such that Ay = Anq and pres(Ti, Tn, Ai) ,
2. for each aylJE;, it exists d<1; t>, such that ai = Ang and pres(T;, Th, &) or
it exists dJ<1;u>, such that ay = ang and pres(Ti, Th, a) ,
3. forthe attribute fi it exists dO0<1;u>, such that fix = ans and pres(T;, Th, fix) or
it exists dJ<1;v>, such that fix = bng and pres(T;, Ty, fix) and pres(Th, Ti, fix);
carry it out according to the schema:
Tcurr = integS(Tcum Thy K|D EijD{fijk})};

formulate a production rule ry= forms(T cur, KiOUcur\fik, i3},
where Ug, stands for a set of all visible, common-not-key attributes in the final integrated tuple Teyr .

Algorithm 1. Designing production rules from datehiomogeneous repository.

Let F stand for the set of all attributes used in th@ds fromt. The semantics of the functiogies: TxTxF
— {true, false}, intended for checking if "attribute values’ anegerved, can be defined as follows:

if ve, andvey, are values of the same attribaten both tuplesr; andT,, and the relatiomga. is appropriate
to describe the attribute then it holds (6):

_| true, if v© Oga VO, 6
pres(Ti T A) =) faise, in opp. case . 6)

The function integs : TxTx2F> T calculates the result of integrating the fitgile with a new one,
under the subset-criterion of “if” and “then” altites from the first tuple. The function forms: FxE
— T generates a production rule with uncertainty torgiven integrated tuple, a proper subset of its
attributes, and one additional tuple’s attribui, Imelonging to the subset mentioned before. liltesn a
full text of the wanted production rule — if it che designed; an empty string '’ — in the opposése.
The function forms is based on using an auxiliamgction gtext, being a concatenation of varying
numbers of parameters of string or integer typesldck of place, the functions are not definedetail.

3.4.EXAMPLES OF DESIGNING PRODUCTION RULES

In order to illustrate the algorithm operation, le$ consider a few examples of integrating
homogeneous medical data and, next, generatingugtiod rules from the obtained integrated results.
The data come from a medical repository, namellge-repository of CTRs (Clinical Trials Registers),
storing reports of different clinical experimeniEach data represents an aggregate report of ameatli
trial, carried out for verifying a medical hypotigeesn a group numbering from 10 to 200 participaltts
has a form of the tuple (4), with attributes spgnij guidelines (personal and clinical features of
participants, treatment rules) and results (vabfedinically essential outcomes) of the trial. Tthata in
the repository differ neither in syntax, nor in serics. All of them are built according to the saimgle
schema. All the data considered in this paper refeyoung patients, hospitalized (in different time
periods and different clinics) for the reason afriwhial asthma exacerbation [14].

Table 1. Three exemplary tuples reporting experisen treating children with asthma exacerbation.
Asterisks (*) point to the attributes assumed asroon-key in the particular tuples.

attribute names

attribute values — T,

attribute values — T,

attribute values — T3

general_diagnosis
current_health_state
standard_drug
additional_drug
co_intervention
age_range
severity_of_diagn_illness
symptoms
treatment_effects

adverse_effects
relapse

*{pediatric_asthma}® /17
*{acute_asthma_exacerb}® /17
*{short-act_B2_agonist}® /17
*{inhaled_anticholin_md}® /17
{systemic_corticosteroid}® /17
{3, ...,17}0/17
{mild, moderate}]/17
{coughing}® /17
{no_hospital_admission}® /16

{vomiting}® /3
{next_asthma_exacerb_
in_72_hours}® /1

*{pediatric_asthma}® /18
*{acute_asthma_attack}® /18
*{short-act_B2_agonist}® /18
*{inhaled_anticholin_md}® /18
*{systemic_corticosteroid}® /18
{4, ...,15}0/18
{moderate}1/18
{coughing, wheezing}® /18
{no_hospital_admission,
stability_of FEV1}©® /18
{vomiting}® /4

*{pediatric_asthma}® /89
*{acute_asthma_exacerb}® /89
*{short-act_B2_agonist}® /89
*{inhaled_anticholin_md}® /89
{no_corticosteroid}® /89
{1, ...,18}00/89
{mild, moderate, severe}[1/89
{coughing}® /89
{no_hospital_admission}® /77

{vomiting, shivering}® /5

The first datax;) shown in the Table 1 reports the result of aicdihtrial carried out on a group of
17 patients. Let us denote a set of common-keipatés of the tuple; by k;, a set of its common-not-
key attributes by, and a set of its discriminate attributesshyThey are as follows:
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K1 = {general_diagnosis, current_health_state, standard_drug, additional_drug},
U; = {co_intervention, age_range, severity_of diagn_illness, symptoms},
S; = {treatment_effects, adverse_effects, relapse}.

Only two from among the listed attributege_range, severity_of diagn_iliness) have their values in a
form of value sets symbolizing disjunctions of edgts. All the remaining attributes are assignedesl
in a form of value sets symbolizing conjunctionel@ments.

The next datatg andT;) refer to 18—person and 89—person groups of fdafieespectively. Let us
try to integrate the initial tuple, with the tuplesr, andTs, according to the subset-criterion (the third
parameter of the functiamegs), in sequence:

(a) C1.a=Ki1 O {age_range, symptoms} O {adverse_effects};
(b) C1.b =K1 O {co_intervention, severity_of_diagn_illness} O {treatment_effects};
(c) Cic =K1 O{} O {symptoms}.

It turns out, that in the first two cases (a) aby (he initial tupler, can be integrated with the tuple
T, but cannot be integrated with the tuplein the both cases, 'attribute values’ of all tiiéattributes
from the tupler, subsume ’attribute values’ of the corresponditighbattes from the tuple, (fulfilling the
constraints formulated in 1. and 2. points of treppsed algorithm 1. As far as the relation isrcfeamost
of these attributes (e.gs....17})0 subsumes{,...,15}0, {mild, moderate}] Subsumes{moderate}d, and

{coughing}® Subsumes{coughing, wheezing}® ), it can be questionable for the common-key aiteb

current_health_state. The fact:{acute_asthma_ exacerbation}® SubSumesacute asthma_attack}® results from the
following taxonomical dependency between the vakedis’ elements:acute_asthma_exacerbation <
acute_asthma_attack.

Besides, as it is required, in the case (a) —attabute value’ of the chosen "then” attributenfrahe
tuple T, (adverse_effects) is equal to the corresponding ’attribute valuesn the tuplet, (fulfilling the
constraint formulated in the second clause of $tpaf the algorithm); and, in the case (b) — tatribute
value’ of the chosen "then” attribute from the ®ipl (treatment_effects) Subsumes the corresponding 'attribute
value’ from the tupler,, {no hospital admission} SubsumMesno_hospital_ admission, stability_of FEV1}© (fulfilling
the constraint formulated in the first clause gb@int of the algorithm). The integration of thdiad tuple T,
with the tupler; under the subset-criterion (a) is impossible botlihe sake of not holding the subsumption
between ranges,...,17}0 and{i,...,18}0, being ’attribute values’ afge_range; and for the sake of not holding
equality between the 'attribute valy@miting}® of the chosen "then” attribut@verse_effects from the tupler,
and the corresponding ’attribute valy@miting, tremor} from the tuplets. In turn, ’attribute values’ of
co_intervention aNdseverity_of diagn_illness Stand on the way of integrationwith T; under the subset-criterion (b).
As relates to the attribui® _intervention, the individualSsystemic_corticosteroid and no_corticosteroid define two
different, mutually exclusive methods of pharmagalal treatment. Obviously, they cannot be in the
taxonomical dependency. As a consequence, thereeqoonstraintisystemic corticosteroid}® Subsumesno

corticosteroid}® does not hold.

Table 2. The results of integrating the tuplenith the T, (T,.,), and the tuple fwith the tuple Tand T (T1.,.9)-

attribute names

attribute values — Ty,

attribute values — T3

general_diagnosis
current_health_state
standard_drug
additional_drug
co_intervention
age_range

severity_of diagn_illness
symptoms
treatment_effects
adverse_effects

*{pediatric_asthma}® /35
*{acute_asthma_exacerb}® /35
*{short-act_B2_agonist}® /35
*{inhaled_anticholin_md}® /35
{systemic_corticosteroid}® /35
{3, ...,17}0/35
{mild, moderate}[1/35
{coughing}® /35
{no_hospital_admission}® /34
{vomiting}® /7

*{pediatric_asthma}® /124
*{acute_asthma_exacerb}® /124
*{short-act_B2_agonist}® /124
*{inhaled_anticholin_md}® /124

{1,...,18}0/124

{mild, moderate, severe}1/124
{coughing}® /124
{no_hospital_admission}® /111

It can be easily proved that, in case if integrai®possible, the result of tuple integration does
depend on the subset-criterion of integration,dmly on the form of tuples being integrated. Tisatvhy,
in the both cases (a) and (b), we will obtain thme final result of integration., (Table 2).

After having done a similar attributes’ analysis the case (c), we come to the conclusion that,
under this subset-criterion, the initial tuplecan be integrated with the both tuptesandTs, giving the
final resultt..; (Table 2).

Let us shortly summarize the main features of thgerdhm presented in the subsection 3.3:
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- the result of a single integration, being done e algorithm’s pass, depends strongly on the Initia
tupleT; (that is why, the trials of integrating: the iaittupleT; with T, andTs; the initial tuplet, with
T, and T;; and the initial tupler, with T, and 1, under the same criterion (a), end with the final
integrated tuples..,, T, andTs, respectively, that are different one from eadtent

- the order in which the initial tuple attempts to join with remaining tuples has noueafice on the final
result of integration (the final tuples.; andT..;.. obtained under the criterion (c) would be equmedf ts
why, the joining is always being performed in adatermined order);

- in case if integration of the initial tupte with some other tuples is possible, the final itestithis
integration does not depend on the criterion cégrdition (that is why, the final tuples, obtained
under the different criterions (a) and (b) are égua

- for a given set of homogeneous tuples — a greabeuwnf integrated results will be obtained; however
it is not guaranteed that the results will be défe one from each other.

Table 3. Production rules obtained from the integgtauples T, (r1.2,1, 12,2, and T.»-Ar1-2-3.9-

production rule i1 production rule rip, production rule ry,.31
it happens with grf =0.80 : it happens with grf =0.89 : it happens with grf =0.89 :

if (pediatric_asthma) and if (pediatric_asthma) and if (pediatric_asthma) and
(acute_asthma_exacerb) and (acute_asthma_exacerb) and (acute_asthma_exacerb) and
(short-act_B2_agonist)  and (short-act_B2_agonist) and (short-act_B2_agonist) and
(inhaled_anticholin_md) and (inhaled_anticholin_md)  and (inhaled_anticholin_md)  and
(systemic_corticosteroid) and (systemic_corticosteroid) and (age_range =[1; 18]) and
(age_range =[3; 17]) and (age_range =[3; 17]) and (severity_of _diagn_illness =
(severity_of _diagn_illness = (severity_of _diagn_illness = (mild or moderate

(mild or moderate)) and (mild or moderate)) and or severe)) and

(coughing) (coughing) then (coughing) with irf=0.90

Then (vomiting) with irf=0.20 then (no_hospital_admission)

with irf=0.97

For any final integrated tuple we can generate a production rule with uncengaiatforms(T,P, f),
such thatr is a set of all common (optionally except one cammot-key) attributes from the tupte
andf is the chosen common-not-key or discriminatelaita from this tuple. For example, for the final
integrated tupler.,, the setp., of all its common attributes, and its discrimina#ributesf,,; =
adverse_effects andf,.., = treatment_effects — production rules will take forms, respectively: andr.., (Table
3). Again, for the final integrated tupte.., the setr..,, of all its common attributes except the attribute
symptoms, being the third argument of the functierms - a production rule will take a form,., (Table
3). The values of the factogs andirf have been calculated according to the schema gpedpa [16].

4. CONCLUSIONS

From the point of view of the expert system’s efficy, a knowledge base is the system’s
bottleneck. It is commonly known that experts ie thomain are usually unwilling to co-operate with
knowledge engineers. Also, there are objectivaaiffies in their communicating with one anotheheT
mentioned problems are serious arguments for ajapireg real evidence as the very valuable source of
domain knowledge, that can be explored one wayother.

The presented algorithm for automatic knowledgeustiipn from a number of repositories of
aggregate tuples is based on semantic data intagrailowing syntax and semantic differences betwe
input tuples, the algorithm can operate on dataimgnfrom various sources. This way, it can give
reliable results. After a small adaptation, we doabtain such production rules with uncertaintyt tha
might be ready for use in knowledge bases desiggexkpert system shells like FuzzyCLIPS or Jess.

The algorithm’s complexity depends polynomially @he number of aggregate tuples in
repositories. Besides, it depends exponentiallytls maximum numbemax,of not-key attributes

occurring in these tuples. Assuming that this numbenot high (at most about 10), we can regard
c =2 as a constant factor of the algorithm’s complexityn?).
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