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Abstract— The monitoring and detection of nosocomial infec- A hospital-acquired or nosocomial infection is a diseas&kvh
tions is a very important problem arising in hospitals. A hospital-  develops after the admission of the patient into the hdspita
acquired or nosocomial infection is a disease that develops after 5,4 is the consequence of a treatment, not necessarily a

the admission into the hospital and it is the consequence of ical f d by th dical staff. A it
a treatment, not necessarily a surgical one, performed by the stigical one, periormed Dy the medical Stail. A community

medical staff. Nosocomial infections are dangerous because the infection, instead, is an infection acquired by the patiesfore

are caused by bacteria which have dangerous (critical) resistance the admission to the hospital. A disease is usually consiter

to antibiotics. This problem is very serious all over the world. In ngsocomial infection if its symptoms appear more than 48-72
Italy, actually almost 5-8% of the patients admitted into hospitals hours after the admission in the hospital.

develop this kind of infection. In order to reduce this figure, L .

policies for controlling infections should be adopted by medical Nosocpm|_al mf_ectlons are much more dangerous than
practitioners. In order to support them in this complex task, Community infections because they are caused by bacteria
we have developed a system, called MERCURIO, capable of which have a dangerous (critical) resistance to antitsotic
managing different aspects of the problem. The objectives of ta  Usually nosocomial infections are resistant to more tha@ on
system are the validation of microbiological data and the creation antibiotic, while community infections are resistant torwe

of a real time epidemiological information system. The system f tibioti A h f it
is useful for laboratory physicians, because it supports them ew antibiotics. As a consequence, he cure of a community

in the execution of the microbiological analyses; for clinicians, infection does not normally present problems while it may
because it supports them in the definition of the prophylaxis, prove difficult to cure a nosocomial one. There are now
of the most suitable antibiotic therapy and in the monitoring of pacterial strains which are resistant to all known antibgot

patients’ infections, and for epidemiologists, because it allows but one [1]. In Italy, this problem is very serious: actually

them to identify outbreaks and to study infection dynamics. . . . .
In order to achieve these objectives we have adopted expert almost 5-8% of the patients admitted into hospitals develop

system and data mining techniques. We have also integrated NOSocomial _inf?Ction. [2]. _
a statistical module that monitors the diffusion of nosocomial Nosocomial infections have steadily grown for nearly two

infections over time in the hospital and that strictly interacts with  decades, in spite of many measures - such as shorter hospital
the knowledge based module. Data mining techniques have bee”stays - that were expected to have an attenuating effect [3].

used for improving the system knowledge base. The knowledge . . .
discovery process is not antithetic, but complementary to the Now it is widely argued that the only sustainable defence

one based on manual knowledge elicitation. In order to verify against this danger is greater vigilance, public education
the reliability of the tasks performed by MERCURIO and the and a significant reduction in “antibiotic pressure” in the

usefulness of the knowledge discovery approach, we performed acommunity. In order to support medical practitioners in the
test based on a dataset of real infection events. In the validation complex task of controlling nosocomial infections, we have

task MERCURIO achieved an accuracy of 98.5%, a sensitivity :
of 98.5% and a specificity of 99%. In the therapy suggestion developed a system called MERCURIO that is able to manage

task MERCURIO achieved very high Accuracy and Specificity different aspects of the problem. MERCURIO is a commercial
as well. The executed test provided many insights to experts too software package that is the result of the engineering of
(we discovered some of their mistakes). The knowledge discoverya research system developed in the scope of the project
approach was very effective in validating part of MERCURIO  tp\ N involving Dianoema S.p.A. [4], an Italian informatio
knowledge base and also in extending it with new validation technol ting in the health ket d
rules, confirmed by interviewed microbiologists and peculiar to echnology company opera !ng in the e_a care mar e_' "?m
the hospital laboratory under consideration. the Department of Electronics, Informatics and Systenssti
of the University of Bologha. The objectives of this system
are the validation of microbiological data and the creatién
a real time epidemiological information system. The system
is useful for laboratory physicians, because it supporgsnth
|. INTRODUCTION in the execution of the microbiological tests, for clinicga
HE monitoring and detection of nosocomial infections ifecause it supports them in the definition of the most swtabl
a very important problem arising in hospitals. In the USantibiotic therapy and in the monitoring of patients’ irtieas,
nosocomial infections are third in the list of most costhdanand for epidemiologist, because it allows them to identify
deadly infectious diseases after AIDS and food-bornesies. outbreaks and to study infections.
In order to achieve these objectives we have adopted artifi-

Index Terms— Microbiology, Knowledge Based Systems, Deci-
sion Support Systems, Data Mining, Classification.
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the answers given in detail), flexibility (the possibilityensily tailored to the hospital situation, and this is very impotta
updating the knowledge base) and reliability (the corregsn since some resistances to antibiotics are specific to péatjc
of the answers given). We have also applied statistical ogeth local hospital environments.
ologies. Statistics about infection frequencies are udedm In order to verify the reliability of the mixed elicitation
two points of view: on one hand they can be used in ordarethod, manual and automatic, we performed a test of ESMIS
to monitor the diffusion of nosocomial infections over timen data collected by the Clinical, Specialist and Experitalen
in the hospital, on the other hand they are a valid help fdfedicine Department - Microbiology Section of the Univéysi
clinicians to perform a first diagnosis. of Bologna (Italy). Data were collected during a 6-month
As a result of project activity, we have built a system mainlperiod. In this paper, we report the results obtained in serm
composed of: an epidemiological database, designed for staf accuracy and specificity.
ing epidemiological data; a knowledge based system, calledDuring the last few years, many infection event surveilanc
ESMIS, for real time validation and monitoring; a statiatic systems have been developed in order to monitor microbio-
module, for performing statistical analyses and idemidyi logical analysis results and/or in order to identify infent
outbreaks. and epidemiological events early. However, none of these
ESMIS is an Expert System for Microbiological Infectiorsystems addresses all the aspects of this complex phenameno
Surveillance. We have described the ESMIS specificatiods daxamples of these systems are GermWatcher [9], which per-
features in [5] in detail. In this paper we show the overafbrms only antibiogram validation, and Theratrac 2 AES [10]
system, its implementation and its performances obtaimed [@1], which provides services similar to the one provided
a testing trial. For bacterial infections, the stored dataally by MERCURIO, but has a “closed” knowledge base that
includes: information about the patient (sex, age, hokpitd makes it difficult to be adapted to the opinions and needs of
where the patient has been admitted), the kind of materthke microbiological laboratory manager. In addition, neeon
(specimen) to be analysed (e.g., blood, urine, bronchtas uses our innovative approach for automatic microbioldgica
tion, pus, etc.) and its origin (the body part where the speni knowledge elicitation.
was collected), the date in which the specimen was collectedThis paper is organized as follows. In Section Il we discuss
and, for every different bacterium identified, its speciesl athe state of the art of current real time systems for the
its antibiogram. The antibiogram [6] represents the resoit validation of microbiological data. Section Il describdse
the test on the bacterium of a series of antibiotics and it MERCURIO system and its objectives, the knowledge to be
usually represented by a set of couples (antibiotic, rgsulmanaged and its architecture. In Section IV-A we illustrate
where four types of results to antibiotics can be recorded:tRe ESMIS expert system, the first MERCURIO module.
when resistant, | when intermediate, S when susceptiblé, dn Section IV-B we present the other MERCURIO system
null when not tested. modules. In Section V we describe how we have applied data
ESMIS provides automatic data validation and real-tim@ining techniques in order to address knowledge acquisitio
alarming. Given a newly isolated bacterium and the relateshd updating problems. In Section VI we illustrate the rssul
antibiogram, the system performs five main tasks: validdtes of the experimentation activity performed on the MERCURIO
culture results, reports the most suitable list of antibfor system considering real microbiological data. In Sectidh V
therapy, issues alarms regarding the newly isolated banter we discuss a number of works related to ours. In section VI
issues alarms regarding the patient's clinical situationl awe show some possible directions for future work. Finalty, i
identifies potential epidemic events inside the hospital. Section IX we conclude.
ESMIS knowledge base has been obtained from NCCLS
guidelines and from experts’ suggestions. NCCLS [7], [8] is!!- STATE OF THEART OF MICROBIOLOGICAL SUPPORT
an international standard organization recognized by simo SYSTEMS
all laboratories as the reference in routine work and it pub- In the microbiological application field, during the lastfe
lishes an annual compendium containing testing guidefimes years, many real time validation systems have been dewilope
microbiological laboratories. in order to monitor microbiological analysis results and to
In order to improve the validation process, we have appliédentify infections and epidemiological events at an early
knowledge discovery techniques to microbiological datthwistage. All these systems have peculiar features that make th
the purpose of discovering new validation rules, not yemsuitable for efficiently and correctly solving of all theop-
included in NCCLS guidelines, but considered plausible aneims related to nosocomial infections. Significant example
correct by interviewed experts. In particular, we have igpl of these systems are WHONET 5 [12], GermWatcher [9],
the knowledge discovery process in order to find (assodiptioTheraTrac 2 [10] and VITEK AES [11].
rules relating to each other the susceptibility or resistaio WHONET 5 [12] is a database software for the management
different antibiotics of a bacterium. This knowledge digexy of microbiology laboratory test results. The software was
process is not antithetic, but complementary to the manwgveloped for the management of routine laboratory rebults
elicitation of rules from the NCCLS guidelines: it allowstho has also been used for research studies. The system focuses
to validate some of them and to extend them with new rulesn the analysis of data, particularly of the data resultimgnf
In this respect, the microbiologists have begun to be awhreamtimicrobial susceptibility testing.
new correlations among some antimicrobial test resultéchwh ~ GermWatcher [9] is an expert system that applies both local
were not noticed before. The new discovered rules are maned international culture-based criteria for detectintepbal
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nosocomial infections. Its knowledge base was obtained byShort term problems mainly regard the validation of an-
the analysis of some documents, written by CDC’s NNIS [13ibiotics test results according to international guide$. The
(Center for Disease Control, National Nosocomial Infettioquality of antibiogram results is critical because cliaits use
Surveillance), providing explicit culture-based and iclak them directly for therapy definition. The system should &hec
based definitions for the most significant nosocomial infethat all the necessary antibiotics have been tested and that
tions. the results of the tests are correct according to NCCLS rules
TheraTrac 2 [10] is designed to support the pharmacy in thée results can be wrong if they are not in accordance with
monitoring of the therapy proposed by clinicians and in thihe predictions based on the results of other antibiotics. F
identification of alternative therapies with better pemfiance example, Tetracycline is representative for all tetraogd: if a
and/or cost. The system provides automatic data transtir dracterium is found resistant to Tetracycline, then it isstasit
real-time, on-screen updates of alarm conditions. It diyecto all the tetracyclines, regardless of the results of tisesten
interacts with the VITEK Advanced Expert System (AES)hem.
[11], an expert system for antibiogram validation, that is Medium term problems mainly regard the monitoring of the
integrated in particular analytical instruments. AES iiptets patient status and of the infection evolution. Alarms stdé
the results of antibiotic susceptibility tests using a kiemlge raised in the case in which dangerous events are discovered
base that contains most of the known resistance mechanisbyscomparing the result of the current analysis with the ltesu
The AES system starts from the MIC (Minimum Inhibitoryof the previous analysis. For example, an alarm should be
Concentration) levels given by the instruments and classifiraised if a bacterium is found with a significant change in its
them into three levels: Susceptible, Intermediate andsS®edi antibiogram with respect to the previous test: this changg m

AES performs three main tasks: be explained by an error in the previous or actual antibiogra
« Biological validation: detection of antibiotic resistanc by a bacterium mutation or by a new bacterium infection.
phenotypes and technical error warnings. This event should immediately trigger a repetition of the

« Proposal of therapeutic corrections: possible user teitia antibiogram in order to verify the correct bacterium specie
modification of the classification of the result into Susand response. The clinician will react to this alarm by cliegig
ceptible, Intermediate, Resistant for enhanced predictiéhe therapy. Another alarm should also be raised if a bateri

of antibiotic efficacy in vivo. infection persists for a relatively long period (for exaefls-
« Therapeutic comments: recommendations based on ff&days): also in this case the actual therapy is not suitable
official NCCLS guidelines. and should be changed.

By analyzing the systems working in the microbiological Angther med!urr_w term problem is the |Qentlf|cat|on of
application field, we can observe the following problems. |nfect|qn transmission in the hospltal I(contaglon). Weehav

The WHONET system only performs statistical evaluatioRontagion when the same bacterium is found on two or more
of long term infection evolution inside the hospital and slog*@tiénts. In this case, the epidemiologist should be aleste
not take care of antibiogram validation, internationaldgui that he can try to identify the causes of the contagion: for
lines application, patient infection monitoring and caitm example incautious nursing or bad hygienic conditionsdiesi
detection. hospital wards.

GermWatcher only performs antibiogram validation, but it A long term problem is the one of identifying outbreaks of
does not raise any alarm regarding infection evolution, $ infection. An outbreak happens when the same bacterium
it gives the hospital personnel only a limited view of th€auses a number of new infection events significantly greate
nosocomial infections phenomena. than the normal. To this purpose, the number of infection

AES knowledge base cannot be modified by laboratoByYents found is compared to the number of events predicted
physicians. using statistical techniques. If the number of infectioosrfd

is above the predicted one, then an outbreak alarm is raised
IIl. THE MERCURIO S/YSTEM and communicated to the epidemiologist.

o L . . In Section IlI-A we briefly describe the medical knowledge
Ok.)JeCt'VeS of MERCURIO are the \{allc_jauon of m|crob|_- e have considered, whilg in Section 1lI-B we illustrate t%e
ological data and the real time monitoring of nosocom'%Yrchitecture of the system.
infection events. In particular, the system has to:
1) identify critical situations for a single patient (e.g.,
unexpected antibiotic resistance of a bacterium) or féx Knowledge Considered
hospital units (e.g., contagion events) and warn the The knowledge considered in MERCURIO consists of:

micr(_)biologist; ~_ microbiological data, strain data, antibiotic data, htapi
2) provide reports about the amount of nosocomial infegischarge forms and international microbiological latona
tions in the various areas of the hospital. guidelines.

In order to achieve these objectives we analysed the micro-1) Microbiological Data: For a microbiological analysis,
biological aspects and problems related to the treatmenttbé stored data usually includes: information about théepat
microbiological data inside a hospital in more details. As @ex, age, hospital unit where the patient has been adritted
result of this study we have identified some subproblemshvhithe kind of material (specimen) to be analysed (e.g., blood,
involve different time periods: short, medium and long termurine, bronchial aspiration, pus, etc.) and its origin (ttoely
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part where the specimen was collected), the date when thén the first phase, the raw data coming from the LIS are
specimen was collected and, for each different bacteriunansferred to MERCURIO internal database (TDMIN+) to be
identified, its species and its antibiogram. organized in infection events.

2) Strain Data: One of the problems that MERCURIO In the second phase, each infection event is analyzed by a
tries to address is the classification of the infecting biéte module that, starting from the bacterium species and antibi
into strains. The strain classification is important in erdeogram, classifies the bacterium in the corresponding strain
to correlate apparently different infection events whiale aAfter strain classification, each infection event is anaedys
instead caused by the same bacterium. MERCURIO construleys EMSIS that executes a first set of short and long term
a catalogue of bacterium strains considering the bacteridasts that will be described in greater detail in Section IV-
species and antibiogram as will be described in Section % Infection events, now enriched by ESMIS evaluations, are
B.2. This new information is used by MERCURIO in order tshown to the microbiological laboratory physician, who has
find cooccurrences among different infection events ashill to decide which is the correct bacterium antibiogram to be
described in Section IV-A. The system records the number fesented to the clinician for therapy definition and which
strains identified for each day, with respect to a hospitablwaalarms issued by ESMIS have to be shown to him/her. In order
or to the overall hospital. to try to reduce human and machine errors, every time the

3) Antibiotic Knowledge:Antibiotics are represented hier-microbiological laboratory physician changes an antibaogy
archically following the ATC5 specifications [14]. The ATC5result, the antibiogram is reprocessed by ESMIS. Such a
code specifies which active principle characterizes eaeh gmocess is described in detail in Section IV-A.
tibiotic. Other information recorded for each antibiotic the In the third phase, each infection event, now associated to
Daily Defined Dose (DDD), the cost of the DDD, the wayhe final antibiogram, is analysed by a statistical and rappr
of administration and other characteristics used by ESMIS module, described in Section IV-B, that generates someatepo
compute the list of the most effective antibiotics to use fand makes forecasts on infection trends in wards and in the
each infection. whole hospital. The infection event is then reprocessed by

4) Hospital Discharge Forms:For each patient admitted ESMIS that performs the long term tests.
into hospital, a hospital discharge form collects the feo  The fourth phase is not performed in daily routine but
ing information: patient personal data, identified patgas, only periodically, as scheduled by the laboratory manager.
clinical therapies performed and the hospital ward. Thiglki In this phase, described in Section V, knowledge discovery
of information is collected by every hospital because it iechniques are applied on a set of infection events in order
mandatory in Italy. to automatically elicitate new interesting knowledge to be

5) International microbiological laboratory guidelines: integrated in the ESMIS knowledge base.

The knowledge regarding the tests performed by microbiolog

ical laboratories has been elicited from NCCLS guidelirgs [ IV. MERCURIO MODULES

[8]. NCCLS guidelines are basically composed of: a list that

specifies antibiotics to be tested, a list that specifieumtic
test interpretation and a list of exceptions regardingi@aer
antibiotic test results.

In the following Sections, we go through a detailed descrip-
tion of each module and we describe the ESMIS expert system
in more detalils.

A. The ESMIS Expert System

MERCURIO collects the microbiological data from a Lab- ESMIS was built to SOIYG short, medl_um and long term
oratory Information Systems (LIS). MERCURIO has beeﬂro,bl,ems' Given a newly isolated bacterium and the related
adapted to work with two different LiSes: Italab C/S, de@ntibiogram, ESMIS solves three short term problems:
Ve|oped by Dianoema SpA [4], and the LIS deve|0ped by « validation of the culture results: the System finds untested
another company. The LIS collects the analysis results from but necessary antibiotics (rack test task), identifies im-
automatic analysers connected to the system or from manual Possible antibiotic results for particular species, arstiste
input. The data from the LISes are stored by MERCURIO common relationships among antibiotic results;
in an internal database, in which the information is coded * intelligent reporting of the most suitable list of antibast
following the most widely recognized international starisa the system associates a suitability to each antibiotic,
In order to let the system work with a particular LIS, the  obtained considering a number of features: cost of the
hospita| |ab0ratory manager has to provide the System with antibiotic, infection Site, bacterium SpeCies and h0$plta
a translation from LIS hospital codes to MERCURIO codes. Ward;

Once inside the internal database, the microbiologicairinf e issuing alarms regarding the newly isolated bacterium:
mation are analysed by several system modules, as shown in the system provides information regarding the bacterium,
Figure 1: an expert system called ESMIS, a statistical neodul ~ such as dangerous resistance (resistance to a particular
and a strain identification module. In the following sective last generation antibiotic) and multiresistant (bacteriu
will describe these modules in more details. resistant to more than one antibiotic).

The infection event processing inside MERCURIO involves Given a newly isolated bacterium and the related antibi-
four main phases. ogram, ESMIS solves two medium term problems:

B. MERCURIO architecture
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Fig. 1. Architecture of the MERCURIO system

« issuing single patient alarms: the system issues alaran#tibiotics (basic, advanced, specific and for urinary ttrac
considering the infection history of the patient. Thénfections), antibiotic subgroups (antibiotics with siamichar-
alarms are: acteristics) and antibiotic equivalences (antibioticghwihe

— polimicrobic population: if two or more bacteriumsame test result). The NCCLS compendium also contains notes
species were found in two different (consecutivedssociated to specific bacteria and/or antibiotics thaesemt
time points in the same sample material; exceptions to be considered during the antibiogram vatidat

— resistance acquisition: if the newly identified bactfor example, a difference between the “in vivo” and the *“in
terium is resistant to more antibiotics than the pradtro” results of an antibiotic against a specific bacterjum

vious one of the same species. All this data plus data regarding bacteria (single bacteriu
In the latter case the clinician could decide to modify thdata and bacterium classification) are stored in databakesta
therapy. ESMIS checks if changes are made to information stored in

« issuing hospital ward alarms: the system checks whettBfse tables, and, if it is needed, updates its knowledge bas
the same bacterium strain was found in the same wardiBrorder to be always consistent with them.
in different wards, i.e., whether a contagion has happened2) ESMIS implementationESMIS has been implemented

Given the set of bacteria isolated in the current day, ESMKSING an expert system programming approach. This artificia
solves the long term problem of identifying outbreaks of aitelligence technique has been applied to the medical field
infection. An outbreak happens when the same bacterii#ce 1980 [16]. In an expert system, also called Knowledge
causes a number of new infection events significantly greafé@sed System (KBS), knowledge about the problem is trans-
than the normal (the normal value is predicted using sizdist lated into special data structures and rules. An inferengane
techniques [15]). If the number of found infections is abov@Pplies these rules to the available data in order to produce
the predicted one, then an outbreak alarm is raised apRjutions.
communicated to the epidemiologist. In order to choose the best instrument for implementing

1) System Architecture and knowledge ba&sSMIS in- ESMIS, we evaluated three different tools described inideta
teracts with the environment in four ways: it checks foin [17]. The evaluation led us to choose Kappa-PC 2.4 by
changes in the configuration data (composed of antibiota, dalntellicorp [18] because it offers a good features/cosbrand
bacterium data, testing protocols), it imports a set of nghsimple and powerful programming language. Moreover, it
validated antibiograms from the database, it validatesethevorks in interpreted and compiled mode, can reason both for-
antibiograms, it issues alarms and returns evaluationk foac Ward and backward and communicates easily with databases
the database together with comments and explanations.-Mdfgough ODBC.
over, it presents this information to the laboratory per&n  As regards the ESMIS knowledge base, since the guide-
during the validation task. lines of the NCCLS compendium can change each year,

The NCCLS compendium contains a set of antibiotics 8SMIS rules are designed as templates: rules are general
be tested on a specific species divided in: main reportiagd are dynamically instantiated referring to databasgesnt
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that represent NCCLS guidelines. Therefore the rules can bel) MERCURIO database: The MERCURIO database
updated with the last guidelines version by simply updatiey structure is designed to store all the information regaydin
corresponding database table. Thus the need to have quialifidection events that are acquired in real time from diffeére
people continuously updating the knowledge is avoidedesintlSes. The database allows to associate infection eveat dat
it is sufficient to update NCCLS table entries which are storexccording to the typical design of a datawarehouse, to other
in the MERCURIO database. The following are examples afformation such as antibiotic knowledge, hospital disgea
rules present in the ESMIS knowledge base: forms and international microbiological laboratory guides
« There are two types of rack test rules: mainstream ru{described in Section 1lI-A). All the information is coded
and exception rules. according to the ICD-9-CM international standard [19]. As
— Mainstream rules verify if at least one antibiotic fronflescribed in Section IV-A, the international guideline® ar
each subgroup was tested. stored in the database in special tables in order to be used

— Exception rules are used to represent exceptionsig the ESMIS inference engine for dynamically instantigtin
the rack test specified in NCCLS document notegampjate rules.

One example is:

IF InfectionSite = "Urinary Tract” AND The DMBS used is Oracle 8.1 and the other modules use
Test ed( Er yt hr onyci n) _ ODBC to access the database.
TN oo e Y ol o " 2) Strain Identification ModuleOne of the problems that
MERCURIO tries to address is the classification of the in-
« Single patient alarms fectious bacteria in strains. Strain classification is intgoot

— For implementing the resistance acquisition test wia order to correlate apparently different infection egent

use the following rule: : .
Considering the patient infection history that instead are caused by the same bacterium. The most

IE Speci esOf Last Bacteria = precise classification method is the genetic analysis of the
Bact eri unSpeci es( | denti fiedBacteria) AND bacterium genome. Such an investigation, however, is iothyre
Resi st anceNun®f Last Bacteria < - .
Resi st anceNumcf NewBact eri a too costly, therefore the most common classification uses th
THEN  IssueAlarn("Therapy is failed! Bacteria antibiogram associated to the bacterium. According to this
has. ;P;Liiﬁef the nunber of antibiotic information, a strain is a combination of a bacterium specie

and a particular set of results in the associated antibiogFar
3) ESMIS reports and graphical user interfac€igure 2 a particular bacterium species, it may be necessary tdatestr
shows an example of ESMIS evaluation report in which wibe set of antibiotics (inside the antibiogram) to be used fo
find the results of the tests executed on a Staphylococcus Adentifying a strain. The strain identification module @olls
reus bacterium. For each modifications performed by ESMtBese considerations in order to analyze each isolated bac-
there is a reference to a note that contains the name of teeum and assign the relative strain to it. This new infaiiora
rule applied and its description. In Figure 2, an inconsisge is used by the other modules in order to find co-occurrence
arises between Netilmycin (belonging to the Aminoglycesidbetween different infection events.
antibiotic group) and Oxacillin. The validation note abthis This strain identification module is also used to improve
inconsistency is indicated by the referen®eV ALI1. the quality of the reports. In order to compute more effec-
Below the report, ESMIS shows the referenced notes, fge reports on the microbiological data, it is necessary to
example: . .
count each infection event only once. Therefore, the repeat
VALIDATI ON NOTE: NVALIL --> 10 ( Vali_Stafi_235) isolation in a short period of the same bacterium with the

If Oxacillin test result is Resistance (R) same or very similar resistance profile on the same biolbgica
then test results for Am noglycoside should ; ; : :
be Resistance too. The expected test result is R material collected from the same patient, is considered as a

single infection episode. The similarity function and fiite

This note shows the name of the activated rulggrameters are configured, by default, according to theeguid
Val i TSt afi 23.5, and the comment which describes it§nes provided by NCCLS, but they can also be configured
meaning. . _ _ ~according to particular hospital epidemiology guidelines

One important aspect of ESMIS is the interaction with the The Strain Identification Module can easily be modified in
laboratory personnel. The interaction has the followin@sai order to be adapted to the case where strains are identified by
to simplify the overall laboratory work, to help in findingmeans of genetic analyses. This will improve the quality of
antibiotic test errors, to help in the generation of repars he alarms and statistics produced by MERCURIO.
to aid in the early detection of dangerous infection eveft®  3) statistical and Reporting ModuleStatistical analysis is
microbiologist has the possibility of modifying each afic \ery important and widely used in medicine. In the microbi-
test result proposed by ESMIS. Each time she/he modifigggical field, statistics about infection frequencies aseful
a result, ESMIS is rerun on the new data to check for neiym two points of view: on one hand they can be used in
inconsistencies that may possibly arise. order to monitor the diffusion of nosocomial infections ove
time in the hospital, on the other hand they are a valid help
B. Other MERCURIO modules for clinicians to perform a first diagnosis.

The other modules of the MERCURIO systems are a The MERCURIO statistical and reporting module is very
database, a statistical module and a strain identificatiod-m rich and versatile: the users can compose their elabogation
ule. freely by selecting the target data and deciding how to aggre
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STRUM. ESMIS DER. TO RACK VALID. REPORT
REP.GRP. ANTIBIOTIC RES. RES. REPORT NOTE NOTE NOTE
C41 RIFAMPIN S S no no -= -= N REP1
B41 VANCOMYCIN S S no * -= -= -=
B21 CLINDAMYCIN R R no * - - -
B11 CLARITHROMYCIN R R no * -- -- --
- NETILMYCIN S >R< no * N RACK1 N VALI1 -
All OXACILLIN R R no * -- -- -
A21 PENICILLIN R R no * - - -
B31 SULFA/TRIMETH R R no * -- - -
- CLOXACILLIN - >R< * no -= -= N REP2
- DICLOXACILLIN - >R< * no - - N REP3

Fig. 2. Antibiogram results after ESMIS evaluation

gate this information and how to textually and/or graphyjcal hospital environment. For this reason, it was necessary to
represent it. For example, some interesting reports are thezify if the rules obtained from the NCCLS document are
following: representative of the local hospital infections and if ¢hare
« Prevalence: it measures the number of individuals of@her correlations in the local hospital infection datat thee
popu'ation that, in a given period of time' are aﬁ:ecteaoth not considered in the NCCLS document and unknown to
by a particular illness. Prevalence is useful to esteele€ microbiology experts.
the damage induced by an illness in a population, theln order to address these problems we have applied data
difficulties in the realization of a plan for a cure, or thénining to local hospital infection data. In particular, wavie
cost/benefit ratio of the plan before starting it; extracted association rules from data. Association rudéste
. Biological Materials or Origins Distribution / Bacteria:the susceptibility or resistance to different antibiotioseach
for every biological material or origin it represents thé@ther. The knowledge discovery approach here described is
distribution of bacteria isolated on it: not antithetic, but complementary to the elicitation of NCIC
« Bacteria / Antibiotic: for every isolated bacterium, it'ules: it proved to be very effective in validating some NCIL
represents the distribution of the achieved antibioti¢ te8/les and also in extending them by “discovering” new rules
results on it (susceptible, intermediate, resistant). not yet considered. The discovered knowledge has made the

All this kind of statistical elaborations may also be caateti Microbiologists aware of new correlations among antimicro
with other available information such as: sex and age Bf2! test results that were previously unnoticed. Moreover
the patient, information about the hospital ward and, wheR§W!Y discovered rules, since they take into account thetyis
available. clinical information. of the considered laboratory, are more tailored to the halspi

Some examples of aggregation are families of bacterﬂ?uaﬂpn’ 'and this is very impo.rtant since Some rgsisﬁmce
families of antibiotics and different granularities in éation to antibiotics are specific to particular, local hospitaViem-

origin sites. It is possible to start from big aggregatiorele ments. , . .
and dynamically increase the level of details following ailtd The discovered association rules have been transformed int

down” approach. alarm rules (through a syntactic transformation), theyehav
In addition to traditional statistics, predictive moddiased been confirmeq b_y experts and then used fo.r data validation in

on the analysis of historical time series of infection esentESMIS. Association rules describe correlation among event

have been used to identify the “normal” trend of infectioﬁmd can be regarded as probabilistic rules. Events aregcorr

events. The forecasts of these predictive models have bédfd” if they are frequently observed together. Good eXamp
used in cooperation with the reasoning performed by ESM[EM real life are databases of sales transactions. In Hee c
for identifying “abnormal” infection events and early idien the aim is to _fm_d Wh'Ch_ items are usually bought togeth_er
fying outbreaks inside the hospital. These predictive deéand to_use this information to develop successful marketing
may be modified according to particular local epidemiolbgiStrategies. o _

considerations and experience. The statistical and riegort Cven a tableT’, an association rule [20] is a rule of the

module is described in more detail in [15]. form
Al = UA17A2 = UAQ,...,AJ* =va; =
V. DATA MINING TECHNIQUES FOR THEMERCURIO
PROJECT Blszl7BQZUB2""7Bk):UBk
The NCCLS compendium has been built considering datehere A;, A, ..., A;, B, Bs,..., By, are attributes of the
regarding many laboratories around the world, so it costaitable 7" and va,,va,,...,v4,,VB,,VB,,---, VB, are values

general guidelines that may not be able to completely asdch that4, (vg,) belongs to the domain of the attributg
correctly interpret the infections developed inside aipaldr (By,).
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A recordr of T satisfies a conjunctiom; = vy4,, A2 = the consequent is complemented and moved to the antecedent)
va,,--.,Aj = vy, if all the equivalences are true given theepresents an abnormal situation. Wh€nandnot(Y") occur
values ofr. simultaneously, an alarm has to be raised because the value

The rule X = Y holds with support s in tablg" if and for Y should be true instead of false, whén is true. The
only if s% of records inT satisfiesX UY. The ruleX = Y  condition not(Y) is obtained in the following way: when
holds with confidence in table7" if and only if c% of records Y is a singleton condition, we consider the result for an
in T that satisfyX also satisfyY'. antibiotic in an antibiogram as two-valued, whekeis the

Given the tableT’, the task of mining association rulescomplementary value of and vice-versa. For instance, the
can be reformulated as finding all association rules with atarm rule produced from rule 1 is:
least a minimum support (Ca”eminsup and a minimum 1. Anoxi ci | i n+Cl avul ani cAci d=S, dindanyci n=S,
confidence (calledaninconf), where minsupand minconf are Oxacillin=R ==>
user-specified values. Of course, the higher is the support & & Macillin=s)
of a rule, the more general is the situation that the rule iswhenY contains more than one conditiomot(Y") is kept
representing. Moreover the higher is the confidence, therfevas it is. Usually general rules have high support and confi-
are the exceptions to the rule. In order to learn associatigence, while specific rules have low support and confidence.
rules for validating microbiological data, we have expdit
the WEKA system [21] (Waikato Environment for Knowledge .

Analysis), a collection of machine learning algorithms foP- Trivial Rules

solving data mining problems. It contains algorithms for In our experiments, described in Section VI-B, the number
performing classification, numeric prediction, clustgriand of discovered rules is about several thousands, while the
learning association rules. As regards association ralmileg, interesting rules are usually about a few tens: the number of

WEKA employs the APRIORI algorithm [20]. uninteresting or trivial rules is thus quite high and thegess
of identifying interesting rules among the trivial ones istg
A. Generation of Alarm Rules long. In order to solve this problem, we have developed a

f'gtering program, which can guide the microbiological estpe

curring in the database. The discovered rules are related"h;_OCUSIng on certg!n_ rules:o,\allov(\:/il_n.g the scte)legtmg of ﬂﬁ?t
each other according to the following generality relatinre sattl_sfy cferttaln (I:Otn |tl|)ons. con f|t||on. 'S IO talnet aSA?\IDBn1OR
R1 is more general than rule R2 if they have the same con§&tion of tempiates by means ol fogical operators '

guent, but the conditions in R2’s antecedent are a supefse Bd N&T. A ;[ﬁmpllaftte '_Z ar: eqt:atlmltrltbu_:g:valuegllatt must
those in R1's antecedent. For instance consider the foas ruP€ 01 te rght oriett side. in a template itis possioble ccﬂp_e
a set of attributes foattribute e.g., it is possible to specify

Generated association rules represent frequent patterns

below: . . L .
) Ao i 111 meQl avul ani cAci doS. O i ndamvei nes an equivalence of the forrfamily_of_antibiotics=value This
. + = = . . .. . .

froxderiiinrE avuiant eAcr a=s, M1 ndamyern filtering system allows to eliminate uninteresting rule$ an
) /?;zci Il : F':S O avul ani cAci d=S. Ol i ndamyei nes the basis of support and confidence but on the basis of the
. + =S, = . . . y : . . . .

Tri et hopr | meSul  anet hoxazol =5 cos microbiologists’ interests. This is very important sindee t
. mci I : In_:S O aval an cAc 425, Ol | ndamvel nes interesting rules may represent rare events and thus hawve lo
. + = = .

o e 111 nop oyl ant cAeta=s, &1 ndanyet n=s, support and confidence.

Oxaci | 1in=8 o i ) The filtering system has a graphical user interface that
4. Anoxi ci | | i n+C avul ani cAci d=S, C i ndanyci n=S, . din fi his i f Il h

Peni ci | 1in=R, Trinet hopr i mSul f amet hoxazol e=S is represented in figure 3. T is interface allows the user to

a:(> lines execute all the selections operations mentioned above.

acl 1 n=

(for the sake of sinplicity, we have omtted support
and confidence in the reported rules). VI. TEST OFMERCURIO

rule 2 and 3 are intermediate (and not comparable with ez@utomatic association rules extraction on 6 months data col
other). The most general association rules represent mordggted from the Clinical, Specialist and Experimental Méuk
and minimal patterns which occur frequently in the databadéepartment - Microbiology Section of the University of
After having extracted association rules, we found the md3elogna.

general ones, i.e., those that are not more specific than any he available dataset is composed of 368 antibiograms and
other rule. We then applied syntactic transformations ® thas the following features:

most general rules in order to produce alarm rules, to be used 367 positive samples (a sample is positive if a bacterium
in ESMIS for data validation. Abnormality, which we want has been discovered);

to capture in the data validation process, is represented by 35 different species;

antibiograms which do not satisfy some discovered rule, i.e « 8904 antibiotic test results available for the evaluatiobn o
they satisfy the antecedent of the rule but not its consequen the rack test task and of the intelligent reporting task;
(the implication is not true). Therefore, if an associatiate « 3638 antibiotic test results available for the evaluatibn o
such asX = Y represents the regular (and usually quite the validation task;

frequent) situation, the ruleX, not(Y') = alarm(Y) (where « 334 patients.
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Fig. 3. Rule selection graphical user interface

TABLE |

The classification provided by the expert is consideredas th
CONFUSION MATRIX

true classification. The confusion matrix contains four e

Classification by the system T'P (true positives) is the number of examples classified
I _ Positive Negative as positive by both the expert and the system (i.e. is the
True classification Positive TP FN - e .
(classification by the expert] Negative == ™ number of positive examples correctly classified as p@shiy

the system),F'N (false negatives) is the number of positive
examples erroneously classified as negative by the system,
The results of the rack test, of the intelligent reportingkta Fp (falsel po'|5|t|ve_,}_s) dls the nu _mbet; ofhnegatlve eg%?ples
and of the validation task are provided by a domain expeﬁrroneousy classitied as positive by .t e system

Such an expert is a microbiologist with a 30 year experienc@irue negatives) is the number of negative examples cdyrect

who works in a laboratory that is certified 1ISO 9001. classified 'as.r)egative by thg SYS tem.
The reliability of a classification system can be measured

using the four figures defined below [23].

A. ESMIS Evaluation TP
Accuracy = —————— D)
The ESMIS rule set is composed of; 9 validation mainstram TP+ FP
rules, 24 validation exception rules for the Staphylocsccu o TP
; S . Sensitivity = ———— (2)
species, 29 validation exception rules for the Enterobacte TP+ FN
riaceae species, 15 validation exception rules for the Pseu o TN
domonas and other non-Enterobacteriaceae species, & sing| Specificity = FPLTN ®)
patient alarm rules, 6 single analysis alarm rules and 1 False AlarmRate = 1 — Speci ficity @)

contagion identification rule.
Performance evaluations have been obtained for the rakike meaning of these four figures is as follows: the Accuracy
test, validation and intelligent reporting tasks. The hssaf (also called Precision) is the fraction of examples colyect
this test have also been described in [22]. The evaluatiolassified as positive over the total number of examples
results regarding each specific task have been aggregatkedsified as positive, the Sensitivity (also called Rééslthe
in four different performance indexes following an apptoacfraction of positive examples that are classified as pa@sitiv
similar to the one explained in [23]. These indexes are gettie Specificity is the fraction of examples correctly clsdi
erally used for characterizing the reliability of a clagsifion as negative over the total number of negative examples and
system. The various tasks performed by ESMIS can in fact ttee False Alarm Rate is the fraction of negative examples
considered as classification tasks. Consider, for exantipée, incorrectly classified as positive over the total number of
intelligent reporting task. This problem can be consideag@ negative examples. Accuracy, Sensitivity and Specificéyeh
classification task with two classes: an antibiotic whosilte to be maximized while False Alarm Rate has to be minimized.
is selected by the expert to be reported to the clinician is aln the rack test task a positive example is an antibiotic that
positive example, while an antibiotic that the expert sslechas not been tested but is considered necessary by the,expert
to be hidden from the clinician is a negative example. Thehile a negative example is an antibiotic that has not been
classifications performed by the system and by the domaested and is not considered necessary by the expert.
expert are compared and a confusion matrix is obtained (sedn the validation task, a positive example is an antibiotic
Table 1). result that has been changed by the expert while a negative
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TABLE I

1) Staphilococcus Aureus:The considered dataset for
CONFUSION MATRIX FOR THE VALIDATION TASK

Staphilococcus Aureus contains 7009 records having, among

_ESMIS the attributes, 41 different antibiotics. This dataset hasn
___| Positive | Negative filtered by removing useless anitibiograms, i.e., thosehiciv
Laboratory expert| Positive 132 8 . . e
Negatve | 2 3496 the bacterium was susceptible to each antibiotic (aparhfro
Penicillin, to which the Staphilococcus Aureus can be some-
TABLE 11l times susceptible and sometimes resistant). This filtehig)
CONFUSION MATRIX FOR THE INTELLIGENT REPORTING TASK been suggested by the microbiologists interviewed, andst h
reduced the dataset to 3734 records. We run WEKA with
ESMIS minsupequal to 0.1 and with decreasingjnconf The number
Positive | Negative
Laboratory experf| Positive | 2164 1475 of most general rules found was around 6500. Out of these, 10
Negative | 217 5048 are among the 27 rules that are present in the NCCLS report

(and in the ESMIS knowledge base) regarding Staphilococcus
Aureus. In particular, we have discovered the rules thatteel

example is an antibiotic result that has not been changekeby the results of the two classes of antibiotics Oxacillin and
expert. A positive example is considered classified as igesitPenicillin (when a bacterium is resistant to Oxacillin it shu
by ESMIS if the result is changed by ESMIS and the ne@iso be resistant to any kind of Penicillin), and the reaista
value is the same as the one chosen by the expert, otherwiggult for Oxacillin and Penicillin with B-lactamase inkibn

it is considered as classified as negative. (when a bacterium is resistant to Oxacillin it must also be

In the intelligent reporting task, a positive example is afesistant to any Penicillin with B-lactamase inhibitiotfor
antibiotic result reported in the final antibiogram by th@est instance, the following two instances of these generalsrule
while a negative example is an antibiotic result that is n¥¢ere found (the first has confidence equal to 1, the second
reported in the final antibiogram by the expert. equal to 0.99):

As regards the rack test task, we do not have negatiwewci!lin=R, not([Anoxicillin+d avul ani cAci d=R
examples, i.e., we do not have data regarding antibi_otigsarmfiﬂ'ni:'c::,“i:ffpg aval ani cAci d=R._Peni ci 11 n=R]
that have not been tested and that have been considered ' o
unnecessary by the expert. Therefore, the only meaning%?"‘ggf?{%;ﬁi o o ani cAGi 4=k Gef 1 axone=R
figure is Sensitivity. The expert added 49 test results and  Penicillin=R) ==>
ESMIS also added all of them so the system achieves 10098 ™ LITx o} 1| LR avul ant cASTA=R ceftri axone=R
for Sensitivity.

In the validation task the system achieved the following re- Furthermore, among the discovered rules, microbiologists
sults: 98.5% for Accuracy and Sensitivity, 98% for Spedifici have identified two rules which were not present in ESMIS
and 2% for False Alarm Rate. In Table Il the confusion matri¢nowledge base, but were considered relevant for ESMIS. The
for this task is reported. Note that FN include both the teldentified rules were (the first with confidence equal to 1, the
results incorrectly left unchanged by ESMIS and the resuf§cond equal to 0.99):
changed by ESMIS in an incorrect way (in this case 0).  Teicopl anin =S, Vanconycin =R ==>

In the intelligent reporting task ESMIS achieved an Acct* @ " Vancomyein =5)
racy of 91%, a Sensitivity of 60%, a Specificity of 96% and ganconycin =S, Teicopl anin =R ==>
False Alarm Rate of 4%. Table Il shows the confusion matrf¥ & M Te! cortanin =)
for this task. which relate the results of two (last-generation) antib®t

To summarize, the results obtained are very satisfactdr. T(i.e., Teicoplanin and Vancomycin) to each other.
executed test provided many insights to the experts too (we2) Escherichia Coli: The dataset for Escherichia Coli con-
discovered some mistakes made by them). tains 7165 records having, among the attributes, 25 differe

The only figure that is not very good is Sensitivity forantibiotics. The filtering process, the same as that used for
the reporting task (60%). This value is low since one of th®taphilococcus Aureus, reduced the number of records to
purpose of the system is to reduce the number of antibioB285. From these data, with minsup equal to 0.8 (and
results proposed to clinicians as much as possible. minconf equal to 1) around 3500 most general rules were

discovered. Among these, we did not find any of the 7 NCCLS
rules present in ESMIS for this micro-organism. Howeven tw
B. Experiments on association rules rules not present in ESMIS were considered relevant for the

Experiments on automatic association rule extraction ha%Stem by microbiologists:

been conducted on the bacteria: Staphilococcus Aureus, Exotaxime=sS, Ceftazidime =R ==>

cherichia Coli and Enterobacteriaceae. These experirhamts alarm(Ceftazidine =5)

been also described in [24], [22]. We have also experimentg]tazidime =S, Cefotaxi me=R ==>

the methodology that aims at helping laboratory physicians atarn( Cef ot axi me=5)

finding the most significant rules among the huge extractedThis couple of rules relates the results of two classes of
set. antibiotics to each other, i.e., Cefotaxime and Ceftaz&dim
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(when a bacterium is susceptible to Cefotaxidime it must alsask was performed by interviewing laboratory physiciams]
be susceptible to Ceftazidime, and vice-versa). With lowatso by using available documents and laboratory guideline
support, but withminconf still equal to 1, we have also During the first tests, the system achieved a time saving
discovered a rule already considered in ESMIS in accordarmie around 63% for each analysis request and a reduction
with the NCCLS compendium, the one relating the resistanoé around 20-25% of the overall number of analyses to be
to Piperacillin with the resistance to Ampicillin when themanually examined by laboratory physicians.
bacterium is isolated from the urinary tract. VALAB is a knowledge-based system, very similar to
3) EnterobacteriaceaeWe have also done further experi-DNSev, that performs automatic validation of the biochexhic
ments by considering four different bacteria belonginghe t analyses performed in a laboratory. VALAB intervenes in the
Enterobacteriaceae family: Enterobacter Cloacae, Kédlbsi last stage of the process before the results are transmitted
Oxytoca, Klebsiella Pneumoniae and Proteus Mirabilis. Tlwtinicians. VALAB goals are to reduce the time between the
considered dataset contains 3387 records having 28 differarrival of the samples to be analysed and the dispatch of the
antibiotics among the attributes. The filtering proces® tlvalidated results and to increase the reliability of theultssof
same as the one used for Staphilococcus Aureus, redueedlyses. VALAB rules deal with a set of biological variahle
the number of records to 2656. From this data, witlmsup or analyses. Each analysis is associated with a pair of Horma
equal to 0.68 (andninconf equal to 1) we have discoveredimits (upper and lower), within which the result must lier fo
around 2500 most general rules. Among the discovered rulpssitive validation. The expertise contained in VALAB asij
we did not find any of the 7 NCCLS rules present in ESMIthese normal limits from the initial value to a current value
for these microorganisms. However, we have found two rulésljusting these limits takes into account the age and seleof t
not present in ESMIS that were considered relevant for tisebject, and the result of other analyses performed. When all
system by microbiologists. These are the same as those fotimel factors have been inserted, and therefore the normias lim
for the Escherichia Coli: the rules relating to each other tthave been fixed, the result should be within these limits. If
results of Cefotaxime and Ceftazidime. With lower supporthis is the case, then the validation is positive, othenitise
but with minconf still equal to 1, we have also discovered oneegative. Other criteria are used by VALAB for analysing & se
rule already considered in ESMIS according to the NCCL& results. The complete set of criteria is associated with t
compendium, relating the resistance to Cefotaxime with tfiellowing parameters: extreme limits (limits outside wihithe

resistance to Cephalotin. values are unacceptable in all cases), reference limitstgliof
normality, adaptable to each case at hand), percentages abov
VIl. RELATED WORK which the difference between the present and previoustsesul
In this section we describe a number of systems that achié%,éjee_med S|gn|f|capt, chmcgl or thgrapeuﬂc informatiBach
some of the objectives of MERCURIO. biological _varlable is associated with these parametengy T
allow multiple checks to be performed on the results of agrou
of analyses.

A. Knowledge-based systems related to ESMIS Pro.M.D. stands for “Prolog system for the Support of Med-
We have found a lot of works concerning the application dé¢al Diagnostics”. With this system the laboratory phyaitis

a knowledge based approach to medical tasks. The mediable to convert his own theoretical understanding and efftci

expert systems described in detail in this subsection, amoblem-solving strategies into the rules of a knowledgseba

DNSev [25], [26], VALAB [27] and Pro.M.D. [28]. Pro.M.D. is characterized by a rule based, declarative know
The DNSev expert system has been developed by Dianoegtigje representation, the separation of the knowledge base

S.p.A. and DEIS - University of Bologna in order to supporand inference engine, a database and an explanation fanctio

the laboratory physicians during the validation process The most important part of knowledge bases are condition

biochemical analyses. In the biochemical laboratory of @ production rules in the formf[condition] then [action].

modern hospital, the quality of the results of analyses The Pro.M.D. Access System offers an automatic conversion

fundamental. In this respect, an important step in the @®& of the knowledge base into Access database tables and forms,

the validation, in which laboratory physicians check theutts used for data input by the user or filled with data received

of analyses in order to verify that no error has occurrednduri from the LIS. The Pro.M.D. inference engine delivers an

their production. interpretation text that can successively be edited if s&mey.
The objectives achieved by DNSev are: support of thEhe general explanatory report structure consists of faainm

validation of analysis results (medical laboratory exigerin text blocks: introduction, patho-biochemical characation,

the process is translated into rules and automaticallyiegplinterpretation and diagnostic suggestions. Each of thesia m

by DNSev), help for laboratory automation (checks that araodules is divisible into smaller modules. This tool is asso

usually manually executed are now automatically executed)ated with a particular knowledge notation techniqueechll

clarity (each raised alarm is documented in order to exptainNOTABENE.

to laboratory physicians), flexibility (new types of reasmn

can easily be added to the system by simply upgrading its . .

knowledge base), reliability (checks may be tailored togpet B. Systems exploiting data mining

characteristics), time saving and cost reduction. Durliregde- It is worth mentioning some works done in the microbio-

velopment of DNSev, the knowledge acquisition and elitat logical and medical field that apply data mining techniques.
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Previous work on the detection of data inconsistencies inAnother line of future research will consists in alternativ
patient records has been done by applying inductive legrniways of looking for interesting association rules among the
to a database of artherosclerotic coronary heart disease lparned ones. For example in [38] the authors propose a
tients [29]. In particular, confirmation rules for the ddiec method of learning association rules that contain a specific
of outliers are discovered by exploiting inductive methodg#em or children of a specific item in the hierarchy. In their
The authors also consider the application of descriptesetdia approach, the algorithm directly exploits the requireraent
classifiers. specified by the user for generating only the rules that spe
In [30], data mining techniques are applied to patient dathae constraints. In our work, first we generated all the rules
from several hospitals and over three years in order to discoand then we exploited a visual tool to quickly search for the
associations, e.g., among diagnoses and medical treamenteresting ones. It would be interesting to investigatethbr
with the purpose of enhancing medical quality managemerthe use of algorithm of [38] provides a better approach.
In [31], the system PTAH is presented. This system was
developed for the analysis of antibiogram data in order to IX. CONCLUSION
help clinicians in the prescription of antibiotics for theat-
ment of nosocomial infections. PTAH performs four types (ﬂ
analysis: resistance level over time, hierarchical chirsgeof

In this paper we have described the MERCURIO system that
as been developed by Dianoema S.p.A. and DEIS - University
L. A - ) of Bologna in order to help medical practitioners and clems
antibiograms, similarity of antibiograms and effectivenef in adopting appropriate policies for controlling nosocami

antimicrobials over time. infections. In particular, the objectives of this systera #re

In [32]’ the Qemographic clustering algorithm.that is €Nalidation of microbiological data and the creation of alrea
closed in [33] is applied in order to find interesting clustertime epidemiological information system

of antibiograms. L L i In order to achieve these objectives we have applied an
A related work which is also worth mentioning, is reportegXpert system, data mining and statistical techniques.

in [34],’ [35]’ where t.he.system D_MSS i‘?’ describ'ed. In DMSS MERCURIO is mainly composed of: an epidemiological
the mining of association rules is applied to microbioladic database, designed for storing epidemiological data; akno

data in order to automatically identify new, unexpected) an,yqe pased system, called ESMIS, used for real time vadidati
potentially interesting patterns in hospital infectiomsl gublic and monitoring; a statistical module, used for performing

health surveillance data. A bias (possibly subject to beghd statistical analyses and identifying outbreaks.

?n a cert:;in rr:umber of iFeratigns of (tjhe mir?ing procr:]e?s ESMIS has proved to be useful for laboratory physicians
|s|g|ve|? y the expirtsb!n order to rve tl € sr,]earc qfﬁ supporting them in the execution of the microbiological
rules. Er mst_ance_:, t el f'aﬁ mday spem(ij rutes that contg alyses and by helping them in avoiding dangerous human
a given bacterium In its left-nand part and resistance t0eson, ‘insiryment driven mistakes. In a test trial performed on
antimicrobial in its right-hand part. Data are partitionietb six month data, ESMIS reached very high Accuracy and
disjoint monthly sets prior to analys!s, so that _the temporg ecificity for the validation and the intelligent repoditasks.
trend of the confidence of rules discovered in success&é concerns the rack test task, Sensitivity was very good

m_or_1ths can b N comp_uted._ In this way, the system uses 9B executed test provided many insights to experts too (we
mining techniques to identify new, unexpected and intergst <o ered some of their mistakes)

temporal patterns for surveillance, being able to idendfy
increment, for instance, in the number of resistance resalt
a given antimicrobial for a given species.

Data mining technigues have been applied in order to auto-
matically discover association rules from microbiologidata
and to obtain alarm rules from them. The knowledge discovery
approach we have followed proved to be very effective in
VIIl. FUTURE WORKS validating part of ESMIS knowledge base (which is written
r;r_l accordance with NCCLS guidelines and with microbiology
xperts) and also in extending it with new validation rules,
onfirmed by the interviewed microbiologists, and peculcar
ghe considered hospital laboratory. The contribution a$ th
approach is therefore twofold: on one hand it provides a way
for making human experts aware of new correlations among
some antimicrobial test results that were not noticed previ
Egsly. On the other hand, it can be considered an automatic

In the future we plan to use algorithms for learning exte
sions of association rules in order to extend ESMIS knovxdeed§
base. In particular, we will consider generalized or migitiel
association rules: in this case, besides a database oftran
tions, also a hierarchy among the items is available. Theszef
the association rules that can be learned can contain irems f
different levels of the hierarchy. In the case of microbgtal
data, we could exploit a hierarchy among bacteria, amo
antibiotics and among infection sites and we could lea
association rules that establish a relationship amonglifsni
of bacteria, families of antibiotics and families of infiet . . . .
sites. This rule will represent more general knowledge thapecles we achieved interesting results.
can be incorporated into ESMIS.

In order to learn learning generalized or multi-level agsoc
ation rules we will exploit the algorithms that have recgntl This work has been partially supported by Dianoema
been proposed [36], [37]. S.p.A. under MURST [39] (Ministero dell'Universita’ e

ethod for validating and possibly extending the knowledge
ase of an expert system in the microbiological domain. én th
experiments performed using this approach on some bacteria

ACKNOWLEDGMENT



TRANSACTION ON INFORMATION TECHNOLOGY IN BIOMEDICINE, VOL. 10, NO1, JANUARY 2006

13

della Ricerca Scientifica e Tecnologica) project TDMIN (n24] E. Lamma, M. Manservigi, P. Mello, A. Nanetti, F. Riguzznd
23204/DSPAR/99). The authors would like to thank Giovanni
Pizzi, Marco Manservigi, Gianluca Poli and Leonardo Maes-
trami of Dianoema S.p.A. for their help.

(1]

(2]

(3]

(4]
(3]

(6]

(7]
(8]
(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

(17]

(18]
[19]

[20]

[21]

[22]

[23]

REFERENCES (25]
R. Lewis. (2005) The rise of antibiotic-resistant infiens. [Online].
Available: http://www.fda.gov/fdac/features/7@tibio.html

M. L. Moro, C. Gandin, A. Bella, G. Siepi, and N. Petrosill'Indagine
conoscitiva nazionale sulle attivit di sorveglianza e colid delle
infezioni ospedaliere negli ospedali pubblici italiaristituto Superiore
di Sanif, Tech. Rep. ISTISAN-01/4, 2001.

A. Paxton. (2005) Staying a step ahead of nosocomial fitfes.
[Online]. Available: http://www.cap.org/html/publicatis/archive/feat
799.html

(2005) Dianoema s.p.a. [Online]. Available: http://wwdianoema.it

E. Lamma, G. Modestino, F. Riguzzi, S. Storari, P. Mello,dan
A. Nanetti, “An intelligent medical system for microbiologic data
validation and nosocomial infection surveillance,Rroc. 15th Interna-
tional Conference on Computer Based Medical Systems (CBM3)2
Maribor, Slovenia, 4-7 June 200P. Kokol, B. Stiglic, M. Zorman, and
D. Zazula, Eds. Los Alamitos, California, USA: IEEE Pressnelu
2002, pp. 13-20.

A. Balows, W. J. Hauser, K. L. Herrmann, H. D. Isenberg, &hdJ.
Shadomy,Manual of Clinical Microbiology Washington: American
Society for Microbiology, 1991.

(2005) National committee for clinical laboratory stard (NCCLS).
[Online]. Available: http://www.nccls.org

Performance Standards for Antimicrobial Susceptibiligsfing Ninth
Informational Supplement, M100-S9 19(1), NCCLS, 1999.

M. G. Kahn, S. A. Steib, V. J. Fraser, and W. C. Dunagan, “An
expert system for culture-based infection control sutaede,” inProc. [31]
Symposium on Computer Applications in Medical C&e Safran, Ed.
New York: McGraw Hill, 1993, pp. 171-175.

Biomerieux. (2005) Theratrac. [Online]. Availabletp{/www.theratrac.
com

——. (2005) Vitek. [Online]. Available: http://www.bimerieux.com
(2005) Whonet 5 - microbiology laboratory database safawv
World Health Organization. [Online]. Available: http:Aww.who.int/
drugresistance/whonetsoftware/en/

(2005) Center for disease control national nosocomiafledtion
surveillance CDC NNIS. [Online]. Available: http://wwvdc.gov/
ncidod/hip/SURVEILL/NNIS.HTM

Anatomical Therapeutic Chemical (ATC) index with DefinedilDa
Doses (DDDs) World Health Organization Collaborating Centre for[34]
Drug Statistics Methodology, 2002. [35]
G. Cellarosi, S. Lodi, and C. Sartori, “Detecting owthks by time series
analysis,” inProc. 15th IEEE Symposium on Computer-Based Medical
SystemsP. Kokol, B. Stiglic, M. Zorman, and D. Zazula, Eds. Los[36]
Alamitos: IEEE Computer Society, 2002, pp. 159-164.

E. H. Shortliffe, Computer-based Medical Consultations: MYCINew

(26]

(27]

(28]

(29]

(30]

(32]

(33]

York: Elsevier, 1976. [37]
E. Lamma, P. Mello, A. Nanetti, G. Poli, F. Riguzzi, and Sor&ri,
“An expert system for microbiological data validation andwaillance,”
in Proc. 2nd International Symposium on Medical Data Analy{t®& [38]

MDA2001) Madrid, Spain, 8-9 October 200der. LNCS, J. Crespo and
F. Maojo, V.and Martin, Eds., no. 2199. Heidelberg, Germ&pringer
Verlag, Oct. 2001, pp. 153-160.

(2005) Intellicorp inc. [Online]. Available: httpuAvw.intellicorp.com
ICD-9-CM, Center for Disease Control Std. [Online]. Available:
http://Iwww.cdc.gov/nchs/icd9.htm

R. Agrawal and R. Srikant, “Fast algorithms for mining @gation
rules,” in Proc. 20th International Conference on Very Large Data
Bases (VLDB'94)J. Bocca, M. Jarke, and C. Zaniolo, Eds. Morgan
Kaufmann, 1994, pp. 487-499.

I. H. Witten and E. FrankData Mining - Practical Machine Learning
Tools and Techniques with Java Implementatio@an Francisco, USA:
Morgan Kaufmann, 2000.

E. Lamma, F. Riguzzi, S. Storari, P. Mello, and A. Nanéfiscovering
validation rules from micro-biological dataNew Generation Comput-
ing, vol. 21, no. 2, pp. 123-134, Feb. 2003.

N. Lavrac, “Machine learning for data mining in medicih& Proc.
Artificial intelligence in medicine (AIMDM) ser. LNAI, W. Horn,

Y. Shahar, G. Lindberg, S. Andreassen, and J. Wyatt, Eds.1620.
Berlin: Springer Verlag, 1999, pp. 47-64.

(39]

S. Storari, “The automatic discovery of alarm rules for thidedion of
microbiological data,” inProc. 6th Internationl Workshop on Intelligent
Data Analysis In Medicine And Pharmacology (IDAMAP2Q01)
R. Bellazzi, B. Zupan, and X. Liu, Eds., London,UK, Sept. 200p.
1-7. [Online]. Available: http://magix.fri.uni-lj.si/@map2001

M. Boari, E. Lamma, P. Mello, S. Storari, and S. Monesi, “Axrpert
system approach for clinical analysis result validatiom Proc. Interna-
tional Conference on Atrtificial Intelligence (ICAI20Q0®). R. Arabnia,
Ed. CSREA Press, 2000.

S. Storari, E. Lamma, R. Mancini, P. Mello, R. Motta, D. ieab,
and G. Canova, “Validation of biochemical laboratory resuising the
DNSev expert systemExpert System With Applicatipmol. 25, no. 4,
pp. 503-515, 2003.

X. Fuentes-Arderiu, M. J. Casteiras Lacambra, and M. T. Panadero-
Garca, “Evaluation of the VALAB expert systentur. J. Clin. Chem.
Clin. Biochem,. vol. 35, no. 9, pp. 711-714, 1997.

C. Trendelenburg, O. Colhoun, A. Wormek, and K. L. Massey
“Knowledge-based test result interpretation in labonataredicine,”
Clinica Chimica Actavol. 278, pp. 229-242, 1998.

G. Gamberger, N. Lavrac, G. Krstacic, and T. Smuc, “IncsiBacy
tests for patient records in a coronary heart disease dadbm
Proc. 5th Workshop on Intelligent Data Analysis in Mediciaad
Pharmacology (IDAMAPOQ)N. Lavrac, S. Miksch, and B. Kavsek,
Eds. Workshop Notes of the 14th European Conference on
Artificial Intelligence (ECAIO0), 2000. [Online]. Availde: http:
Ilwww.ifs.tuwien.ac.attsilvia/idamap-2000/

W. Stuhlinger, O. Hogl, H. Stoyan, and M. Muller, “Inliglent data
mining for medical quality management,” iRroc. 5th Workshop on
Intelligent Data Analysis in Medicine and Pharmacology AIWAP00)

N. Lavrac, S. Miksch, and B. Kavsek, Eds. Workshop Notes ef th
14th European Conference on Atrtificial Intelligence (EC#),02000.
[Online]. Available: http://www.ifs.tuwien.ac.atkilvia/idamap-2000/

M. Bohanec, M. Rems, S. Slavec, and B. Urh, “PTAH: A systiem
supporting nosocomial infection therapy,” intelligent Data Analysis
in Medicine and PharmacologW. Lavrac, E. Keravnou, and B. Zupan,
Eds. Kluwer Academic Publishers, 1997, pp. 99-111.

E. Lamma, M. Manservigi, P. Mello, F. Riguzzi, R. Serra,dan
S. Storari, “A system for monotoring nosocomial infectiongy
Proc. ECAI2000 Workshop on Intelligent Data Analysis in Mat
and Pharmacology (IDAMAP-2000), Berlin, 20-25 August 2000
N. Lavr&, S. Miksch, and B. Kaek, Eds. Berlin, Germany:
ECAI Workshop Notes, Aug. 2000, pp. 17-19. [Online]. Avhia
http://ai.ijs.si/Branax/idamap-2008cceptedPapers/Lamma.pdf

(2005) Intelligent miner. IBM. [Online]. Available: tg://www.software.
ibm.com/data/iminer/fordata

(2005) DMSS. [Online]. Available: http://www.medminedm

P. A. Hymel and S. E. Brossette, “Data mining-enhanceediibn con-
trol surveillance: Sensitivity and specificity,” iRroc. Annual Meeting
of the Society for Healthcare Epidemiology of Ameri2801, poster.

R. Srikant and R. Agrawal, “Mining generalized asstioia rules,”

in Proc. 21th International Conference on Very Large Data Base
(VLDB'95), 1995.

J. Han and Y. Fu, “Discovery of multiple-level assoatirules from
large databases,” iRroc. 21th International Conference on Very Large
Data Bases (VLDB’95)1995.

R. Srikant, Q. Vu, and R. Agrawal, “Mining associatiares with item
constraints,” inProc. 3rd Int’l Conference on Knowledge Discovery in
Databases and Data Mining (KDD97)1997.

(2005) MIUR. [Online]. Available: http://www.miur.it



TRANSACTION ON INFORMATION TECHNOLOGY IN BIOMEDICINE, VOL. 10, NO1, JANUARY 2006

Evelina Lamma Ph.D.: She is Full Professor at the g
University of Ferrara, where she teaches Artificial
Intelligence and Fondations of Computer Science
She graduated in Electrical Engineering at the Uni;
versity of Bologna in 1985, and attained her Ph.D.
in Computer Science in 1990. Her research activity
centers on logic programming languages, artificial
intelligence and agent-based programming. She we
co-organizer of the 3rd International Workshop on
Extensions of Logic Programming ELP92, held in
Bologna in February 1992, and of the 6th Italian
Congress on Atrtificial Intelligence, held in Bologna in Smpber 1999.
She is member of the Italian Association for Atrtificial Intgince (Al*IA),
associated with ECCAL.

Paola Mello Ph.D.: She is Full Professor at the
University of Bologna, where she teaches Artifi-
cial Intelligence and Foundations of Computer Sci-
ence. She graduated in Electrical Engineering at the
University of Bologna in 1982, and attained her
Ph.D. in Computer Science in 1988. Her research
activity centers on knowledge representation, logic
programming, artificial intelligence and knowledge-
based systems. She was co-organizer of the 3rd Inter-
national Workshop on Extensions of Logic Program-
ming ELP92, held in Bologna in February 1992,
and of the 6th Italian Congress on Artificial Intelligencesldhin Bologna

in September 1999. She is member of the lItalian Association faficlal
Intelligence (Al*1A), associated with ECCAL.

Anna Nanetti Ph.D.: She is Assistant Professor
in the Microbiology section of the Clinical, Spe-
cialist and Experimental Medicine Department of
the Faculty of Medicine and Surgery, University of
Bologna. She graduated in Biologic Sciences at th
University of Bologna in 1974.

Fabrizio Riguzzi Ph.D.: He is Assistant Professor

at the Department of Engineering of the University
of Ferrara. He graduated in Computer Engineering
at the University of Bologna in 1995 and attained
his Ph.D. from the University of Bologna in 1999.

He joined the Department of Engineering of the
University of Ferrara in 1999. He has been a visiting
researcher at the University of Cyprus and at the
New University of Lisbon. His research interest

include: data mining (and in particular methods for
learning from multirelational data), machine learning
and software engineering.

14

Sergio Storari Ph.D.: He is a Technician at the
Department of Engineering of the University of Fer-
rara. He graduated in Electrical Engineering at the
University of Ferrara in 1998 and attained his Ph.D.
from the University of Bologna in 2004. His research
activity centers on artificial intelligence, knowledge-
based systems, data mining and multi-agent systems.
He is member of the Italian Association for Artificial
Intelligence (Al*1A), associated with ECCAL.

Gianfranco Valastro He is the Technological Re-
search Manager in Dianoema S.p.A. He has been the
project manager of TDMIN and MERCURIO. He
graduated in Electrical Engineering at the University
of Bologna in 1983. From 1986 to 1997 he worked
for the ENI group where his research activity was
centered on neural networks, connectionist models
and parallel computation on MIMD Architecture. In-
side the “ADIS” project for “Oil Well Drilling moni-
toring and control”, he has been the project manager
for the “Signal Analysis in Oil Well Drilling using

Neural Networks and Mathematical Models”.



