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Abstract. Adverse events in organizations are more than a serious concern. Over the last
fow vears the awaroncss of this problem has raiscd and different organizational solutions have
been tried. We focns on the problem of managing operational and clinical visks, in terms of
evernds Lhat inlhaence the soecess of service delivery, This paper B abmed ol proposiog risk
management as the basic methodological approach to deal with adverse events and risks.
We propose Bayesian networks (BNs) to assess risk profiles given a context of application
el benclunarks by Bayesian decisional theory to evaluate the profiles, Lo defining the
accepability of then.

The b biend Bs dleseribed bolleat o heoreteal amd an empirical level, Danks G its application
to health care (haemodialvsis departient) and banking field, The oceurrences of these top
events are modeled by Bayvesian networks which gather posterior risk profiles for each patient
or banking business line. The comparison of them with o eeference risk peefile is inpot Tor
dewision making. BNs augmentod wille decisional nodes and seenario analysis complets (e
risk management process. The ultimate goal s Lo improve risk profile and, consequently,
service supplv guality in the organization.

EKEeyvwords: Bayesian network, Distance measure, Bayesian decision theory, Risk
management, Risk assessment, Predictive risk profile, Operational risk, Clinical
risk

1 Imtroduaction

Nowadays nlormation techuology woniloring sysiews collect larpe masses of data by close liwe

windows (.o, hours, minutes, sceonds). Fach application context needs of informations on which
risk mansgers periodically assess risks. The dyvamie natore of rsks and the lack of some key infor-
mations requive to extract all available knowledges through the merging of dilferent data sources.
cog. coming from eomsortia, self-assessment of cxperts and internal collection. A risk s defined
as a4 sel of seewarios. each of which comwbines nncertainly awd exposure, quantified by probabilily
of the frequency with which an cvent might take place {uncertainty about the frequency) and by
probability of the severity of the consequence (uncertainty abont the severity of the consegnence ),

Among soveral risk categories this paper focuses on operational and clinical risk, Operational
risk [OR) involves all activities with o poor organizational control environment and the term
slresses the role of pertainiug Lo Lhe delivery ol services [1, Alexander {2003)]; heallh care orga-
nizations [HUOs) emphasize the vole of the particular service supplicd, i.c. the funetioning of the
Bacility. the health care delivery foonsing on patient salety, and iotrodiee the clinieal risk term
(CR} [10, Lorton (2005]].

Internal and external industrial ervdironments, snch as new activities or machineries, service
supply processes, markets or customer (also patients] modify quickly risk business profiles; the
risk manager has to foreeast adverse events and to detect the anaceeptable visks. Farthermore, to
[orecast possible barmlul evenls and Lo activale conlrol syalems Lhe dala have Lo be updale oo
horizon time.

[ ihe present work we intend 4 methodology for the evaluation of operations] and elindeal risk
profiles, useful for different business domains, The method will be deseribed both at the theoretical
level and empirieal ome, involving health eare and banking felds as examplos.
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This paper 15 strnelured as lollows: in Seclion 2 we inbrodoce some echinieal concepls oo risk
management process and its phascs embedded into a Bavesian framework; in Section 3 we proposc
Bayesian Networks [HBNs) fo assess visks, measnres of distanee, and Bavesian decision theory to
evaluale poslerior risk proliles, In Section 4 we present the application ol the wethods Lo assess Lhe
risk level of single patients through available data: finally Section 5 summarizes the most important
resilis

2 Risk management process and risk profile assessment

RHisk mamagement is the reduction of the frequency and for of the impact of a negative event cansing
damage and adverse effects, International and national organizations propose many fuldelines to
realize o correct and officient visk managemoent. Among thom, the framework of onr research s
based on the reconnnendaslions awd (he lechuiceal reporis of the Tlalian ealibieare Department
“Ministero della Salute”™ [5. Commissione Teenica sul Rischio Clinico (2004)] and of the “Bascl
Clommittes om Banking Supervision™ [, (2004)].

Tisk manapement s the process of weasuring, or assessing risk and developing slralegies Lo
manage it. Strategics include transferring the risk to another party, avoiding the risk, reduocing
the negalive effect of the risk, and accepliog sowe or all of the consequences of & particonlar risk,
The above clements compound the risk management process. In particular, it comprehends two
aspects: assesstnent and control. On its b, clindeal and operational risk assessment involves risk
anealysis and sk evaluation (rvisk aversion, lor owr purpose]. The lonner is (e syslewalic use of
available data sources to identify OR and CH and estimate thom: risk analysis inclodes the choiee
of a methodology given the context (eg. [IOO, banking, department. business line, customer or
paticnt}; the latter is the judgment, on the basis of risk analvsis and envirooment, of whether a
risk is acceptable (for example, throngh cost/benefit analysis or onteome resnlts versns targets ).
Whenever a risk is not acceplable, i is pecessary Lo lake decisions, o ocder Lo avoid il or Lo
reduce its probability. This phase is defined risk control. Risk measurement is the risk managoment
kernel becanse all practical applications. sneh as actions, limits and benchimarks, depend on Lhese
estimations,

T'he previons key coneepts ean be emploved to assess visk profiles for the patients and the BL
and Lo estimate an overall risk assessiwent of the elinieal centre or baok; 1hese risk profiles (ie,
the most critical failures for clinical and operational target) will allow to define decision support
strategies (6, Cornalba CL (2006)] able (o minimise risks.

Our objectives may be realized using different models, each of them with advaotages and
drawhacks. Generalized swrvival models (11 MeCulloch et sl (2000)] are not adequate for eatehing
Chs and Ols. alibough they are approaches applied o biostatisties Lo eslimale relative risk (IRIL).
Thev lack of severity of impact. a necessary condition to estilmate risks., Probability theory and
graph theory merge into graphical models which are a natural tool for dealing with aneertainty
and complexity of risks. Maoy prior koowledge represenlalions are available, such as decision lee
and artificiad neural network, rule bases—model, and Bayesion nefwork, Thanks to its modularity,
a praph based wodel splils complex syvstem inlo simpler combined parls depicling (he domsaion
and the specific goals (more then one is possible). Newral networks and Bavesian networks are
graphically more similar then decision trees, althongh nenral networks do oot organize decision
problews i a convenienl way, A decision Leee picks oul cansal ellect relationships belween inpuls
(explanatory variables) and outeome, but not among inputs.

Bayvesian theory wses all the available information, sven if that mformeation cames from sonrees
citside the cxperiment. The Bayvesian posterior depends on data only through the likelihood, which
is eslenlated from veal dati (e actually observed ). Hayesian methods are often recommended as
the proper way Lo wake formal vse of subjective lnlormation such as expert opinion {physicians or
banking cxperts]. prior knowledge from the literature and organizasion judgments (guidelines and
recotmmendations) or beliels of an expert.

Because of the above drawbacks we chioose the Bayesian approach. Risk analysis may employ
Bayesian moethods in threo ways.
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They are werely tools Lo selecl or paramnelerize fnpul distribulions lor a risk model, The risk
model tvpe and the overarching decision process are developed without appeal to Bayvesian
et hods.

They are applied Lo estinele visk distribulions, This use solves a pact of the risk wanapemenl
priocess: the decision aspects are not dealt by the Bayesian analysis.

— They are nsed as s complete system for dnference and decision making, taking in conunt that
among rational and coherent decizsions the best one to solve a problem belongs to set of Bayvesian
decisioms |14, Wald (1950)]. ' The Bayesian approach is used to reslize the whole visk management
PrOCess,

In the present rescarch we express and solve clinical scientific and business povernance purposcs
within a Ml Bayesian fromework. as i the third deseribed before. Among the possible Biposian
melthods we employ Bayesian Networks [9, Jensen (2001)], hence they are particularly suited [or a
large nomber of target variables and introducing of decision theory.

3 Bayesian networks learning from clinical and operational data
streams

The Bayesian approach is functional in complex modelling situations where a frequentist analysis is
difficnlt to fmplement or does not exist; target variables (e top events, e mortality or extemnal
[rawd) wsually have got sparse data in comparison with explicative variables, Baves' Theorem
formalizes the merging of different knowledgzes. to solve the provions issme.

Letoe = (o, ... oo ) 8 vector of nobservations whose probabilily distribulion p(z|0) depends ou
the valucs of & parameters o = (#,.... ). Let p{#) the probability distribution of the parameter
#. Then, given the observed data 2 the conditional distribntion of # is:

ﬁ{Z-!ﬂ‘Jn[t“J_

plid]e) — o) (1)
We can write:
) S iy [ plz. t)p(i)dd for o continuous )
p(z) — Efp(z|0)] — " — {Zp{z.'ﬁ]p{'ﬁj for i diserete (2)

where the sum or the integral is taken over the admissible range of &, and Ei-) is the mathemat-
il expectation of F{#) with respect to the distribution p(#). Thns we may write equatiom (1)
allernatlively as

pldls) = cp(=|0)pl0). (5]
The statement of equation (1), or its cquivalent cquation (3), is usuallv reforred to as Bayes
Theorem. In this exprossion. p{@). is called prior disteibution of . or the distribmtion of & a prior
and it tells us whal is koown aboul @ withoul koowledge of the data, Correspondingly, pilz), is
citlled the posterior distribution of 8 givem 2 or the distribution of 8 o posteriont and it tells s what
is konown aboul @ given koowledge of dala, © The quaniity ¢ 5 werely s “normalisiog” constant
necessary to ensure that the posterior distribution p(#|z) integrates or sums to one,

The main ssnes to implement empivically risk management process wsally are representiod
by high dipensional disteibutions, lacking ol data and decision aspects, Furibermore, the Loge
number of variables docs not allow to nse computational shorteuts: sraph maodels implemented
it softwire programs may be able to solve the problem nsing computer—intensive methods. BN=s
arc particularly suited to manage poor data of OR and CR target variables; they allow clearly to
express the relatiomships (ares) between the wariables (nodes) and to lean visk profiles from the
available dala or prior inlormation, Turibermore, they may add konowledge on the dependences
amomg adverse events and their canses (e human factors. phase of the process) and help to
wminimize risks |7, Cornalba et all (2004)) 1o perforin risk assessment and the risk evaluation.

Formally, a BN joint probability distribution for a set of varialles X={X,, ..., Xy} is defined
by the pair (5. F). where
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S 15 a pelwork siruclure that encodes a sel ol condilional dependences among variables in X;
5 has to be DAG, Dirccted Acyelic Craph;
— Fisaoset of loeal probability distribmtions one for each variable.

The compact representalion of the joint probability distribution is

¥
ol e itn) —Hﬂi-‘i‘:dms}' (4)

=1
whore:

— pn; denotes the parents of node X
plalpe, ) denoles the local probabilily distribdion of (e variable X conditionally oo ils
Jrarcnts.

Prohabilisticallv. a variable is indepoendent of its ancestors conditional on its parents; the conditional
independence property 35 known as Markow property, Given its parents and its children, & variable
is conditionally Independent of all other varialles,

o compact onr reprosentation U = ple. oo Ty ) W may constrain lnls among variables:
the sinplest conditional independence relationships encoded in a Bayesian petwork can be stated
as follows: a node is independent of its ancestors given its parents, where the ancestor/parent
relationship i3 with respect to some [xed topological ordering of the nodes |12, Russell ef sl
(1995]]. The joint probability distribution is caleulated using the chain rule and tacking in count
omly the probability distribution of the sot of parents pa{ A;) of A,

pllih) = HP{.-’LlthI[:lg]}. (5]

Hisk amalysts make nse of loming to specify the graph topology (5) and the parameters of wach
conditioual probabilily disteibulion. In pariicular, the lopology way be konown or uonkoown: they
mayv st deterministically causal relationships and then learn new probabilistic relationships from
data; on the other hand, they weay learn the whole network topology fromn data. From a stalistical
point of view, the first approach 5 computationally more efficient since it restricts the number
of possible topologies and it specifies the algorithms that may be implemented (cg. Maximam
Likelihood Tatimalion, Expectalion-Masimisalion, search (hrongh wodel space or s wix ol them);
the second one reduces subjectivity fitting topology only on data, but learning structure is much
harder than learning parmneters, especially whenever there are missing data or hidden nodes,
Fronmn & medical and banking point of view, the fist approach allows Lo visualkee relationships and
canses generating an event: the sccond ome is harder to apply mainly for wlidation ditfienlty of
wew relalionships.

3.1 Distance measures and benchmarks for posterior risk profiles

suppose that causality aspects, simplifications of the models through mediating variables and foed
back cyeles are sobved: we have a lmited moober of stroctares among which we have to choose
the best siruclure by polhesis, To validate Lopology and Lo compare postecior risk proliles some
measure of distance may be cmploved.

Using knowledge € = {guidelines, liferature b and model selection (9, Jensen (20001 we can
minimize the number of possible topologics to submit to cxperts: this requircment is introduced to
aveid situation too specific in which experts are not able to express ressonable estimates comeerning
the struclure hypolhesis P(S").

To cstablish the eredibility of models and select one of them an aceeptance measure [9] may be
appliedl. The messnre Likes into acconnt the trade-ofl betwesn the size of 8 maodel and the distance
between the “true” distribution and the approximated ope by the model. It assesses a score of
aceeptability which gives o comploete order among the hvpothesis.
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Let M be a Bayvesian Nelwork with a sel of variables [T For esch variable A wilh parents pa(4)
we define SplA) to be the number of entrics in P{A|palA)), and the size is

Size(M) = > Sp(A). (1)
Acl!

Let € be the set of contiguration over U7, Let I denote a “true” distribution over [7 taken from the
sample of database of cases. Let A be the 4 camdidate Bayesian Network for PLoand let B be the
Juint probability distribution determined by M. To compare the two disteibutions two measures
are possible (see Gindici [8. (2003)]):

I. the Fuclidean distance
Disig(P,F) = Y (P(x)— Pi(x))% (7)

ol N

2. cross entropy

; P(x)
Diste( PP} = — ;: Plx)log 505 (8)

We have to choose the BN which minimize the acceptance measure:
Ace( P M) — Size( M)+ kDist( P, F;) (9)

where b 15 a positive real number,

IMenee Lhe best fopology of BN is selected, 1he posterior distribmiion s emploved as inpul o
risk analvsis to asscss the risk profile for cach paticnt, department or business line. In banking and
health cire domains no benchmarks or reference valnes abont acceptability of risk are available,
allbough they are the starl poiol lor every risk assesswenl and decision on econtrol, Herein, we
assume cxpoerts and managers evaluate and judge the acceptability of the visk comparing the risk
profile of au expecied patienl jor BL) with thal of our patient (or BL). In praclice, a relerence
profile is assesscd on prior belief and supposed to be an cxpected one: the current risk profile for
einch patient (or BL) s picked ont by bateh leswrning. The distanes between themn evaluates the
level of risk [or a patienl or depactuent.

Lel the domain be the heallh care leld aod lel X, the i-1h variable delining the risk profile for
paticent j-th. Let be the Buclidean distance measured between the j-th paticnt distribution and
the reference distribution (R):

Dist(Ly, P)= Y (Filx)  Pufz))’. (10)

e X,

T'her seore, defined by the distanee, priovitizes the variables on the basis of fmportance for
delermining the risk profile. Tn this way we way clustering key variables by canses, Furthermors,
a complete risk cvaluation reqguires bevond to the definition of the standardized acceptability level
alzo o specific aceeptability level for each risk on which risk mamager decides if the risk has to be
controlled for that paticot, The specific benchmark depends on own personal beliel; [or a discussion
sec Clornalba L [6, (2006 ].

In am uneertain conditions. a visk manager makes decision on the hasis of his//her utility funetion,
TR, e s real vabated ionction definesd on the set ol possible consegquences of an action. In sealing
utilities, for convenience, values ave on the unit interval and the [unction shape depends upon ow
individnal views of risk.

Lot X a mometary random variable, U{X) a concave funetion om an interval (o 8). Lot be U X)=1
the wilne of ntility Dmetion with the best possible conssguence and TU{X)=0 the worst possibile
one, Let p denote a probability belonging to [0, 1], Let &) and @2 two points in the oterval (a, ),
the onteome random variable X=m has probability po In s gamble, probabilities are interpreted in
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berts of betting: the decision maker receives oy wilh probability p, and ey with probability (1—p),
Lot the concavity property of U(X]),

Ulpey, | (1 plas] = plf e} | (1 p)U(x2). (11)

The expected monetary value [or this gamble is given by E(X)=[px, + (1 — paa], Iving in the
interval (7. 22 ). If the decision maker takes this gamble, his/her ntility inerease will be the ntility of
Lis/Lier expecled gain, U[E(X)] (lor a discussion see Berger [2, (1985)]), Tor Jeusen's Tuequalily we
kmow that /[E(X)]=E[U(X]], that means the decision maker prefers to select a certain (for sure)
incresse in money valine X=g. compared with faking o gamble that will vield o random gain X)) =g
Such conservative {or risk averse) decision maker poreeives a grater utility accepting money with
coertainty. Analogonsly, rist—prone decision maker has a convex—shaped ntility finetion in the region
ol & panble, Laking big risk [or & lage possible gain, Newlml deciston maker has bolh concave and
convex utility function, ic. linear shaped. Let & the state of natwre, ic. the parameter defining
nneertainty of the decision-making problem. Bavesian rationality i= tied to the des of maximizing
expected wtility with respect to posterior distributions of @, Formally, a colierent decision maker
has to follow s normative set of axioms developed by Savage [13, (1954

IMerein we consider only a linite muuaber of possible values Laken by & For each combination of
state of naturc and action there will be a conscquence. The expected utility is maximized selocting
decision by nsing prior information and available observational data, combined by Biyes” theorem
[Ex. 1],

Hizk manager employvs available information to comstret a consistent and coherent set of doeed-
slons aboul the risk assessments and Cheir proper management. Tu principle, decision waker sollers
a loss by taking any decision different from the one that would vield the best possible conscoguenee
{wero Tisk). A loss fimetion may be defined in term of ntility fimetion: let 0% (2) the best possible
consequence Lhal can ocowr o a polential gamlle, aud lel 7o) the decision maker's ulility for the
comsequenes related to the actual made decision. Lot be the loss function a non-negative function
express in term of 8 and the action to be taken

L{#,x) = regret — opportunity ks = 77 () = 1 (2) = 0.

A risk manager chooses the action thal minimizes the expecied values of the loss moction (with
respect to the posterior distribution). Many loss functions have been sugpested, such as gquadratic,
lincar and piceewise linear, zoro—one, new asymmetrice loss finetions: for a disenssion see Chib S,
el oal, [4, (2002)],

4 Applications and experimental results

ln this Section we apply onr methodology on health care field; in partienlar, we apply the risk
wanagewenl steps W Lhe Laemodialysis (D) treatment of patieols sullecing o Tod Stage
Hoenal Disease (KSR o severe chronde condition that corresponds to the final stage of lddney
[ailure, Without medical intervention, ESRD leads (o death. The adverse event is the Tailure (o
reach a prescribed treatment goal at the end of a dialyvsis session: this may be due to paticnt’s
clinieal problems ocenrring during the dialysis session or to errors of the health care providers; as
a cousequence, alb 1he end ol dialysis sessious, ooe or wore patieal moniloriog variables will oot
attain their target.

More fhan 80% of the TSR patients are freated with haemodialysis (11D In T blood
from a paticnt’s body is circulated through an external device or machine and then retuwrned to
the patient’s bloodstrewm, The artificial kidney is designed to remove Anids and metabolic end
products [row the bloodsireany; normally, at the end of a dialysis session the acid-Dase equilibriom
is re—established and the water in exeess is removed: the deviee called hacmodialvsis regulates the
overall procedire,

We are interested to measure risk profile of patients amd to lorecast hospitalization and mortality
risks: after the risk assessment phase, we define decigions to improve their therapentie plans.
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4.1 Dala stream collection and pre processing of available data

Data collection coming [eom health care departments wonitor dialvsis sessions and operational
adverse cvemts, The data warchonse collects two data types. The former type s the data monitored
during each patient dislysis session aod, o general, TID palienis uodergo s dislysis session lor alont
four hours three times a week in dav-hospital; turthermore, cach day OR failurcs and time to
recovery them are collected. The latter comprehends peraonal data, patients history, and guartecly
follow up updates for health care field {such as age, gender, comorbidity, albumin and number of
daya from the first dialysis session in the department). For a disenssion of HD key variables seo
Clorualba O TG, [2006)].

In general, the ohscrvation vectors are available for cach paticnt over many time points or
althongh ome point (at study entry), so the data ocenpy a0 three dimensional hyper rectangle —
wilhe missing data as well, To wanage Lhe “data cube” it has 1o be represeuted through (al fles
with fwo dimensional data in a relational database.

Among the whole winnber of available variables, we chose ouly Lhe variables (hal allec) clinical
and OI' top events, i.c. mortality, hospitalization and operational risk. In particular, they arc
analyzed foensing on the importance that have during risk assessment, and cansal relationships
wilh others, Tor example, among 109 clinical variables we selecl 34 Lo develop wodels foe I risk
MATZCTETIT.

For the parpose, we pre—process data collecied solving o lew inconsistencies in data: we re
organize our 3 DAL array paticnts = variablesxtime) into a HD datamart. Data are summarized
throngh g set of diserete stochastic variables: we transtormed contimmons into diserete ones follow-
ing a knowledge based sirabegy; the wunber and the lengih of each interval ave defined by research
abjectives (.o, operational and clinical risks and associated costs).

Moreover, each dialysis session has been svothesized throngh the vector of the median valoes of
the monitoring variables; the comparison of the median values with pre defined clinical treatment
goals has finally allowed to assess the onteome of the dialys=is session, Lo the presence of anadverse
evenl,

4.2  Bayesian Network and risk profile assessment

Thanks to the availability of prior information we male wse of the cansal ressoning Lo limit the
number of possible BNs and we consider the are between two variables as a divect relation of cause
effect. Herein we assume the consal network as a0 graphical representatiom of cansal relationships
into the TSRD dowain, Fxploring (he possible parenis po, of each variable X, (8 = 1...., 44} we
have detined some network topology constraints before the learning phase (EM algorithm ), in order
tor express well—established wedical knowledze, Among the available variables, we assome initially
being possible ouly the relationships ow a wedical polal of view, This solulion allows o reduce
the immber (2°%) of possible topologies setting constrains (eansal. nndirected or mdependence link).
T practice, we bave deflined and limited Lhe space of possible models; (then, (he scoring hoetion is
used to select model belonging to the defined space.

I omr case stady, we analyze, coeteris paribins, only foar topologies dne to fonr variables
with reverse link hypothesis. This asswwplion allows o resteict the onmber of model A, wilth
i=1,....1. The minimum size is Size{ Mg )= 235030 (sco Tab. 1), The foor models hypothesis have
the same siee of variables but differing by two possible reverse links between “Tlasmoglobin® (TIgh)
and “Serum Ferritin® (Fe, iron management ) and “Serum Calcium™ (Ca) and “IPTH” (nutritional
statns). To compare the two distribntions we select a syioettic messnre in Poand Peo Uhe Enelidean
distance salislies Lhis property. Herein we asswme T is a sawple from an wokoown disteibution awd
not the true distribution: fuorthermore, we apply an heuristic approach to evaluate 12 and 1Y joint
distribmtions. In principle, we can calenlate PO} as the prodect of sll conditional probabilities
from the network, We are intercsted to employ posterior marginal distribution withowt being foreed
tor ealenlate P17
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L ———

| Model | . Link B ”HIH‘!.{.N]"}”
1 |[Car— PTH|F: — Hghl|| 2350:4
2 Ca— PTH|Hgh — Fe|| 233102
3 PTIL — CallFe — Tigh|| 235030
1 II'H = Ca|Hgho o Fef| 245004

Table 1. St of selected modols.

Working on the eligues we veconstroet P00 for the forr hypothesis on stroctures and estimite
the component Disl [P, P ) ol the equation 9. The BN minimizing the acceplancs wessurs is apain
My and we choose it as the best mode] for ESRD domain, given our knowledgze, We remark that
here we have not presented in detail the validated BN topology and its key variables; for a disenssion
see Cornalba C. [6, (2006)].

Our ESRD welwork Lopology hivpothesis (3Ma) way be deseribed (lrough seven “block”, where
cach of them has one (or more than one) top event and base events. In particolar, woe have:

ITD Drepartment Performances, which gives general performance measnres abonl onr onbeommes;
Patient perlormances, benclnarks delined by neplrologisis aud localized [or our Tacility;
Dialysis Cuality Tudexes, which gives general messures aboul the gualily ol the dialysis;

— Resource, which gives general measores on resonreess abilization;

— Sigual variables (they are introdnesd for construction to improve onr knowledge domain on
visk); localized [or our paticnts;
Intermediate sk Index, the causes which influence the mortality and hospitalization ratio:
Itisk Tndex: the top evenls ol the research.

Hence Lhe steucture is validated, the posterior disteibution gaihered by BN is emploved as nput
in risk analysis to assess the risk profile for cach pationt or department. Furthormore, it is possible
also the assessment of new risk profile combining knowledge from the different sonrees aoud emnploy
referenes risk profile as a patient benchmark, This is useful when patient is at the start of the
sty

In our caze. overy throe month new data set gq. .. M 158 MEed as a0 prior o npdate new belict
aboul 0. The new posterior distribmtion s based upon an equivalenl sel of (n4w) observalions,
The effeet of carlicr cxperienee is to base posterior belief on the totally of data of 6 months, and
b incrense Hhe sample stee, Updating is g necessary phiase of risk assessment and conlrol: the risk
profile of cach patient is evaluated with incoming data and the balance between two sequential risk
profiles allows to comtrol the correct implementation of docisions.

Tor evalnate the visk profile aceeptahility, woe compare the referonee postorior distribution with
once learned by patient’s dala, Tn Table 2 we can see the posterior distributions delining mortalily

Marginal posterior distribution in % Iecision
Variable State||Befereoce ProfileMortality Risk. | Mortality Risk, | Plus T Dse of
17 yewer 1 gypebate ey Lhropoietin
-3 481 .71 7.7 11.244
A 43.74 30.55 5163 A00.06
6 4 1615 19.54 16,51 19.62
912 20.0:3 [4.001 115 1395
12-15 GRE 1150 3.0 11345
15-18 .04 §.01 2.2 8.51

Table 2. Marginal posterior distribution for patient’s mortalitv risk and its changing when decision on
crythropoictin dose is made.
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risk profile for & palienl and mwain canses on horison period; on each disteibolion we apply (he

Euclidean measure of distance to compare the profiles [Eqg. 10

T'he score. defined by the distanes, priovitizes the wariables on the basis of fmportance for
deteriining Lhe risk prolile, AL start of the stwdy Lhe patient's risk prolile is betler Lhen e
referenee one, while since 198 update the probability of mortality increases.

Variable State

Marginal posterior distreibnition in %

Ieference Profils

[laemoglobin, gt

[ Taermog lobin. Mgk

[BTERESTHT
Fhus | Dise of

Variable State

Reference Profile

Serum Ferritins=100)
164

Serum Ferritin= 100

1* vear 1*" update ervthropoietin

09 22.55 8556 21.66 20.11
[T 31.22 ETRH 2400 3T
10-11 10084 3117 H1.82 2000063
11-12 13.01 4.58 1.15 13.56
12 13 8.67 1.2 0.582 BT
I3 11 3.3 .13 .25 G4
14240 217 .73 _H.] ] 2.40

Marginal posterior distribution in % Precision

FPlus 1 Diose of

Warinhile Stale

Iteference Profile

Fary L hropesiebin oo

Frythropaoiebin dose

VO 1% update crvthropoictin
False 0.001 T6.47 57.32 850 ||
| True £9.90 23.53 42.68 1.41
I Miarginal postecior distribmition in % [ detsisionn

s 1 Deese of

1* vear 1*" update ervthropoistin
[T 12.61 207 1.51 1240
- G000 4103 .57 hAR 4501
GODG-1 1000 M1 M3 Y136 2 81
LLO00- LEOO0 8.26 218 1.13 3.39

Table 3. Some marginal posterior distribotions for patjient’s mortality risk profile amd related changing
for decision,

Analyzing the mortality canses and their relatod variables, the most important eanses are mainly
due Lo fron cyele problemws (e Hasmwozglobin, Sermm Ferritin and Frythropoielio dose): there are
many failures for scrom ferritin and more doscs of crvthropodetin then the standard guantity arc
administered [Tab. S,

I this exaunple, neplrolopisis and risk manapers have Lo decide 1l (e iron wanagement therapy
(i.c. augmenting ervthropoictin dose) is sunitable for the patient: in Table 2 we can see that the
probabilily of low morialily sk levels (033, and 3-6) inereases and also the probability of (he
cause states which provoke mortality decrease [Tab, 3],

5 Conclusions

The national and international state of the art upon elinieal and operational risks s only begin
ning. Organizations and their governance have understood a little bit of the importance of risk
managernent s a key element to improve the service delivery and patient onteome. Farthermore,
this question 15 also related to the general uneerlainly aboul what is clinical and operational risk
and how we can manage them.

The rednction of nneertainty merging the scelentific literature results nto s anigue Bayesian
[ramework allows to identily the most important operational and clinical risks which may generate
adverse events. In particular, the identification of the mathematical relatiomships among medical

Numéro 36
© Revue MODULAD, 2007 162



EUROPEAN WORKSHOP ON DATA STREAM ANALYSIS  March, 14-16, 2007 » Caserta, Italy

variables allows Lo nonderstand the most Doportand key variables lor (he sk profile of each palient
and department. The new structured knowledge is the basis for the realization of the model for
the risk assessent phase and these rosalts are new inpnts for decision making.

In the haemodialyais application, the resuliing Bayesian Nelwork 15 validated botls fom a
medical and statistical point of view. by distance measurcs. Comparing the risk profiles among
different patients or between patient’s and reference’s one we identily mmaceepiable risks and the
most important causes of failurve.

The complexity of the model was angmented introducing decisional and gquality nodes, come-
pliauce wilh national and nternational guidelines and scientilic resulis. The lormalization of Lthe
most important decisions help risk managers and governance to make the best decision for patient.
banking business lines or department. given the context of information and knowledge.
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