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Abstract. In this paper a new approach for setting up computerscribes the approach of this paper in more detail. In order to be able
based clinical protocols is presented. The goal is to speed up the d& evaluate the approach, a draft of a clinical protocol is used. Be-
velopment by exploiting recorded patient data from the beginningcause the protocol is given in a paper version, the first step was to set
Having the protocol represented as a knowledge base in a logical foup an equivalent operational knowledge base. A brief description of
malism, modeling can be supported in various ways. To empiricalljthe protocol and its formal representation is given in section 4. The
evaluate the approach a not yet operational protocol is translated infollowing section 5 introduces a real world dataset that was used for
a logical formalism and some experiments with real world patientthe evaluation. Some validation techniques and experiments are also
data records are presented. presented in this section. The paper concludes with a summary and
outlook.

1 BACKGROUND

In the year 2000 the Institute of Medicine published a report [9] stat-2 RELATED WORK

ing that avoidable human errors in medicine are one of the eight m?‘?or the scope of this paper a representation of protocols as know-

mistakes range from misjudgments of the patient situation, and thus

. . . - - €ling process. In the literature many different formalisms are sug-
following an inappropriate strategy, to mixing up drugs or by mistake . . L

. . gested. [4] and [13] give an overview of some common guideline
choosing a wrong dose at the bedside.

Physicians base their decisions on experience and the actual darte resentation formalisms.
Y P he ARDEN syntax is one of the early standards for representing

elicited from patlents. On modem ICUs the ngmber of frequenF'Ymedical knowledge. Its modularity enables an exchange of protocols
measured variables can be a few hundred, while human capab|I|t|%s

. . . . ) . etween institutions. The underlying formalism is a procedural pro-
are limited to processing up to 7 variables in parallel in decision mak- ying P P

. . . . ramming lan . One of the di n i rl r
ing. Under these circumstances, information overload has to be cor- a ing language. One of the disadvantages is a poorly supported

. . . a(aaptation, as details on data sources are “hard coded”. Further on, a
sidered a serious problem. Modern technologies have been suggest . . . . -
fclaratlve representation of higher level concepts like the patient's

to address this problem. Especially decision support systems are wé? f .
. - ; - . Sjate, the actual state of executing a plan, temporal patterns, etc. is
suited to support physicians at the bedside. Given vital parameters ¢ .
. . . - .~ not possible, but needs to be coded as procedural knowledge.
a patient in electronic form, a decision support system can trigger D -
Later guideline models make use of more sophisticated for-

alarms when a patient is in a critical state, or even check if an inter- . . . .
L Lo e malisms. EON uses an ontology to map patient variables to medical
vention is a bad choice in a specific situation.

. .data, for example. One way of representing temporal constraints is
More holistic approaches even transfer all general control deci- P y P g P

) . : . the use of flow charts and other graph based approaches. Although
sions to a standardized protocol, reflecting the best practice cases.. . S ; . I
. ) N - is is an intuitive way of modeling, the expressiveness and utility of
These protocols will react properly in most of the situations a patien L . . .
. s : . such approaches is limited. For example, real time planning, exploit-
with a specific disease might encounter. In [1] Morris elaborately: UL . ;
. ing critiquing techniques, and being able to suspend a plan as long as
motivates the development of such protocols. . o
. : . ecessary are properties missing in such approaches.
Itis reasonable to use computers in order to automatically generate . P o
An overview of planning in the context of clinical protocols and

suggestions for the physicians at the bedside. The decision supposr(tjme details about the guideline model Asbru can be found in [12].

facility becomes even more powerful if the patient's measured data\sbru is a language with LISP-like syntax, designed for the task of

can immediately be read from the clinical devices. . . . .
In this paper an approach for speeding up the development of ConP_Iannlng and plan man_agem.ent in the _njedlcal domain. Some of the
volved concepts are intentions, conditions and effects. The execu-

e . g I
pute_r bas_ed clinical protocols is pres_er)t'ed and.emplrlcally evaluate&{i?on of plans is continously monitored and plans will be adapted if
The idea is to use a knowledge acquisition environment and to conti-

) . . necessary.
gggfly validate the (incomplete) model by means of recorded patlenq A major drawback of these guideline models is a lack of support

. . . . for revisions. In contrast representations based on restricted first or-
The paper is organized as follows: After a brief overview of re- S S L
P S . : der logic, like the one used in this paper, offer automatic inference
lated work on building clinical protocols, the following section 3 de- L : .
capabilities. This helps to reveal contradictory parts of a model. Be-

1 University of Dortmund, Computer Science VIII, D-44221 Dortmund, Ger- cause of the formal semantics of first order logic, the knowledge ac-
many, email: scholz@Is8.cs.uni-dortmund.de quisition environment may support the knowledge engineer by offer-




ing minimal base revision, whenever necessary. An ontology to magigated more closely. Giving experts a tool to retrieve such critical
variables from data records to protocol variables can be expressesituations from a database speeds up the development and improve-
in this formalism. For protocols that depend on planning capabili-ment of operational protocols.
ties this formalism offers at least the means to build and validate the
knowledge modules incorporated.
As related operational clinical protocols, two examples shall be4# OPERATIONALIZING AN ICU PROTOCOL
given here. The first one is mentioned in [1]. It addresses the highly o ) .
complex acute respiratory distress syndrome (ARDS). The effectivel© Prove the feasibility of the method sketched in the previous sec-
ness of the protocol was continously evaluated by clinical trials. Thdion. the following sections describe experiences made with an ex-
VIE-VENT project [15] yields another example of a knowledge- emplarily operationalized protocol.
based monitoring system, aiming at optimizing the ventilation of Modeling a complete domain is a very complex task, so the work
newborn infants. was started using a given draft paper version of an ICU protocol.
A major problem with such protocols is that, although they prove This protocol was non-operational, still under development, and ba-
useful in practice, the development is a very tedious task. To buildically addressed the field of haemodynamic monitoring. The incom-
the ARDS protocol took about 25 person years. plete state of the protocol is an advantage in the scope of this paper,
Apart from setting up the protocol itself, validation and prepro- Peécause the objective is to investigate how the iterative process of
cessing of data automatically derived from sensors is a key issudl0deling, validating and revising the model is facilitated by incor-
Especially for intensive care units it is very useful to recognize out-Porating recorded data. To avoid any misunderstandings regarding
liers and to “repair” data, as much as possible. For this task a varithe quality of this protocol, its origin is not mentioned Her@his
ety of mainly statistical approaches has been suggested ([16], [10€Ction gives a brief description instead. _ _
[11], [2], [3]). An approach combining a statistical signal-to-symbol ~ The protocol reflects the view of a physician at an intensive care
method, machine learning for state action rules, and declarative ddnit- The usual concept of ward rounds establishes the overall frame-
main knowledge is presented in [7]. work. The control structure is given byflaw chart making use of a
semi-formalpropositional logic [1] motivates the use of flow charts
and gives small examples.
3 THE MODELING APPROACH The delay between two runs of the protocol for a single patient de-

S . . . ends on the patient’s actual state. Depending on which patient vari-
The approach presented in this paper aims at drastically reducing t P P g P

fforts for buildi h tocols in the ICU text Hles are critical, an elicitation of further variables is carried out, until
nec_es"sa_ry € cir S tor Ul flndg SUIC pro ?CE)I_;' m‘d el ¢ cc;nlgxl,:_esth is possible to decide which intervention(s) are necessary. The input
pecially In early stages ot development. The 1dea 1S Wolold. FIrStye g protocol is given by 35 variables. There are two kinds of pro-
of all, we conceive clinical protocols as expert knowledge, and con-

: . ; posed interventions, drugs and infusions. Time aspects are handled in
sequently_ e_pr0|t ap'proprlate _tools for modellhlgov_vledge bases various ways. Some events, like low blood pressure, are memorized
For the clinical practice guidelines and protocols different represeng . long time intervals. Changes of variable values are evaluated by
tations have been proposed, as discussed in section 2. In the cont%

t : L
. . . ) . mparing them to the one elicited at the last ward round.
of this paper a restricted first order logic representation embedded paring

into the knowled isiti i  MOBAL [81 t d out In order to exemplarily validate and refine the protocol the first
|tn g N no(\j/v eh ge aTSfl.Jt'S' |ont_en;/|r?nmel?b t[h] urnte (?u step was to transfer the protocol into an operational knowledge base.
0 be a good choice. 1L its particurarly well because the protocol iNpagyicted to a single iteration/ward round the characteristic infer-

troduced in this paper is based on flow-charts and propositional IOg'cence structure of Heuristic Classification [14] was found appropriate

which can easily be represented in first order logic. How well theto organize the given knowledgedn the sense of Heuristic Classifi-

approach applies to more complex protocol structures needs furth%%ltion the task is to classify the set of variables known to the protocol

te_zvaluatl_on. The tm a{E e;dvantage of usm? dsuc_h_a knowledlgela;:q(;nsm o categories, which are given by possible interventions to be per-
lon environment 1S that consequences ot decisions are calcuialed a4 The inference structure is given by two hierarchies. The first
visualized automatically, which helps to reveal contradictory parts.

: . . ~one abstracts from the given set of variables, in order to find higher
Modeling should be regarded as a cyclic process [6]. Thus, FEVISIONR, g descriptions, based on more meaningful features. These fea-
of any kind should be taken into account from the beginning. A belief, !

. . . tures reflect domain specific terms. The second hierarchy starts with
revision tool is part of MOBAL as well, supporting the user when

ts of the knowledae b found 1o be i ate. | thabstract solutions, referred to terapiesin this context. Following
parts of the knowledge base are found 1o be inappropriate. In g, o girection of inferences, the solutions get more and more specific.

used r_epresent_ation formalism exc_eptions_ from the rule can be givem this context the abstract therapy is refined unlesst@nventionis

_by t?e'rlf.Xten‘;"WgBifther cl)n’tl:s'n%thﬁ '”tet@'“”_“eg Macfhlne Eeamr'eached, which is specific enough to be suggested to the clinician. A
Ing facrities of , a fule based characterization Of SUCh €x- o4 4 cteristic of Heuristic Classification is that these hierarchies are
ceptlops can be |nferred._F|naIIy gncertaln |r_1ferences are supportg onnected via heuristic rules. The assignment of therapies in the pro-
which is useful for extending the simple architecture presented 'nth'?ocol can be regarded as heuristic, as well, for they are not inferred
paper.

Th d and ) tant idea is to utilize th ‘ tusing formalized causal dependencies.
€ second and more important idea IS to utilize the vast amounts e oach ward round and patient, all most recent variable values

of data collected by electronic devices at the bedside of moder%re collected from the database and represented as a logical fact. In

intensive care units. In early stages of the modeling process, “the next step reference values from the past are identified, and the

pert knowledge can be yalldated Just using recorded patient dalt%‘h‘ferences to the most recent values are calculated. The differences
Recorded data is especially useful when, apart from the measurg. . \sed to keep track of the latelangewof variable values

ments of patients’ variables, it reflects the physician’s interventions. '
That way the suggestions generated by the protocol can directly beg,, copyright reasons it is not possible to show an extract.

compared to the actual decisions made at the bedside. If a suggestiomlease note that this way of structuring the knowledge base is just an exam-
differs from the according intervention, then both should be inves- ple which fitted well for this specific protocol.




Finally a suggestion is inferred if not forbidden by an active wait-

INE ate State ——= Promidsing Therspdes . . R . . .
Evaluate State ' ing time. For each drug, an unsuccessful trial of decreasing it will

wralabiey rrirra i il Bl

eileritre_arievisl cicrulalms ¥ be remembered for up to 12 hours. This aims at avoiding oscillating
wriwe cad gl rrii bie . . . . .
i Feaohre Coalicts dose changes. Another reason for activating a waiting time is to slow
+ — down the process of decreasing a drug dose.
[F—
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eervte_rag ven Cimosn Drag/Infusion 5 EXPERIENCES VALIDATING THE MODEL
wiuicanl e [ ——r—
e i“ e The usefulness of real life data in the model building process was
¥ - ] . . .
P P evaluated using anonymized data of 242 patients from the intensive
alculabe INEeTenDes Heline Therapy . tes o
PR—— e : care unit of the $tdtische Kliniken Dortmund, Germany.
§ - ' i After some adjustments to the protocol and mapping of drugs, the
Frcad sl walos BT operational knowledge base described in section 4 could be applied.
2 t = atrategical Detays . .
— — - The formal model does not only generate suggestions, but the in-
kal vl wwidmg Fer . .
¥ M termediate concepts are transparent, as well. Figure 2 shows some
P— T intermediate results of an inference process. All derived logical facts
T = ~H AR TS L HH s 1K) e . . . . .pe
D Ment = are related to minute 525 of the treatment of patient with identifier
Ward] Fsdiiel pregs_ fng | elasas

6983. In the first windowdctual _value ) the most recent values

Figure 1. Architecture of the knowledge base. Arcs denote the flow of for different variables are listed. The result of mapping some of these

information. to discrete categories is given by the predicaliesrete  _value
and discrete  _drug _dose . The information if a variable has
changed significantly is summarized bignificant _change .

The most recent values and the changes of variables are qualitg; drug _effect _category the actually given drugs are mapped
tively abstracted by an interval based mapping from numerical valy, the categories, according to the effect the drug is assumed to have
ues to categories. For most patient variables a normal interval e, the actual dose. Some present criteria for instability are listed in
ists, yielding the results “value too low”, “value normal” or *valueé he |ower left. Finally the generated therapy candidates are shown
too high”. For drugs something similar exists. The lower bound isiy the |ower right. Some successfully applied techniques to exem-
given by the dose under which the drug does not show any remarks il validate the protocol are introduced in the remainder of this
able effects. The upper bound is the highest dose not considered.ction. First, a straight-forward modification that turns the knowl-
an overdose. Changes of patient variables over time are categorlz%qlge base into a critiquing system [5] turned out to be useful. The
by distinguishing significant increases and decreases from negligiblg, gtem compares the suggestions generated by the protocol to the
changes. Drugs are assigned a set of expected effects with respect{qrged interventions, chosen by a physician at the bedside. This
the actual dosis. _ ) _ _ can be done at different levels of abstraction. In my experiments, the
_ Basically by aggregating multiple of the symbolic features derivedig,q| of therapy candidates and chosen therapies was best suited, be-
in the last step, a more sophisticated representation of the patient§se of an astonishingly small fraction of cases where protocol and
state is derived. This process is labelecEwpluate Statén figure 1. ractice chose the same intervention. It was necessary to map the in-
For example the effectiveness of the arterial circulation is evaluatec{;rvemionS found in the data records to the therapies known to the

taking into account that some of the indicative features might be Unprotocol. For this step the same knowledge could be exploited as was

known. The ways of aggregating features ranges from a hierarchicgse to refine abstract therapies to concrete dose changes. The ther-

“choose first variable available” to complex nested if-then structuresapies proposed and performed were then compared and the results
checking a variety of (symbolic) variable values. Further rules consyqre aggregated into one predicate, stating

clude about the stability of the patient’s state.

Once the state of the patient is described by more meaningful feas if the therapies are equal,
tures, promising adjustments of the actual therapies are collected. o if the performed therapy is not even under consideration or
some cases the set of therapy candidates is contradictory, for exare- if the therapies are even clearly contradictory, egrease pressor
ple “ increase an inotrope” and “decrease an inotrope”. Further on, anddecrease pressor

the protocol forbids to decrease more than one drug at & tifue o
these reasons rules to resolve conflicts are necessary. Rules definifgP!€ 1 shows an example of a critiquing result. In order to better ex-

which therapies are incompatible and a priority based rejection yield®/0it the sparse set of interventions found in the data, they were used
a set of “accepted” therapies. The delay until the next ward round ilo trigger the ward rounds. This change increased the effectiveness of
also determined at this point. the critiquing system and helped to find numerous cases where pro-
Therapies like “increase a pressor’ mentioned above are stil agocol decision and recorded intervention differed drastically. Such
stract. Different drugs and infusions share the same category, so tif@SeS were shown to an expert on intensive care medicine and ana-
next inference step examines which one is preferable. The domaipz€d in detail. Although graph based visualizations of inferences are
knowledge is often given by priority lists. For mosts drugs doses ar@vailable, screens like shown in figure 2 were better suited to com-

increased up to the valid upper bound or down to zero, respectivelyntnicate to the expert in order to find the rule(s) to be refined.
before the successor in the hierarchy is chosen. Another straight forward way of changing the protocol for valida-

The next step finally turns the the therapy into a concrete, applicallon S to drop the cyclic ward rounds, in favour ofrnitoringap-

ble intervention by calculating new doses for drugs or total volumed?roach. In this case the protocol changes the proposed interventions
and rates for infusions. immediately whenever the patient’s state demands. Such an approach

was followed to evaluate if the emerging protocol behavior follows a
4 This does not apply for all situations. steady plan, or if the decisions tend to be contradictory within short




Figure 2. Information for patient 6983, minute 525 at different levels of abstraction.



Table 1. Critiquing system applied to patient 6983
[ Pat.ID | Time | Status | |
6983 1185 | sameinfusion bolus bolus
6983 1192 | sametherapy inotrope | increase
6983 1398 | sameinfusion bolus bolus
6983 1605 | performedis_no_candidate | diuretic | increase
6983 1946 | sameinfusion bolus bolus
6983 2085 | performedis_no_candidate | diuretic | increase
6983 2085 | sameinfusion bolus bolus
6983 2505 | differentinfusion bolus none
6983 2805 | sameinfusion bolus bolus
6983 2904 | sameinfusion bolus bolus
6983 3165 | clearly_contradicting pressor | increase
6983 3165 | performedis_no_candidate | inotrope | increase

time intervals. The latter turned out to be true, especially when n

of physicians, if available as an integral part of the dataset. Further
on, refinements of the model are supported.

Once a protocol is available in declarative and operational form, it
can easily be changed for validation in many ways. The first change
presented was to incorporate automatized critiquing of derived re-
sults. Another example is the change of the ward round based iter-
ations into a monitoring like approach. This yields results related to
time intervals, which gives a clearer picture of protocol consistency.

Only little efforts were taken until now to evaluate which prepro-
cessing methods are favorable for the given protocol. A plausibil-
ity check to remove outliers was successfully applied, still omitting
a reasonable signal-to-symbol preprocessing. The impact of several
such preprocessing methods should be compared in the future. The
advantage of the declarative representation is that it does not only
infer suggestions, but the impact can be studied on different levels of

@bstraction, for example which discrete category is assigned, which

preprocessing of the data was performed. Outliers repeatedly lead fj9her 1evel concepts are found to be true and which therapies are

the inverse decision for a single minute within a longer interval wit

hchosen. The number of contradictory interventions could be one way

steady therapy decisions. Following the ward round approach, thigf méasuring the quality of preprocessing.

would lead to the inverse intervention for at least 30 minutes. But
even after cleaning the data from most of the outfi¢he protocol
decisions were often contradictory within short time intervals. Table
2 illustrates such an unsteady behavior. During the according time[1]
interval there was no intervention in the dataset. Something that is
obviously not reasonable is to change the recommendation from in{2]
creasing to decreasing pressors and vice versa for intervals as short
as two minutes. Inspection of the inferences revealed a serious prob[-?’]

Table 2. Therapy for single patient when protocol is evaluated every
minute. Continous therapies are aggregated to intervals. Marked rows denotf4]
interventions recommended for a very short time interval.

| [[ Start | End | Object [ Action |
19815 | 20727 | pressor | decrease 5]
X 20725 | 20727 | infusion | maintenance
X 20727 | 20728 | pressor | increase
X 20727 | 20728 | infusion | bolus
20728 | 21085 | infusion | maintenance [6]
20728 | 21346 | pressor | decrease
X 21346 | 21347 | pressor | increase
21347 | 21482 | pressor | decrease [7]
X 21482 | 21483 | pressor | increase
X 21483 | 21484 | pressor | decrease
% || 21484 | 21485 | pressor | increase [8]
21485 | 21497 | pressor | decrease
[l

lem, namely the lack of signal to symbol preprocessing that is stable
with respect to noise. [10]
The results regarding the protocol as such are not surprising, but
it was remarkably easy to adjust the knowledge base in a fashi
allowing for the analysis sketched above. The declarative represen-
tation made it easy to communicate emerging questions to a domajnz]

expert and to refine inadequate parts. 13

6 SUMMARY /REMAINING WORK

For setting up and maintaining an ICU protocol this paper proposel4]
to integrate available recorded datasets from the beginning. The u§kb]
of a knowledge acquisition tool and a logical representation eases to

find inadequate protocol parts and inconsistencies by automaticalbiﬁ]
processing available data and comparing suggestions to the decisions

5 A simple plausibility check was used.
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