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Abstract

Managing a patient with comorbid diseases according to mul-
tiple clinical practice guidelines (CPGs) may result in adverse
interactions that need to be mitigated (identified and ad-
dressed) so a safe therapy can be devised. However, mitiga-
tion poses both clinical and methodological challenges. It
requires extensive domain knowledge and calls for advanced
CPG models and efficient algorithms to process them.

We respond to the above challenges by describing our algo-
rithm that mitigates interactions between pairs of CPGs. The
algorithm creates logical models of analyzed CPGs and uses
constraint logic programming (CLP) together with domain
knowledge, codified as interaction and revision operators, to
process them. Logical CPG models are transformed into CLP-
CPG models that are solved to find a safe therapy. We repre-
sent these CLP-CPG models using MiniZinc, a standard lan-
guage for CLP models.

As motivation and illustration of our mitigation algorithm we
use a clinical case study describing a patient managed for
hypertension and deep vein thrombosis according to two indi-
vidual CPGs. We apply the algorithm to this scenario and
present MiniZinc representations of the constructed CLP-CPG
models.
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Introduction

Boyd et al. [1] analyzed several hypothetical clinical scenarios
of common chronic conditions and associated clinical practice
guidelines (CPGs) and concluded that adhering to CPG-
mandated therapies in the presence of comorbidities may have
undesirable effects on patients. They attributed this situation
mostly to the fact that CPGs are developed by a single special-
ty-dominated committee and therefore do not provide suffi-
cient information for managing comorbid patients. Developing
CPGs that explicitly address all potential comorbidities is dif-
ficult and impractical therefore there is a need for methods
that facilitate the concurrent application of multiple practice
guidelines [2]. In fact this is one of the grand challenges for
clinical decision support [3].

In this paper we respond to this challenge by describing an
algorithm that identifies and addresses adverse interactions

between pairs of CPGs (we refer to this process as mitigation).
This algorithm creates logical models of individual CPGs as
well as of their combinations, and employs constraint logic
programming (CLP) [4] and domain knowledge codified as
interaction and revision operators to solve them. The former
characterize possible indirect adverse interactions, while the
latter describe revisions to the logical CPG models that can be
applied to address a specific adverse interaction.

A solution to a combined logical model represents a safe ther-
apy (i.e., a therapy with no adverse interactions) that can be
applied to a patient, while the lack of a solution indicates ad-
verse interactions (drug-drug or drug-disease) between the
CPGs. In cases where no solution exists, the algorithm applies
domain knowledge to modify the logical models of the CPGs
in order to address the interactions and find a safe therapy.

Our proposed research is defined in a situational context
where a patient with two comorbid diseases is managed ac-
cording to individual, disease specific CPGs. The research
builds on our earlier work [5], where we proposed logical
models of CPGs and employed the CLP paradigm to evaluate
the CPGs for possible interactions. The goal of this study is to
demonstrate the ability of the MiniZinc constraint modeling
language to represent CLP models derived from the logical
CPG models (we refer to them as CLP-CPG models). It facili-
tates the implementation of the mitigation algorithm, thus we
consider this research as a first, yet important, step towards
developing a clinical system for the automatic mitigation of
multiple CPGs that are applied to manage a patient with
comorbid diseases.

Motivation

In this section we describe a clinical case study, developed
with assistance from medical experts on our team (physicians
with more than 10 years of clinical experience in emergency
medicine), that illustrates the motivation behind our research.
The scenario considers a patient treated in the emergency de-
partment for chronic hypertension (HTN) who is also diag-
nosed with an acute case of deep vein thrombosis (DVT).

Chronic HTN (blood pressure above 140/90) is a major risk
factor for premature cardiovascular morbidity and mortality.
Treatment of HTN involves anti-hypertensive drugs along
with life style modifications. Patients with a history of HTN
may suffer a hypertensive crisis, defined as severe elevation in
blood pressure (above 210/120) [6]. Hypertensive crisis is
further classified as hypertensive urgency or hypertensive
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emergency when associated with end-organ damage. While
hypertensive urgency does not constitute a medical emergen-
cy, hypertensive emergency must be treated immediately.

DVT is a condition, where a blood clot forms in a deep vein
(predominately in the legs). The condition causes a blockage
of the blood flow resulting in swelling and pain. The common
treatment for DVT is anticoagulation therapy (low molecular
weight heparin, or unfractionated heparin in case where addi-
tional risk factors such as active ulcers, kidney disease or liver
disease are present). In situations where heparins are contrain-
dicated by a history of bleeding tendency, other interventions
such as the placement of an inferior vena cava (IVC) filter can
be used.

Anticoagulants should not be used when the patient is suffer-
ing from hypertensive urgency because of the danger of intra-
cranial hemorrhage. When such an adverse interaction arises,
an IVC filter should be used instead of coagulants. However,
this interaction is not explicitly described in CPGs for DVT —
the physician managing the patient needs to be aware of it and
has to modify the therapy accordingly. In order to facilitate the
identification of possible adverse interactions and therefore
help revising the therapy, a CPG for DVT should be consid-
ered alongside a CPG for HTN.

Methods

In this section we present the constructs used by our proposed
mitigation algorithm that helps identify and address adverse
interactions, such as those associated with the concurrent ap-
plication of CPGs for HTN and DVT.

Constraint Logic Programming

CLP unifies logic programming (LP) and a constraint satisfac-
tion problem (CSP) by using LP as a constraint programming
language to solve a CSP [4]. A logic program is seen as logi-
cal theory comprised of a set of rules called clauses. CLP ex-
tends this theory by including constraints in the body of the
clauses. It queries the program about the provability of a goal
to produce a solution to the CLP, where the proof of the goal
is composed of clauses whose bodies are satisfiable con-
straints.

A CLP model is made up of a set of variables, and a set of
clauses with constraints and a goal to be satisfied. The clauses
in the model capture the relationships between value assign-
ments for variables and they restrict the possible combinations
of these assignments. Solving a CLP model entails satisfying
the goal given the set of constraints, where a value is assigned
to each variable such that no constraints are violated. Varia-
bles representing known information are instantiated prior to
solving the model and cannot be revised by the solving proce-
dure.

MiniZinc Language

Many constraint satisfaction problems can be solved by CSP
solvers using various finite domain and linear programming
techniques. However, these solvers use different, often incom-
patible modeling languages that express problems at varying
levels of abstraction. MiniZinc is a medium-level constraint
modeling language that has been widely accepted as a stand-
ard for CLP models [7]. It can express CLP problems in a
solver-independent way and can be easily mapped to various
solvers. It also supports different variable types (integers,
floats, Booleans) that are accepted by most existing CLP solv-
ers. The characteristics of simplicity, expressiveness, and
compatibility with other solvers make MiniZinc a good choice
for a standard language and the reason why it was used here to
represent CLP-CPG models.

Mitigation Algorithm

We consider two types of adverse interactions — direct and
indirect — that may occur, when a patient with comorbid dis-
eases is managed according to simultaneously applied CPGs.
Direct adverse interactions are contradictory recommendations
given by individual CPGs (e.g., “prescribe aspirin” and “do
not prescribe aspirin”), whereas indirect adverse interactions
involve drug-drug or drug-disease interactions (e.g., “aspirin
increases chances of bleeding and should not be prescribed to
patients with an ulcer”) that are not explicitly included in
CPGs.

Our mitigation algorithm checks for these direct and indirect
adverse interactions between pairs of CPGs for a given pa-
tient. If any interactions are identified, the algorithm addresses
them by making necessary revisions (e.g., discarding or re-
placing problematic recommendations) to logical CPG mod-
els. Finally, if the interactions are successfully mitigated, the
algorithm finds a combined therapy comprised of individual
therapies derived from individual CPGs.

Identifying and addressing adverse interactions requires clini-
cal acumen that comes from clinical experts, textbooks, clini-
cal evidence repositories or centralized interaction reposito-
ries. The proposed mitigation algorithm assumes that the re-
quired domain knowledge is codified in the form of interac-
tion and revision operators.

To make the algorithm independent from any specific CPG
representation, we have introduced the concept of an actiona-
ble graph (AG) to represent the guidelines. An AG can be
derived from any CPG representation that distinguishes be-
tween context, decision and action steps (according to [8],
these steps are common for most CPG representations). For-
mally, AG is a directed graph with context, action and deci-
sion nodes corresponding to context, action and decision steps
in a CPG, with arcs corresponding to transitions between the
nodes.

The overall structure of the mitigation algorithm is given in
Figure 1. The algorithm accepts as input two CPGs represent-
ed as AGs and available (possibly incomplete) data that char-
acterizes the current state of the patient. Its three main phases

are briefly described in the following sections.
Interaction and
revision operators

Available patient
data

Two CPGs given
as AGs

Phase 1: Preparation

Create logical models
from AGs

Identify and address direct
adverse interactions

No interactons
or interactions addressed

Phase 2: Mitigation of direct
adverse interactions

Augment combined
logical model

Phase 3: Mitigation of
indirect adverse interactions

Identify and address indirect
adverse interactions

No interactons Unable to address

or interactions addressed interactions

S Failure
Report safe therapy

Figure 1 — Overall structure of the mitigation algorithm

Phase 1: Preparation

This phase starts by constructing logical models that are logi-
cal representations of AGs (and thus the underlying CPGs).
Formally, a logical model of the actionable graph AG; is de-
fined as LM; = <d;, V;, PLE >, where d; is the label of a dis-
ease (defined by the context node) associated with AG;, V; is a
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set of variables associated with actions and decision nodes in
AG;, and PLE; is a set of logical expressions representing
paths in AG;, each being a conjunction of variable-value pairs
(the process of translating paths into logical expressions is
described in our previous work [9]). All action variables in
LM; are Boolean where true indicates an action associated
with a variable should be carried out, while false indicates it
should not. Decision variables have domains defined by pos-
sible choices and assigning a specific value to a decision vari-
able identifies the choice that is made.

Logical models are brought together as a combined logical
model CLM;; that is formally defined as: CLM,; = <LM;, LM,
ILE; >, where ILE;; is a set of logical expressions that repre-
sent indirect adverse interactions between AG; and 4G;. Ini-
tially ILE;; is empty and the algorithm updates it in the third

phase.
Phase 2: Mitigation of Direct Adverse Interactions

In the second phase, the algorithm checks for direct adverse
interactions associated with variables shared by logical models
LM; and LM; (if there are no shared variables, the algorithm
will skip this phase). It first transforms the CLM;; into a CLP-
CPG model represented in MiniZinc. A MinZinc model in-
cludes variables from V; and V;, one constraint for PLE; and
one for PLE;, each represented as a disjunction of conjunc-
tions (one conjunction per logical expression), and a set of
constraints corresponding to negated logical expressions from
ILE;; (these constraints ensure indirect interactions are avoid-
ed and are introduced only in MiniZinc models created in the
third stage of the algorithm, thus no constraints from /LE;; are
introduced in this stage).

Using a CLP solver (i.e., the MiniZinc MIP solver), the algo-
rithm attempts to solve the CLP-CPG model instantiated with
the available patient data. A solution to this model, denoted as
SOL;;, is an assignment of values to variables such that all
constraints are satisfied. A solution for the CLP-CPG model is
also a solution for CLM;;. If such a solution exists, it means
no direct interactions exist and the algorithm progresses to the
third stage. No solution indicates that some constraints were
violated as a result of direct interactions. Variables appearing
in the violated constraints form a potential source of infeasi-
bility denoted as PSI;;

PSI;; drives the process for addressing adverse interactions,
where the algorithm applies revision operators to the com-
bined logical model. A revision operator is formally defined as
RO* = <D V¥ slé* tle">, where D" is a set of disease labels
to which the operator can be applied (D' can include the ‘*’
wildcard indicating any disease), V¥ is a set of variables and
sle* and 1le* are logical expressions. D' and V¥ form the activa-
tion component, and s/e* and /e’ form the knowledge compo-
nent of the operator.

The activation component indicates that the revision operator
ROV is activated when D' contains “** or any of the disease
labels associated with the current combined logical model
CLM;;, and when V¥ is included in the encountered potential
source of infeasibility PSI;;. Moreover, the knowledge com-
ponent of RO* states that whenever sle® appears in logical ex-
pressions from /LE; or ILE}, it is replaced by tle*.

The algorithm checks if all interactions have been addressed
by creating and solving a new CLP-CPG model from the re-
vised combined logical model (if more than one revision oper-
ator has been activated, they are considered iteratively and
individually). The lack of a solution after exhausting all appli-
cable revision operators signifies direct interactions that can-
not be addressed and the algorithm terminates by reporting

failure to produce a solution. If a solution is found, the algo-
rithm proceeds to the third phase.

Phase 3: Mitigation of Indirect Adverse Interactions

The third mitigation phase is very similar to the second phase
— the main difference is the application of interaction opera-
tors to the combined logical model at the very beginning of
this phase.

An interaction operator is formally defined as JOF = <D, V¥,
le*>, where again D' is a set of disease labels to which the
operator can be applied (or the “** wildcard), V¥ is a set of
variables and /e’ is a logical expression. D' and V* form the
activation component, while /¢* is the knowledge component.

The interaction operator, /0¥, is activated if D* includes ** or
any of the disease labels from the combined logical model
CLM;;, and where V¥ is a subset of variables from CLM;;.
Once 0" has been activated, the knowledge component /e
that codifies a single adverse interaction is added to /LE;;. All
activated interaction operators are applied to CLM;; in order to
augment it with information about possible drug-drug or drug-
disease interactions. The subsequent processing is analogous
to the second phase.

Finally, the algorithm reports failure if CPGs cannot be ap-
plied simultaneously to a patient (due to adverse interactions
left unresolved), or success if the application of CPGs is pos-
sible. In the latter case the algorithm also reports the resulting
combined therapy (represented by SOL;;).

Application

In this section the mitigation algorithm is applied using two
scenarios derived from the motivating case study presented
earlier. CPGs for DVT and HTN represented as AGs are given
in Figures 2 and 3 respectively (they have been simplified for
better understanding). These figures also label variables asso-
ciated with specific action and decision nodes (in square
brackets next to node labels), as well as possible values of
decision variables (in square brackets next to arc labels).

History of severe
bleeding tendency
[SBT]?
History of

heparin-induced
thrombocytopenia?

Present [p]

Use IVC filter [IVCF]

Administer low-
molecular-weight

Administer heparin
[HE] heparin [LMWHE]

v

Administer warfarin
[WA]

Adminster alternative
anticoagulant agents
[ACA]

[ |
v

Arrange follow-up
with family physician
[FUFP]

Figure 2 — CPG for DVT represented as an actionable graph
(AGpyr)

Figure 4 lists interaction and restriction operators related to
these two conditions. The former indicate selected adverse
interactions between various anticoagulant agents and hyper-
tensive urgency, while the latter address a possible source of
infeasibility by replacing anticoagulants with an IVC filter. In
all logical expressions in Figure 4 and in the text we use a



S. Wilk et al. / Clinical Practice Guidelines and Comorbid Diseases: A MiniZinc Representation of Guideline Models 355

simplified notation for Boolean variables — i.e., V = true is
denoted simply as V, while V' = false as —V.

Type of HTN

Controlled [co} Uncontrolled [un]
v
Type of
Urgency [ur] uncontrolled HTN Emergency [em]
[HTNUN]?
Administer oral Administer IV

antihypertensive
agents [OAHTA]

antihypertensive
agents [IVAHTA]

Arrange follow-up
with family ici
[FUFP]

Figure 3 — CPG for HTN represented as an actionable graph
(A GHTN)

Interaction operators
10" == <{*}, {HTNUN, ACA}, (HTNUN = ur) A ACA>
10° == <{*}, {HTNUN, HE, WA}, (HTNUN = ur) n HE A WA>
10° == <{*}, {HINUN, LMWHE, WA}, (HINUN = ur) A LMWHE A WA>
Revision operators
RO' := <{*}, {HTNUN, ACA}, (ACA A ~IVCF), (~ACA A IVCF)>
RO’ = <{*}, (HTNUN, HE, WA},
(HE A WA A—IVCF), (~HE A ~WA A IVCF)>
RO’ := <{*}, {(HTNUN, LMWHE, WA},
(LMWHE A WA A~IVCF), CLMWHE A —~WA A IVCF)>

Figure 4 — Domain knowledge related to DVT and HTN and
codified as operators

Scenario 1: No adverse interactions

We consider a patient experiencing uncontrolled hypertensive
emergency with a history of severe bleeding tendency. This
implies invoking the algorithm with the following patient data:
HTN = un, HTNUN := em, SBT = p.

In phase 1, the mitigation algorithm constructs the logical
models presented in Figure 5. Note that expressions in PLE pyr
and PLE 7y include negated action variables that do not ap-
pear in a particular path. The intuition behind this representa-
tion is that only actions explicitly indicated by the path should
be taken and others should not. The combined logical model
CLM pyrpry at this point includes no information about indi-
rect adverse interactions — its /LE pyr v component is empty.

LM pyr = <dpyr,V pyr,PLE pyr>

dpyr =DVT

Vpvr = {SBT, HIT, AR, IVCF, ACA, HE, LMWHE, WA, FUFP}

PLEpyr={

(SBT =p) A IVCF A FUFP A —~ACA A~HE A~LMWHE ~n—~WA,

(SBT = a) A (HIT = p) N ACA A FUFP A
—IVCF A —HE A~LMWHE n—WA,

(SBT =a) A (HIT = a) A (AR = p) A HE A WA A FUFP A
—[VCF A —ACA A —~LMWHE,

(SBT =a) A (HIT = a) A (AR = a) A LMWHE A WA A FUFP A
—~[VCF A ~ACA A —~HE}

LMpmy = <dpurv, Verv, PLE prv>

dyv =HTN

Vury = {HTN, HTINUN, OAHTA, IVAHTA, FUFP}

PLEyy = {

(HTIN = co) A FUFP A ~OAHTA A —~IVAHTA,

(HTN =un) A (HTNUN = ur) A OAHTA A FUFPA —IVAHTA,

(HTN =un) A (HTNUN = em) A IVAHTA A FUFPA —OAHTA}

CLM pyrury = <LMpyr, LMy, {}>

Figure 5 — Logical models created in phase 1

The logical models LM pyr and LM ypy share one variable —
FUFP, therefore the algorithm proceeds to phase 2 and creates
a CLP-CPG model from CLMpyryry (for the sake of brevity
we skip these details). The CLP-CPG model in this phase has
a solution indicating the lack of direct adverse interactions.

Next, the algorithm enters phase 3 and activates applicable
interaction operators. All three operators given in Figure 4
(0", 10°, 10°) can be activated (they are applicable to any
disease and all variables present in their activation compo-
nents appear in CLMpyryzy). These operators augment the
combined logical model by adding logical expressions from
their knowledge components to /LE py7 yry. This model is giv-
en in Figure 6.

CLM pyrury = <LMpyr, LM v, ILE pyramv>

ILE pyrumn = {

(HTNUN = ur) n ACA,

(HTNUN = ur) A HE A WA,

(HTNUN = ur) n LMWHE N WA}

Figure 6 — Combined logical model augmented in phase 3

CLM pyr pry from Figure 6 is represented in the MiniZinc lan-
guage (the main parts are shown in Figure 7 — note that ex-
pressions from ILE pyr 7y have been negated) and solved. The
algorithm reports success together with the following solution
(limited to action variables): IVCF := true, IVAHTA = true,
FUFP = true, OAHTA = false, ACA = false, WA := false, HE
= false, LMWHE = false. Translated into layman terms the
solution represents a combined therapy of implanting the IVC
filter (/V'CF) to manage DVT and giving IV antihypertensive
agents (IVAHTA) to manage HTN. A follow-up with a family
physician (FUFP) is recommended.

42 %
43 % constraint derived from PLE_DVT

44 %

45 constraint

16 ((SBT = p) /\ IVCF /\ FUFP

47 /\ not (ACA) /\ not{HE)} /% not{LMWHE) /% not(WA))} \/

48 ((SBT = a) /\ (HIT = p)} /\ ACA /\ FUFP

43 A\ not(IVCF) /v not(HE) /\ not{LMWHE) /% not{WA)) \/

50 ((SBT = a) /\ (HIT = a) /% (AR = p) /% HE /\ WA /\ FUFP

51 /N not (IVCF) /\ not(ACA) /% not(LMWHE)) \/

52 ((SBT = a) /\ (HIT = a) /% (AR = a) /\ LMWHE /\ WA /\ FUFP

53 /N not(IVCF) /% not(ACA) /% not(HE));

54

55 %

56 % constraint derived from PLE_HTN

57 %

58 constraint

59 ((HTN = ca) /% FUFP_HTN /% not(OAHTA) /% not(IVAHTA)) W/

60 ((HTN = un) /% (HTNUN = ur) /\ OAHTA /% FUFP /\ not(IVAHTA}) ./
61 ((HTN = un} /% (HTNUN = em) /% IVAHTA /\ FUFP /% not(DAHTA}};

%
64 % constraints derived from ILE_DVT,HTN
5 %

66 constraint

67 not ({HTNUN = ur) /\ ACA);

6B constraint

69 not({HTN = ur) /% HE /\ WA);
78 constraint

71 not ({HTN = ur) /% LMWHE /% WA);
72

73 %

74 % check for feasibility
L]

76 solve satisfy:

Figure 7 — The MiniZinc representation of CLM pyr urn

Scenario 2: Indirect adverse interactions

Next we consider a patient with uncontrolled hypertensive
urgency, no history of severe bleeding tendency, and a history
of heparin-induced thrombocytopenia. Thus, the algorithm is
run with the following patient data: HTN = un, HTNUN = ur,
SBT :=a, HIT :=p.

The mitigation algorithm completes phases 1 and 2 with the
same results as in Scenario 1 (see Figure 5), and the combined
logical model augmented with interaction operators and its
MiniZinc representation is identical (see Figures 6 and 7 re-
spectively). This time the solver fails to find a solution be-
cause the constraint ~((HTNUN = ur) A ACA) (introduced by
the interaction operator /0") is violated. This indicates an indi-
rect adverse interaction — due to history of thrombocytopenia
(HIT := p) the patient should be prescribed alternative antico-
agulants (4CA), however such a treatment is not appropriate in
the presence of hypertensive urgency (HTNUN = ur). Varia-
bles appearing in the violated constraint define the potential
source of infeasibility (PSIpyrury := {HTNUN, ACA}).
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Next, the mitigation algorithm activates the revision operators
applicable to PSIpy7 7y There is one such operator — RO’ —
that replaces alternative anticoagulants (4CA4) with an IVC
filter (/V'CF), and this operator is applied to CLM pyryry. The
revised CLMpyryry is used to construct a new CLP-CPG
model in MiniZinc. The revised part of the MiniZinc model is
given in Figure 8 (revisions are underlined).

42 %

43 % constraint derived from PLE_DVT

44 %

45 constraint

46 ((SBT = p)} /\ IVCF /\ FUFP

47 /% not{ACA) /\ not(HE) /\ not{LMWHE) /\ not{WA)) \/
4B ((SBT = a) /\ (HIT = p) /\ not{ACA) /\ FUFP

48 /% IVCE /\ not(HE) /\ rot(LMWHE) /\ not{WA)}) \/

58 ((SBT = a) /% (HIT = a) /\ (AR = p) /\ HE /\ WA /\ FUFP
51 S not{IVCF) /\ not(ACA) /% not{LMWHE)) “\/

52 ((SBT = a) /% (HIT = a) /% (AR = a) /\ LMWHE /\ WA /\ FUFP
53 /% not{IVCF) /\ not{ACA) /\ not{HE)):

Figure 8 — The MiniZinc representation of the revised
combined logical model

Solving the revised CLM pyr yry yields a solution as the poten-
tial source of infeasibility has been successfully addressed.
The algorithm reports success together with the following
solution — IVCF = true, OAHTA = true, FUFP := true, ACA
= false, HE = false, LMWHE = false, WA := false, IVAHTA
:= false. In other terms, the combined therapy asks for im-
planting an IVC filter (/'CF) to manage DVT, prescribing
oral antihypertensive agents (OVAHTA) to manage HTN, and
recommends a follow-up with a family physician (FUFP).

Discussion

Applying CPGs to a patient with comorbid diseases is a chal-
lenging problem, both clinically and methodologically. As
stated in [10], combining multiple CPGs “is not a trivial task”
and this may explain the relatively slow progress of this line
of research. Solutions proposed thus far vary from human-
driven approaches, where experts combine CPGs using a spe-
cialized editing tool [11], semi-automatic approaches where
experts resolve conflicts discovered by automatic methods
[10], to fully automatic approaches that rely on codified do-
main knowledge [12]. For example, Real and Riafio [12] de-
scribe a method that decomposes CPGs into state-action pairs,
expands them into state-action-prognosis triples and combines
the triples into a single CPG using restriction and substitution
rules. While substitution rules are conceptually similar to the
interaction and revision operators, our approach allows for a
finer description of interactions. Interaction operators share
some similarity with safety rules proposed in Peleg et al. [13]
that enhance a single CPG with information about possible
adverse interactions. However, our operators are independent
of specific CPGs and can be used across a number of clinical
domains, fostering the sharing of clinical knowledge.

In this paper we took an important step towards the operation-
alization of guidelines by showing how CLP-CPG models
derived from logical CPG models can be represented using the
MiniZinc language. An efficient mechanism for solving CLP
problems associated with mitigating adverse interactions is
crucial to the ultimate goal of our research, namely to include
the automatic mitigation algorithm as part of a mobile clinical
decision support system for use at the point of care.

The presented algorithm has two limitations. First, we restrict
the algorithm to automatically evaluating two CPGs at a time
to avoid the exponential increase in the number of possible
modifications to the logical models. Second, we assume that
the mitigation of CPGs occurs at the action level and does not
involve automatic adjustments of dosages of medications. Our
current work is focused on expanding the mitigation algorithm
to address these two limitations.
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