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Abstract

Medical diagnosis and therapy pl~nnlng can be viewed
as a planning task with a incremental learning pro-
cess, which is one of the important reason why medical
tasks are dii~]cnit to implement on computers natu-
rally. In this paper, we propose integration of reason-
ing, planning and learning methods in order to solve
this dililcnity. The main point is that when medical
experts deal with complicated cases, they apply in-
tegration of planning and learning methods to such
diIBcult examples. Based on these concepts, we are
now developing a system, IPLM (Interaction between
Planning and Learning Methods). The results show
that this methodology implements reasoning of medi-
cal experts more naturally, but also show that some-
times medical reasoning is a complicated mixture of
diagnosis and treatment.

1. Introduction

Development of Medical Decision Making Sys-
tem (MDMS) is one of the most important research
area in Artificial Intelligence (Buchnan & Shortliffe
1984), and there have been developed many medical
expert systems. While they are very useful to diag-
nose typical cases, it is difficult for them to diagnose
complicated cases. Therefore various approaches, such
as deeper knowledge representation, case-based reason-
ing, are proposed in order to overcome this problem.
However, they axe not sufficient to solve this problem
completely. One reason that they are not so sutticient
is that they are lacking in one important track of di-
agnosis that medical experts do when they meet com-
plicated cases.

In this paper, we introduce combination of reason-
ing, planning and learning methods in order to solve
this difficulty. The main point is that when medical ex-
perts deal with complicated cases, they apply integra-
tion of planning and learning methods to such difficult
examples. Based on these concepts, we are now devel-
oping a system, IPLM (Interaction between Planning
and Learning Methods). The results show that this
methodology implements reasoning of medical experts
more naturally, but also show that sometimes medical

reasoning is a complicated mixture of diagnosis and
treatment.

The paper is organized as follows: in section 2,
we characterize reasoning strategy of medical experts.
Section 3 presents IPLM architecture. Section 4 gives
representation of domain knowledge, and Section 5
mentions about learning module. In Section 6, we dis-
cuss about evaluation of this system, and finally Sec-
tion 7 concludes the results of this paper.

2. Reasoning Strategy of Medical

Experts

2.1 Diagnosis as Planning

Medical diagnosis is a process which acquires sufficient
information to make differential diagnosis. There are
many examinations in medical domain which give us
some information. However, most of the information
is redundant, so it is important to decide what infor-
mation we have to get.

Furthermore, it is rare that we can have enough in-
formation at the same time. For example, let us con-
sider the following case: a patient complains of severe
headache for 10 days. Some routine questions, such as
onset, history, nature of his headache will be asked.

Sometimes we can diagnose a case only by these sim-
ple questions, but for almost all the cases, some im-
portant diseases, such as brain tumor, meningitis can-
not be neglected. So, some differential examinations,
such as Computer Tomography (CT), Lumbar Punc-
ture, are needed. We choose this necessary informa-
tion, depending on the results of simple questions. For
the above example, let his history be chronic progres-
sive, and let him feel nausea. We have to differentiate
between migraine and brain tumor. One of the most
important examination is CT, which maybe have not
been executed before. In this case, we have one impor-
tant information needed for diagnosis. So we plan to
perform CT at first. If CT is not available, we have to
get another information to make differential diagnosis,
and make another plan.

Note that it is often that we do not know enough in-
formation, and cannot get them at the same time. So a
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plan to gather information should be made. Although
it is a simple example, in complicated cases, we have to
make more precise plan for differential diagnosis: for
complicated cases, much more information is needed,
although we do not have enough. Therefore, it will be-
come critical how to select a way to get indispensable
information.

2.2 Diagnosis as Learning

As discussed in the above subsection, medical diagno-
sis is a process that acquires sufficient information to
make differential diagnosis. When we know what infor-
mation is needed, procedures of differential diagnosis
can be regarded as one kind of planning. However,
sometimes, even medical experts do not know what
information to gather. For example, neurologists can
deal with cases of neurological diseases, but they may
be not good at cases of abdominal pain. Let a neurolo-
gist meet a patient who complains of severe abdominal
pain. He can gather some information, such as onset,
nature of the pain, but they are not enough to make
a differential diagnosis. So he may consult other ex-
perts of surgery to know what information has to be
acquired. If there are no helpful surgeons, he will ex-
amine some references to get information on what in-
formation is needed. In this case, he tries to extend his
domain knowledge, which we call learning of domain
knowledge (meta information).

The above is only one type of learning methods of
medical experts. Even when they know what infor-
mation to be needed, they execute different learning
mechanisms. Hereafter we focus on two different kinds
of mechanisms.

First is a mechanism in cases when we complete dif-
ferential diagnosis, but when some symptoms or exami-
nations cannot be explained by the conclusions. In this
case, medical experts try to explain these symptoms as
complications of other diseases by using domain knowl-
edge.

For example, when migraine patient complaints of
neck and shoulder pain, they cannot be explained by
migraine. So we should consider complications. Ac-
cording to domain knowledge, it is found that neck
and shoulder pain are specific to muscle contraction
headache, which enables us to explain these symptoms.
So we consider this case as complications of migraine
and muscle contraction headache. This mechanism is
very similar to explanation-based learn|rig (DeJong
& Mooney 1986), since it is important whether they
can make explanation about these atypical manifes-
tations. We call this mechanism learning of plausible
explanation.

However, sometimes, suffcient explanation cannot
be obtained. Then this case will be stored as an atyp-
ical case. And when they meet similar cases, they re-
trieve this case, and make a plan to gather information,
according to the information on the case. This mecha-
nism is very similar to case-based reasoning (Kolod-

her 1994). We call this mechanism learning of atypical
cases.

Second is a mechanism in case when we obtain di-
agnostic conclusions, but when they are completely
wrong. In this situation, medical experts select one of
the following two strategies. One is the above learning
of atypical cases. The other one is learning of domain
knowledge. First, they search for cases similar to that
case. If a similar case is found, they make a plan to
gather more information by using information on the
retrieved case. If not, then, domain knowledge should
be extended.

These learning strategy is illustrated in fig 2. Note
that this architecture is almost the same as that pro-
posed by goal-driven learning (Ram and Leake
1994). However, in our approach, we have three
kinds of planning which control reasoning and learning
method. The first one is a planning method to gather
sufficient information for diagnosis. Second, we intro-
duce a planning mechanism to select learning meth-
ods, which corresponds to strategy selection. Finally, a
planning procedure to gather information for learning,
which corresponds to deciding what to learn). There-
fore our diagnostic model is integration of diagnostic
reasoning, planning and learning. This integration can
be regarded as a cognitive model of medical diagnostic
reasoning, especially when medical experts meet com-
plicated cases.

3. IPLM - Overview

3.1 Implementation Issues

Based on reasoning strategy discussed in Section 2, we
are developing a system IPLM, whose architecture is
shown in fig 2. Now we restrict our domain to headache
and facial pain, which is one of the main part of neu-
rology, and completed our implementation in this sub-
domain.

We acquire domain knowledge from two domain ex-
perts, who have experienced more than I000 cases.
IPLM supports diagnosis and treatment of 50 diseases
and domain knowledge consists of 324 diagnostic rules,
72 treatment rules, 439 descriptions about symptoms,
examinations, therapy, and diseases. This knowledge
is represented as first-order predicates. This system is
written by Quintas Prolog, and implemented on Sun
SPARC/10. The size of domain knowledge is about
2.7MB, and the size of IPLM is about 1.6MB. Repre-
sentation of domain knowledge is discussed in Section
4. In this section, we give a brief overview on IPLM.

3.2 an Overview

The basic architecture of IPLM is shown in fig 2.
IPLM consists of the following six modules: planning
module, rule-based reasoning module (Inspection Mod-
ule), functional reasoning module, planning module,
"learning of domain knowledge" module, explanation-
based learning module and case-based reasoning rood-
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ule. Functional reasoning module is based on func-
tional representation and modelling, which is discussed
in (Sticlden & Bond 1991), and (Tsumoto & Tanaka,
1994).

Planning module consists of two parts. One part,
called main modules, controls medical diagnostic rea-
soning, and determines what information should be ac-
quired. If planning module fails, learning module help
this planning module. The other part, called learning
control modules, controls learning methods, such as
selection of learning methods, and evokes case-based
reasoning methods.

In this system, rule-based module and functional
reasoning module correspond to domain knowledge,
and interact with planning and three learning mod-
ules. And, as a problem domain, we are now using
neurology.

IPLM is executed as follows. First, we execute "In-
spection" module, where we give some fundamental
questions, such as onset, history and nature of chief
complaints. Applying production rules, we exclude dis-
eases that do not satisfy these routine questions.

Second, from the selected candidates, we make a
plan to gather additional information for differential
diagnosis. In this procedure, first, we search for do-
main knowledge on candidates, and list needed exam-
inations. Then planning module evaluates the costs
of each examination and their specificity, and ordered
examinations by this evaluation. Next we gather addi-
tional information, complete differential diagnosis, and
derive final candidates. If not obtained, we will go to
"learning of domain knowledge" module.

Third, we search for symptoms which cannot be ex-
plained by the final conclusions ( explanation-based
learning module ). If no symptom is found, we end
IPLM and proceed into the Planning Therapy module.
However, if this module fails, that is, if the conclusions
are found to be wrong, we search for cases which are
similar to the past collected cases. If not, we perform
learning of domain knowledge.

Else if some symptoms cannot be explained, we use
other domain knowledge to make causal explanation of
these symptoms. Then IPLM learns plausible explana-
tion, and stores this result as new domain knowledge.
And we proceed into the Planning Therapy module. If
it fails, we go to "learning domain knowledge" module.
If succeeded, then return to explanation-based module.
If explanation-based learning module fails, case-based
reasoning module is evoked.

4. Representation of Domain

Knowledge
In medical tasks, we should consider two types of do-
main knowledge. One is context-sensitive, and the
other is context-insensitive. Here we assume that learn-
ing procedures should mainly acquire context-sensitive
domain-knowledge. We discuss about this issue later
in Section 5.

Examination:
SubCategory:

Category:
Measurement:

Specificity:
Time Constant:

Caution :

Lumber_Puncture
Laboratory
Invasive
Cell, Protein, Pressure
Myelin Antibody
Immunoglobulin
Meningitis, Guillian-Barre
1 hours
prohibitive for high ICP

Figure 1: Representation of Examination

We classify domain knowledge into the follow-
ing three categories: "surface" declarative knowl-
edge, "deeper" declarative knowledge, and procedu-
ral knowledge. First, "surface" declarative knowledge
consists of symptom, examination, therapy, and dis-
ease which represent directly clinical tasks. Second,
"deeper" declarative knowledge consists of anatomi-
cal, and physiological, both of which represent knowl-
edge about "deeper" diagnostic reasoning. And, fi-
nally, third, procedural knowledge consists of diagnos-
tic rule, and planning rule. This knowledge is used
for rule-based diagnostic reasoning, and planning. In
this section, we make brief explanations of knowledge
on laboratory examinations, and diagnostic rule and
planning rules.

4.1 Examination

Knowledge about examination represents clinical man-
ifestations, and some important information on these
observations. For example, knowledge about "Lum-
bar.Puncture", which is defined as a more or less
rhythmic oscillation of a part of the body around
a fixed point when at rest, is shown as follows:
SubCategory shows which group this examination be-
longs to. In this case, this examination is one specific
examination of "Laboratory". Category denotes the
highest level where this symptom should be included.
Measurement gives what kinds of subjects are mea-
sured. Specificity means what kind of diseases this
examination is useful for. Caution shows cases when
this examination is dangerous. In this example, the fig-
ure shows that this examination is very danger when
intracranial pressure is very high.

4.2 Diagnostic Rules

We apply diagnosing model of RHINOS, which is an
expert system which diagnoses the causes of headache
or facial pain from manifestations (Kimura et al.
1985), to implement rule-based reasoning module.

RHINOS Diagnosing Model. We model a diag-
nosing process of medical experts as composed of three
kinds of reasoning processes:exclusive reasoning, in-
clusive reasoning, and reasoning about complications.
First, exclusive reasoning is the one that when a pa-
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tient does not have a symptom which often appears in
a disease in the candidates, such a disease can be ex-
cluded from them. Second, inclusive reasoning is the
one that when a patient has symptoms specific to a
disease, the disease can be suspected. Finally, reason-
ing about complications is that when some symptoms
which cannot be explained by that disease, complica-
tions of other diseases can be suspected. Based on the
diagnosing model, we consider three kinds of rules and
develop the following algorithms for acquiring these
rules from medical experts.

I) Exclusive Rule. This rule corresponds to exclu-
sive reasoning. It is acquired by inquiring the following
six basic questions to the medical experts:l.age,2.pain
location, 3.nature of the pain,4.the severity of the pain,
5.History since onset,6.the e~tence of jolt headache.
For example, the exclusive rule of common migraine is
the following:

To diagnose a case as common migraine,
the following condition should be satisfied:
"nature:throbbing or persistent or
radiat Ing"
"history: paroxysmal or sudden" and
"jolt headache: positive".

2) Inclusive Rule. This rule consists of several
rules, which we call positive rules. The premises of
positive rules are composed of a set of manifestations
specific to a disease to be included. If a patient satisfies
one set, we suspect this disease with some probability.
This rule is derived by asking the following questions
for each disease to the medical experts:l.a set of mani-
festatioas by which we strongly suspect a disease. ~.the
probability that a patient ha8 the disease with this set
of manifestations:SI(Satisfactory Indez) 3.the ratio 
the patients who satisf~ the set to all the patients of
this disease:CI(Covering Indez) 4.If sum of the derived
CI(tCI) is equal to 1.0 then end. If not, goto 5. 5.For
the patients of this disease who do not satisf~ all the
collected set of manifestation,s, goto 1. An inclusive
rule is constructed by the set of manifestations, and
its satisfactory index. Note that SI and CI are given a
priori by medical experts.

For example, inclusive rules of common mi-
graine(tCI=0.9) are shown as follows:

If history :paroxysmal, jolt headache : yes,
nature: throbbing or persistent,
prodrome: no, intermittent symptom: no,
persistent time: more than 6 hours, and
location: not eye, then we suspect common
migraine (SI=0.9).
If history: paroxysmal, jolt headache: yes,
nature: throbbing or persistent,
pro&rome:no, intermittent symptom:no, and
location: not eye, then we suspect common
migraine with probability(SI=0.8).
If history: sudden, Jolt headache :yes,

nature: throbbing or persistent, and
pro&rome :no, then we suspect common migraine
with probability(SI=0.5).

3)Disease Image. This rule is to resolve compli-
cations of multiple diseases, acquired by all the pos-
sible manifestations of the disease. Using this rule,
we search for the manifestations which cannot be ex-
plained by the diagnosed disease. Those symptoms
suggest complications of other diseases.

For example, the disease image of common migraine
is:

The following symptoms can be explained by
common migraine:
pain location: any or depressive:not or
jolt headache: positive or ........

4.3 Planning Rules

Planning rules are used to make a plan about labora-
tory examinations and a treatment plan. We call the
former rules DDx Planning rules and the latter ones
Tx Planning Rules.

DDx Pl-nning Rules The inputs are the final can-
didates of Inspection Module, where RHINOS diag-
nosing model is applied, medical environment context
parameter, and patient context parameter.

DDx rules consist of three kinds of subrules: ex-
amination_selector, examination_planner, and tempo-
ral..manager.

First, from the final candidates, we retrieve what
other laboratory examinations are needed to make
further diagnosis. For example, rules in examina-
tion_selector are represented as:

Common Migraine ---* CT findings:no:DXCI=l.0
Hematology :no:DXCI=0.95

--* Liver Func.:no:DXCI=0.92

Examinations are ordered by DxCIs (Dx Covering In-
dex), which are shown on the right side of the above
rule. So this rule says that no specific finding in CT
is necessary to diagnose common migraine. Examina-
tion_selector outputs a list of candidates of examina-
tion, such as { CT, Hematology, Liver..Function, -..
}, and the meaning of each candidate, such as "ab-
normal findings in CT exclude common migraine from
diagnostic candidates". This outputs becomes an in-
put of examination_planner. Examination_planner re-
trieve information on the candidates of examination,
such as shown in Fig.1. Then it reorders again the
list of candidates of examination, according to tempo-
ral information on laboratory examinations and con-
straints between each examination. For example, if
an input of list is {C3, C4, CT, Lumbar_Puncture},
and the time when we can get results of C3, C4, CT,
and Lumbar_Puncture are 7 days, 7 days, 2 hour, 1
hour respectively. Then, first, the list is transformed
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into {Lumbar..Puncture, CT, C3, C4}. However, there
is one important constraint between Lumbar.Puncture
and CT, such as:

If CT and Lumbar_Puncture are candidates,
Then CT should be performed first,
because Lumbar_Puncture needs confirmation
about normal intracranial pressure, which
can be easily examined by CT.

Therefore, because of this constraint, the list should
be transformed into {CT, Lumbar-_Puncture, C3, C4}.

Finally, temporal_manager makes a temporal sched-
ule of these candidates, according to medical envi-
ronment context parameter, and patient context pa-
rameter, which are discussed in Subsection 4.4. And
this process is based on Dean and Bobby’s temporal
scheduling algorithm (Dean and Bobby 1986).

Tx PI-nninE Rules Although Tx planning rules are
partially implemented, the main idea of TX Rules is
almost the same as DDx Rules. The inputs are the final
candidates of Differential Diagnosis module, medical
environment context parameter, and patient context
parameter.

Tx rules consist of three kinds of subrules: ther-
apy.selector, therapy_planner, and temporal_manager.
First, from the final diagnostic conclusions, we retrieve
what treatment should be chosen. For example, rules
in therapy_selector are represented as:

Common Migraine --* Dihidergot : TXSI=0.90
Caffeine : TXSI=0.75
Aspirine : TXSI=0.62

Examinations are ordered by TXSIs (Therapy Satis-
factory Index), which are shown on the right side of
the above rule. So this rule says that "Dihidergot"
is a first choice of treatment of common migraine.
Dihidergot_selector outputs the list of candidates of
examination, such as {Dihidergot,Caffeine,Aspirine },
and information on these treatments, such as "Di-
hidergot is effective to 90 percent of patients of com-
mon migraine". These outputs are inputs of ther-
apy_planner. Therapy.planner retrieve information on
the candidates of treatment. Then it reorders again
the list of candidates of therapy, according to tempo-
rai information on therapy and constraints between
each therapy. For example, if the input of list is
{Dihidergot,Caffeine,Aspirine}, and the time needed
for these drugs to be effective are 1.0 hour, 1.0 hour,
and 1.5 hour, then, first, the list is transformed into
{Caffeine,Dihidergot,Aspirine}. However, assume that
there is one important constraint between Caffeine and
Dihidergot.

If Caffeine and Dihidergot are candidates,
Then select exactly one of them,
because combination of these two drugs
enhances side-effect of Dihidergot.

Therefore, because of this constraint and the value
of TXSI, the list should be transformed into
{Dihidergnt,Aspirine}.

Finally, temporal_manager makes a temporal sched-
ule of these candidates, according to medical environ-
ment context parameter, and patient context parame-
ter. This process is based on Dean and Bobby’s tem-
poral scheduling algorithm.

4.4 Parameterizing Context

In medical tasks, there are two global constraints which
define a specific situation. One is a medical environ-
ment, which shows what kind of laboratory examina-
tion is available, when we can get its results, and what
kind of medication is available. For example, since
it takes a long time to get results from some labora-
tory examination, such as one week in the case of the
measurement of pituitary gland hormones. Or, we can-
not use CT immediately since the reservation of CT is
already full that day. Therefore we should predefine
such information in order to plan laboratory exami-
nations and therapy. This information will be global
constraints to make a suitable plan, since some exami-
nations are indispensable to differential diagnosis. We
call this information medical environment context
parameter.

The other one is information about a patient. This
information includes whether a patient suffers from
chronic diseases, such as DM (diabetes mellitus), hy-
pertension, whether a patient has an allergy to specific
chemical substances, specific drugs. These information
is useful not only for differential diagnosis, but also
for planning therapy. For example, if a patient suf-
fers from DM, and his recent complaint is numbness
of his feet. Then we should suspect that his complaint
be DM neuropathy. So we have to plan some specific
examinations to make sure whether his DM control is
good or not, and the severity of his neuropathy. If
we have a conclusion that his control is not good, then
the first choice of our therapy is to manage his DM sta-
tus, which prevents the progression of the neuropathy.
We call this information patient context parameter.
IPLM stores this information as first predicates.

5. Learning Module

In IPLM, we confine learning procedures to the follow-
ing six snbprocedures: revision of statistical measures,
such as SI, CI, rule revision and learning, learning of
constraints, and learning of domain knowledge, learn-
ing of plausible explanation, and learning of atypical
cases. For the limitation of space, we mention about re-
vision of statistical measures, rule revision, and learn-
ing of domain knowledge.

5.1 Revision of Statistical Measures

We use four statistical measures: SI, CI, DxCI, and
TXSI. The latter two measures are based on the former
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two statistical measures, so here we mention about re-
vision of the former two statistical measures. Formally,
SI and CI are defined as:

card (Ix]R, ND)
card [x]a, ’

card ([xlR, NZ))
card D

where [z]R, denotes a set which satisfies an equiva-
lence relation R/and D denotes a set whose elements
belong to a target concept. We apply the above for-
mulae in order to revise SI and CI incrementally.

5.2 Rule Revision and Learning
The aforementioned rules include statistical measures,
so revision of these measures can be viewed as rule
revision. Another kind of rule revision is to make a
new rule based on new domain knowledge, or revise a
rule by adding domain knowledge. We implement this
revision based on incremental learning algorithm pro-
posed by Sham and Ziarko’s algorithm(Shah and Ziarko
1994).

5.3 Learning of Domain Knowledge
Since we assume that domain knowledge is given by
domain experts, the main point of this type of learn-
ing is how to describe the knowledge of supervisors and
how to determine what is needed to learn from super-
visors. However, for simplicity, IPLM requests domain
experts to give all su~cient knowledge. We discuss
about problems of this process later in Section 6.

6. Evaluation and Discussion
We evaluate this system by eight domain experts who
are not involved in knowledge acquisition process, but
who have experience of using RHINOS. After they use
IPLM to examine 50 complicated cases, they are asked
some questions on this system. Six out of Eight felt
that IPLM performs more naturally than an expert
system, RHINOS. However, five out of eight pointed
out the following three disadvantages. First, input
of domain knowledge is too restrictive. That is, they
pointed out that learning domain knowledge should be
more flexible as medical physicians do. Second, they
stressed that in cases of emergency, planning diagnosis
and treatment should be parallel. That is, this IPLM
architecture can be applied to an outpatient clinic,
such as control of chronic diseases, but not to clinical
cases of emergency. Third, they argued that sometimes
treatment or therapy plays an important role in diag-
nosis. For example, it is possible that fever is caused
by bacterial infection, but we have little information to
diagnose that case as infection. Then, we sometimes
use antibiotics to confirm our diagnosis. So, in this
case, therapy plays a role in differential diagnosis. The
other problem of IPLM is to determine what and when
a supervisor should teach. In our architecture, learn-
ing domain knowledge will be evoked in two cases: one

is when IPLM cannot get diagnostic conclusions, and
the other one is when IPLM cannot make a sufficient
explanation of symptoms. In these two cases, we now
rely on domain experts: to evoke a learning process de-
pends on decision of domain experts, who should give
IPLM all suf~cient knowledge to cope with these situ-
ations. This disadvantage is also pointed out by three
out of eight domain experts. One of the reason of the
disadvantage is that IPLM does not understand char-
acteristics of failure. Therefore we need to represent
what is "failure" in order to automate learning domain
knowledge much further. In summary, this evaluation
shows that learning domain knowledge should be more
flexible and that it is sometimes difficult to discrimi-
nate between diagnosis and therapy.

7. Conclusion
In this paper, we focus on one important aspect of
medical decision- making that, when medical experts
deal with complicated cases, they apply integration of
planning and learning methods to such difficult prob-
lems. Based on this basic concept, we axe now devel-
oping rt system, IPLM (Interaction between Planning
and Learning Methods). The results show that this
methodology implements reasoning of medical experts
more naturally, but also show that sometimes medical
reasoning is a complicated mixture of diagnosis and
treatment.
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Figure 2: Interaction between Planning and Learning Methods
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