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Abstract—Clinical decision support systems (CDSS) are
designed to assist physicians and other health professionals
with numerous clinical tasks, such as establishing a
diagnosis or determining the appropriate course of therapy.
While much research has been conducted in the field, with
various degrees of success, little emphasis has been placed
on unified knowledge representation with uncertainty and
learning capabilities of a diagnostic system. Non-axiomatic
logic (NAL), an Artificial General Intelligence project
designed to realize general-purpose logic, provides
consistent format for representing and reasoning-learning
with knowledge that has diverse degrees of uncertainty. This
paper reviews the methods used in design of CDSS, and
proposes a CDSS framework based on NAL.

. INTRODUCTION

Clinical decision support systems (CDSS) are systems
designed to influence clinical decision-making tasks, done
by physicians and other health professionals, in order to
improve the quality of health care [1].

An important and non-trivial problem of CDSS is the
diagnostic process — helping the physicians in determining
which questions to ask, or deciding which tests to order
and procedures to perform. To model such a complex
tasks the system would need to able to resolve
inconsistencies, to conclude new evidence based on its
current knowledge, and to ask questions and generate
hypotheses in order to explain its reasoning. In other
words, a CDSS needs to have human-like reasoning
capabilities.

Current research in the field of clinical systems is
largely focused on the application of artificial neural
networks (ANNS), due to their proven high accuracy [7, 8,
9]. Research has shown that ANNs diagnostic predictions
are usually as good as, or better than, those of the
physicians. However, the knowledge stored in ANNS is
very hard to interpret for medical professionals and the
reasoning behind the computed diagnostic solutions is
hard to explain, that is, they don’t provide support for the
complete diagnostic process [1].

Another approach to diagnostic support are knowledge-
based expert systems [10, 11, 12]. Knowledge-based
expert systems have an intrinsic quality of being able to
provide decision explanations. One of the first and widely
known knowledge-based expert system was MYCIN,
developed at Stanford University in the 1970s. MYCINs
knowledge base consisted of if-then rules with certainty
factors attached to consequent diagnoses. For inference a
backward chaining reasoning strategy was employed. In a
test conducted at Stanford, MYCIN outperformed
members of the Stanford medical school faculty.
However, MYCIN was never actually used in practice and
after 1979, due to lack of maintenance, its knowledge base
become out of date [13].
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Disadvantage of rule-based systems?, such as MYCIN,
is that they become increasingly unmanageable when the
number of rules increases, and they often contain several
thousand rules or more. Furthermore, “if-then” rule
systems usually have difficulty dealing with uncertainty,
due to the fact that they don’t employ logic with sound
theoretical support for representation of different kinds of
uncertainty.

It is our belief that aforementioned issues can be solved
with the use of techniques of Artificial General
Intelligence (AGI). AGI is a field of artificial intelligence
whose research is focused on the goal of creating a
general purpose intelligent system. In contrast to
traditional knowledge-based systems, AGI systems are
designed to with general-purpose logic that is able to
reason across multiple domains and deal with various
kinds of uncertainty. A well suited AGI project for
reasoning in medicine is Non-Axiomatic Reasoning
System (NARS) [5, 6]. Among other things, NARS is
scalable, supports learning, and provides support for the
complete problem-solving process. A case-study in
medical diagnosis of NARS and its core logic, the Non-
axiomatic Logic (NAL), was conducted in 2011. That case
study showed that NAL can be successfully applied in the
medical domain [2]. NAL has, also been used for analysis
of reasoning applicable to Percutaneous Coronary
Interventions [3]. In the domain of decision support, NAL
has been used as a core logic for a conceptual framework
with reasoning capabilities for crisis response decision—
support systems [4]. The framework case study was in the
domain of urban firefighting. Results of the study showed
that their framework provided a promising approach for
intelligent  decision-support ~ systems in  crisis
management.

In this paper we propose a conceptual framework for
CDSS, with the support for the complete diagnostic
process, based on the use of text mining and AGI
techniques. To the best of our knowledge, there haven’t
been any significant attempts at solving aforementioned
issues present in rule or machine learning based CDSS
with an AGI approach, that is, with the use of a general-
purpose intelligent system with reasoning and learning
capabilities.

This paper is organized as follows. Section 2 contains a
brief overview of NAL. Our conceptual framework is
presented in Section 3. Section 4 presents an example
NAL case study in medical diagnosis. Section 5 concludes
the paper and provides directions of future work.

Il.  NON-AXIOMATIC LOGIC

NAL is the core logic of NARS an AGI project. It is
designed to be a uniform logical foundation for AGI, as
well as an abstract description of the human thought
process. It is constructed around the notion of insufficient

1 When a knowledge-based system is implemented with
production rules, then it is called a rule based system [10, 16].
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knowledge and resources. That notion defines that the
meaning of any term and the truth-value of any statement
is determined by the evidence available to the system. By
design, NAL can consistently represent and reason with
different types of uncertainty.

NAL is organized into 9 levels. Each level extends the
previous ones by introducing new concepts, grammar,
and/or inference rules. A practical system which uses
NAL doesn’t need to implement all 9 levels to function,
instead it can only use the levels needed for its specific

reasoning tasks. Briefly, each level includes the
following:

. NAL-1: Inference rules for inheritance.

. NAL-2: Similarity, instance, and property copulas.

. NAL-3: Compound terms.

. NAL-4: Arbitrary relations among terms.

. NAL-5: Higher-order statements.

. NAL-6: Variables.

. NAL-7: The concept of time.

. NAL-8: Support for operations, i.e. procedural
statements.

. NAL-9: Self-control and self-monitoring.

NAL is a term logic, its sentences are given in the form
of “Sr P (f, ¢)”. Where S is the subject, P is the predicate
and r is the copula which represents the relation between
the two terms. The most basic relation in NAL is
inheritance, symbolized as “—”. Statements S—P can be
read as S is a type of P, for example coldPatient—patient
a coldPatient is a type of patient.

The truth-value (f, c) is a pair of real numbers, in the
range [0,1], defined by the evidence available to the
system. The letter f is called frequency and its value
represents the ratio between the positive evidence w* and
total evidence w. The second number c is the confidence
of the system which describes how stable the frequency
will be in light of the new evidence. Confidence is
defined as w/(w+k), where k is the constant amount of
future evidence (k is usually set to the value of 1). For
example, in the statement cold-patient—[cough] <0.79,
0.73> the value of 0.79 (frequency) can be read that there
is a 79% chance of cough being a symptom of cold, and
the value of 0.73 (confidence) means that the system is
73% confident that the value of frequency won’t be
changed in the foreseeable future by new evidence.

The system provides various kinds of inference rules
such as deduction, induction, and abduction. Those
inference rules can derive new knowledge from existing
knowledge. Each of the rules has its truth-value function
that calculates the truth-value of the conclusion according
to the evidential support provided by the premises. NALs
knowledge base doesn’t need to be consistent at all times,
and its revision rule is used to handle inconsistencies. The
revision rule is used to unify the same knowledge
contained in two beliefs derived from disjoint evidential
sets. Also, if the amount of statements becomes too large,
the composition rule can be used to combine them and
enable more efficient reasoning. Full description of the
logic can be found in [5, 6].

In a practical scenario, the truth-value of the
knowledge initially given to the system can determined
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by the user. Additionally, if the knowledge comes from
statistical data source, then the evidence can be extracted
from the given data, which in turn determines the truth-
values. For example, a physician can, based on his
experience, know that a certain disease presents with a
certain symptom in 80% of the cases. That expert
knowledge can be directly imputed in the system. On the
other hand, if the statistical data is available for a disease
and its symptoms the frequency and confidence values
can be directly calculated by the given formulas.

It is important to note that NAL is not better than
mathematical of probabilistic logic in a sense that it will
provide more accurate inferences then them, the creator
of NAL stated: “Whenever the knowledge/resource
demands of a traditional model can be satisfied, it usually
works better than NAL. When those demands cannot be
satisfied, NAL works better than illegally applying a
traditional model” [6].

In order for a CDSS to properly support the complete
diagnostic process, it needs to be able to gather
information, recognize patterns, ask questions, make
decision under uncertainty, and such, that is it needs to
have human-like reasoning capabilities [16, 17]. A
system with human-like reasoning capabilities needs to
be constructed around several key concepts, such as [4, 5,
6]:

PROPOSED FRAMEWORK

its inference engine needs to be constructed around
a solid theoretical foundation that supports
uncertain and inconsistent knowledge,

knowledge base must be scalable,

it should provide real-time response,

system should support learning, and

it should provide support for external processes
(e.g. it should be able to pass the relevant data from
its knowledgebase to a ANN and use the results
that ANN generates in its own reasoning).

Aforementioned concepts are usually attributed to AGI
systems, and they can be used as a foundation for the
construction of a CDSS. Use of AGI systems could
decrease the cost and improve the reusability of the
system in different domains. Therefore we propose a
framework that uses text mining techniques for
knowledge-base maintenance/creation and a general-
purpose logic for its reasoning with learning capabilities.

Our proposed framework is given in figure 1. The
framework was designed with NAL as the core logic of
the reasoning engine. The framework consists of three
main components: the text mining subsystem, the
knowledge base, and the reasoning engine.

Text mining in medicine is not a new concept. It has
thus far been applied for named entity recognition, de-
identification, etc. [14, 15]. In the aspect of CDSS text
mining can be applied to medical textbooks and
electronic  health records. Medical textbooks are
thoroughly vetted sources of medical knowledge written
by medical experts. With the use of text mining, the
knowledge in medical textbooks can be translated into a
knowledge base of a CDSS, which in turn can decrease
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Fiaure 1. Prosposed Framework

the knowledge base maintenance cost. Text mining can
also be applied to electronic health records (EHRS).
EHRs contain a wealth of data in the form of unstructured
text. Data such as the complete disease history of a
patient, the decisions physicians made in different
scenarios, as well as the diagnostic process and treatment
process done by the patients physicians, can be extracted
from EHRs. The data contained in patients histories can
be used to improve the accuracy of the CDSS or even to
help the system to learn new and previously unknown
relations. On the other hand, the data about the behavior
of physicians in different scenarios can help model and
improve the decision making task of the system without
the need of explicit input form the experts.

The knowledge base in the proposed framework can be
updated in three ways: by the experts themselves, by the
text mining subsystem, and by the reasoning engine
through its learning subsystem. All changes to the
existing knowledge in the knowledge base should be
validated by the clinicians.

NAL is used as the core logic of the reasoning engine.
The reasoning engine consists of two parts: the reasoning
subsystem and the learning subsystem. The reasoning
subsystem can be seen as the reasoning engine itself. It
accepts external input, and uses the knowledge, contained
in the knowledge-base, to provide support to the users.
The learning subsystem monitors and stores all the
reasoning done by the reasoning subsystem. After the
systems receives feedback from clinician (e.g. after the
proposed treatment the patient still exhibits the same
symptoms) it uses that feedback data to update the
uncertainty values of the applied inferences. For example,
if the system has two competing diagnoses for a set of
symptoms, the system will choose one of the diagnoses as
primary based on the truth values. If the system receives a
negative feedback from the wuser, for the chosen
diagnosis, it will use that feedback to slight modify the
truth values of both diagnosis for the set of used
symptoms.

Another advantage of the use of AGI systems such as
NAL/NARS is their ability to use external process in their
own reasoning. For example, if the system reasons that a
potential cause of patients symptoms can be a certain
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disease, the system with NAL as the core logic can pass
the relevant data to an ANN (or any other model) and use
its findings for further reasoning. This ability enables the
CDSS to be easily extensible without the need for
extensive changes in the design of our framework.

IV. CASE STUDY

This section presents a very simple case study of NAL
in the domain of medical diagnosis. A more detailed case
study, with more complex scenarios, can be found in [2].
The data in the example below was tested on an open
source implementation of NARS, the OpenNARS 22,

If we assume that the knowledge-base contains the
knowledge given in table 1. Table 1. Contains the

Table 1. Initial knowledge
cold-patient—[cough] <0.79, 0.90>
cold-patient—[runny-nose] <0.90, 0.90>
cold-patient—[fever] <0.65, 0.87>
allergy-patient—[runny-nose] <0.95, 0.92>

knowledge about two possible diagnoses: cold-patient
and allergy-patient. Cold-patient, that is the cold, can
present with three symptoms: cough in 79% of the cases,
runny nose in 90% of the cases, and fever in 65% of the
cases. Allergy-patient, that is allergies, presents with the
symptom of runny nose in 95% of the cases. If the system
receives the input with partial data, e.g. that a patient
exhibits symptoms of a runny nose and of a cough (given
in table 2.) the system will derive: {patientl} — cold-
patient <0.90, 0.41>, that is, patientl is a cold patient. On
the other hand, if the system gets the complete input

Table 2. Input data for patientl
{patientl}—[runny-nose]<1.0,0.90>
{patientl } —[ cough]<1.0,0.90>

Note: When inputting data with NAL a default values for
frequency and confidence are 1.0 and 0.90 respectively

information about the patient, given in table 3, it can
derive a solution, in this case, with a slightly higher
frequency value: {patient2}—allergy-patient <1.0,0.39>
The low confidence values can be attributed to the low
amount of evidence given to the system.

2 https://github.com/opennars/opennars2
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Table 3. Input data for patient2
{patient2}—[runny-nose] <1.0,0.90>
{patient2} —[cough] <0.0,0.90>

{patient2} —[fever] <0.0,0.90>

It is important to note that the relations given in tables
above are simple, and that they would be much more
complex in a real-world application. Due to simplicity of
the test case, the use of text mining is not shown in the
example above. In the context of a real-world application,
the time consuming and expensive task of forming the
knowledge-base, usually done by experts, can be
efficiently done by the use of text mining.

V. CONCLUCION

In this paper, we presented a conceptual framework for
Clinical Decision Support Systems based on the use of a
general-purpose logic for intelligent reasoning and
medical text mining.

A framework, for CDSS, with reasoning and learning
capabilities, based on NAL, has the potential to solve
main disadvantages of traditional knowledge based
systems, such as:

Dealing with uncertainty, which is unavoidable in the
diagnostic process, is one of the core concepts
around which NAL is constructed. As such, it
provides consistent format for representing
uncertainty and reasoning with uncertain and
inconsistent knowledge.

Most knowledge based systems are domain specific
with their core logic being closely coupled with
domain specific knowledge the system works with.
Such systems are often too costly to maintain due to
the fact that a domain expert is required to update the
knowledge base. In contrast, NAL has a general-
purpose logic and control mechanism that is separate
from domain specific knowledge. This separation
allows the system to update its knowledge base via
automatized techniques, i.e. text mining from
medical books that are already written by domain
experts.

Lastly, NAL is scalable to large amounts of
knowledge and complicated problems, because NAL
does not exhaustively search all possibilities when
solving a problem. Instead, it only considers a
“reasonable” amount of them, depending on the
amount of available resources [5].

In comparison to other approaches for diagnostic
support, an AGI approach provides the system with
various kind of reasoning rules (such as comparison,
revision, choice, induction, etc.) instead of deduction
only.

Another novelty introduced by our framework is the
use of text mining as a way of constructing/maintaining
the knowledge base. Such use of text mining techniques
could, besides decreasing the maintenance cost,
potentially decrease the time in which new medical
findings (or facts) are confirmed, by analyzing EHRs, and
made available to general practitioners.

In our future work we intend to implement the
described framework for the comorbidity diagnostic
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support, in cooperation with Nephrology clinic at Clinical
Center of Serbia in Belgrade.
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