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Abstract. A key ability of human reasoning is analogical reasoning. In
this context, an important notion is that of analogical proportions that
have been formalized and analyzed in the last decade. A bridging to
Formal Concept Analysis (FCA) has been brought by introducing ana-
logical complexes, i.e. formal concepts that share a maximal analogical
relation enabling by this analogies between (formal) concepts. Electronic
Health Record (EHR) systems are nowadays widespread and used in dif-
ferent scenarios. In this paper we consider the problem of improving EHR
systems by using analogical complexes in an FCA based setting. More-
over, we present a study case of analogical complexes in a medical field.
We analyze analogical proportions in Electronic Health Record Systems
and prove that EHRs can be improved with an FCA grounded analogical
reasoning component. This component offers methods for knowledge dis-
covery and knowledge acquisition for medical experts based on patterns
revealed by analogies. We also show that combining analogical reason-
ing with FCA brings a new perspective on the analyzed data that can
improve the understanding of the subsequent knowledge structures and
offering a valuable support for decision making.

Keywords: Formal Concept Analysis, Analogical Complexes, Electronic
Health Record Systems

1 Introduction

Conceptual thinking, logical reasoning, identifying analogies and by thus com-
paring resulting patterns are key features of human intelligence. Conceptual
thinking relies on conscious reflexion, discursive argumentation and human com-
munication, where the role of a thinking, arguing and communicating human
being is central in the act of processing knowledge and its inherent structures
[19]. The mathematization of conceptual knowledge is done by Formal Concept
Analysis (FCA). The basic skills and means of FCA are, by this mathematiza-
tion, the basic means and skills of Conceptual Knowledge Processing. Logical
reasoning is done by judgements, understood as asserting propositions, and are
formally mathematized by Conceptual Graphs [18]. Analogical reasoning has
been discussed by J. Sowa in [16], where an Analogy Engine is described. In that
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paper, Sowa points out that especially in language understanding, identifying
analogies and thus analogical processes provide a greater flexibility than more
constrained methods. Moreover, analogy is considered to be a prerequisite of
logical reasoning.

The idea to support and enhance the medical system has lasted over time.
In order to reach these goals, it is important for clinicians to have the possibility
to access patient record information anytime and anywhere. The challenge of
providing clinicians of any specialty with an integrated view of the complete
healthcare history of the patient has so far proved difficult to meet. Due to
this major obstacle, our purpose is to effectively deliver healthcare support for
clinicians in order to give them a better perspective over a patient healthcare
status.

Digitized health information systems are nowadays widespread as a result of
constant development of e-health techniques, advances and methodologies. They
are comprising many services and systems, relating healthcare with information
technology. Among them, Electronic Health Records (EHR) are one of the frames
for patient data communication between healthcare professionals.

Electronic Health Records (EHR) describe the concept of a comprehensive
collection of a patient’s health and healthcare data. They are electronically main-
tained information about an individual’s lifetime health status and healthcare. It
has been intensively studied over the last years whether such electronic systems
have improved the medical system and what the benefits and the drawbacks are
[5,8,14,17].

The development of Electronic Health Records Systems (EHRs) might be
influenced by at least two factors: costs and interoperability. Cost has become
a critical factor in healthcare. Technical knowledge and cross-border situations
are also an important factor in that influence EHRs improvement. Moreover,
the ability of a system to interact with one or more other systems has a huge
influence over EHRs.

Traditional models of healthcare services are usually inefficient, being asso-
ciated with expensive interventions. By using EHR systems one could analyze a
variety of data about patient’s current health status and medical history (medi-
cation, symptoms and diagnostics). Furthermore, Electronic Health Record sys-
tems may be used in order to reduce human error and thereby to improve patient
safety. One may expect that computerized systems could reduce costs, mistakes
or unneeded diagnostic tests.

Analyzing medical data is not a new field of research, due to multiple at-
tempts of interpreting data by using statistical methods, neural networks or
decision trees [2]. In our previous research, we have proven, by making use of the
effectiveness and the graphical representations of conceptual hierarchies, that
FCA and its knowledge processing capabilities are good candidates to solve the
knowledge discovery, processing and representation task in EHR systems [4, 12].
Similar techniques were used by other researchers, for instance to data mine and
interpret patient flows within a healthcare network [6]. Moreover, in our recent
research ([13]), we have managed to offer more insights into how patterns can
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be extracted from medical data and interpreted by means of FCA and Neo4j,
i.e., a graph-based database.

In this paper, we expand our focus and prove that EHR can be enhanced
with an analogical reasoning Component. For this, we rely on FCA and ana-
logical proportions, as they have been introduced in [9,10]. Human reasoning
is often based on analogical reasoning, but it is also error prone. However, if a
computerized system can compute such analogies based on the whole dataset,
it could improve the accuracy of the decision process. One of the key notions of
analogical reasoning is analogical proportion, which is a statement of the form
a is to b as c is to d. This statement expresses a similarity between the relation
linking a to b and the relation linking ¢ to d. Due to different logical and alge-
braic studies of analogical proportions, reasoning by analogy has been recently
improved and formalized. While the use and applications of analogical reasoning
are multiple, it was proven, for instance, that analogical reasoning is a powerful
tool for classification [1].

On the other hand, FCA is well known for its effective knowledge discovery
algorithms and its expressive power, being capable to unify methodologies and
find patterns in large datasets. We apply this paradigm in order to obtain in-
depth and highly qualitative knowledge representation of medical data. The key
notion of FCA is a formal concept, which refers to a maximal subset of elements
having a maximal set of properties (attributes) in common.

In the last years, research has suggested FCA and analogical reasoning are
two techniques that can be easily combined in the data analysis process, since
they both rely on the idea of similarity [9-11]. In this research, we discuss an Ana-
logical Resoning component grounded on the conceptual landscape paradigm of
R. Wille [3,18,19]. We consider a particular set of medical data to exemplify the
FCA based analogies at work. For this, we identify concepts in a weak analogi-
cal proportion, i.e., sets of four formal concepts that share a maximal analogical
relation. This research proves the effectiveness of FCA together with analogical
reasoning as a suitable mechanism through which Electronic Health Record Sys-
tems might be improved, offering thus a valuable reasoning and decision making
support for medical experts.

The paper is structured as follows. After introducing some preliminaries on
EHR systems, FCA and analogical reasoning, we continue with a brief motivation
of our medical data analysis. Then, we describe the experiments through which
we emphasize how powerful analogical reasoning is by showing what data can be
inferred from the results and to what purpose. We end the paper by presenting
our conclusion and some future work.

2 Preliminaries

2.1 Formal Concept Analysis

Conceptual Knowledge Processing is an approach to knowledge management
which is based on FCA as its underlying mathematical theory. FCA has con-
stantly developed in the last 30 years, rapidly growing from an incipient lattice
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theory restructuration approach to a mature scientific field with a broad range of
applications. Nowadays, FCA comprises not only important theoretical advances
about concept lattices, their properties and related structures (like description
logics, and pattern structures), but also algorithmics, applications to knowledge
discovery and knowledge representation, and several extensions (fuzzy, temporal,
relational FCA, etc).

The basic data type FCA is using is a formal context. Using concept forming
operators, a mathematical structure called concept lattice is build. This concept
lattice is used as a basis for further communication and analysis. In the following
we briefly recall some basic definitions. For more, please consult the standard
literature [3].

A formal context K := (G, M, I) consists of two sets G and M and a binary
relation I between G and M. The elements of G are called objects and the
elements of M are called attributes. The relation I is called the incidence relation
of the formal context, and we sometimes write gIm instead of (g, m) € I. If gI'm
holds, we say that the object g has the attribute m.

Concept forming operators are defined on the power set of G and M, respec-
tively. For A C G, we define A’ := {m € M |V g € A. gIm}, and for B C M
we have B’ = {g € G | V m € B. gIm}. These derivation operators provide
a Galois connection between the power sets of G and M. A formal concept is
a pair (A, B) with A C G and B C M with A’ = B and B’ = A. The main
theorem of FCA proves that the set of all concepts of a context K is a complete
lattice and every complete lattice occurs as a concept lattice of a suitable chosen
formal context.

Usually data are not binary, so objects might have attributes with some
values. A many-valued context is a tuple (G, M, W,I), where G, M are sets,
I C Gx M xW is a ternary relation and for all g € G and m € M if (g,m,w) € I
and (g, m,v) € I then w = v, i.e., the value of the object g on the attribute m
is uniquely determined.

Many-valued contexts can be binarized using a process called conceptual scal-
ing. By this, we can allocate to every many-valued context a conceptual structure
consisting of the many-valued context itself, a set of scales and a conceptual hi-
erarchy.

The conceptual structures encoded in medical data can be extracted using
FCA and they can be used as a basis for further communication or knowledge
acquisition. Using FCA to construct conceptual maps for medical behavior, the
obtained lattice structures of these conceptual maps reflect the characteristics
of the medical environment.

2.2 Proportional Analogies for formal concepts

Through analogical reasoning one may draw plausible conclusions by exploiting
parallels between situations. A key pattern which is associated with the idea of
analogical reasoning is the notion of analogical proportion (AP), i. e., a statement
between two pairs (4, B) and (C, D) of the form A is to B as C' is to D where all
elements A, B, C, D are in the same category. This relation express that what is
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common to A and B is also common to C and D, and what is different between A
and B is also different between C and D. There are numerous examples of such
statements in our everyday life, i.e. ”Paris is to France as Berlin is to Germany”,
730 is for 60 what 25 is to 50”. Due to the fact that this relation is involving both
similarities and dissimilarities between four objects, an analogical proportion is
able to model any complex association.

More precisely, according to [9,10], an analogical proportion (AP ) on a set
X is a quaternary relation on X, i.e., a subset of X*. An element of this subset,
written x : y :: z : ¢, is read as x is to y as z is to t, must obey the following two
axioms:

1. Symmetry of "as”: x 1y zit& 2zt iy
2. Exchange of means: z 1y izt w2z ny:t

Analogical proportions [9,10] can be formulated for numbers, sets, in the
boolean case, strings, as well as in various algebraic structures, like semigroups
or lattices. In the latter case, we say that four elements (or in the case of a
concept lattice, formal concepts) (z,y, z,t) of a lattice are in a Weak Analogical
Proportion (WAP) iff x vVt =yVzand At = yAz. The symbols V, respectively
A, denote the supremum, respectively the infimum as they are defined in Order
Theory. Therefore, if we denote by O, and A, the extent, respectively the intent
of concept x, then, by the main theorem of FCA, the previous conditions are
equivalent to

AN A =A,N A, and O, NO; = 0, NO..

In some cases, when one of the four elements of the proportion is not known, it
can be inferred from the three other elements. The idea of analogy is to establish
a parallel between two situations, i.e., what is true in the first situation may also
be true in the second one. However, the parallel between two situations that
refer to apparently unrelated domains may be especially rich.

Let now (G, M, I) be a formal context, O1,03,03,04 C G sets of objects,
Ay, As, Az, Ay € M sets of attributes. We define the following subcontext, where
X denotes that all elements of the respective subsets are related by the incidence
relation I:

A1 Az Az Ay
O X X
O2 X X
03| X X
O4) X X

Table 1: Formal context of concepts

When this pattern is maximal, the subcontext is called analogical complex. More-
over, every analogical complex defines a WAP and viceversa. Given an analogical
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complex, let us denote by x, y, z and ¢ the four concepts building a WAP. Analog-
ical complexes contain correspondences between formal concepts as a whole, i.e.,
elements of the concept lattice. However, if we need to display analogies between
objects and attributes, then another approach, called proportional analogies is
required. For this, Miclet et al. introduce so called full weak analogical propor-
tions, which are a more particular case of WAPs, eliminating what they think are
trivial WAPs. A full weak analogical proportion (FWAP) [9] is a WAP (z,y, 2, t)
iff the four concepts are incomparable for < and the quadruples (z,y, z,t) and
(x,z,y,t) are not WAPs.

A proportional analogy between concepts [9] is a relation § defined on P(G) x

P(M) x B(G) x P(M) written as
02\ 0y) T (Ac\ A4y) T (Oy \ O2) T (Ay \ Az).-

and derived from a full analogical proportion between concepts. However, in
this paper we use a “weaker” version of proportional analogies, by taking into
account proportional analogies derived from WAPs and not just FWAPS.

A heuristic algorithm to discover such proportions by inspecting a lattice of
formal concepts has been proposed in [10]. We have used analogical proportions
and analogical complexes in order to compare objects with respect to their at-
tribute values. Our research is following the analogy-based decision approach,
through which medical decisions may be inferred from previously formed medical
analogies.

3 Motivation

Data mining results are typically difficult to interpret, and much effort is nec-
essary for domain experts to turn the results to practical use. In general, users
do not care how sophisticated a data mining method is, but they do care how
understandable its results are. Therefore, no method is acceptable in practice
unless its results are understandable [7].

The motivation of our research is to use analogical reasoning in order to
improve the diagnosis process and to lower the risk of human error. Let’s consider
the following situation in order to have a better understanding of how analogical
reasoning can be of use. A doctor of a certain specialization can only diagnose
patient with regard to diseases from that particular specialization. In reality,
it is often the case that a patient has a disease at the borderline of two or
more specializations. What usually happens in that case is that the patient
is sent from one doctor to another and he is subjected to multiple tests and
investigations. In the end he might even end up with the wrong diagnosis because
the two doctors rarely come together to discuss the case an each doctor has
limited knowledge about other specializations. How can analogical reasoning
help improve this situation?

Having a large database with patients, diseases and symptoms, we can com-
pute proportional analogies, for instance of the form ”symptom A is to disease
B as symptom C is to disease D”. Assuming that symptom A and disease B
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refer to the specialization of a doctor, it follows that he knows exactly what the
correlation is between symptom A and disease B, for example it is the main
symptom of that disease, or it is a secondary symptom of that disease or maybe
they are not correlated at all. With this knowledge, the doctor can infer new
information based on the analogy, namely how symptom C is related to disease
D.

Another example would be the following proportional analogy obtained from
the analyzed data: Osteosclerosis is to Autophony, Hearing Loss, Rhinorrhea
what Acute Pharyngitis is to Dysphagia, Fever. A doctor specialized in throat
diseases would know that Dysphagia and Fever are the principal symptoms of
Acute Pharyngitis. Therefore, he can conclude that a patient having Autophony,
Hearing Loss and Rhinorrhea as symptoms can be diagnosed with Osteosclerosis
based on analogical reasoning.

In Section 4 we show how to compute weak analogical proportions and
their corresponding proportional analogies for a given dataset. Furthermore, we
present a few of the obtained results to show how analogical reasoning can be
extended on the whole dataset.

4 Experiments

Medical diagnosis is considered one of the most important, and at the same
time, complicated task, that needs to be executed accurately and efficiently. The
development of an automatic system which may be used as a decision support
system which can aid clinicians is therefore of high importance in order to im-
prove accuracy and efficiency.

There are multiple situations in which valuable knowledge is hidden in some
medical datasets, but it is not directly accesible and quite often this knowledge
remains completely inaccessible to medical experts, which need to rely on their
expertize, knowledge, experience and sometimes intuition. Of course, this does
not necessarily mean that the diagnosis is wrong, but the purpose it may some-
times lead to unwanted biases, errors and excessive medical costs which affects
the quality of service provided to patients [15]. Data mining techniques have the
potential to generate a knowledge-rich environment which can help to signifi-
cantly improve the quality of clinical decisions. The purpose of such tools is not
to replace the doctors’ experience and intuition, but to support their decision
with facts and knowledge extracted from the data.

We are considering for this analysis records collected from a teaching hospi-
tal in Romania. The collected data refer to personal characteristics, symptoms
and diagnostics of patients who came to the hospital for an investigation in
the Department of Otorhinolaryngology. This department is specialized in the
diagnosis and treatment of ear, nose and throat disorders.

Using these data, we show how new knowledge about medical investigations
can be discovered, by following several steps: finding concepts, building knowl-
edge concept lattices, finding relations and analogical proportions between con-
cepts.
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Headache
Headache

Hearing Lo§s ever
Hearing LoSs ever

Autophony ~ Trembjitg Rhinbrrhea Dysphagia
Autophony ~ Trembjitg Rhinbrrhea Dysphagia

Otosclerosis
Otosclerosis

Tinnitus auris/] Vertigo
@ @ Tinnitus aurig/| Vertigo

Tinnitus guris Trigeminal Ne Acute Tonsillitis

Tinnitus guris Trigeminal Ny Acyte Tonsillitis

Cough | Hyhdsphia | Otalgia

Chronic Pharyngitis
Chronic Pharyngitis

Nasal @bstruction
Nasal @bstruction

Chronic Sinusitis | Deviateél Septum
Chronic Sinusitis | Deviatefl Septum

(a) WAP1 (b) WAP2

Headache Headache

Hearing ys/ \ever Hearing Lo€s
Autophony Tremb}'g/?hmk(sphagia

Otosclerosis
Tonsillitis Tinnitus ‘guris

Autophony  Trembjiig Rhinbrhea  Dysphagia

Otosclerosis

Tinnitus auris/| Vertigo Tinnitus auris’| Vertigo

Tinnitus guris Trigeminal N Trigeminal Ny Tonsillitis

hagia hagia
ute Rharyngitis aryngitis
Chronic Phiryngitis Chronic Pharyngitis
Nasal Qbstruction Nasal Qbstruction
Chronic Sinusitis | Deviatefi Septum Chronic Sinusitis | Deviatefl Septum

@] o
(c) WAP3 (d) WAP4

Fig. 1: Diagnostics in relation with symptoms with focus on Deviated Septum as
principal diagnostic and Chronic Sinusitis as secondary diagnostic



IX

For a better understanding, we detect and represent the analogical propor-
tions on a concept lattice, which has an intuitive and clear representation. Fig-
ure 1 presents the conceptual scale for the relation between diagnostics and
symptoms which occurred for both male and female patients, but with a par-
ticular focus on Dewviated Septum as principal diagnostic and Chronic Sinusitis
as secondary diagnostic together with the corresponding symptoms that might
appear in patients’ data. We are not directly interested in the correlation be-
tween the gender of the patient and the diagnostics, but in the cause that led to
the diagnostics. For that reason, we look for analogical structures in the concept
lattice in order to infer knowledge regarding the correlation between symptoms
and diagnostics.

Following the notions introduced in the preliminaries, we look for formal
concepts in the lattice that form WAPs, i.e. quadruples of concepts (z,y, 2, t),
where the two pairs (z,¢) and (y, z) share the same infimum and supremum.
In this particular case, we identified four quadruples of concepts that fulfill this
property. The four WAPs can be observed in Figures la, 1b, lc, respectively
1d, where each WAP is of the form (z,y, z,t), with x,y,z and ¢ being formal
concepts (and therefore represented as nodes in the concept lattice). The pairs of
concepts sharing the same infimum and supremum are highlighted with different
borders for a clear view of the weak analogical proportion.

As explained in the preliminaries, in order to obtain correspondences between
diagnostics (objects in the represented formal context) and symptoms (attributes
in the represented formal context) we need to compute the corresponding pro-
portional analogies. Herefrom, we can infer similarities between the relations
linking different subsets objects to different subsets of attributes. In order to do
this we need a clear view of the extents and intents of each concept. Therefore,
although the extents and intents can be read directly from the concept lattice,
in order to make it easier to follow the computations in the next step, we display
them separately in tables. These can be found in Tables 2 - 5 for WAP1 - WAP4,
respectively. We observe that WAP2 is only a permutation of WAP1 (obtained
by exchanging concepts ¢ and z), hence the formal concepts are the same as in
Table 2, but with different notations.

When computing the proportional analogies, the definition given by Miclet
et al. states that from the WAP formed by the concepts z,y, z, and t one can
compute the proportional analogy for the pair (x,y). However, given the com-
mutativity of the supremum and infimum operations, we can obviously deduce
the same proportional analogies for the following pairs: (z, z), (y,t), and (z,t).
As described in the preliminaries, we compute the proportional analogies as set
differences of the extents and intents of the detected pairs.

Given these considerations, the proportional analogies for WAP1-WAP4 are
displayed in Tables 6-9, respectively. Trivial WAPs, where one of the components
is the empty set were eliminated from this analysis.

In this small and relatively easy to read example, we present a few of the
weak analogical proportions and their corresponding proportional analogies in
order to prove how specific domain knowledge that can be inferred from analog-



ConceptH Extent Intent
X Ostosclerosis Autophony
Chronic Pharyngitis| Headache
Chronic Sinusitis |Hearing Loss
Deviated Septum
y Chronic Pharyngitis | Headache
Chronic Sinusitis |Hearing Loss
Deviated Septum Tinnitus
Tinnitus Vertigo
t Acute Pharyngitis Fever
Chronic Pharyngitis | Headache
Chronic Sinusitis | Rhinorrhea
Deviated Septum
Trigeminal Neuralgia
z Acute Pharyngitis | Dysphagia
Acute Tonsilitis Fever
Chronic Pharyngitis| Headache
Chronic Sinusitis
Deviated Septum

Table 2: Diagnostic: Deviated Septum - concepts in analogical relation - WAP1

Concept“ Extent [ Intent
X Ostosclerosis Autophony
Chronic Pharyngitis| Headache
Chronic Sinusitis |Hearing Loss
Deviated Septum
y Chronic Pharyngitis| Headache
Chronic Sinusitis |Hearing Loss
Deviated Septum Tinnitus
Tinnitus Vertigo
t Acute Pharyngitis | Dysphagia
Acute Tonsilitis Fever
Chronic Pharyngitis | Headache
Chronic Sinusitis
Deviated Septum
z Acute Pharyngitis Fever
Chronic Pharyngitis| Headache
Chronic Sinusitis | Rhinorrhea

Deviated Septum

Trigeminal Neuralgia

Table 3: Diagnostic: Deviated Septum - concepts in analogical relation - WAP2



ConceptH Extent ‘ Intent
x Ostosclerosis Autophony
Chronic Pharyngitis | Headache

Chronic Sinusitis
Deviated Septum

Hearing Loss

y Chronic Pharyngitis| Headache
Chronic Sinusitis |Hearing Loss
Deviated Septum Tinnitus

Tinnitus Vertigo
t Acute Pharyngitis Fever
Chronic Pharyngitis| Headache
Chronic Sinusitis | Rhinorrhea
Deviated Septum
Trigeminal Neuralgia

z Acute Pharyngitis | Dysphagia

Acute Tonsilitis Fever
Chronic Pharingitis | Headache
Chronic Sinusitis | Rhinorrhea

Deviated Septum

XI

Table 4: Diagnostic: Deviated Septum - concepts in analogical relation - WAP3

ConceptH Extent ‘ Intent
X Ostosclerosis Autophony
Chronic Pharyngitis| Headache

Chronic Sinusitis
Deviated Septum

Hearing Loss

y Chronic Pharyngitis| Headache
Chronic Sinusitis |Hearing Loss
Deviated Septum Tinnitus

Tinnitus Vertigo
t Acute Pharyngitis | Dysphagia
Chronic Pharyngitis Fever
Chronic Sinusitis Headache
Deviated Septum | Rhinorrhea

z Acute Pharyngitis Fever

Acute Tonsilitis Headache

Chronic Pharingitis
Chronic Sinusitis
Deviated Septum

Trigeminal Neuralgia

Table 5: Diagnostic: Deviated Septum - concepts in analogical relation - WAP4
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‘ Extentl \ Extent2 | Intentl \ Intent2 H Extent2 \ Extentl

Intent2 \ Intentl

(x,y) Ostosclerosis Autophony Tinnitus Tinnitus
Vertigo
(x,2) Ostosclerosis Autophony Acute Pharyngitis Dysphagia
Hearing Loss Acute Tonsilitis Fever
(y,t) Tinnitus Hearing Loss Acute Pharyngitis Fever
Tinnitus Trigeminal Neuralgia Rhinorrhea
Vertigo

Table 6: Diagnostic: Deviated Septum - proportional analogies - WAP1

‘ Extentl \ Extent2 ‘ Intentl \ Intent2 H Extent2 \ Extentl

Intent2 \ Intentl

(x,2) Ostosclerosis Autophony Acute Pharyngitis Fever
Hearing Loss Trigeminal Neuralgia| = Rhinorrhea
(y,t) Tinnitus Hearing Loss Acute Pharyngitis Dysphagia
Tinnitus Acute Tonsilitis Fever
Vertigo

Table 7: Diagnostic: Deviated Septum - proportional analogies - WAP2

| Extentl \ Extent2 | Intentl \ Intent2 || Extent2 \ Extentl

Intent2 \ Intentl

(x,2) Ostosclerosis Autophony Acute Pharyngitis Dysphagia
Hearing Loss Fever
Rhinorrhea
(y,t) Tinnitus Hearing Loss Acute Pharyngitis Fever
Tinnitus Trigeminal Neuralgia| = Rhinorrhea
Vertigo

Table 8: Diagnostic: Deviated Septum - proportional analogies - WAP3

‘ Extentl \ Extent2 ‘ Intentl \ Intent2 H Extent2 \ Extentl

Intent2 \ Intentl

(x,2z) Ostosclerosis Autophony Acute Pharyngitis Dysphagia
Hearing Loss Fever
Rhinorrhea
(y,t) Tinnitus Hearing Loss Acute Pharyngitis Fever
Tinnitus Trigeminal Neuralgia
Vertigo Acute Tonsilitis

Table 9: Diagnostic: Deviated Septum - proportional analogies - WAP4
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ical reasoning. For instance, by analyzing the pair (x,z) from Table 6 and the
pair (x,z) from Table 7, we can observe that the pair of objects and attributes
{{ Ostoclerosis}, { Autophony, Hearing Loss}} is repeated, even if considering dif-
ferent weak analogical proportions. However the second part of the proportional
analogy is different, so we can infer different knowledge and enhance the chain of
similarities. After analyzing the pair (y,t) from Table 6 and the pair (y,t) from
example Table 7 we can observe that if Rhinorrhea is replaced with Dysphagia
in the symptoms list, there will be replacements in the diagnostics list (Acute
Tonsilitis will be replaced by Trigeminal Neuralgia).

By this small example, we can remark from the data under analysis, on the
one hand the real value of the analogical reasoning in this medical setting. For
instance, one can deduce that a group of symptoms might describe in a unique
way a set of diagnostics. On the other, changing the choice of a single symp-
tom can eventually influence the diagnostic of the patient. For a medical expert,
these facts can lead to a better understanding of various patient related data or
even to discover eventual inconsistencies in the data under analysis. Moreover,
pairs of concepts in weak analogical proportions can be used, combined with
the corresponding concept lattice where they are highlighted, for further com-
munication, as an inference support or even as a knowledge discovery method.
Facts that stand out should be analyzed on patients’ records over a large period
of time and, if they persist, it can lead to the formulation of some hypotheses
which can than be researched in more details by medical staff for a validation.

Electronic Health Records with an analogical reasoning component enable
the discovery of in-depth knowledge which is not always easy to discover. Such
a system may address recommendation tasks in order to support clinicians in
their medical decisions. Through a small scenario we want to emphasize how a
clinician, who has medical experience, can interact with an Electronic Health
Record with an analogical reasoning component grounded on FCA:

— Patients comes to the hospital and he / she presents a list of symptoms
which are recorded in the system;

— Some of the patient’s symptoms are principal symptoms, while others are
secondary symptoms;

— Based on a previous data preprocessing phase, conceptual landscapes are
built, enabling navigation in a dyadic or triadic setting;

— The analogical reasoning component presents quadruples of concepts in a
weak analogical proportion and mines all analogical relations;

— Based on a previously built knowledge base, eventual inconsistencies can be
highlighted;

— The clinician can give a diagnostic to the patient and investigates some of
the highlighted analogical relations;

— Even more, based on the entire set of analogies, the clinician may dig deeper
into relations between symptoms and diagnostics and he / she can specify
exactly which diagnostic is the main diagnostic and which are the secondary
diagnostics based on the specific list of symptoms.
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5 Conclusions and future work

Electronic Health Record systems proved to be a significantly aid in health
improvement and also a continuous challenge. By means of FCA and analogical
reasoning we succeeded in addressing health care system’s shortcomings and we
have proved that they might have a positive impact on patient welfare.

Through analogical reasoning medical errors can be decreased and due to the
existing analogies between patient symptoms and diagnostics, preventing care
of a patient may be enhanced.

As future work we propose to develop a recommendation system based on the
confidence of an analogy which may be a real help for clinicians. Our perspective
is moving on assigning a grading to the recommendation according to the percent
of concepts in which the pair (object, attribute) is present out of all concepts
which contain the object in their extent.
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