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Abstract

Recently there has been an increasing interest in applying
information technology to support the diagnosis of diseases
such as cancer. In this paper, we present a hybrid approach
using case-based reasoning (CBR) and rule-based reasoning
(RBR) to support cancer diagnosis. We used symptoms, signs,
and personal information from patients as inputs to our
model. To form specialized diagnoses, we used rules to define
the input factors’ importance according to the patient’s
characteristics. The model’s output presents the probability of
the patient having a type of cancer. To carry out this research,
we had the approval of the ethics committee at Napoledo
Laureano Hospital, in Jodo Pessoa, Brazil. To define our
model’s cases, we collected real patient data at Napoledo
Laureano Hospital. To define our model’s rules and weights,
we researched specialized literature and interviewed health
professional. To validate our model, we used K-fold cross
validation with the data collected at Napoledo Laureano
Hospital. The results showed that our approach is an effective
CBR system to diagnose cancer.
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Introduction

According to the World Health Organization (WHO), cancers
figure among the leading causes of morbidity and mortality
worldwide'. Researchers from the WHO and the International
Agency for Research on Cancer (IARC) claim that in 2012,
there were 14.1 million new cancer cases and a total of 8.2
million deaths from cancer worldwide. It is expected that the
number of cancer patients will continue to rise by about 70%
over the next 2 decades'. Early diagnosis of cancer is a big
challenge because it is a disease with multiple locations and
clinicopathological aspects while having no pathognomonic
(i.e., specific to each disease) signs or symptoms”. Therefore,
it can be detected in various stages of histopathological and
clinic evolution. Healthy lifestyle and early diagnosis of this
disease can reduce its mortality rate, according to the
International Union of Cancer Control (UICC)’.

Many researchers have applied Artificial Intelligence (Al)
techniques to create health-related systems or models, such as
the diagnosis or classification of diseases [1-4]. To diagnose

! http://www.who.int/mediacentre/factsheets/fs297/en/
*http://www?2.inca.gov.br/wps/wem/connect/tiposdecancer/site
/home/estomago/diagnostico_profissional

3 http://www.uicc.org/national-cancer-leadership-congress-
2014

cancer, researchers applied different computational
techniques. Salem and El Bagoury [5] proposed a hybrid case-
based adaptation model, that combines transformational and
hierarchical adaptation techniques with artificial neural
networks and certainty factors for the diagnosis of thyroid
cancer. Zubi and Saad [6] combined data mining techniques
with neural networks for the early diagnosis of lung cancer.
For the diagnosis of breast cancer, Keles, Keles and Yavuz [7]
used neuro-fuzzy rules while Sharaf-elDeen et al. [8] used a
hybrid approach that combined case-based reasoning (CBR)
with rule-based reasoning (RBR).

In this paper, we present a hybrid approach using CBR and
RBR to assist healthcare professionals in the early diagnosis
of patients with cancer. We use CBR and RBR because rules
and cases are complementary [9]. Instead of using RBR as an
alternative solution to CBR, as Sharaf-elDeen et al. [8] did, we
use it to improve the probability of CBR to converge to the
best solution. The proposed model may act both as a decision
support system for less experienced clinicians and also as a
second opinion for experts.

To carry out this research, we received the approval of the
ethics committee at Napoledo Laureano Hospital. To define
our model’s cases, we collected real patient data at Napoledo
Laureano Hospital, which is a reference for oncology in
Brazil. We represented the case with patients’ personal
information, signs (i.e., objective findings that can be
described by a health-care provider), symptoms (i.e.,
subjective complaints reported by patients), and their
diagnoses. To define our model’s rules and weights, we
researched specialized literature [10] and interviewed a
general practitioner.

For the purpose of this research, we collected data from
patients with gastrointestinal cancer. More specifically,
patients with the following gastric neoplasms: anal, colorectal,
esophagus, and stomach. To validate our model, we developed
a prototype and used the K-fold cross validation method. The
final results show that our approach has increased the
accuracy of the diagnosis by 22.92% when compared to using
only CBR.

Background

Case-based reasoning

Case-Based Reasoning is a paradigm for solving problems
that is fundamentally different from other major Al
approaches. Instead of relying solely on general knowledge of
a problem domain, or making associations along generalized
relationships between problem descriptors and conclusions,
CBR is able to use specific knowledge of previous
experiments from concrete problems (cases) [11]. In CBR, a
new problem is solved by reusing the solution of a previous
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similar problem. A second important difference is that CBR is
an incremental approach. This means that each time a problem
is solved, this new experience is retained, making it
immediately available for future problems [12].

The processes involved in CBR can be represented by a
schematic cycle (Figure 1), which is comprised of the tasks of
retrieving the most similar case, reuse/adapt the case to try to
resolve the problem, revise the proposed solution if necessary,
and retain new solution as part of a new case.
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Figure 1 — CBR cycle, introduced by Aamodt and Plaza [11]

CBR can be integrated with other techniques. Marling et al.
[13] present CBR integration with RBR and constraint-
satisfaction problem (CSP) solving. Furthermore, they discuss
CBR integration with model-based reasoning (MBR), genetic
algorithms, and information retrieval. RBR was the first
modality to be successfully integrated with CBR [13].

Rule-based reasoning

RBRisa methodology whose representation of
knowledge is in the form of IF-THEN rule statements. Rules
are patterns, so the RBR engine searches for patterns in the
rules that match patterns in the data. RBR is an ideal approach
for solving simple problemsin which there are few rules
[14].In RBR, the problem solving complexity is directly
proportional to the number of rules necessary to match the
pattern of data. Furthermore, RBR lacks the ability to learn
due to the difficulty of acquiring new expertise in pattern
matching or new rules [14].

The basic form of a rule is the following:
IF <conditions>
THEN <conclusion>

where <conditions> represents the rule conditions, and can be
connected by logical operators such as AND, OR, NOT, etc.,
forming a logical function. When rule conditions are satisfied,
the <conclusion> is derived and the rule is said to “trigger”

[9].
Methods

In medical decision support systems, the use of CBR or RBR
methodologies is common [15]. In the proposed approach, we
used CBR as the main reasoning process, and RBR was used
to improve part of this process. The idea is that our approach
can be used in a system that assists the physician in the early
diagnosis of cancer. During a medical appointment, the patient
tells the doctor some personal data and the symptoms that
he/she is feeling. The physician will add this information to
the system along with the signals perceived by the patient. The
system will search in the database for the most similar case to

that of the patient. Based on this result, the doctor may state
the prognosis, and request tests to confirm the presence or
absence of disease (Figure 2). The proposed model may act
both as a decision support system for less experienced
clinicians and as a second opinion for experts.
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Figure 2 — System representation

Our methodology is composed of four main steps: data
collection, case representation, similarity measures definition
and rules definition (Figure 3). The first step is necessary for
both the CBR application and also the RBR. The second and
third steps correspond to two basic elements of a CBR system
[12] and the fourth stage corresponds to RBR methodology.
We applied RBR to define the case’s attribute weights, used in

the global similarity function.
Case
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Collection Representation Definition Definition
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with some of these We selected what defined a function We defined rules
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and 3 isti For the other literature and we
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diagnosis of the standard nearest
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Figure 3 — Main steps of the methodology

In the following subsections, we present in more detail the
four steps of our methodology.

Data Collection

With the approval of the Napoledo Laureano Hospital ethics
committee, we collected data from the medical records of
patients. We kept the privacy of their data. We collected the
medical records ID from the agenda of the specialist in
gastrointestinal cancer and we focused, more specifically, on
patients with the following gastric neoplasms: anal, colorectal,
esophagus and stomach.

The data collected corresponds to some personal information
such as age, family history, signs and symptoms such as
cutaneo-mucosal pallor and dysphagia, respectively, and the
diagnosis of the patient. It was not possible to collect all the
data we would have liked because some records had little
information about the signs and symptoms of the patient.
Furthermore, many of them had little digitalized infomation,
hindering our collection process.

In this research, we used forty-eight cases from real patients:
six cases of patients with anal cancer, six with esophageal
cancer, fifteen with colorectal cancer, and twenty-one with
stomach cancer.
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Case Representation

To represent the cases, we used a set of [attribute — value]. An
[attribute — value] system is a basic knowledge representation
framework comprising a table with columns representing
attributes and rows representing objects. Each table cell
therefore designates the value (also known as the "state") of a
particular attribute of a particular object. In this work, each
object is a case and can be represented by a problem, personal
data, signs and symptoms, and also by a solution, the
diagnosis (Figure 4).
case

_signs and symptoms
anal bleeding
anal pain
‘weight loss
anal vegetating lesion
change in bowel habit
abdominal discomfort
cutaneo-mucosal pallor solution
abdominal pain
palpable mass
local buming
rectal bleeding
gastrointestinal bleeding
dysphagia
epigastric pain
postprandial fullness
vomiting
pyrosis

ersonal data

gender
age

skin color
smoking
alcoholism

family history
- A type of parental cancer
) family amount

Figure 4 — Representation of the case in the proposed
approach

In our approach, a case consists of twenty-six attributes, most
of them boolean (i.e., they assume true or false values). Types
and the respective values of the remaining attributes can be
viewed in Table 1.

Table 1 — Attributes Configuration

Attribute Type Value

gender String male / female

age Integer 1to 110

skin color String white / brown / black

non-smoking /

smoking String smoking / ex-
smoking
non-alcoholic /
alcoholism* String alcoholic / ex-
alcoholic
family history String ggg:eél/ ;edgggefeéz
type of parental ) none / mouth /
pe ofp String colorectal / stomach /
cancer
eye / ovary / lung
family amount String 0/1/>1

Similarity Function Definition

Each attribute in a case is a piece of information about the
case. An important attribute for the recovery process is called
the “attribute index”. Each index has a set weight, which
represents the importance of that attribute in the recovery
process, and is typically instantiated by the user with a value
between 1 and 10.

The recovery process is based on a similarity function. In this
work, we used the standard nearest neighbor method [12]:

sim(Q,¢) = D f@Coxwi o

T wi

* a chronic disorder characterized by dependence on alcohol

This function returns the global similarity value between two
cases, Q and C. Qi corresponds to the attribute value i of a
new case and Ci corresponds to the same attribute i of the case
recovered from the case-base. Wi is the weight of i attribute
and n is the number of attributes of a case. Thus, n is equal to
twenty-three, since the attributes "family history," "number of
family", and "prognosis" are not used in the calculation of the
equation.

In (1), "f" is the function of local similarity of each attribute.
All of them use the local similarity function Equal(), except
for the age attribute. For this, a new function called
EqualInterval(), which calculates the similarity of the attribute
according to age ranges (<= 60, 61-70 and >= 71) defined by
us. Thus, for this attribute, the values of 74 and 80 are coded
identically.

The twenty-three features used in the calculation of similarity
have a default weight of "1". Some attributes have altered
weights according to pre-established rules mentioned in the
later section. We believe that the weights in general should be
chosen by a specialist in gastrointestinal cancer in order to
increase the accuracy of the system.

As we have a small case-base, the recovery method that we
use is the sequential, that is, the measure of similarity is
calculated for all cases of the base [12].

Rules Definition

The rules created and used in our approach were based on
information extracted from a medical book [10] and the
National Cancer Institute’ (INCA) website. The weights used
in the rules were decided with the help of a general
practitioner. We interviewed the general practitioner and used
a template to formulate the questions: “How important is the
X attribute to diagnose cancer Y?”, where X corresponds to
the some case attribute and Y to some type of cancer. The
answers were collected on a scale from 1 to 10.

1st rule: This corresponds to the patient's family history.
Patients who have a relative who has or had a particular type
of cancer is more likely to also have cancer. Among the types
of cancer studied in this research, only colorectal and stomach
cancer consider family history.

Variables Condition Action
type_ca_parental = colorrectal
type_ca_parental OR type_ca_parental.weight «— 5

type_ca_parental = stomach
Figure 5 — First Rule

2nd rule: This also corresponds to the patient's family history.
If the number of a patient’s relatives who have cancer is
greater than 1, then the patient will be more likely to also have
this neoplasm.

Variables Condition Action

amount_family

amount_family > 1
type_ca_parental

type_ca_parental. weight «— 8

Figure 6 — Second Rule

3rd rule: Dysphagia is the main clinical manifestation that
occurrs in patients with esophageal cancer.

® National Cancer Institute
http://www2.inca.gov.br/wps/wem/connect/tiposdecancer/site/
home
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Variables Condition Action

dysphagia dysphagia = true dysphagia.weight «— 5

Figure 7 — Third Rule

4th rule: According to the data from the literature [10],
weight loss is a common feature in patients with colorectal,
esophagus, or stomach cancers. However, there are cases of
patients with anal cancer that also presented with weight loss.

Variables Condition Action

weight_loss weight_loss = true weight_loss.weight «— 2

Figure 8 — Fourth Rule

5th rule: Postprandial fullness is a feeling of stomach
fullness, and is characteristic of patients with stomach cancer.

Variables Condition Action

post_prandial_fullness.weight

post_prandial_fullness post_prandial_fullness = true 5

Figure 9 — Fifth Rule

6th rule: Anal bleeding is the most common feature present in
patients with anal cancer [10]. However, patients with
colorectal cancer may also exhibit this symptom.

Variables Condition Action

anal_bleeding anal bleeding = true anal_bleeding.weight «— 5

Figure 10— Sixth Rule

7th rule: Anal pain is a feature of patients with anal cancer,
but it also appears as a symptom in patients with colorectal
cancer.

Variables Condition Action

anal_pain anal_pain = true anal_pain.weight «— 5

Figure 11 — Seventh Rule

8™ rule: A change in bowel habits (diarrhea or constipation) is
a warning sign for colorectal cancer. There are cases of
patients with stomach cancer who also have this symptom.

Variables Condition Action

change_in_bowel_habit.weight

change in_bowel habit || change in_bowel_habit = true s

Figure 12— Eighth Rule

9th rule: Abdominal pain and changes in bowel habits are

symptoms of colorectal cancer. They are also often present in

patients with stomach cancer.

| Variables Condition Action
abdominal_pain

abdominal_pain = true abdominal pain.weight « 3

Figure 13 — Ninth Rule

Validation Method and Results

To validate the system, we developed a prototype, and we
used k-fold cross-validation [16]. As we have forty-eight cases
and the number of cases for each neoplasm is a multiple of
three, we split the data into three blocks, each one with sixteen
cases.

We used each block as input to the system. First, we made
tests without the use of rules (i.e., all attributes independent of
the value had a weight of “1”). Then, we redid the tests using
the rules previously mentioned. The result of the three
iterations can be seen in Table 2, Table 3, and Table 4,
respectively.

The diagnosis accuracies by fold and by type of cancer are
shown in Table 5 and Table 6, respectively.

Table 2 — Results of the first test block

N°  Real diagnosis Without rules  With rules
[ — 1° case hit  1° case hit
1 Anal anal 1 anal 1
2 Anal anal 1 anal 1
3 Colorectal esophagus 0  colorectal 1
4 Colorectal colorectal 1 colorectal 1
5 Colorectal esophagus 0 esophagus 0
6 Colorectal anal 0 anal 0
7 Colorectal stomach 0 colorectal 1
8 Esophagus esophagus 1 esophagus 1
9 Esophagus esophagus 1 esophagus 1
10 Stomach stomach 1 stomach 1
11 Stomach stomach 1 stomach 1
12 Stomach colorectal 0 colorectal 0
13 Stomach stomach 1 stomach 1
14 Stomach stomach 1 stomach 1
15 Stomach stomach 1 stomach 1
16 Stomach stomach 1 stomach 1
L — 11 13
Table 3 — Results of the second test block
Ne Real diagnosis Without rules  With rules
[ —— 1° case hit 1° case hit
1 Anal anal 1 anal 1
2 Anal anal 1 anal 1
3 Colorectal anal 0 anal 0
4 Colorectal stomach 0 colorectal 1
5 Colorectal colorectal 1 colorectal 1
6 Colorectal anal 0 anal 0
7 Colorectal stomach 0 stomach 0
8 Esophagus stomach 0  stomach 0
9 Esophagus esophagus 1 esophagus 1
10 Stomach esophagus 0  stomach 1
11 Stomach colorectal 0 stomach 1
12 Stomach stomach 1 colorectal 0
13 Stomach stomach 1 stomach 1
14 Stomach colorectal 0 stomach 1
15 Stomach stomach 1 stomach 1
16 Stomach esophagus 0 stomach 1
sum  ---------- 7 11

Discussion and Conclusion

Many researchers have developed different approaches to
predict, diagnose, and classify cancers, but in general, only a
single type of cancer is discussed. In this research, we focused
on four types of gastrointestinal cancer. In addition, we used
rules to customize the cases. The diagnosis accuracies by fold
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and by type of cancer are shown in Table 5 and Table 6,
respectively.

To assess if our approach increased the diagnosis accuracy
compared to using only the CBR approach, we used the paired
t-test with 95% confidence interval and got p-value = 0.02664,
refuting the null hypothesis (HO = The CBR performance is
the same as the proposed hybrid approach). Given this, we
confirmed our expectations.

The limitations of this study are related to the quantity and
quality of the cases and weights. In addition, we believe that
with the help of an oncologist, we could improve the rules and
attribute weights. Even though the model training technique
used data from a specific population group, the cross-
validation results might not be enough to generate adequate
data for a reliable model.

In future works, we will extend the case-base, and will seek
help from a medical expert to validate the rules and the
weights associated with them. Furthermore, we will discuss
the remaining phases of the CBR cycle.

Table 4 — Results of the third test block

N° Real diagnosis ~ Without rules With rules
(e 1° case hit  1° case hit
1 Anal colorectal 0 anal 1
2 Anal colorectal 0 anal 1
3 Colorectal stomach 0 stomach 0
4 Colorectal colorectal 1 colorectal 1
5 Colorectal stomach 0 anal 0
6 Colorectal colorectal 1 colorectal 1
7 Colorectal stomach 0 stomach 0
8 Esophagus colorectal 0 esophagus 1
9 Esophagus stomach 0  esophagus 1
10 Stomach esophagus 0 esophagus 0
11 Stomach colorectal 0 stomach 1
12 Stomach stomach 1 stomach 1
13 Stomach stomach 1 stomach 1
14 Stomach stomach 1 stomach 1
15 Stomach stomach 1 stomach 1
16 Stomach stomach 1 stomach 1
1 e — e 12

Table 5 — Diagnosis accuracies by fold

Folds
First Second  Third Mean

Without rules 68.75%  43.75%  43.75%  52.08%
With rules 81.25%  68.75%  75% 75%
Gain 12.50%  25% 31.25%  22.92%

Table 6 — Diagnosis accuracies by type of cancer

Type of cancer
Anal Colorectal Esophagus  Stomach

Without  66.66% 26.66% 50% 66.66%

rules

With 100% 46.66% 83.33% 85.71%

rules

Gain 33.34%  20% 33.33% 19.05%
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