Session 5: Clinical Databases and Information Systems

ACM-BCB’17, August 20–23, 2017, Boston, MA, USA

Tailoring Training for Obese Individuals with Case-Based
Reasoning
Fabiana Lorenzi

Rodrigo G. da Rosa

Alessandra Peres

Universidade Luterana do Brasil
Canoas, RS, Brazil
florenzi@ulbra.edu.br

Universidade Luterana do Brasil
Canoas, RS, Brazil
rodrigo80221@gmail.com

Centro Universitario Metodista IPA,
UFCSPA
Porto Alegre, RS, Brazil
aleimuno@hotmail.com

Gilson Pires Dorneles

Andre Peres

Francesco Ricci

Centro Universitario Metodista IPA,
UFCSPA
Porto Alegre, RS, Brazil
gilsonpd@hotmail.com

IFRS
Porto Alegre, RS, Brazil
andre.peres@poa.ifrs.edu.br

Free University of Bozen-Bolzano
Bolzano, Italy
fricci@unibz.it

ABSTRACT

(4 kcal/week, 8 kcal/week or 12 kcal/week), a discrete body weight
change has occurred only after six months [3]. In fact, individual
subjects’ variability for a specific physical training must be taken
into account, but often subjects are referred to exercise programs
without proper knowledge of their needs [10].
This paper presents a case-based reasoning system that suggests an exercise training program to a new patient by reusing the
knowledge contained in a set of cases of patients that already were
submitted to training programs and where the effect of the program
was measured. The implemented tool is able to relate clinical and
training data in the history of patients with results, i.e., body weight
loss, hence determining the most appropriate training program for
a new patient.
This paper is organized as follow. The next section reviews related work on clinical guidelines and case-based reasoning. Section 3 presents the developed tool and section 4 illustrates the
experimental evaluation that was conducted with data obtained
from a laboratory of exercise and immunology. Finally section 5
presents the conclusions of this research and discusses future work.

Obesity is a complex disease that involves genetic factors, inflammatory patterns, resilience and psycho-social factors. An effective
system which is able to recommend adequate training for obese
subjects that starts a new protocol would enhance the quality and
success of the rehabilitation of these subjects. This paper presents a
case-based reasoning system that suggests the most effective type
of physical training exercise for obese individuals. The presented
system was validated by domain experts and the results of this
analysis show that case-based reasoning is a viable approach that
can help to improve life of obese people.

1

INTRODUCTION

Obesity is a chronic and multifactorial disease that is spreading
worldwide. It is causing an increasing incidence of cardiovascular
diseases, cancer, metabolic syndrome, and type 2 diabetes mellitus.
Epidemiological studies indicate a strong link between high calorie
intake, sedentary lifestyle and obesity. In Brazil, for example, almost
half of the population is overweight, which makes obesity a serious
public health problem.
There are specific training programs for lean individuals, however, for obese subjects, the correct settings are not yet well known.
This calls for the need of managing, treating and manipulating data,
with the ultimate goal of defining the most appropriate physical
activity for each individual. In fact, although numerous scientific
studies have shown large benefits of exercise training for obese
individuals, the actual benefit of the exercises depends on numerous
variables that can impact positively or negatively, such as genetics,
social and cultural influence. For example, a recent study identified
that even with a large caloric expenditure in the exercise training

2

RELATED WORK

Physical training is a key part of rehabilitation programs for obesity
because of its capacity to increase caloric consumption and improve
physical fitness as cardiorespiratory capacity, muscular strength,
flexibility, balance and muscle power [6]. In addition, physical activity is recommended for weight management, body weight loss
and for the prevention of weight regain after body weight loss.
Clinical Guidelines for the identification, evaluation and treatment of overweight and obesity in adults [14] encourage a 10%
reduction in weight from physical activity. The American College
Sports Medicine supports the recommendation of 150-250 minutes/week of moderate physical exercise to prevent weight gain or
obtain a modest weight loss, while a minimum of 250 minutes/week
for large reductions in body mass [6]. However, there is still no
consensus about the best exercise for each obese individual.
Generally, aerobic exercise with moderate intensity (50-75% of
oxygen consumption or 60-75% of maximal heart rate) is recommended for body weight loss, due to great caloric expenditure and
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reduction of subcutaneous and visceral fat mass [9]. Another popular prescription is the strength training, a type of exercise that
involves concentric-eccentric contractions against some kind of
external resistance [7]. The advantage of this type of exercise is the
increase of muscle mass and basal metabolic rate, and the reduction
of some inflammatory adipokines [4].
Both types of exercises, aerobic and strength, have great benefits
for obese individuals in anthropometrical and biochemical parameters and cardiometabolic risks. For example, the participation to
aerobic training programs can prevent a number of risk factors,
such the lipid profile and cardiovascular parameters, while strength
training are associated with control of lipid parameters and resting
glycemia, but in this case, little reductions in the visceral fat occurs
[13].
A very common type of physical training is the combined training, a combination of aerobic and strength exercises in the same
training session. A recent meta-analysis has shown that combined
training is efficient to reduce anthropometric measurements compared with exclusive aerobic or strength training [15].
We now consider technical approaches to support medical decision making. Case-Based Reasoning (CBR) is an approach that
solves new problems by reusing solutions that were successfully applied in previous cases [1]. Case-Based Reasoning has been applied
to support human decision making in dealing with health-related
problems, such as, hypertension detection [8], liver disease diagnosis [12] and diabetes [12]. In these applications, CBR has been
shown to be effective and not brittle, since solutions for a subject
could also be reused for another one with a similar profile, hence,
enabling the optimization of the treatment time[2]. Hence, CBR
provides an easy and fast knowledge acquisition method when
compared with model-based approaches.
Obesity is a potential application domain for CBR and some studies have been already conducted. In [16], for instance, the authors
present a CBR system for counseling obese children. The system
uses CBR for weight management counseling. Another CBR system
is presented in [5] where the authors integrated CBR with Bayesian
networks (BN) in a probabilistic framework to assist health professionals to share their experiences of obesity exercise prescription
online.

3

Figure 1: Interaction with the CBR support system

3.1

Case Representation

A case is represented by a set of distinguished features or attributes.
The interviewed expert suggested the following attributes as relevant for tailoring training to individuals: Age, Gender, BMI, Body
mass, Height, Cholesterol, Triglyceride, HDL, LDL, CRP and Glucose. Moreover, four types of treatment were suggested as suitable
for obese patients:
• Pool: training in water or swimming;
• Concurrent: a combination of aerobic and strength exercises
in the same training session;
• Electrolipolysis: eletrolipolysis is a technique for the treatment of localized fat, by applying specific electric currents
that act directly at the level of adipocytes and lipid accumulated percutaneously or transcutaneously;
• Electro + Aerobic: the combination of the electrolipolysis
tretament plus aerobic training.
These four types of training were chosen by the experts because
they showed positive results in previous experiments with volunteers. However, experts do not know exactly which treatment
is more suited to which type of subject. In order to identify this
correlation, they analyze previous cases searching for correlations
between patients characteristics and the effects of training in order
to identify the best training for each individual.
To structure and then populate the case base we followed a study
performed by the experts. This was a quantitative experiment involving volunteers recruited by convenience. The inclusion criteria
for the participants (volunteers) were: (1) sedentary; (2) body mass
index (BMI) between 25 kg/m2 and 49.9 kg/m2 ; (3) older than 18
years old; and (4) a medical certificate approving the practice of
physical training. Patients with some disease hindering the practice
of physical exercise, such as cancer, chronic infection, or autoimmune disease where not included in the study. Smokers were also
excluded. All volunteers participating in this study signed a consent and the study was approved by the Brazilian Research Ethics
Committee.
The experts collected 15 mL of peripheral blood by venepuncture (between 7:00AM and 10:00AM) after an overnight fast of 12
hours. The blood samples were divided into tubes without anticoagulant to obtain the serum and into heparinized tubes for whole
blood (BD Vacutainer heparin tubes). Serum samples were separated by centrifugation for 10 minutes at 2500 rpm 1048g, divided

SYSTEM DEVELOPMENT

This paper presents a Case-Based Reasoning system developed to
help experts to recommend the best treatment (exercise training)
according to patient clinical and personal data.
The system development was informed by an extensive analysis
of the obesity domain. We modelled and created the case base and
finally we identified a proper system evaluation method. These
stages are described in the next sections.
Figure 1 illustrates the typical interaction with the system: the
patient asks to the expert for help; the expert enters patient data
in the system; the system processes the received information and
suggest the best training exercises, i.e., one treatment that was
effective for a patient similar to the current one.
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Table 1: The structure of a case

into aliquots, and frozen at 20C for further analysis. The heparinized
whole blood was analyzed within 3 hours of collection. Forty-eight
hours after the last concurrent training session, blood samples were
collected again. Body weight and height were determined by a
semi-analytical scale with a capacity for 200Kg and an attached
stadiometer, with accuracies of 0.1Kg and 0.005cm, respectively.
A case is a piece of knowledge in a particular context representing an experience that teaches the essential lesson to reach the goal
of the reasoner [11]. In a CBR system a case model the problem
to solve and the solution that was applied to solve the problem. In
our application, the problem part describes the patient before the
treatment while the solution describes the patient after the treatment and the training program. A case is modelled using the key
patient attributes identified by the experts and by the prescribed
training. Table 1 shows the attributes of a case. Attributes BMI,
Body Mass, Height, Cholesterol, Triglyceride, HDL, LDL, CRP and
Glucose store values obtained before and after the training routine.
The post-training attributes are not used for searching for similar
cases, but they are necessary for the expert to access the full profile
of each patient case. All the attributes that represent the problem
have weights (used in the retrieval stage). The weights of each
attribute were set by the experts and range from 1 to 10 (from less
to more important). The attributes that represent the description of
the solution do not have weights because they are not used in the
similarity calculation and retrieval.
The attributes Training, Training duration and Observation training represent the case solution. It is important to mention that an
expert can make some observations during the training, such as,
changes in eating habits of the patient or changes in the exercise
intensity during the training). These observations are considered
part of the case solution.
Our case base was created with cases obtained from an experiment done by the experts. We must observe that not all treatments
described in the acquired cases were “successful”. In fact, some of
the volunteers did not respond to the treatment and they did not
lose weight with the training prescribed by the expert. However,
the experts recommended to keep all cases (successful and not successful). The experts collected the information pertaining to 133
patients.

3.2

Attribute
Age
Gender
preBMI
preBody mass
preHeight
preCholesterol
preTriglyceride
preHDL
preLDL
preCRP
preGlucose
posBMI
posBody mass
posHeight
posCholesterol
posTriglyceride
posHDL
posLDL
posCRP
posGlucose
Training
Training duration
Observation training

sim(pf , c f ) =

Type of description
problem
problem
problem
problem
problem
problem
problem
problem
problem
problem
problem
solution
solution
solution
solution
solution
solution
solution
solution
solution
solution
solution
solution

Weight
2
2
10
4
2
8
8
8
8
8
8
-

p
w f ∗ (pf − |pf − pf ∗ c f |)
pf

(1)

where:
• f is an attribute;
• w f is the weight of the attribute f ;
• pf is the new problem attribute value;
• c f is the attribute value of a case in the case base;
After the probe is case is matched with all the cases in the case
base, the system presents the retrieved cases ordered by decreasing
value of similarity. However, the most similar case may not be the
most appropriate one, because it may have resulted in a “failure”,
i.e., the patient had a minor weight reduction or even increased
his/her weight. Moreover, the best solution might not come always
from the most similar case, i.e., the proposed similarity function
may not produce the optimal ranking.
To deal with this issue, the system calculates the efficiency indicator of the 10 most similar cases. According to the expert, a
training that reduces the patient BMI in a short period is more efficient than a training that has a similar effect but in a longer period
of time. Thus, the efficiency indicator, is a numeric score, that takes
into account the patient BMI (pre and pos) and the period of the
training (the number of training days). To compute the efficiency
indicator we first search in the case-base for the case where the
patient has the largest BMI reduction in the shortest time. This
case is considered the best case, with 100% efficiency. Knowing this
best case, we then calculate with the rule of three (the method for
finding the fourth term in a proportion when three terms are given)

Case Retrieval

Case retrieval is performed by the system in two steps: 1) retrieving
the most similar cases and 2) calculating the efficiency indicator and
selecting the case with the highest efficiency among the 10 most
similar cases. When the system is requested to suggest a treatment
to a new patient her case is matched with the cases in the case
base. At this stage, the system uses only the attributes modeling
information obtained before the training, plus age and gender.
To compare a new problem case with the cases stored in the
case base, we have introduced a specific similarity function. The
attribute similarity function (Equation 1), is applied to each numeric
attribute to compute an attribute-level similarity. By summing the
similarity values of all the attributes we obtain the similarity of the
probe case with each case in the case base. For nominal attributes
the similarity is 1 if the compared values are equal and 0 otherwise.
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Table 2: Comparing case 46 with the new problem

the efficiency indicator of the 10 most similar cases (retrieved in the
first step). Equation 2 shows how the calculation of the efficiency
indicator is done for the best case.
bcase_e f f = max {
c ∈C B

preBMI (c) − postBMI (c)
}
ntd (c)

Attributes
Age
Gender
preBMI
preBody Mass
preCholesterol
Triglyceride
HDL
HDL
LDL
CRP
Glucose

(2)

where:
• CB is the full case base and c is a case;
• bcase−eff is the efficiency of the best case;
• post BMI(c) is the BMI value of the case c collected after the
training;
• pre BMI(c) is the BMI value of the case c collected before the
training;
• ntd(c) is the number of training days of case c.
After calculating the efficiency indicator of the best case, the
system calculates the efficiency indicator for the 10 most similar
retrieved cases, as shown in Equation 3.
preBMI (c) − postBMI (c)
(3)
ntd (c)
The last step is to calculate the percentage of the efficiency of
the case, represented by Perc, as shown in Equation 4.

4

SYSTEM VALIDATION AND TESTS

This section presents how the validation was performed and the
results obtained in the test. Figure 3 shows the main screen of
the system with an example case. The screen is divided in three
columns. The first one shows attributes collected before the training;
the second column shows attributes collected after the training;
and the last column shows the variation of the patient attributes
caused by the training. Next to each attribute the system presents
the risk level (risk or normal, for example). This helps the expert
during the analysis of the patient’s profile.
We run the system validation in two scenarios. In the first one
we tried to qualitatively analyze the case retrieved by the system for
some (40) input cases. In the second one we compared the training
that the system would recommend with the one that experts gave.

(4)

Figure 2 shows an example of a retrieved case where the similarity of the new problem (new patient) with the case is 90.19%.
This was the third most similar case, however it was recommended
because its efficiency indicator is 79.30% (higher than the other retrieved cases). It means that this retrieved case is similar to new
problem and its training was efficient for the patient and for this
reason the system can recommend the retrieved case solution to
the new patient.

4.1

Qualitative Evaluation

As mentioned before the experts carried out an experiment with
volunteers and they stored in the system 133 patients cases that
were solved before by them. Hence, these cases contain both the
problem and the solution description.
In this first evaluation we considered 40 patients from these 133
and we run the case retrieval function. These 40 cases were first
removed from the case base which then contained 93 cases. The
goal was to analyze the characteristics of the retrieved cases, i.e.,
the case with the largest efficiency among the 10 most similar cases
to the probe case.
Figure 4 shows the results screen presented by the system; it is
divided in seven columns. The first one shows basic information
about the patient in the similar case (name, age, gender, height).
The second column presents the training performed by that patient.
The third column shows the interval of the training (start and end
date). The fourth column shows the main indexes of the patient
(BMI, body mass and cholesterol). The fifth column presents the
percentage of body mass lost by the patient. The sixth column shows
the efficiency indicator and the last column shows the similarity
value.

Figure 2: Example of retrieved case
Table 2 shows another example. Here case 46 (in the case base) is
compared with a new patient that is being evaluated. The similarity
of these two cases is 90.19%.

3.3

New Problem
46
female
39.60
85.14
175.40
261.30
56.8
156.80
0
0
112.04

the end of the training program. Once the expert has entered this
information in the system, a new case is finally created in the base,
which makes it possible system learning.

e f f (c) =

Perc (c) = (e f f (c) ∗ 100)/bcase_e f f )

Case 46
37
female
31.30
83.20
170.90.76
254.71
60.48
150.48
0
0
92.30

Adaptation and Retention of Cases

After the system has found the most effective training among those
contained in the 10 most similar cases, the system can reuse this
case solution for the new problem. We note that the expert may
always adapt the system suggested training and can add observations (about the patient or the training) if needed. However, after a
training is selected, the case still lacks the information about post
training and the finalization date, which can be obtained only at
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Figure 3: Main screen

Figure 4: Similar cases retrieved to a new problem
After querying the system with the 40 cases that we considered,
we noticed that:

• The most similar case was not recommended to the new patient. As figure 4 shows, the fifth retrieved case has similarity
88,26%, but has efficiency 69,05%. Analyzing this case we can
see that the patient lost 8.8Kg in 3 months while the patient
from the most similar case lost only 3.9Kg in the same period.
This illustrates that the usage of a simple case similarity in
this domain is not enough.

• For each problem the system correctly returned the case
with the highest similarity;
• The first five cases presented had always similarity greater
than 88%, they were males with ages between 38 and 51
years, and BMI between 32.10 and 41.50;
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Reliability Test

The proposed system provides a straightforward solution for
supporting experts that deal with obesity. The experts’ decisions are
stored by the system, which makes possible learning new knowledge in the form of cases.
As future work we plan to share the case base with experts
from other institutions to increase its size and to help more experts
in the process of suggesting types of training to obese subjects.
Also, we will improve the calculation of the efficiency indicator in
order to consider additional user attributes that the experts consider
informative, in addition to BMI.

As shown in [2], reliability is an important property of a medical
CBR system. This measures how trustworthy or dependable a system is. The functionality of a system should be tested to see if it
provides an accurate solution when needed. Hence, in a second test
we verified if case similarity and efficiency computations do help
to retrieve a case with the same training defined by the experts for
that case.
In fact, by testing the system on some cases, we found that
sometimes the treatment prescribed by the expert was different
from that suggested by the system. For this reason, in order to be
sure of the correctness of the treatments suggested by the experts,
we asked them to re-consider some cases.
The experts were able to solve again 15 cases, without looking
at the original solutions, i.e., the treatments assigned to these 15
patients. We then used these 15 patients to query the system and
compared the outcome, i.e., the treatment contained in the most
effective case among the 10 most similar ones to the probe case,
with that suggested by the experts. Before performing the retrieval,
these 15 cases were removed from the case base.
Among these 15 problems solved again by the system, 3 had a
system suggested treatment different from that identified by the
experts. Analyzing these cases we learned that (depending on the
patient profile) the experts, in order to chose a treatment, considered
as target attributes for the training, in addition to BMI, also other
user data, such as, cholesterol, glucose and triglyceride.
In these three cases where the system prescription was different
from the expert ones, the patients, after the treatment, reported
changes in the levels of cholesterol and glucose. In fact, they gained
weight but they reduced the cholesterol and glucose and, according
to the experts, this outcome is even better than losing weight.
Hence, in future work, we will take into account these aspects
and we will modify the efficiency indicator. However, although in
3 cases out of 15 the system proposed a treatment different from
that prescribed by the experts, the experts approved the system,
because the task of fully analyzing the patient status is hard and
the system proved to be a useful tool to support the experts in this
task.
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CONCLUSIONS AND FUTURE WORK

CBR systems are know to be effective tools to improve decision
making in several domains. This is particularly important in the
health domain, where the systems results may help to speed several processes that are usually conducted manually by experts. The
development of simple and low-cost decision support systems allows extracting, preserving, distributing and reusing existing expert
knowledge more effectively.
In the CBR system presented in this paper the cases model obese
patients that were invited to participate to a study. Their data
were collected before and after the physical exercises prescribed
by experts, and then converted into cases. The system was able
to support experts to explore the existing case base, containing
solutions and treatments, and to search for consistent patterns in
the data and to tailor the best type of training for obese people. The
system proved to be trustworthy at the same degree of expert level.
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