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Abstract. This study aims to resolve existing problems, which is to resolve weaknesses
that have both the certainty factor approach and the cognitive map approach in diag-
nosing cardiac failure, so that the Certainty Cognitive Map (CCM) approach is used to
diagnose cardiac abnormalities, which is an approach of certainty factor modification and
Cognitive Map (CM) modification. The results of the study show that with the Certainty
Cognitive Map (CCM) approach, it is able to form an intact cognitive map where a causal
relationship is seen between the evidence with other evidence, and certainty cognitive map
is able to have one evidence value with other evidence, the causality value of abnormal
cognitive maps include: causality value of E1 to E2 of −0.6, E2 of E6 of −0.6, E6 of
E12 of −0.64, E1 of E13 of −0.64, E14 to E15 amounted to −0.85, E1 to E6 amounted
to −0.6, E6 against E7 of −0.64, E7 of E8 of −0.85, E7 of E9 of −0.94, E9 of E10 of
0.25, E10 of E11 of −0.84, E8 of E3 of −0.94, E3 against E4 of −0.97, E4 of E5 of
−0.93, E2 of Abnormal at −0.99, E12 of Abnormal at −0.24, E15 of Abnormal at 0.71,
E16 of Abnormal at −0.36, E11 against Abnormal at −0.69 and E5 against Abnormal
at 0.93, while the normal cognitive causality map values are as follows: E1 against E2
of −0.8, E2 to E3 of 0.84, E3 of E4 of 0.6, E4 of E5 of 0.24, E3 of E4 of 0.6, E5 of
E7 of 0.02, E7 against E8 of −0.95, E3 of E9 of 0.89, E9 of E10 of −0.84, E10 of E11
of −0.44, E11 of E12 of −0.13, E2 of E3 of 0.84, E3 to E4 of 0.6, E4 to E10 of 0.47,
E10 to E13 of −0.66, E6 to Normal of −0.22, E8 to Normal of 0.77, E12 to Normal of
−0.72 and E13 against Normal of 0.84.
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1. Introduction. Information technology is currently developing very rapidly, and it
happens in various fields of science, such as the discovery of the field of data mining,
fuzzy logic and others [1]. These fields of science are used for development in education
such as online learning, then in the field of diseases for expert systems and more [2-4].
Heart disease is a very dangerous disease and is a disease that ranks the highest cause of
death [5]. The cause of high rates of death caused by heart disease, including the lack
of heart disease experts is a fundamental reason. According to data from the Ministry
of Health, there only have 5,290 cardiologists (experts) and they have not been evenly
distributed throughout Indonesia. The factor is the lack of heart disease experts due to
the difficulty of education which really requires a lot of time [6].
Some research in the field of computing has been done to contribute to the world of

health, especially in an effort to provide alternative solutions to analyze heart disease.
The researchers used the Certainty Factor (CF) approach to diagnose cardiac failure.
Certainty Factor (CF) has the ability to make the process of inference in determining
the final outcome of a disease diagnosis, with Certainty Factor (CF) approach, having
the advantage of each evidence that has been valued based on the level of confidence.
However, this Certainty Factor (CF) approach is not able to be seen the relationship
between one evidence and another, forming a complete cognitive map [7].
The Cognitive Map (CM) approach is to diagnose cardiac failure, with the cognitive

approach, it can be seen the causal relationship between the evidence and other evidence,
so that a cognitive map is formed intactly, but with the cognitive map approach it does
not have a causality value between the evidence and the evidence, the evidence with the
hypothesis. In some of the studies above, there is no research that discusses diagnosing
cardiac failure with the Certainty Cognitive Map (CCM) method, which with this ap-
proach is able to know the causality between evidence and other evidence and is able to
form a causal relationship between evidence and other evidence to form a map cognitive
[8].
Several studies that discuss the diagnosis of cardiac failure have been done before.

Research in the field of computing has been done to contribute to the world of health,
especially in efforts to provide alternative solutions for analyzing heart disease. The
researchers used the concept of data mining to diagnose abnormalities and heart disease
in patients [9], and several other approaches used to diagnose abnormalities and heart
disease are the Particle Swarm Optimization (PSO) algorithm and neural network [10],
the patient’s facial color analysis approach [11], genetic neural networks and data mining
[12], logistic regression [13], Support Vector Machine (SVM) [14], multiscale analysis [15],
Extreme Learning Machine algorithm (ELM) [16] and radial techniques based on network
classification [17].
Some related studies diagnose cardiac failure using certainty factors and cognitive maps,

studies that use certainty factors do not discuss the causality relationship between evi-
dence and other evidence, evidence with hypotheses, so that a complete cognitive map is
not formed [18], other than that in other studies with certainty approach only determines
the value of causality between evidence with other evidence and the value of causality be-
tween evidence and hypotheses [19], while in research the diagnosis of cardiac death with
cognitive map approach does not model the uncertainty in the variable [20]. Based on the
literature that has been done there is no research that discusses the causality relationship
between evidence and evidence to form an intact cognitive map and has a causality value
between the evidence and the evidence.
This study aims to modify the cognitive map to determine the value of causality be-

tween an evidence and evidence other than the certainty factor approach. This research
was conducted to develop a new approach called Certainty Cognitive Map (CCM) which is
a modification of certainty factors and modification of cognitive maps, which with this ap-
proach can form an intact cognitive map and have a causal relationship between evidence
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and evidence, and have values causality of evidence with other evidence and evidence with
a hypothesis [21]. The results of research in early identification of cardiovascular disease
can be done better because it compares the value of expert causality with the value of
user causality through CF values combined with cognitive maps.

1.1. Certainty factor. Certainty Factor (CF) is one of the techniques used to overcome
uncertainty in decision making. Certainty Factor (CF) can occur with various conditions.
This model is based on certainty factors [20].

1.2. Cognitive map. Cognitive Map is a directed map or graph that represents the
nodes and has a conceptual direction, particular reasoning, reasonable thinking or confi-
dences in solving existing problems [4].

2. Research Method. The study began with the collection of data on 50 electrocardio-
gram medical record data from RSUD. A total of 50 electrocardiogram data were made
in this research data. In this study, 50 electrocardiogram data were used as a decision
tree, and the tools used by RapidMiner Studio were used in this study. The steps taken
in this research are first to conduct a literature study related to the research topic, da-
ta collection, data obtained from primary data, initial classification of electrocardiogram
medical record data, then do the process of modifying certainty factors, modifying cog-
nitive maps, developing Certainty Cognitive Map (CCM) methods, testing the system to
determine the level of accuracy of the system is carried out by the Success Rate (SR)
method, evaluating the results of clarification with Kappa Statistics.

Certainty Cognitive Map (CCM) approach is a modification of the certainty factor
method and modification of cognitive map, where this method has advantages when in-
ference performs in the final process, this method can overcome the weaknesses that have
both certainty factor and cognitive map methods, with the certainty method approach
cognitive map is able to have a confidence value based on the level of confidence a person
experiences with the evidence, so that the Certainty Cognitive Map (CCM) method is
able to see a causal relationship between one evidence with other evidence, and evidence
on the hypothesis so that a cognitive map is formed that is intact, in addition to the visi-
ble relationship causality between evidence, and has a value of causality between evidence
and evidence, evidence against the hypothesis. Following are the stages of the process of
developing the Certainty Cognitive Map (CCM) method based on Figure 1 as follows:

- The electrocardiogram data is first read and analyzed by a doctor to diagnose normal
and abnormal heart failure.

- Usage is given a choice of answers with each weight.
- Solving rules with multiple premises becomes a single premise.
- Make a decision tree, so that rules are formed.
- The new rule rule then makes a semantic relationship between one evidence and
another, thus forming a knowledge of the need to form a cognitive map.

- Determine the value of the CF expert for each premise.
- Determine the value of CF users for each premise.
- Determine the CF value of the evidence data to determine the causality of the evi-
dence, evidence against evidence, evidence against hypotheses.

- Calculate the combined causality value of two or more evidences using the CF formu-
lation to search.

In the initial stage of the study it was to diagnose normal and abnormal heart fail-
ure with the Certainty Cognitive Map (CCM) approach, and CCM is a certainty factor
modification and cognitive map modification. The data used in this study were 50 elec-
trocardiogram data. The result shows the electrocardiogram medical record data. The
results of the certainty cognitive map method will show a causality relationship between
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one evidence with other evidence, and the value of causality between evidence and evi-
dence and the value of causality between evidence and hypothesis. As explained Figure
1 shows the description of the Certainty Cognitive Map (CCM) model for analysis of
normal and abnormal cardiac abnormalities.

Figure 1. Modification of certainty factor models with the cognitive map approach
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3. Evaluation Result.
Cognitive map formation for patients

Electrocardiogram medical record data that has been read and analyzed by cardiologists
to identify normal and abnormal heart. Normal and abnormal ECG data were analyzed
by cardiologists (experts). After the data is analyzed by a cardiologist, the next process is
to go forward in the process of inference, assisted with RapidMiner Studio software tools
to produce a decision tree, so that rules are formed that form a complete cognitive map.
Figure 2 shows the results of the decision tree of the RapidMiner software.

Figure 2. Decision tree result with RapidMiner

Based on Figure 2, the results of the advanced inference process formed 10 rule rules
consisting of 6 abnormal rule rules and 4 normal rule rules as follows:

Abnormal Rule Rules as follows:
R1: IF HR ≤ 104.5 AND IF SV1 ≤ −0.526 AND THEN ABNORMAL
R2: IF HR ≤ 104.5 AND IF SV1 > −0.526 AND IF QRS ≤ 84.5 AND THEN

ABNORMAL
R3: IF HR ≤ 104.5 AND IF SV1 ≥ −0.526 AND IF QRS ≥ 84.5 AND IF QT > 465.5

AND THEN ABNORMAL
R4: IF HR > 104.5 AND THEN ABNORMNAL
R5: IF HR ≤ 104.5 AND IF SV1 > −0.526 AND IF QRS > 84.5 AND IF QT ≤

465.5 AND IF P-R > 167.5 AND IF P-R ≤ 175 AND IF QRS > 91.5 AND THEN
ABNORMAL

R6: IF HR ≤ 104.5 AND IF SV1 > −0.526 AND IF QRS > 84.5 AND IF QT ≤
465.5 AND IF P-R ≤ 167.5 AND IF QTC > 436 AND IF SV1 ≤ 0.595 AND THEN
ABNORMAL

Normal Rule Rules as follows:
R1: HR ≤ 104.5 AND IF SV1 > −0.526 AND IF QRS > 84.5 AND IF QT ≤ 465.5

AND IF P-R > 167.5 AND IF P-R > 175 AND THEN NORMAL
R2: IF HR ≤ 104.5 AND IF SV1 > −0.526 AND IF QRS > 84.5 AND IF QT ≤ 465.5

AND IF P-R > 167.5 AND IF P-R ≤ 175 AND IF QRS ≤ 91.5 AND THEN NORMAL
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R3: HR ≤ 104.5 AND IF SV1 > −0.526 AND IF QRS > 84.5 AND IF QT < 465.5
AND IF P-R ≤ 167.5 AND IF QTC > 436 AND IF SV1 > 0.595 THEN NORMAL
R4: IF HR ≤ 104.5 AND IF SV1 > −0.526 AND IF QRS > 84.5 AND IF QT ≤ 465.5

AND IF P-R ≤ 167.5 AND IF QTC ≤ 436 AND THEN NORMAL.
After making an advanced inference process to produce rules, the rules that have been

formed from the results of the tools of the RapidMiner software are formed into a complete
cognitive map. Figure 3 shows cognitive map of causal abnormal positive and negative
causal heart. Figure 4 shows cognitive map of causal normal positive and negative causal
heart.

Figure 3. Cognitive map of causal abnormal positive and negative causal heart

The path in the cognitive map where the initial node and the vertex coincide is called
cycles, based on Figure 3 taken from the abnormal heart cognitive map as follows:
E1(−) → E6(−) → E7(−) → E8(−) → E3(−) → E4(−) → E5(+) → Abnormal
E1(−) → E2(−) → Abnormal
E1(−) → E6(−) → E12(+) → Abnormal
E1(−) → E6(−) → E7(−) → E8(−) → E9(+) → E10(+) → E11(−) → Abnormal
The path in the cognitive map where the initial node and the vertex coincide is called

cycles, based on Figure 4 taken from the cognitive map of the normal heart as follows:
E1(−) → E2(+) → E3(+) → E4(+) → E5(+) → E6(−) → Normal
E1(−) → E2(+) → E3(+) → E9(−) → E10(−) → E11(−) → E12(−) → Normal
E1(−) → E2(+) → E3(+) → E4(+) → E10(−) → E13(+) → Normal
E1(−) → E2(+) → E3(+) → E4(+) → E5(+) → E7(−) → E8(+) → Normal
Giving cognitive causality value using certainty factor
Based on the process regarding the formation of cognitive maps, then giving causality

values to cognitive maps that use the Certainty Factor (CF) formulation to find the
relationship between evidence and evidence, with hypotheses. This process is done based
on the value of the level of confidence given from an expert and user.
Abnormal rule rules obtained from the advanced inference process are as follows:
R1: IF HR ≤ 104.5 (CFe = 0.6) AND IF SV1 ≤ −0.526 (CFe = 0.4) AND THEN

ABNORMAL (CFR = 0.4)
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Figure 4. Cognitive map of causal normal positive and negative causal heart

R2: IF HR ≤ 104.5 (CFe = 0.6) AND IF SV1 > −0.526 (CFe = 0.4) AND IF QRS
≤ 84.5 (CFe = 0.6) AND THEN ABNORMAL (CFR = 0.6)

R3: IF HR ≤ 104.5 (CFe = 0.6) AND IF SV1 ≥ −0.526 (CFe = 0.4) AND IF QRS
≥ 84.5 (CFe = 0.6) AND IF QT > 465.5 (CFe = 0.6) AND THEN ABNORMAL (CFR =
0.6)

R4: IF HR > 104.5 (CFe = 0.6) AND THEN ABNORMNAL (CFR = 0.6)
R5: IF HR ≤ 104.5 (CFe = 0.6) AND IF SV1 > −0.526 (CFe = 0.4) AND IF QRS

> 84.5 (CFe = 0.6) AND IF QT ≤ 465.5 (CFe = 0.6) AND IF P-R > 167.5 (CFe =
0.6) AND IF P-R ≤ 175 (CFe = 0.8) AND IF QRS > 91.5 (CFe = 0.6) AND THEN
ABNORMAL (CFR = 0.6)

R6: IF HR ≤ 104.5 (CFe = 0.6) AND IF SV1 > −0.526 (CFe = 0.6) AND IF QRS
> 84.5 (CFe = 0.6) AND IF QT ≤ 465.5 (CFe = 0.6) AND IF P-R ≤ 167.5 (CFe = 0.6)
AND IF QTC > 436 (CFe = 0.6) AND IF SV1 ≤ 0.595 (CFe = 0.6) AND THEN
ABNORMAL (CFR = 0.8)

Based on the process of advanced inference, and the value of evidence with other ev-
idence, evidence with hypotheses obtained from the value of the confidence level of an
expert, then the next step is the rule rules that have formed a relationship and get the
value of causality obtained by breaking into a new sub-rule, and each rule has a CF rule
value that uses the combined rule concept, so that the causality value of each node is
combined with the CF of each rule. Figure 5 shows the abnormal cognitive causality map
value.

Figure 6 shows the normal cognitive causality map with value of causality, the value of
causality between evidence and evidence.

While the results of advanced inference for normal rules are as follows:
R1: HR ≤ 104.5 (CFe = 0.8) AND IF SV1 > −0.526 (CFe = −0.6) AND IF QRS

> 84.5 (CFe = 0.6) AND IF QT ≤ 465.5 (CFe = 0.6) AND IF P-R > 167.5 (CFe = 0.4)
AND IF P-R > 175 (CFe = 0.4) AND THEN NORMAL (CFR = 0.6)
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Figure 5. The abnormal cognitive causality map value

Figure 6. A normal cognitive map with causality

R2: IF HR ≤ 104.5 (CFe = 0.8) AND IF SV1 > −0.526 (CFe = −0.6) AND IF QRS
> 84.5 (CFe = 0.6) AND IF QT ≤ 465.5 (CFe = 0.6) AND IF P-R > 167.5 (CFe = 0.4)
AND IF P-R ≤ 175 (CFe = 0.8) AND IF QRS ≤ 91.5 (CFe = 0.6) AND THEN NORMAL
(CFR = 0.6)
R3: HR ≤ 104.5 (CFe = 0.8) AND IF SV1 > −0.526 (CFe = −0.6) AND IF QRS

> 84.5 (CFe = 0.6) AND IF QT < 465.5 (CFe = 0.6) AND IF P-R ≤ 167.5 (CFe = 0.6)
AND IF QTC > 436 (CFe = 0.4) AND IF SV1 > 0.595 (CFe = 0.6) THEN NORMAL
(CFR = 0.6)
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R4: IF HR ≤ 104.5 (CFe = 0.8) AND IF SV1 > −0.526 (CFe = −0.6) AND IF QRS
> 84.5 (CFe = 0.6) AND IF QT ≤ 465.5 (CFe = 0.6) AND IF P-R ≤ 167.5 (CFe = 0.6)
AND IF QTC ≤ 436 (CFe = 0.8) THEN NORMAL (CFR = 0.6)

Based on the process of advanced inference, and the value of evidence with other ev-
idence, evidence with hypotheses obtained from the value of the confidence level of an
expert, then the next step is the rule rules that have formed a relationship and get the
value of causality obtained by breaking into a new sub-rule, and each rule has a CF rule
value that uses the combined rule concept, so that the causality value of each node is
combined with the CF of each rule. Figure 6 shows the value of cognitive map causality
with the value of causality.

4. Conclusions. Based on the research conducted, it can be concluded that the certainty
cognitive map approach to diagnosing cardiac failure is able to resolve the deficiencies
that exist in both the certainty factor and cognitive map approaches, with the Certainty
Cognitive Map (CCM) approach, the relationship between evidence and evidence can be
seen hypothesis, so that a cognitive map can be formed intactly, in addition to that the
Certainty Cognitive Map (CCM) method in addition to having a causal relationship, has
a causality value between evidence and evidence, the causality value of evidence with a
hypothesis, so it seems clear with the certainty cognitive map method that is able to solve
problems better owned by the certainty factor method, where the weaknesses are only the
value of the causality of the evidence and the cognitive map is not visible, although seen
from the rules the rules are interconnected, besides the certainty cognitive map method
is able to solve add weaknesses to the cognitive map approach, where cognitive maps are
only able to form cognitive relationships, but do not have a causal value between the
nodes.
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