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Abstract—This paper proposed an intelligent medical diagnostic 
supporting model for an e-healthcare infrastructure, which 
automatically acquires practical and useful knowledge and 
regulations from massive and historical medical data, to assist in 
making diagnostic and treatment decisions. We propose to explore 
the hidden usefulness of false irrelevant attributes, and take their 
supportive correlation into pre-processing. Moreover, we suggest to 
mimic learning in real world, which is dynamic, incremental and 
from multiple dimensions. Thus, incremental learning should be 
dynamic enough to deal with new attributes other than new 
instances. The empirical results reveal that our model with our 
novel methodologies is indeed a valuable tool in supporting 
diagnostic and treatment decision-making for the e-healthcare 
infrastructure. 
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I.  INTRODUCTION 

In the past several decades, the continuously development of 
information, communication and electronic technologies have 
permeated into our society and strongly influence the way of our 
businesses, works and even our lives. New technologies 
transform these aspects into new working methods, which 
allowing the existing activities to be carried out more rapidly and 
efficiently with lower cost. Nowadays, the explosive growth of 
internet can be accessed easily and conveniently through our 
personal computers, televisions, mobile phones, or may be any 
electrical appliances in the near future. In order to response to 
such development trend, the healthcare industry has to renovate 
the traditional structure to conform to the futuristic world climate, 
which may offer on-line electronic services to eliminate 
cumbersome and expensive manual procedures, reduce the 
waiting and cycling time of patients, and hence improve the 
quality of health care. 

With the continuous growth of medical data and prevalent 
utilization of medical information systems, computer aided 
medical diagnosis (CAMD) systems [1], [2] are flourishing in a 
constant rate. Their capabilities are ranging from assisting 
physicians in diagnosis and benefiting patients from receiving 

better and more personalized medical care and education in most 
intelligent and precise manner, to applications for teaching and 
learning surgical procedures both locally and remotely. They do 
not intend to replace the important role of physicians, but rather 
on making useful computer-generated information available to 
physicians for enhancing the quality of their decision-making 
effectively. Earliest computer-aided medical diagnostic systems 
were mostly based on expert system, such as MYCIN [3], 
CASNET [4], CENTAUR [5] and Internist-1 [6], etc. 

Nevertheless, the knowledge generation and management 
become bottleneck of a successful expert system. Since its 
knowledge acquisition relies on the knowledge engineers and 
human experts that contains subjective, intuitive, biased opinions 
and is quite time consuming. Moreover, it is incapable of 
handling unseen cases, and is unable to adjust the knowledge 
neither dynamically nor on-line. When a new rule is added, it 
may cause the rule base becoming inconsistent [7]. Fortunately, 
data mining technique is able to compensate for these limitations. 
Data mining, a promising and flourishing frontier in database 
systems and applications, which also popularly referred as 
Knowledge Discovery in Databases (KDD), is such a powerful 
tool for the automated or convenient extraction and identification 
of patterns representing knowledge implicitly stored in large 
databases, data warehouses, and other massive information 
repositories [8]. It is a burgeoning new technology, which 
performs data analysis and may uncover important data patterns. 
It has a wide range of applications, and is well suited for 
analyzing medical data and assisting physicians to improve the 
diagnostic performance by supporting them with diagnostic and 
treatment decisions-making. 

In this paper, an automated knowledge acquisition model to 
support diagnosis for an e-healthcare infrastructure is proposed. 
Its intention is to provide a practical tool to acquire medical 
knowledge using data mining technology, hence supports our e-
healthcare infrastructure with the optimal decision making. Such 
research is funded by FDCT (Science and Technology 
Development Fund of Macau). In the next section, our e-
healthcare infrastructure is briefly introduced to give a global 
overview. Then our supporting model is described in detail, while 



Figure. 1. A global view of the e-healthcare infrastructure 

it may remarkably assist in revolutionizing the traditional medical 
services from passive, subjective and human-oriented to active, 
objective and facts-oriented. In the following section, the core 
acquisition mechanism is proposed accordingly, which offer the 
promise of making learning a more powerful, flexible, accurate 
and valuable paradigm, especially in medical data mining 
community. The evaluation of the model on some real-life 
datasets is performed after that. Finally, the conclusion and future 
direction of our research is discussed and summarized. 

II. THE E-HEALTHCARE INFRASTRUCTURE 

Our e-healthcare infrastructure aims at monitoring the user’s 
physical condition at home, especially for the ones suffer from 
heart disease, by providing them the health profiles, predicting 
the latent disease as well as alerting the emergent cases at any 
critical time. This infrastructure has a positive impact on the 
quality of life of people in the long run, and so is the societal 
influence. It supports self-care of various chronic diseases, 
enables a person learning more about his/her disease or physical 
condition, as well as its diagnosis and/or treatment, then be able 
to prevent or heal it, in order to control and maintain a good 
health. A brief overview of our e-healthcare infrastructure is 
illustrated in Fig. 1.  

As indicated in Fig. 1, our infrastructure consists of two 
major layers: front-end of home users and the back-end medical 
data processing, analyzing, inferring and diagnosing engine. The 
front-end e-devices (computer, notebook, PDA or mobile 
apparatus, etc.) capture the symptoms or physiological signals 
(blood pressure, ECG or sphygmogram etc.) from the home users, 
and send all data to the back-end for further processing through 
the internet connection. Then the back-end engine processes and 
analyzes the data to evaluate the reported case. In case of any 
severe symptoms or unsatisfied cases detected, the emergent 
alarming will be sent out directly to the corresponding hospital or 
physician for further follow-up, while the appropriate advice and 
reassurance will be provided to the patient simultaneously. And 
we discovered that automatically constructing an efficient self-
learning diagnostic supporting tool in back-end is vital for our e-
healthcare infrastructure. Therefore, a practical diagnostic 
supporting model is proposed as the key focus of this paper. 

III. MEDICAL KNOWLEDGE ACQUISITION MODEL 

Our model supports e-healthcare infrastructure in acquiring 
medical knowledge for diagnostic purpose, aims at handling the 
practical problems in real world. Its learning methodology 
enhances the ordinary off-line learning mechanism to be in multi-
dimensional, on-line, dynamic and interactive approach; whereas 
the discovery and adoption of latent useful information during 
data pre-processing is another breakthrough of this model. The 
model receives various forms of raw data or a variety of patient’s 
symptoms, etc.; and outputs the valued knowledge in terms of 
medical rules, therapy advices or diagnostic results, etc.; while 
the kernel process deals with large amount of uncertain medical 
data and thus extracts significant information by employing 

diverse data mining techniques. In which, pre-processing and 
learning capabilities are the two of the major functionalities in the 
model. 

It is inevitable that a real-life dataset contains dirty, noisy, 
incomplete and uncertain data, where pre-processing becomes the 
key factor of a successful data mining tool. On the other hand, 
learning is a vital component in our acquisition model for 
supporting diagnosis. Therefore, two innovative methodologies: 
MIA-Preprocessing (Multivariate Interdependent Attribute Pre-
processing) [9] and i+LRA (Intelligent and Interactive Learning 
Regarding Attributes) [10], are employed to handle data 
preparation as well as acquisition. All these features enable our 
model to minimize the human biases and mistakes. The generated 
reliable diagnostic knowledge benefits not only the patients, but 
also the physicians or even the related researchers. 

A. MIA-Preprocessing Strategy 

As Cios and Moore told, the results of medical care are life or 
death and this rule is applied to everybody [11]. Therefore the 
quality of data highly affects the intelligence and learning 
performance of a medical data mining system. In which feature 
selection (FS) and continuous feature discretization (CFD) are 
treated as the dominant issues, and have been the active and 
fruitful fields of research for decades in data mining [12]. 
Nevertheless, many FS and CFD methods focus on univariate or 
high relevant correlations only. This may sometimes loose the 
significant useful hidden information for the learning task. 
Especially in medical domain, each symptom may have certain 
relevance with another symptom; therefore to take their relevant 
correlation into processing may benefit the final diagnosis. 
Moreover, a single symptom seems useless regarding the 
diagnosis, may be potentially important when combined with 
other symptoms. An attribute that is completely useless by itself 
can provide a significant performance improvement when taken 
with others; while two attributes that are useless by themselves 
can be useful together [13]. 

To have a better understanding, let's see this case: to learn a 
medical data for diagnosing cardiovascular disease, suppose that 
a patient dataset contains attributes like age, gender, height, 
weight, blood pressure, pulse, ECG result and chest pain, etc. In 
general pre-processing phase, it is probably that attribute age 
alone will be treated as a useless attribute and ignored 
accordingly. However, in fact attribute age combines with 
attribute blood pressure may present a significant meaning: 



whether a patient is hypertensive? On the other hand, we know 
that a person’s blood pressure is increasing as one’s age 
increasing, the standard for diagnosing hypertension is a little bit 
different from young people (orthoarteriotony is 120-
130mmHg/80mmHg) to the old people (orthoarteriotony is 
140mmHg/90mmHg) [14]. Hence, it is improper to generate a 
cutting point such as 140mmHg and 90mmHg as the standard 
division for systolic pressure and diastolic pressure, respectively. 
Obviously, takes attribute age into consideration during pre-
processing for either CFD or FS, may have more diagnostic 
power. And it is also proven that a hypertensive patient may have 
more probabilities to suffer from a cardiovascular disease [15]. 

In our model, such problem is addressed by employing MIA-
Preprocessing strategy that involves two novel pre-processing 
methods: Multivariate Interdependent Discretization for 
Continuous Attributes (MIDCA) and Latent Utility of Irrelevant 
Feature Selection (LUIFS). These two methods focus on 
discovering the latent usefulness of irrelevant attributes and take 
their supportive correlations into consideration, so that minimize 
the information lost and maximize the diagnostic performance. 
The following two hypotheses are claimed specifically for 
MIDCA and LUIFS in our model to realize the discovery of the 
latent supportive attributes. 

 Hypothesis MIDCA. In an attribute space A, for each 
continuous-valued attribute ai, there exists at least one aj 
(where ai, ajA and ij) makes ai generating an optimal 
set of intervals that best suitable for the learning task, so 
that aj is the most correlated with ai, or vice versa since 
the correlation is measured symmetrically. 

 Hypothesis LUIFS. A true irrelevant attribute in medical 
domain should be the one that provides neither explicit 
information nor supportive or implicit information. 

For the purpose of finding out such a latent or supportive 
attribute, the following equation is applied to measure the 
interdependent weight among two attributes. The algorithm 
incorporates the symmetric relief [16], [17] and information 
theory [18], [19] to discover the best correlated attribute against a 
processed attribute, which is the one with the highest 
interdependent weight Wmvi amongst all candidates. 
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After that, MIA-Preprocessing phase involves MIDCA and 
LUIFS are carried out subsequently. As a result, a discretized 
optimal feature subset will be generated for the diagnostic task. 

B. i+LRA Methodology 

The i+LRA methodology, a multi-dimensional incremental 
decision tree algorithm, is a new attempt that is able to 
incorporate the new attributes (other than new instances) with the 
base tree without retraining the entire model. Such strategy 
conforms to the truth that new medical cases and/or symptoms, 
even new diseases are always appeared or vanished unexpectedly. 
The ideal conception of i+LRA is that a valuable data mining 
learning process should be mimicked thoroughly the learning 
style in real world, to become humanoid and intelligent, while the 
new knowledge is learnt without forgetting the old one. This is 
regarded as the most difficult incremental learning task [20]. 
i+LRA grows a decision tree in three phases: (1) Primary Off-line 
Construction of Decision Tree (POFC-DT), (2) Incremental On-
line Revision of Decision Tree (IONR-DT) and (3) Dynamic 
Incorporating Attributes to Decision Tree (DIA-DT). The first 
two phases are constructed based on ITI (Incremental Tree 
Induction) algorithm [21]. Our focus in this paper is on the third 
phase only.  

Once a new attribute is introduced, it has been treated at least 
medium (among four grades: high, medium, low or none) 
important in default rather than noise in other algorithms, 
although its goodness measurement might be lower on its first 
occurrence. This is because in medical domain, a new symptom 
(attribute) has been involved into the original diagnostic rules 
usually implies that such symptom becomes a requisite condition 
in the subsequent diagnosis. Therefore, such attribute should 
logically be one of the decision nodes, even though the case is 
rare and the attribute might be irrelevant from the statistical point 
of view. After selecting an importance grade, the crucial step is to 
determine a preliminary coefficient  for the grade, thus the 
attribute can be incorporated into an existing decision tree with 
the optimum appropriateness. This coefficient is vital for a new 
attribute, and is used as a reference index for its importance 
measure. It is computed only once for each importance grade, in 
order to enable the new attribute to compete with its comparable 
attributes in being a decision node. This coefficient is decided as 
the ratio between the average KS (Kolmogorov-Smirnoff) [22], 
[23] measure of the attributes in the same rank that the new 
attribute belongs to, and the KS measure of the new attribute 
itself.   

Once such a preliminary coefficient  for a new attribute anew 
has been worked out, it could be applied to anew by multiplying it 
to the KS measure of anew, to enlarge the importance of anew 
according to the given importance grade automatically. The 
importance of anew varies as long as there is a new input example 
involving anew being added. More correlated examples are added, 
more important the attribute anew is. This strategy examines the 
initial importance of anew regardless of its KS measure, which can 
prevent an actually important new attribute being treated as 
useless due to its newness and occupies little examples. 
Thereupon, an ITI-based tree transposition process is carried on 
as usual to properly fit the new attribute anew to a right position. 



IV. EXPERIMENTS 

In order to reveal the usefulness of our acquisition model as 
well as the effectiveness of the described methodologies, the 
experiments from two aspects are performed on twelve real life 
datasets from UCI repository [24]: regarding MIA-Preprocessing 
and regarding i+LRA. The solid evidences demonstrate our 
hypotheses: (a) by uncovering potential attributes relevance 
during pre-processing step (either FS or CFD) and taking them 
into the diagnostic task, the accuracy can have significant 
improvement; and (b) our learning method is capable of dealing 
with multi-dimensional incremental learning without sacrificing 
the learning performance. 

For better understanding, symbols “”, “” or “” are used 
in the evaluation results to signify the conclusion of the 
comparisons between our proposed methods over others, which 
represent whether our method is superior, same best or worse 
accordingly. 

A. Evaluation regarding MIA-Preprocessing 

This evaluation is carried out by comparing the 
classification error rate under two classification algorithms J4.8 
(WEKA’s [25] implementation of C4.5 [26] decision tree) and 
Naïve Bayes [27], both are involving MIDCA+LUIFS (named 
as MIA) and the downloaded pre-processing algorithms 
Discretize and FFS (combined as PProcess) respectively, while 
classification without pre-processing is also indicated as Origin. 
The evaluation results in Table I and Table II exhibit a 
noticeable clue that MIA-Preprocessing methodology promotes 
the classification accuracy for major datasets under both learning 
algorithms, and meanwhile is able to offer the right data to the 
subsequent learning process. Furthermore, from the average 
results computed in the last row of each table, the reductions of 
the error rates for MIA over Origin and PProcess are 12.5% and 
13.1%, 32.2% and 30.6% for J4.8 and Naïve Bayes algorithms 
respectively, which again exhibit the superiority of MIA-
Preprocessing over others. 

However, J4.8 has a little poorer learning performance than 
Naïve Bayes by adopting MIA-Preprocessing, as indicated in 
Table I.  There are almost five datasets have no performance 
improvement, while four of them have even deteriorated. This is 
because the learning algorithm J4.8 is robust enough that has not 
much room for further improvement. On the other hand, MIA-
Preprocessing downgrades the performance on two datasets 
Diabetes and Iris amongst all twelve for Naïve Bayes algorithm. 
Since these two datasets contain only numeric attributes, MIA-
Preprocessing method needs an additional discretization step 
prior either MIDCA or LUIFS process. This may increase the 
uncertainty, hence increases the error rate accordingly. 
Nevertheless, our algorithms treat each attribute differently and 
humanly, they do take effect to most cases, and benefit the 
subsequent classification and diagnostic process with the 
maximum intelligence. 

TABLE I. CLASSIFICATION PERFORMANCE IN ERROR RATES (%) UNDER J4.8 ALGORITHM 

W/O AND WITH DIFFERENT PRE‐PROCESSING METHODS 

Dataset 
J4.8 (Error %) 

Conclusion
Origin PProcess MIA 

Cleve 21.78 18.48 15.84  

Hepatitis 16.13 14.19 13.55  

Hypothy-roid 0.76 1.11 0.35  

Heart 21.48 15.19 15.19  

Sick-euthyroid 1.87 4.62 0.06  

Auto 17.07 26.34 16.06  

Breast 5.44 4.43 4.29  

Diabetes 23.83 21.48 30.47  

Iris 4 6 4.67  

Crx 13.91 12.61 13.19  

Australian 13.91 12.9 16.1  

Horse-colic 14.67 18.48 5.71  

Average 12.90 12.99 11.29  

TABLE II. CLASSIFICATION PERFORMANCE IN ERROR RATES (%) UNDER NAÏVE BAYES 
ALGORITHM W/O AND WITH DIFFERENT PRE‐PROCESSING METHODS 

Dataset 
Naïve Bayes (Error %) 

Conclusion
Origin PProcess MIA 

Cleve 13.42 20.47 12.69  
Hepatitis 13.4 16.42 10.32 

Hypothy-roid 1.87 0.76 0.62 
Heart 12.88 21.85 11.27  

Sick-euthyroid 11.33 2.47 0.04 
Auto 34.5 27.45 25.66 

Breast 3.93 3.58 3.01  
Diabetes 17.71 21.24 19.1  

Iris 3.78 5.33 4.28  
Crx 19.22 13.91 10.99  

Australian 19.4 14.2 11.6  
Horse-colic 17.44 17.39 5 

Average 14.07 13.76 9.55  

 

B. Evaluation regarding i+LRA 

This evaluation is performed by comparing the classification 
accuracy among three decision tree algorithms: C4.5, ITI and 
i+LRA respectively. C4.5 and ITI algorithms are chosen since 
they represent two learning families: non-incremental and 
incremental, and are able to guarantee the classification accuracy 
as well as the knowledge comprehensibility. We believe that the 
comparison without pruning is even more informative to 
demonstrate the robustness of an algorithm. Therefore, the 
learning algorithms in our experiment are simply classifiers 
having neither pre-processing nor post-processing, which make 
the corresponding comparisons much directly, native and pure. 

In addition, we believe that a good incremental decision tree 
algorithm must be comparable to those non-incremental 
benchmark algorithms. While C4.5 is one of the most well-
known state-of-the-art benchmark decision tree algorithms in 



batch mode, and is capable of yielding an optimal decision tree 
with better predictive power by using minimum information. On 
the other hand, the superiority of ITI makes it a right competitor 
in our evaluation, and it has been proven having the same 
effectualness as the tree induction algorithms in batch mode [28]. 
Moreover, there is seldom algorithm (even none with decision 
tree induction) analogous to i+LRA, while ITI stands on the most 
similar ground to i+LRA although it is simply a unitary 
incremental decision tree methodology. 

The evaluation results depicted in Table III once again 
manifest explicitly the goodness of our acquisition model by 
employing novel i+LRA algorithm. The solid evidence shows the 
promise that i+LRA is able to enhance the learning capacity 
without sacrificing the learning performance. The word "Error" 
in Table III means that ITI algorithm is unable to build a decision 
tree from the corresponding dataset that has the numerical data in 
the class attribute, even such data represents the discrete values 
and has no difference with the nominal values of the class 
attribute. The last row of the table indicates the average 
classification performance of various methods, which shows that 
i+LRA is able to compete with the well-known non-incremental 
benchmark decision tree algorithm: C4.5. 

Furthermore, the last column in Table III illustrates a clear 
impression that i+LRA algorithm does superior to ITI in 
classification accuracy. In which, i+LRA promotes the 
performance on major datasets, only downgrades the accuracy on 
one dataset amongst all twelve. However, such decrease is 
merely around 2%, this figure is a sensible margin in general and 
sometimes is not considered as a change, where in many 
literatures are neglected. This experiment shows the effectiveness 
and intelligence of our methodologies, which is able to realize the 
learning in real time, incrementally and dynamically in multiple 
dimensions without sacrificing the learning performance. At the 
meantime, it consequently verifies obviously the robustness, the 
practicality, the effectiveness and the superiority of our 
acquisition model over the state-of-the-art methods. 

V. CONCLUSION 

This paper introduced a practical intelligent medical 
diagnostic supporting model for an e-healthcare infrastructure, 
which remarkably assists in revolutionizing the traditional 
medical services from passive, subjective and human-oriented to 
active, objective and facts-oriented. The novel concepts and 
theories proposed enable improving the diagnostic performance 
in terms of intelligence, accuracy and learning capacity, by 
uncovering the potential attributes relevance during data pre-
processing and mimicking the human learning in real world that 
is able to handle the incremental learning in real time and 
dynamic in multiple dimensions.  

However, there is no perfect algorithm. The major limitation 
of i+LRA is the adoption of binary tree rather than multi-branch 
tree. Such tree structure tends to be less efficient in terms of tree 
storage requirements and test time requirements. Besides, it 
would be valuable to optimize the MIA-Preprocessing strategy to 

TABLE III. PERFORMANCE COMPARISON IN CLASSIFICATION ACCURACY AMONG VARIOUS 
DECISION TREE LEARNING ALGORITHMS 

Dataset 
Classification accuracy (%) Conclusion 

(i+LRA vs. ITI)C4.5 ITI i+LRA 

Cleve 75.2 65.35 81.19  

Hepatitis 82.7 69.23 78.85  

Hypothy-roid 99.1 98.58 98.01  

Heart 82.2 76.67 86.67  

Sick-euthyroid 96.9 96.68 94.41  

Auto 71 Error 57.97  

Breast 94.4 94.42 95.71  

Diabetes 69.1 66.80 73.44  

Iris 92 94 94  

Crx 82.5 76 84  

Australian 86.1 77.39 88.26  

Horse-colic 80.9 73.53 80.88  

Average 84.34 74.05 84.45  

 
eliminate the uncertainties and to reduce the complexities as 
much as possible. Hence, our further research direction would be 
focused on perfecting the proposed diagnostic supporting model 
as well as the entire e-healthcare infrastructure, in order to adapt 
to the future development trend of e-healthcare industry. 
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