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Abstract— From the past decade, data mining is involved in
many fields as well the tremendous work has carried out on the
medical sectors to diagnose different diseases like heart
strokes, kidney and diabetes. Many applications have been
introduced in this manifesto, which can be classified in to two
sets of branches: the policy development and the decision
support analysis. Still there is a lack of work in
decision-making section. Our paper has aim towards the set of
decision-making through classification analysis forecast. Data
mining approach has work on this manifesto for us to analyze
and forecast the analysis for the better clinical decision-making
process by machine learning classification and logistic
regression modeling has used to forecast the outcome of dataset
through classification. Our proposed aim compared the
classification analysis of previous researchers work by weka
classification of experimenter part and auto-weka guide for
better predictions. Our path approaches the best analysis in
prediction through forecast and present the comparison of
different classification techniques applied on the data set.
Index Terms— algorithms, classification, diabetes mellitus,
forecast, healthcare data mining, KDD, and regression

I. INTRODUCTION
According to the doctors [1], Diabetes is mostly referred as
diabetes mellitus; which is spreading vastly around the globe.
Around 425 million people had diabetes in the world by the
survey report of International Federation in „2015‟ and this
ratio can be expected to the 700 million by 2040.
The name diabetes discovered by the Greek physician
during the second century A.D. [2]‟ which has meaning of
“siphons”. He observed that ants would be attracted to some
people‟s urine and described diabetes from the patients‟
drinking to much water (polyuria) like a siphon. Later
English has adopted the word Diabetes. Diabetes is
commonly known as the group of metabolic diseases [3],
which indicates the high blood pressure and sugar level for
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the prolonged period. The most common symptoms are
frequent urination, increased in hunger and also in thirst [4].
These symptoms can cause so many other harshly problems,
if it left untreated on early stages. The most commonly
known complications occur in the body is hyperosmolar,
diabetic ketoacidosis, hyperglycemic and also death of
human body [5]. Diabetes also cause the long term
complications known as cardiovascular diseases, heart
strokes, kidney failure, chronic ulcers, vision blindness,
damage of eyes and many more,‟ which we have illustrated in
the section of dataset attributes as an attribute collections of
real-life data for this research.
1. In Type 1 diabetes [6], body refuses to produce insulin.
In this case, the immune system of the patient body
attacks and destroys the cells in pancreases, which
produce insulin‟s. Utmost the 10% of all cases
registered in hospitals refers to Type 1. Which has
been diagnosed in mostly children‟s and young
adults. People with this type of diabetes need to take
the insulin injections every day to keep alive the
body cells.
2. In Type 2 diabetes [7], the body does not produce
enough amount of insulin for functioning the cells
and sometimes body does not take insulin‟s
injection well. This type can be developing in any
age of human body but according to our research it
occurs mostly in the middle age and older age.
About 90% of cases registered in hospital around
the world are Type 2.
3. Gestational diabetes occurs in women‟s [8], mostly
the pregnant females has this case but it disappears‟
when the baby born. According to the doctors, the
female‟s who has Gestational diabetes seems to
have the Type 2 later in the life.
Most of the research has been carried out on Kidney issues
[5] or heart problems [9] but the research survey of National
Institute of Diabetes and Digestive and Kidney Diseases [10]
in 2015 says, 30 million people of United States have
diabetes‟, which calculated as the 9.5% of the total
population. From 1 in 4 of them does not know that they have
disease. Diabetes affects 1 in 4 people‟s over the age of 60‟s
and about 95% cases been noticed of Type 2 in adults. Mostly
the people of 40 years of age have Type 2 cause of family
history or the over weight problems [11]. Some of them are
physically inactive on way of exercise or some have high
blood pressure and some of them had diabetes in early ages or
have Gestational on the stage of pregnancy. Medical
specialists can determine the diabetes by three different tests
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on patients [12]:
1. A1C:
i) If test results are 6.5%, means patient has
diabetes.
ii) If test results are between 5.7 to 5.99%, means
patient has diabetes before.
iii) If test results are <5.7%, means patient has no
diabetes.
2. Fasting plasma glucose test:
i) If FPG is 126 mg/dl, means patient has diabetes.
ii) If FPG is between 100 to 125.99 mg/dl, means
patient has diabetes before.
iii) If FPG is <100 mg/dl, means patient is normal.
3. Oral glucose tolerance test:
i) If OGTT is 200 mg/dl, means patient has
diabetes.
ii) If OGTT is between 140 to 199.9 mg/dl, means
patient has diabetes before.
iii) If OGTT is <140 mg/dl, means patient is
normal.
The remaining part of the paper is divided in to five
sections. Section 2 will talks about the related work carried
out by different researchers from past decade. Section 3 will
shows the data processing methodology. Section 4 will
defend the paper by illustrating the driven results achieved in
experiment and lastly we will conclude the paper with
references.
II. RELATED WORK
Data mining is the operation of extracting data from many
sides to figure out the patterns that produce useful results in
the business growth [2], [11]. It‟s playing a tremendous
workout in the field of technology to sort out the data from
various datasets of different domains. In example of
healthcare sectors, data mining is extracting the hidden
patterns in the data for the treatment, predictions and
diagnosis of various harmful diseases like cancer and HIV.
Because of the fruitful results of data mining, the industries
are improving their quality of services [3]. It is useful in
medical applications like medicines, therapeutic
experiments, operation measures and medical catalogs [13].
Apriori and FpGrowth are extensively used in regular pattern
mining procedures [14]. The two common algorithms were
being reviewed in [2], [10], [11], [15]–[17]. These are
consumed in therapeutic data mining. Birth consequences
were driven in [18]. Genetic disease were measured by data
mining techniques in [19]. C. Kruse et.al has worked on
medical data mining with the Neural Networks for the data
visual images [20]. In early 2000, data mining terminology
and techniques were used to mine the medical hypermedia
classification gist [21]. Missing values theory in medical
datasets was acknowledged in [22]. More over Morgan et.al
[23] has analyzed and discovered the figurative rule mining
worktable for spawning initial rule sets and Hoe has
controlled in the same projects to discover the rule sets. He
has examined the rule set as consequence of intelligence‟s
mining for edifice rule based proficient techniques.
Wolfsdorf et.al [24] has investigated the linear genetic
platform and Neural Networks for the medicinal data

mining. F. Jia [25] has suggested the association rule
algorithm for mining the medical images and produced the
results that can discover the habitually arising stuffs with-in
the data sets. Jothi et.al stated in article [19] that Olukandu
has worked on the classification system, which livelihoods
the Bayesian Ying Yang principle and successfully smeared
it to predict the liver disorder and other liver diseases.
Regarding mining the medical data of Geno, Morgan et.al
[23] has introduced a structure, which is centered by
heterogeneous and grid distribution.
For the medical image analysis, Fallah et al. [26] has
discovered a call tree data-mining algorithm and also Maina
et al. [27] has used Fuzzy Cluster algorithm to mine the
medical images, decision tree was been used in their study to
classify the irregular and outdated cases. Which was been
studied on the lung cancer disease diagnosis and X-ray
images. One more outlier prediction method was been
discovered by Jia et al. [25] to classify the medical data.
Cardio Vascular diseases has diagnosed with the help of
classification algorithm by Ahmed et al. [28]. He aims to the
two-chin detection method, which includes impulsive
features choice and proficient verdict. Mirza et al. [29] has
worked on tele- medicines and introduced web based data
mining for it. Xiong et al. [30] studied on patient data sets
and discussed a method to amalgamate the rule mining
methods and classification methods. In his analysis, he
recycled the Swarm Optimization method. The moral result
shows that their research is valuable in Brain disease
prediction and diagnosis. Muhammad et al. [15] urbanized
an association rule initiate that is based on the earlier Breast
cancer patients. The rule initiate is active during “clinical
Trial Assignment Professional System”. Patil et al. [31]
applied Bayesian algorithm for spotting of confusion
Coronary Cardiopathy. Time Annotated Sequence Rule was
been studied by Chalew et al. [32] to discover the temporal
measurements from medical datasets. The discovered
patterns help in improvement of identification by attributes
interactions in the entire time sphere.
Mostafa et al. [33] has worked on data mining technique in
prediction of survival CHD patients. He did combine the
three prediction classification tools as: Support Vector
Machine, Artificial Neural Networks and Decision Tree
(C4.5, ID3, CART and C5) in prediction of CHID patients.
Evidentially their result shows that the techniques and
methods they used are a long way efficient in analyzing and
handling the different disease data in to factions to support
the chronological covariance of Choline esterase, albumin
and living affluence accordingly.
Beside all Larsson et al. [6] practically applied Apriori
method to mine the medical data. He isolated the frequently
happen arrays in data sets by scrutinizing the connotation
between diagnosing and treatments. Famous Indian
scientists in medical records Balakrishnan and
Narayanaswamy [34] deliberated the qualities of choosing
Persecution with Support Vector Machine to categorize the
diabetics and diabetes data sets. Saraee et.al [35] well mined
the drugs and health consequence by approving the Fuzzy
Cognitive Maps in their research.
The work done by them has a way to improve the call
sustenance and scheming methods in health care spheres to
formulate a lot of queries, which also known as a Knowledge
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Discovery Question Language and has been used to
determine the hidden and applicable knowledge in medical
data since then. Their work and research has surveyed a
magnificent ways to mine the medical knowledge and shows
the bright side to the medical experts while working on
medical data mining.
III. DATA PROCESSING AND METHODS
A. Aimed hospitals
For data collection, we have aimed the seven hospitals in
„Nigeria‟ [36], cause „Nigeria‟ is the developing state of
Africa, where people are struggling with the basic life needs
[37] and they carry along the diabetes with unknown facts.
These hospitals are:
1. Ajingi general hospital.
2. Gaya general hospital.
3. Sir Sanusi general hospital.
4. Muhammad Jidda general hospital.
5. Murtala Muhammad specialist hospital.
6. Abdullahi Wase specialist hospital.
7. Federal Medical center Birnin-Kudu.
B. Data attributes
This section describes all the numeric and nominal
attributes, which we have used in our dataset for the
classification of different algorithms and techniques. These
attributes are:
Age of patients (>20 and <80), Sex (male/female), Body
weight in kg, Glucose level of patients, Blood pressure, Body
mass index, Excessive thirst, Diabetes (Type 1, Type 2 and
Gestational), Frequent urination, Weight loss/gain, Flulike
symptoms, Blurred vision, Irresistibility, Slow healing,
Tingling‟s, Skin infection, Vagal infections, Sweating,
Shivering, Visual disturbance, Weakness, Hunger,
Dizziness, Nervousness, Headache, Fast heart beat, Nausea,
Clammy skin, Slurred speech, Drunken behavior,
Drowsiness, Confusion behavior, Convulsion, Increased
urination, Leg cramp, Rapid pulse, Comma, Deep rapid
breath, Breath smell, Loss of appetite, Fever, Stomach,
Weight loss, Fatigue, Body smell, Drowsiness, Breath
shortness, High blood pressure, Concentration, Poor
appetite, Vomiting, Dry/itchy skin, Spider cobwebs, Vision
shadow, Blurred vision, Empty spot vision, Red vision, Eye
pain, Light flashes, Straight line vision, Vision loss, Jaws
pain, Perspiration, Heat intolerance, Palpitation, Tumor,
Prominent eyes, Cold intolerance, Slow body function,
Weight gain, Course skin, Husky skin, Body puffiness,
Insulin injections intake, Cholesterol pills intake, Number of
days to visit doctor lastly, Number of times visit doctor in last
six months, Class (diagnosis of diabetes mellitus) tested
positive or negative.
C. Classification
Classification is a technique used to assign the class labels
to a dataset [2]. In healthcare sectors, the classification is
mostly on supervised type cause the dataset are taken on the
predefined test basic and class label is known in advance.
Training data is sets of records, which have multi attributes,
include class that is predefined. In this scenario, the model is
built up as the training dataset where the model is used to

assign the class to the testing dataset. Mostly in diabetes data
and other disease data, the datasets are based on supervised
learning [9] because either the data is gathered by manually
as like our research or from the artificial repositories
databases but the class is defined as tested positive or tested
negative.
D. Data mining platform
We have used Weka (a free and non-commercial toolkit)
for experiment [38]. Basically weka is collection of machine
learning and statistical data mining algorithms, which are
based on java environment. We are able to extract the useful
knowledge by training the dataset through preprocessing,
clustering, classification, association and the visual
interface. Weka has the ability to classify dataset with
different algorithms by using filters and attributes under
supervised and unsupervised learning [39]. In past, so many
experiments performed on weka for the prediction purposes
to extract the hidden knowledge. But weka has introduced
“Auto-weka” recently in „2017‟ [38], [40], which we have
introduced in our model to classify the real-life Diabetes
dataset by evaluation on more than 150 installed classifiers in
weka. As our related studies shows that all past work has
done on artificial datasets by manually changing the values
but we have used the real life data values for our experiment,
which is good to consider the real life predictions and
forecasting.
Auto-weka is a classification sub-tool that performs the
selection of combined algorithms and hyper parameter
optimization over the regression and classification
algorithms implementation in weka to find the better
accuracy on the defined dataset. Auto-weka explores hyper
parameters of settings on defined dataset and gives the
recommended method of classification with the high
accuracy by evaluating all the classifiers and algorithms in
desired time period and helps user by giving good
generalization performance algorithm by saving effort in
applying of different algorithms one by one. It has been
available on weka package manager since „2017‟ as a
classification algorithm also but not much worked carried out
by using this model on diabetes datasets. Auto-weka has two
ways of performance; one is through GUI graphic user
interface weka panel and the second is by choosing it from
classifier list in Classify panel. Auto-weka performs
statistically rigorous evaluation internally by 10 fold
cross-validation. Auto-weka basically has few options, which
normally leaves as default but for better accuracy and results
two options are really important; one is „Time limit‟ and
second is „Memory limit‟.
E. Logistic regression modeling
Logistic regression modeling is the main part of data
mining to diagnose the disease and prediction on the
healthcare sections [15]. The main purpose of our model is to
forecast the prediction of diabetes growth for clinical
specialists after the analysis of classification techniques.
Which is possible to predict with the binary classification and
logistic regression has that ability. It is important to map the
data items to its default categories and classification
algorithms always have that aimed to establish such models,
which work based on the existing data. It is being used to
predict the tendency of the dataset. In mostly cases, the
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variables of logistic regression have the binary
classifications, which shows that logistic algorithms are
always ready to solve the two-way binary classifications. By
default, logistic regression model is based on the liner
regression model, which can only predict the continuous
values to maintain the sensitivity in the numbers field, where
the values are only 0 and 1. So in proposed model the values
will be 1 incase only if the value is greater than the threshold
else it will be 0. Hence the, range of output works in Logistic
regression is between 0 and 1. So the logistic regression adds
a sigmoid function layers by equation (1.):
1. σ (x) 1/(1+e^(-x)) ∈ [0,1]
The sigmoid function layers summed linearly at the first
stage and than predict it by using sigmoid functions as
mentioned in equation (2., 3.):
2.

Pr (Y=+1|X)~β.X

3. Pr (Y=-1|X)=1- Pr (Y=+1|X)
After analyzing our model study of logistic regression
algorithms, which consist of positive group of values and the
negative group of values. Every time, the variable X will be
assigned to the β coefficient values, which represent the
weight and in model proposed Y is indicating the patients
who has diabetes. The variations between the values X and Y
occurs on the bases of weight. After the accurate setup of
logistic proposed model, it is easy to predict the outcome
whether it is positive or negative by giving the new data
input. The output results of our research model are presented
in next section with name of „proposed results‟.

Conjective
Rule
Decision
Table
J Rip
One R
PART
Decision
Stump
J48
Simple
CART
Random
Forest

98.5
7
98.2
2
97.5
0
96.7
9
99.2
8
98.5
7
99.2
8
98.5
7
93.5
9
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0.98

0.98
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0.95

0.98

0.98

0.98
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0.94

0.97

0.97

0.97

0.03

0.92

0.96

0.96

0.96

0.07

0.98

0.99

0.99

0.99

0.02

0.96

0.98

0.98

0.98

0.07

0.98

0.99

0.99

0.99

0.02

0.96

0.98

0.98

0.98

0.19

0.84

0.93

0.93

0.93

B. Auto weka vs. Experimenter weka
After the analysis performed with auto weka, we have used
same dataset and compared the accuracy analysis with the
experimenter weka tab tool, and find the conflict ratios of
results as a part of discussion to show the auto-weka as a best
accuracy measure tool for the diabetes data set, the performed
results of experimenter tab is shown in “Fig. 1”.

IV. PROPOSED REULTS AND DISCUSSION
This section is stipulated into two parts, classification
accuracy details and forecast classification results for the
diabetes dataset.
A. Classification accuracy
By applying our dataset of 95 attributes and 281 instances
to different classification algorithms on weka in the process
of auto-weka analysis with the time limit of 180 minutes to
each classifier, we have gathered the anonymous results with
mean errors, which are classified in Table 1.

Algorithm
Bayes Net
Naïve
Bayes
Lib SVM
MLP
RBF
SGD
SMO
IBK
AdaBoost

Table 1: Shows the performance of
classification algorithms performed on
weka on data set of real-life diabetes
patients. Acc= accuracy ratio, E.rate= error
rates, K.stats= kappa statistics ratios, Pre=
precision, F.msr= F measure ratio
Acc
E.rat K.stat Prec Recall F.ms
e
s
r

97.5
89.6

0.03
0.11

0.94
0.74

0.97
0.91

0.97
0.89

0.97
0.89

72.2
97.1
80.7
92.8
91.1
73.3
98.9
3

0.27
0.07
0.33
0.07
0.08
0.26
0.01

0.13
0.93
0.49
0.83
0.78
0.37
0.97

0.80
0.97
0.81
0.92
0.91
0.73
0.99

0.72
0.97
0.80
0.92
0.91
0.73
0.98

0.63
0.97
0.79
0.92
0.91
0.73
0.98

Figure 1: Shows the comparison of
classification algorithms performed on
Auto-weka and Experimenter weka

C. Forecast analysis
Forecasting is the approach towards the prediction and
decision-making, which determines the graphical aspects of
ratios including the other substances of patient‟s like glucose
level, blood pressure and etc. According to the medical
specialists [1], [2], [11], [21], [41]–[44], the major
substances „attributes‟ involve in the prediction of diabetic
patients is “body mass index, glucose level, blood pressure,
body weight and insulin injection intakes”, which comes on
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Figure 2: Forecast regression analysis of diabetes dataset attributes to predict the initial care circumstance:
glucose level of patient, blood pressure, body mass index, and patient body weight and insulin injection
intake
whether the patient‟s has diabetes or not? If has, than the
the earlier stages of patient‟s checkup, if the patients stages comes of Type 1, Type 2 and Gestational to discovers.
become predicted with these in tests of AIC, FPG, OGTT
The graphical visualization of forecast prediction of our
„mentioned in above section‟ than the other substances proposed model is shown in “Fig. 2” for the better
„attributes‟ become necessary to discover. But these 5 decision-making of medical specialists.
substances can help the medical specialist‟s to predict,
[3]

V. CONCLUSION
In conclusion, this paper has aimed to establish a forecast
prediction model on base of linear regression with the
classification method by using weka performed on the
real-life diabetes data set in order to acknowledge an
education session for the medical specialists for the initial
care of patients. Our results are based on the past researchers
experience algorithms to perform the classification and we
have pulled the relaxation accordance to free room of
improvement in accuracy ratios and forecast analysis.
This methodology has only one limitation of time but it
depends on the size of data only, if it gets performed on the
Meta data, we have to increase the time limit of auto-weka
classification methods. For the data set of 100 attributes with
almost 300 instances, we have analyzed the time limit of 180
minutes is accurate in analysis.
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