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Abstract. The advances in Health sciences have led to a significant production of data such as clinical
information, generated from large Electronic Health Record (EHRs). Extensive research in all aspects of
has led to the generation of huge amount of data. This paper focuses on the prediction of diabetes mellitus
model, using a generalized linear model a special case of a logistic regression model, from the dataset,
collected from the northwestern states of Nigeria. The methods used in the study are classification, logistic
regression, and confusion matrix. The datasets were partitioned into training and testing sets, the training
part used in building the model while testing part used in validating the model. The best-fitted model
algorithm converged with null deviance: 226.568, residual deviance: 30.287 and AIC: 42.287, variables AGE,
GLU, BMI and WGT were significance at 0.05, 0.001, 0.025 and 0.025 P-values respectively. The model
was predicted as follows: Forty-three (43) times the patient was actually diabetic; the model also predicted
as diabetic. Fifty (50) times the patient was non-diabetic; the model also predicted as the non-diabetic.
One (1) times the model was actually non-diabetic; the model predicted diabetic (Type I) error. Zero (0)
time the patient was actually diabetic; the model predicted non-diabetic (Type II) error. This accounted
for the model accuracy of about 98.9% at α = 0.05.
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1. Introduction

Healthcare industries are engendering and hoarding a tremendous amount of data, which can be
used to predict and examine the healthcare ratio of the entire realm. By using the data mining (DM)
techniques, it is possible to extract the hidden and useful information’s from the datasets known as
Knowledge Discovery in Database (KDD) and Computer-based information system (CBIS) (Sohail,
2017).

The healthcare field is known for its ontological difficulties and a mixture of medical data stan-
dards and variable data excellence (Witten, 2011; Bhattacharyya, 2006; Thomas, 2005; Karegar,
2008). In addition to patients data privacy issues, making an effectual and virtually a usable med-
ical knowledge discovery is of ongoing importance over recent decades. The contemporary clinical
practice also assumes a transformation not only in diagnosis and treatment process but also in the
understanding of health and illness concepts, moving from disease-oriented problem solving to a
patient-centric advance, where computer-aided knowledge discovery techniques play an important
role (Chandamona, 2016).

Logistic regression is a statistical method for predicting the probability of an event, with a given
a set of predictors variables. The method is classier than the linear regression method. The binary
logistic regression method empowers one to select the predictive model for dichotomous dependent
variables. It describes the relationship between a dichotomous response variable and a set of explana-
tory variables. The explanatory variables may be continuous or discrete. The logistic regression as
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a non-linear regression model is a special case of generalized linear model (Uba, 2017), where the
assumption of normality and constant variance of residuals are not satisfied. Logistic regression
models have demonstrated their accuracy in many classification frameworks (Bose, 2006).

Several instances in social phenomena are discrete or qualitative, more willingly than continuous or
quantitative in nature. Binary response models are foremost importance in social sciences and demo-
graphic studies, such a phenomenon usually take the form of dichotomous indicator or independent
variable. As well the analysis involves an outcome or dependent variable that is dichotomous and
in this condition the logistic regression model has become the statistical model of preference. The
reasons for these are the easiness of interpretation of the estimated coefficients as adjusted log-odds
ratios, the ability to estimate the probability that a particular subject will develop the outcome and
the wide availability of easily used and consistent software to perform the computations. It’s now
common to find, in an article using logistic regression, a table of estimated coefficients, estimated
odds and associated confidence limits for the odds ratio (Pampel, 2000).

Diabetes is a chronic health condition that is flattering a global epidemic. In developing countries,
conventional tribal societies are adopting a contemporary lifestyle, while developing chronic health
conditions typically associated with developed nations (Illayaraja, 2013). The direct and indirect
disease burden exceeds the financial and human resources of the healthcare system in sub-Sahara
Africa (SSA) (Prather, 1997). Currently, hypertension, diabetes, and coronary artery disease are the
foremost chronic health conditions experiential in sub-Sahara Africa (Haibinf, 2004).

Infectious diseases such as human immunodeficiency virus (HIV), tuberculosis (TB), and malaria
are the foremost cause of death in sub-Sahara Africa; nevertheless, with international attention to
these situations, treatment options are improving and the mortality rates are decreasing (Haibinf,
2004); Joint United Nations programed on (HIV/AIDS and WHO). Cure of infectious disease has
led to increased life expectancy, as well as an increased commonness of non-communicable diseases
(Goodwin, 1997).

The application of data mining in healthcare raises further challenges, which require specific
methods, tools, and methodology. In addition, cross-domain knowledge is of key importance to
achieve practical results. The rapid progress in the automation of the healthcare industry gives
a vast amount of heterogeneous, both structured and unstructured, data available for study and
secondary use. There are numbers of algorithms implemented to classify, cluster, and find hidden
patterns in data. Nevertheless, domain-specific issues of healthcare are still to be determined. As it
was discussed by (Thomas, 2005; Syed, 2002) particular problems shall be resolved to successfully
apply data mining methods. According to their studies, without resolving depersonalization, multi-
relational and media data pre-processing, clinical data heterogeneity, and quality issues, data mining
application is sub-optimal or unattainable.

In 2008, the milestone Diabetes study (Chinenye, 2011) was conducted across seven tertiary Health
center in Nigeria, with objectives clinical and laboratory profile evaluating the quality of care of
Nigerians Diabetics with a view to planning, improved Diabetes care. Moreover, a cross-sectional
study design was done on socio-demographic determinants of the knowledge of diabetes mellitus in
Onitsha – North local government of Anambra State (Uloma, 2014).

The main aim of this research is to predict diabetes mellitus using a logistic regression model.

2. Materials and methods

This section seeks to explain the materials, which comprised of sampling techniques used, data
collection and description of the software programming language used. The methods are: binomial
logistic regression, classification and confusion matrix.

2.1 Sampling techniques used in process of data collection

The sampling techniques used in distributing the questionnaires and determining the sample size
is a combined probability and non-probability sampling techniques. A probability cluster sampling
was applied at the beginning; whereby the entire population was divided into groups or clusters, it’s
related with a selection of a subset of individuals from the population to estimate the characteristics
of the entire population (Singh, 2014). Each attribute determines one or more properties of the
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observable subjects distinguished as independent individuals. On the other hand, a non-probability
sampling technique is a method by which a researcher selects sample based on the subjective judg-
ment rather than random selection, since not all the members of the population have an equal chance
to participating in the study, unlike probabilistic method. A convenience sampling process by which
samples are drawn from the population because they are conveniently available to the researcher
was also employed.

The entire northwestern part of Nigeria comprises of seven states, we divide each state into
three clusters according to their senatorial zones (i.e south, central and north). A government own
hospitals were chosen in each cluster from the six states, while in Kano state we double the number
looking to its population. This particular research is ongoing from 2017 until 2019. Presently, we
collected the data from Jigawa, Kano, Katsina, Zamfara and some part of Sokoto states. The
hospitals covered are:
1. Ajingi General Hospital (Kano State)
2. Murtala Muhammad Specialist Hospital (Kano State)
3. Abdullahi Wase Specialist Hospital (Kano State)
4. Sir Muhammad Sunusi General Hospital (Kano State)
5. Gaya General Hospital (Kano State)
6. Gwarzo General Hospital (Kano State)
7. Federal Medical Centre Birnin-Kudu (Jigawa State)
8. Hadejia General Hospital (Jigawa State)
9. Gumel General Hospital (Jigawa State)
10. Katsina General Hospital (Katsina State)
11. Daura General Hospital (Katsina State)
12. Malumfashi General Hospital (Katsina State)
13. Gusau General Hospital (Zamfara State)
14. Talata Mafara General Hospital (Zamfara State)
15. Kaura Namoda General Hospital (Zamfara State)
16. Bodinga General Hospital (Sokoto State)

The remaining eight hospitals from Kaduna, Kebbi and Sokoto States will be reached before
the end of 2019. To attain greater precision in the data collection, the author decided to distribute
the entire questionnaire by himself across the states as well interviewed the patients with help of
some hospital’s personnel.

2.2 Data collection and description

The data was collected as a primary source, being the first author, through questionnaire and verbal
interview for those could not write, and the questionnaire was admitted to both diabetic mellitus
and other chronic diseases. The dataset comprises 281 observations and 6 attributes for the purpose
of this particular study. The informed consent form was obtained from all the participants’ prior to
their participation; the research is ongoing from 2017 until 2019. The attributes were abbreviated
as; diabetes mellitus patient’s (TYPE), patient’s age (AGE), patient’s glucose level (GLU), patient’s
diastolic blood pressure (DBP), patient’s body mass index (BMI) and patient’s weight (WGT).

2.3 R programming language

The software used for the experiments, free open programming software used for programming,
statistics and graphics, was developed by Ross Ihaka and Robert Gentleman at the University of
Auckland in New Zealand. The name R came from their respective first names, can be accessed
online via http://www.r-project.org

2.4 Binomial logistic regression model

Consider a random variable W that can take either of the two possible values. Given a dataset
with a total sample size of M, where each observation is independent, W can be assumed as a
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column vector of M binomial random variables Wi. By convention, a value of 1 is used to designate
“success” and a value of 0 used to signify “failure.” To simplify computational details of estimation, it
is convenient to aggregate the data such that each row represents one distinct combination of values
of the independent variables. These rows are often referred to as “populations.” Let N represent the
total number of populations and let n be a column vector with elements ni representing the number
of observations in population i for i = 1 to N , where ΣN

i=1ni = M , the total sample size. Now, let
Y be a column vector of length N where each element Yi is a random variable representing the
number of successes of W for the population. Let column vector y contain elements yi representing
the observed counts of the number of successes for each population. Let be a column vector also
of length N with elements πi = p(wi = 1

i ), i.e., the probability of success for any given observation

in the ith population. The linear components of the model enclose design matrix and the vector
of parameters to be projected. The design matrix of independent variables, X, is composed of N
rows and K + 1 columns, where K is the number of explanatory variables specified in the model,
for each row of the design matrix, the first element xio = 1. This is the intercept or “alpha”. The
parameter vector, , is a column vector of length K + 1. There is one parameter equivalent to each
of the K columns of independent variable settings in X, plus one β0, for the intercept. The logistic
regression model equates the log it transforms, the log-odds of probability of a success, to the linear
component:

log
(

πi
1−πi

)
=

K∑
k=0

xikβk i = 1, 2, ..., N. (1)

where
(

πi
1−πi

)
is known as the odds of an event. Suppose y takes the values 1 for an event and 0 for

a non-event, hence y has a Bernoulli distribution with probability parameter (and expected value)
p.

2.4.1 Parameter estimation

The goal of logistic regression is to estimate the K + 1 unknown parameters β in (1). This is done
with maximum likelihood estimation, which entails finding the set of parameters for which the
probability of the observed data is greatest. The maximum likelihood equation is derived from the
probability distribution of the dependent variable. Since each yi represents a binomial count in the
ith population, the joint probability density function of Y is:

f(y\β) =
N
Π
i=1

ni!

yi! (ni − yi)!
πyii (1− πi)ni−yi (2)

For each population, there are different ways to arrange yi successes from ni trails. Since the prob-
ability of success for any of ni trails is πi, the probability of yi successes is πyii . Likewise, the
probability of ni-yi is (1− πi)ni−yi .

The joint probability densities function in (2) expresses the values of y as a function of known
fixed values for β. Thus,

L(β\y) =
N
Π
i=1

ni!

yi! (ni − yi)!
πyii (1− πi)ni−yi (3)

The maximum likelihood estimates are the values for β that maximize the likelihood function in (3).
Thus, finding the maximum likelihood estimates requires computing the first and second derivatives
of the likelihood function. Attempting to take the derivative of (3) with respect to β, note that since
ax−y = ax

ay , and after rearranging terms, the equation to be maximized can be written as:

β\y) =
N
Π
i=1

(
πi

1−πi

)yi
(1− πi)ni (4)
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Recall that:

log
(

πi
1−πi

)
=

K∑
k=0

xikβk (5)

After taking e to both sides of equation (5) becomes:(
πi

1−πi

)
= e

∑K
k=0 xikβk(6)

After solving for πi it becomes

πi =
(

e
∑K
k=0

xikβk

1+e
∑K
k=0

xikβk

)
(7)

Substituting (6) for the first term and (7) for the second term, equation (4) becomes:

β\y) =
N
Π
i=1

(e
∑K
k=0 xikβk)yi

(
1− e

∑K
k=0

xikβk

1+e
∑K
k=0

xikβk

)ni
(8)

Use (ax)y = axy to simplify first product and replace 1 with 1+e
∑
xβ

1+e
∑
xβ to simplify the second product

of (8) can now write as:

β\y) =
N
Π
i=1

(e
∑K
k=0 xikβk)yi(1 + e

∑K
k=0 xikβk)ni (9)

This is the kernel of the likelihood function to maximize. However, it is still cumbersome to differen-
tiate and can be simplified a great deal further by taking its log. Since the logarithm is a monotonic
function, and a maximum of the likelihood function will also be a maximum of the log-likelihood
function and vice versa. Thus, taking the natural log (9) yields the log-likelihood function:

l(β) =

N∑
i=1

yi(

K∑
k=0

xikβk)− ni. log(1 + e
∑K
k=0 xikβk) (10)

To find the critical points of the log-likelihood function, set the first derivative with respect to each
equal to zero. In differentiating (10), we note:

∂
∂βk

K∑
k=0

xikβk = xik (11)

Also note that ∂
∂x log y = 1

y
∂y
∂xthus: differentiating (10) with respect to each βk

∂l(β)
∂βk

=

K∑
i=1

yixik−ni . 1

1+e
∑K
k=0

xikβk
. ∂
∂βk

(1+e
∑K
k=0 xikβk) =

N∑
i=1

yixik−ni . 1

1+e
∑K
k=0

xikβk
. e

∑K
k=0 xikβk×

∂
∂βk

K∑
k=0

xikβk =

N∑
i=1

yixik − ni . 1

1+e
∑K
k=0

xikβk
. e

∑K
k=0 xikβk . xik =

N∑
i=1

yixik − niπixik (12)

The maximum likelihood estimate β can be found by setting, each of the K+1 in (12) to zero and
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solving for each βk. By differentiating for the second time with respect to , thus:

∂2l(β)
∂βk∂βk′

= ∂
∂β

k
′

K∑
i=1

yixik − nikπi = ∂
∂β

k
′

K∑
k=i

−nixikπi = −
∑

nixik
∂

∂β
k
′
( e

∑K
k=0

xikβk

1+e
∑K
k=0

xikβk
) (13)

To solve (13) we have to make use of two general rules for differentiation. First, a rule for differen-
tiating exponential function:

d
dxe

u(x) = eu(x) . d
dxu(x) (14)

Secondly, the quotients rule for differentiation, we let u(x) =
∑k

k=0 xikβk(
f
g

)′

(a) = g(a) . f(a) . g
′
(a)

[g(a)]2 (15)

Applying these two rules together allows us to solve (13)

d
dx

eu(x)

1+eu(x) =
(1+eu(x)) . eu(x)

d
dxu(x)−e

u(x) . eu(x)
d
dxu(x)

(1+eu(x))2 =
eu(x)

d
dxu(x)

(1+eu(x))2 = eu(x)

1+eu(x) .
1

1+eu(x) .
d
dxu(x) (16)

Thus, (13) can now be written as:

∂2l(β)
∂βk∂βk′

= −
N∑
i=1

nixikπi(1− πi)xik′ (17)

Having verified that, the matrix of second partial derivatives is negative definite and the solution is
a global maximum, rather than a local maximum. Then we conclude that this vector contains the
parameter estimates for which the observed data would have the highest probability of occurrence.
This solution has to be numerically estimated using an iterative process, perhaps using Newton’s
method for solving nonlinear equations. Setting (12) equal to zero results in the system of a K+1
unknown variable βk. Recall that, the Taylor polynomial of degree n forf the point x = x0 is defined
as the first n terms of Taylor series for f

n∑
i=0

f (i)(xo)
i! (x− xo)i (18)

Provided that the first n derivatives of fat xo all exist xof(xo) with f(x) = 0

f(xo) + f
′
(xo) . (x− xo) = 0 (19)

Solving for (x) we have

x = xo − f(xo)
f ′ (xo)

(20)

The value of x is the next approximation for the root. We let x1 = x and continue in the same manner
to generate x2, x3, · · · , until the approximations converge. We write (12) as l

′
(β). Let βo representing

the vector of initial approximation for each βk, and then the first step of Newton-Raphson can be
expressed as:

β(1) = β(0) + [−l′′(β(0)]−1 . l
′
(β(0)) (21)

Let µ be a column vector of length N with the element µi = niπi : µi = E(yi), the expected value
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of yi using matrix multiplication:

l
′
(β) = XT (y − µ) (22)

Equation (22) is a column vector of length K + 1, whose elements as ∂l(β)
∂βk

derived in (11). Now, let

W be a square matrix of order N with the element niπi(1−πi) on the diagonal and zeros everywhere
else. Again, using matrix multiplication we verify that:

l
′′
(β) = −XTWX (23)

(23) is K + 1 by K + 1 square matrix with elements ∂2l(β)
∂βk∂βk′

. Now, (21) written as:

β(1) = β(0) + [XTWX]−1 . XT (y − µ) (24)

Continue applying (24) until there is essentially no change between the elements of βwithin iterations.
At the point; The maximum likelihood estimates are said to be converged, (23) will hold the variance-
covariance matrix of the estimate.

2.5 Classification accuracy

The purpose of the classification is to assign a class to discover formerly unseen records as accurately
as possible. If there is a group of records (called a training set) and each record contains a set of
attributes, then one of the attributes is class (Chao, 2009; Padgorelec, 2005). The motive is to find
a classification model for class attributes, where a test set is used to find out the accuracy of the
model. The acknowledged figures set are divided into training and testing sets. The training set used
to fabricate the model and testing set is used to authenticate it (Wang, 2005; Karegowda, 2009).
Classification practice consists of a training set that is analyzed by a classification algorithm and
the classifier or learner (Tang, 2009). Model is represented in the composition of classification rules
(Xue, 2006). Testing data are used in the classification rules to estimate the accuracy. The learner
model is represented in the form of classification rules or decision trees.

2.6 Confusion matrix

In predictive analytics, a table of confusion (at times name confusion matrix), is a table with 2× 2
rows and columns that reports the number of false positive, false negative and true positive and
true negative. It allows further details analysis than the proportion of classification (accuracy) in
the area of machine learning and specifically the problem of classification in statistics, a confusion
matrix also known as error matrix (Stephen, 1997) is a specific table layout that allows visualization
of the performance of an Algorithm, typically a supervised learning.

3. Results and Discussion

3.1 Results

The R algorithm for the generated results in ”Table 1” with significance codes shown as:
Call: glm (formula = TYPE∼ . , family = “binomial”, data = Training)
Signif.codes: 0 = “***”, 0.001 = “**”, 0.01 = “*”, 0.05 = “.”, 0.1 = “ ”, 1.

The algorithm for the results generated in ”Table 2” with significance codes shown as:
Call: glm (formula = TYPE∼ . -DBP, family = “binomial”, data = Training)
Signif.codes: 0 = “***”, 0.001 = “**”, 0.01 = “*”, 0.05 = “.”, 0.1 = “ ”, 1.
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Table 1. Presents the Logistic Regression result for R programming software algorithms

Variable Coefficients Std error P value
Constant -17.711528 6.56184 0.00694**

AGE 0.02351 0.05062 0.05972
DBP -0.04695 0.04372 0.35367
BMI -0.57990 0.24763 0.01919*
GLU 3.30027 0.84566 0.00095***
WGT 0.16170 0.07208 0.02488*

Null Deviance: 226.568; Residual Deviance: 30.287; AIC: 42.287; Iterations: 9.

Table 2. Presents the logistic regression result for R programming software algorithms

Variable Coefficients Std error P value
Constant -19.70264 6.17132 0.00141**

AGE 0.03330 0.04279 0.04364
BMI -0.56496 0.24709 0.02223*
GLU 3.00228 0.69865 0.00073***
WGT 0.15449 0.06931 0.02582*

Null Deviance: 226.568; Residual Deviance: 31.169; AIC: 42.169; Iterations: 9.

Table 3. Presents the Confusion matrix for the actual and predicted values of the logistic regression result

Predicted
Actual False True

0 43 1
1 0 50

Accuracy = Sum of the right diagonal elements / Sum of the total elements = 98.9%.

3.2 Discussion

Table 1 and 2 presented different logistic regression results for R statistical package algorithms, from
the Healthcare dataset with six variables “TYPE as dependent variable and AGE, GLU, DBP, BMI
and WGT as independent variables”’. The Data were partitioned into training and testing sets, the
training part uses in building the model, while the testing part uses invalidating the model.

From the Table 1, the algorithms for selection of factors with significance effect converged after 9
fisher’s iterations; almost all the variables were significance except “DBP”. With the Null Deviance:
226.568, Residual Deviance: 30.287 and AIC: 42.287.

Meanwhile, from Table 2 when variable “DBP” was removed from the model, the algorithm for the
selection of factors with significant effects converge with Null Deviance: 226.568, Residual Deviance:
31.169 and AIC: 42.169. All the remaining variables were significant. Hence, the variable ”DBP”
will not be removed from the model, because the model Residual Deviance increase from 30.287 to
31.169, though the AIC reduces from 42.287 to 42.169.

Table 3 presented a confusion matrix for the model adequacy. The model predicted as follows:
Forty-three (43) times the patient was actually diabetic; the model also predicted is diabetic. Fifty
(50) times the patient was non-diabetic, the model also predicted non-diabetic. One (1) time the
model was actually non-diabetic, the model predicted diabetic (Type I) error. Zero (0) times the
patient was actually diabetic, the model predicted non-diabetic (Type II) error. This accounted for
the model accuracy of about 98.9% at α = 0.05.

4. Final comments

The results of this study build a valid, adequate and comprehensive logistic regression model for
predicting diabetes mellitus from the data collected from the northwestern of Nigeria. From the fitted
models, the best model who’s described the perfect relationship between the variables with higher
precision its algorithm converged at minimal residual deviance (RD) and Akaike information criterion
(AIC) values of (16.764) and (30.764) respectively. Moreover, the model explains the accuracy level
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of 98.9 percent from the table of confusion result.
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Appendix

R- codes used

# Import data #
Data <-read.csv(file.choose())
# Installing caTools package #
library(”caTools”)
# Splitting the data to training and testing #
Spdata < −sample.split(Data,SplitRatio = 0.8)
Training < −subset(Data,Spdata ==”TRUE”)
Testing < −subset (Data. Spdata ==”FALSE”)
# Result #
Result < − glm (TYPE ∼ . , Training, Family =”binomial”)
# Result summary #
Summary (Result)
# Prediction #
PResult < − Predict(Result, Testing, TYPE = ”response”)
# Predicted result summary #
PResult
# Table of confusion #
Table(Actualvalue=TestingTYPE, Predictedvalue= PResult > 0.5)


