
https://dx.doi.org/10.4314/dujopas.v12i2d.23 
ISSN (Print): 2476-8316  

ISSN (Online): 2635-3490  
Dutse Journal of Pure and Applied Sciences (DUJOPAS), Vol.12 No. 2d June 2026 
 

*Author for Correspondence    
M. M. Isa, Y. Yakubu,  A. Abdulhameed, DUJOPAS 12 (2d): 289-305, 2026        289 

 

Multinomial Logistic Regression Modeling  
of Effect of Some Selected Demographic  

Factors on Patients’ Blood Sugar Level 
 

Musa Muhammadu Isa1, Yisa Yakubu2* and Aisha Abdulhameed3 
 

1,2,3Department of Statistics,  
School of Physical Sciences,  

Federal University of Technology Minna,  
Niger State, 

 Nigeria. 
 

Email:: yisa.yakubu@futminna.edu.ng  
 

Abstract  
In the world today, a good number of people are affected by blood sugar irregularities, which is often 
characterized by imbalance level of glucose (sugar) in the blood, resulting from the body’s insulin issues. 
In this work, data on risk factors of blood sugar irregularities, which include age, gender, body mass 
index (BMI), blood group, and genotype, were collected on 464 patients from a hospital in Abaji, Abuja. 
Then the probability of the patients’ blood sugar level falling in either low, normal or high category 
based on the effect of these risk factors was modelled using multinomial logistic regression (MNLR) 
technique. The significance of the effects of each of the risk factors on the modelled probability of the 
patients’ blood sugar level was assessed. Pearson and deviance techniques for MNLR were used to 
assess the fitness of the model. Overall significance of the predictors was then assessed using Likelihood 
Ratio Test (LRT) technique. Lastly, the MNLR predicted probabilities for certain levels of the risk 
factors were estimated and plotted against Age and BMI.  The results revealed an odds ratio of 1.022 
for the AGE factor, indicating a 2.2% higher odds of low sugar level than normal sugar level for every 
unit increase in the patient’s age. For the BMI factor, the odds ratio was 1.055, implying a 5.5% higher 
odds of low blood sugar level than the normal level for every unit change in the patient’s BMI. The same 
result is true for other demographic factors in this category. The graphs show that the odds of having 
normal blood sugar level falls slowly with each decade of life and sharply as the BMI increases. It was 
also observed that the probability of maintaining a low blood sugar level decreases as age increases, 
while it increases as the BMI increases.  
 
Keywords: Multinomial Logistics Regression, Modeling, Demographic Factors, Effect, Blood 
Sugar Level 
 
 
INTRODUCTION 
Researches in area of public health often involve the use of categorical data. A common 
example is in new drug efficacy testing, where the interest often is whether or not the patient 
improved, with responses as (yes or no). Also, in disease prevalence study (like respiratory 
disease), for instance in hazard-affected communities, the response could be classified into 
nominal categories as No Disease, Mild, and Severe, that do not have a natural scale (Agresti, 
2007). Such categorical data sets have attribute or quality classifications and statistical 
methods for continuous data sets cannot be used for them (Feng and Burdine, 2010). A 
common and important technique for modeling these type of data with attributes that do not 
have a natural scale is the logistic regression, which also allowed modeling of the success 
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probability. Binary logistic regression (BLR) is the most commonly used, which 
accommodates a dependent variable with two categories. Thus, BLR models the probability 
of occurrence of a categorical outcome versus the probability of its nonoccurrence (Hosmer et 
al., 2013). When the concepts used in BLR technique are modified, they can be extended to 
polychotomous (multinomial) response data sets.  
 
One of the necessary modifications has to do with the number of ways to dichotomize a 
polychotomous (multinomial) response variable. If a categorical data set consists of J response 
categories, then there are J(J – 1)/2 different ways to pair these categories, where each of the 
other categories is compared to the baseline. 
Another modification is the need for the polychotomous response variable to follow a 
multinomial distribution, for which the parameters are response variable category 
probabilities. 
 
The multinomial logistic regression (MNLR) is the type of logistic regression used for 
polychotomous dependent variables (Osborne, 2020). MNLR technique employs maximum 
likelihood estimation (MLE) method of parameter estimation (Osborne, 2020; Argyriou and 
Sørensen, 2022). 
 
Several models exist for analyzing categorical data, among which are Albert and Chib (1993), 
which dwell on Bayesian nominal and ordinal categorical data analysis; Hartzel et al., (2001), 
which introduced a random effects model for nominal and ordinal categorical data analysis; 
Ren (1995), which predicted toxic action of phenols using logistic regression model; Fagerland 
et al., (2008), which tests for fitness of a model for nominal categorical data; Lee et al., (2013), 
which fit logistic regression model to acute gastrointestinal hemorrhage data; Andersen (1992), 
which presented Cook’s distance and leverage measures for categorical data models, while 
Steen et al., (2001) presented local influence measures for ordinal data.  
 
World Health Organization (WHO, 2023) observed instances of diabetes and prediabetes 
cases in Nigeria, that are misdiagnosed and insufficiently treated, is rising at an alarming rate, 
especially among middle aged and younger persons. In Nigeria and many African nations, 
studies on demographic factors like gender, genetic blood group variations, and genotype 
have not been fully accounted by prediction models, though Age and body mass index (BMI) 
have long been linked to metabolic risk (WHO, 2023). BLR technique is often insufficient and 
thus the MNLR modelling approach is needed for detailed connection between the input 
(demographic) and the multicategory response variable.  
 
Ignorance of the various demographic risk factors effects can lead to delay in identification of 
abnormal blood sugar (Adeyemi et al., 2021). The World Health Organization (WHO, 2020) 
estimates that 422 million people worldwide suffer from diabetes, with the majority living in 
low and middle income countries. Diabetes is significantly influenced by a number of 
demographic factors (like age and gender) and 10.5% of persons aged 20 -79 are diabetic (IDF 
Diabetes Atlas, 2021)), Diabetes is influenced by both genetic and environmental determinants 
and thus understanding the risk factors is essential (Ning et al., (2021); Yau et al., (2023); Saeedi 
et al., (2021)). It is becoming well known that genetic traits (genotype) and gender differences 
are in control of illness development (Sun et al., 2022). This work therefore provides evidence-
based practices for stopping the blood sugar epidemic.  
 
Age have been identified as a determinant of abnormal blood sugar levels, with people 45 
years and older being more likely to have high blood sugar (Sanyaolu et al., 2021). Cross-
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sectional study by Adeyemi et al. (2021) observed positive correlation between age and blood 
sugar levels.   
 
The association between abnormal blood glucose and BMI has been validated by numerous 
studies. Higher BMI values were found to be significantly associated with both type 2 diabetes 
and prediabetes (Yue et al., 2019).  
 
Obesity have also been found to cause chronic inflammation and thus insulin resistance and 
glucose intolerance (Kim and Kim, 2021). A study by Adeboye et al. (2021) on association 
between blood sugar categories and genotype observed slight resistance of AS patients to 
hyperglycemia. In another analysis, individuals with blood group AB or A have a higher risk 
of developing type 2 diabetes compared to those with blood group O (Zhang et al., 2022). 
 
This study therefore models the probability of a patient’s blood sugar status falling in any of 
the three categories (low, normal, or high) due to the influence of each of the selected 
demographic factors (age, gender, body mass index, blood group, and genotype) using MNLR 
technique. 
 
The goodness-of-fit of the model was assessed using Pearson and deviance techniques for 
MNLR, which evaluate if observed data fits the model by comparing expected frequencies to 
the observed counts.  
 
Then the overall significance of predictors was assessed by comparing the deviance (-2LL) of 
a full model against a reduced (null) model using Likelihood Ratio Test (LRT) technique 
 
METHODOLOGY 
Method of Data Collection 
This study uses secondary data on the selected demographic factors, which include age, 
gender, genotype, blood group, height, and weight, and on blood sugar level from their blood 
sample tests of patients receiving care at the Hematology unit, New Township 
Comprehensive Health Care Center (NTCHCC), Abaji, Abuja for some years.  
 
The code sheet in Table 1 below lists the variables, where the dependent variable is the 
patient’s blood sugar level and consists of three categories (low, normal, and high). The 
independent variables consist of the respondents’ Age (in years), body mass index (BMI) 
measured in kilogram per meter squared, which are both continuous, the respondents’ blood 
group, gender, and genotype, which are each categorical, and classified as in the table.  
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The Binary Logistic Regression 
In binary logistic regression, each value 𝑦𝑖  of the response variable vector 𝒀 represents a 
binomial count in the ith population and thus the probability function of 𝒀 is (Yakubu et al 
(2019)),  

𝑝(𝑦; 𝜋̂) = (𝑛𝑖
𝑦𝑖

) (
𝜋𝑖

1−𝜋𝑖
)

𝑦𝑖
(1 − 𝜋𝑖)

𝑛𝑖     (1)  

 
The log-odds of the success probability is  

𝑙𝑛 (
𝜋̂(𝑥)

1−𝜋̂(𝑥)
) = 𝛽0 + 𝛽1𝑋1𝑖 + 𝛽2𝑋2𝑖 + ⋯+ 𝛽𝑘𝑋𝑘𝑖 = 𝐗𝛃  (2) 

 
𝜷 is a (k+1)x1 vector of parameters, with each parameter denoting a change in the log-odds 
of a subject being in category j versus the reference category due to a unit change in the ith 
input variables level 𝑥𝑖 , holding other variables constant, and 0 ≤ 𝜋 ≤ 1. That is, 

𝜷 =

[
 
 
 
 
 
𝛽0

𝛽1

.

.

.
𝛽𝑘]

 
 
 
 
 

(𝑘+1)x1

 

The logit is 
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(
𝜋̂(𝑥)

1−𝜋̂(𝑥)
) = 𝑒𝑥𝑝𝛽0+𝛽1𝑋1𝑖+𝛽2𝑋2𝑖+⋯+𝛽𝑘𝑋𝑘𝑖                  (3) 

 
Solving for 𝜋̂(𝑥) in (3), the fitted model is  

𝜋̂(𝑥) = (
exp⁡(𝛽0+𝛽1𝑋1𝑖+𝛽2𝑋2𝑖+⋯+𝛽𝑘𝑋𝑘𝑖)

1+𝑒𝑥𝑝(𝛽0+𝛽1𝑋1𝑖+𝛽2𝑋2𝑖+⋯+𝛽𝑘𝑋𝑘𝑖)
)    (4) 

The BLR strives to estimate the K+1 unknown parameters 𝛃 in (2) using maximum likelihood 
estimation technique. Thus the likelihood function of 𝜷 for known, fixed values of 𝒚 is  

𝑙(𝜷/𝒚) = ∏ [(𝑛𝑖
𝑦𝑖

) (𝜋𝑖)
𝑦𝑖(1 − 𝜋𝑖)

𝑛𝑖−𝑦𝑖]𝐍
𝐢=𝟏     (5) 

That is,  

𝑙(𝜷/𝒚) = ∏ [(𝜋𝑖)
𝑦𝑖(1 − 𝜋𝑖)

𝑛𝑖−𝑦𝑖]𝐍
𝐢=𝟏      (6) 

Since the factorial terms do not contain any of the 𝜋𝑖.  
Taking natural logarithm of Eq. 6, we then have the log likelihood function: 

 

 
Eq. 8 will yield K+1 equations and the maximum likelihood estimates for 𝜷 can be found by 
setting each of these equations to zero and solving iteratively for each 𝛽𝑘. These estimates 
will then be used in the fitted binary logistic model (Eq. 4).  
The underlying distribution for the categorical dependent variable in MNLR is the 
multinomial distribution and thus we define this distribution with respect to our blood sugar 
level data as follows.   
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The Multinomial Distribution   
Now, our response variable (patients’ blood sugar level) Y consists of 3 categories, coded so 
that 𝑌𝜖{0,1,2}, where 0 is the code for the low blood sugar level, 1 is for the normal blood sugar 
level, and 2 is for the high blood sugar level, as given in table1. Then the probability that a 
response 𝑌𝑖 from the ith of the 464 observations in our dataset falls into any of these three blood 
sugar categories can be given as 

𝑃(𝑌 = 𝑗/𝐱) = 𝜋𝑖𝑗        (9) 

 

where 𝑗 = 0,1,2, and ∑ 𝜋𝑖𝑗 = 12
𝑗=0 . 

Thus, the response variable 𝑌𝑖 of the ith observation follows a multinomial distribution as 

𝑌𝑖~𝑴𝒖𝒍𝒕𝒊𝒏𝒐𝒎𝒊𝒂𝒍(1; 𝜋𝑖0, 𝜋𝑖1,𝜋𝑖2)     (10) 

 
The response vector Y is distributed as 

𝒀~𝑴𝒖𝒍𝒕𝒊𝒏𝒐𝒎𝒊𝒂𝒍(𝑛; 𝜋0, 𝜋1,𝜋2)     (11) 

 
with the probability mass function (PMF) as 

𝑝(𝒀 = x) = 𝑝(𝑌0 = 𝑥0, 𝑌1 = 𝑥1, 𝑌2 = 𝑥2⁡) =
𝑛!

𝑥0!𝑥1!𝑥2!
⁡𝜋0

𝑥0 ⁡𝜋1
𝑥1 ⁡𝜋2

𝑥2 (12) 

 
where 𝑥𝑗 (𝑗 = 0,1,2) is the number of times the outcome of the jth category occurred out of the 

n trials.  

Thus, 0 ≤ 𝑥𝑗 ≤ 𝑛, ∑ 𝑥𝑗
2
𝑗=0 = 𝑛, 0 ≤ 𝜋𝑗 ≤ 1, ∑ 𝜋𝑗

2
𝑗=0 = 1, and 𝑛 = 464. 

𝑛!

𝑥0!𝑥1!𝑥2!
 is the multinomial coefficient, representing the number of possible ways of getting 𝑥0 

patients with the low (category 0) blood sugar,  𝑥1 patients with the normal (category 1) blood 
sugar, and 𝑥2 patients with the high (category 2) blood sugar out of the 𝑛 = 464 patients in 
the dataset. 
Equation (12) can further be expressed as 

𝑝(𝒀) =
𝑛!

∏ 𝑥𝑗!
2
𝑗=0

∏ ⁡𝜋𝑗
𝑥𝑗2

𝑗=0        (13) 

  
The Multinomial Logistic Regression 
This is a modeling technique for predicting the probability of multinomial response variables. 
For a p covariate MNLR model with a constant term, denoted by a vector X, of length p+1, 
where 𝑥0 = 1 , the response variable Y has c discrete categories where each of the N 
observations records one of the c possible outcomes with probabilities {𝜋1, … , 𝜋𝑐}, satisfying 
∑ 𝜋𝑗

𝑐
𝑗=1 = 1 . The number of outcomes of the c types has the multinomial probability 

distribution (Eq. 13), which specifies the probability for each possible way the N observations 
can fall in the c categories.  
 
The response variable Y is a matrix of N rows (one for each observation) and c-1 columns. The 
design matrix of the independent variables, X, has N rows and K+1 columns. Let 𝜷 be a matrix 

of parameters with K+1 rows and c-1 columns such that each element 𝛽̂𝑘𝑐  is a parameter 
estimate for the kth covariate and the cth category of the dependent variable. The conditional 
probability of each outcome category given the covariate vector can be expressed generally as 
(Hosmer, et al., 2013) 

𝜋𝑖𝑗(𝐱) = 𝑃(𝑌 = 𝑗/𝐱) =
𝑒

g𝑗(𝐱)

∑ 𝑒g𝑘(𝐱)𝑐
𝑘=0

                (14) 

 
where 𝛽0 = 0, g0(𝐱) = 0, and g𝑗(𝐱) = 𝛽𝑗0 + 𝛽𝑗1𝑥1 + 𝛽𝑗2𝑥2 + ⋯+ 𝛽𝑗𝑝𝑥𝑝, for 𝑗 ≥ 1.  
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Thus, for a model with c category response variable, p covariates and a constant term, if 𝑌 =
0 is used as the reference or baseline category with which each of the other categories is 
compared, it follows from (14) that 

 
Therefore with 𝑌 = 𝐽 as the reference or baseline category, the logit functions are computed 
as 

g𝑗(𝐱) = 𝑙𝑛 [
𝜋𝑖𝑗

𝜋𝑖𝐽
] = 𝛽𝑗0 + 𝛽𝑗1𝑥1 + 𝛽𝑗2𝑥2 + ⋯+ 𝛽𝑗𝑘𝑥𝑘, 𝑗 = 1,… , 𝑐 − 1,      (18) 

where: 
𝜋𝑖𝐽 is the probability of the ith observation falling in the 𝐽th category, which is the baseline 

category. Eq. (18) has c-1 equations with separate parameters for each.  
𝛽𝑗0 denotes the intercept for the jth response category model. 

𝑥𝑖 denotes the ith covariate (input variable), which are age, gender, genotype, BMI, and 
blood group.  
𝛽𝑗𝑖 denotes the change in the log-odds of falling into the jth response category versus the Jth 

(baseline) category (𝑖 = 1,… , 𝑝; 𝑗 = 1,… , 𝑐) due to a unit change in the ith predictor variable, 
holding other variables constant.  
𝛽𝑗𝑖’s are obtained by the maximum likelihood method, by setting Eq. 24 (below) equal to zero 

and solving for the parameter values  iteratively. 
 
Parameter Estimation  
The estimation of MNLR model parameters is often obtained by the Maximum Likelihood 
Estimation (MLE) method. While developing models for multinomial responses with nominal 
scale, Fergaland et al., (2008) defined a random variable Y that takes values in the set of the 
response category. The authors used a vector of c binary indicator variables 𝒚̃𝒊𝒋 to express the 

categorical response variable Y such that 𝒚̃𝒊𝒋 = 𝟏  if 𝒚𝒋 = 𝒋  and 𝒚̃𝒊𝒋 = 𝟎  otherwise ( 𝒊 =

𝟏,… , 𝒏; 𝒋 = 𝟏,… , 𝒄 − 𝟏). As given in Table 1, the response variable (patients’ blood sugar level) 
for this work consists of three (3) categories, which include low, normal and high. Following 
Fergaland et al., (2008), we construct the likelihood function here by creating three binary 
variables 𝒀𝟎, 𝒀𝟏, 𝐚𝐧𝐝⁡𝒀𝟐, which we coded as 0 or 1 to indicate the group membership of each 
of the observations in the data. These variables are coded as follows: if 𝒀 = 𝟎, then 𝒀𝟎 = 𝟏, 
𝒀𝟏 = 𝟎, and 𝒀𝟐 = 𝟎; if 𝒀 = 𝟏, then 𝒀𝟎 = 𝟎, 𝒀𝟏 = 𝟏, and 𝒀𝟐 = 𝟎; and if 𝒀 = 𝟐, then 𝒀𝟎 = 𝟎, 𝒀𝟏 =

𝟎, and 𝒀𝟐 = 𝟏. Thus no matter the value 𝒀 takes on, the sum of these variables is ∑ 𝒀𝒋 = 𝟏𝟐
𝒋=𝟎 . 

Therefore, for a sample of n independent observations, the likelihood function is 

𝑙(𝜷|𝒚) = ∏ [
𝑛!

∏ 𝑛𝑗!
𝑐
𝑗=1

∏ 𝜋𝑖𝑗
𝑛𝑗𝑐

𝑗=1 ]𝑛
𝑖=1        (19) 

 
where 𝜋𝑖𝑗 is as given by Eq. 14.               

The likelihood function in Eq.19 expresses the unknown values of the parameter 𝜷 in terms 
of known fixed constant values of 𝒚. Here we treat the factorial terms in Eq. 19 as constants 
since they do not contain any of the 𝜋𝑖𝑗 and we have 
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𝑙(𝜷|𝒚) = ∏ (∏ 𝜋𝑖𝑗
𝑛𝑗𝑐

𝑗=1 )𝑁
𝑖=1         (20) 

 
Taking the natural log of Eq. 20, we have the log-likelihood function for our model as 

𝐿(𝜷; 𝒚) = 𝑙𝑛[∏ (∏ 𝜋𝑖𝑗
𝑛𝑗𝑐

𝑗=1 )𝑁
𝑖=1 ]       (21) 

That is, 

𝐿(𝜷; 𝒚) = ∑ [∑ (𝑛𝑗g𝑗(𝐱))
𝑐−1
𝑗=1 − 𝑙𝑛(1 + ∑ 𝑒g𝑗(𝐱)𝑐−1

𝑗=1 )]𝑁
𝑖=1                               (22) 

using Eq. 18, we have 

𝐿(𝜷; 𝒚) = ∑ [∑ (𝑛𝑗 ∑ 𝑥𝑖𝑘𝛽𝑘𝑗
𝐾
𝑘=0 )𝑐−1

𝑗=1 − 𝑙𝑛 (1 + ∑ 𝑒∑ 𝑥𝑖𝑘𝛽𝑘𝑗
𝐾
𝑘=0𝑐−1

𝑗=1 )]𝑁
𝑖=1                             (23) 

 
The values (𝛽𝑘𝑗) for the model parameter vector 𝜷  that maximize Eq. 23 are then obtained 

when  
𝜕𝐿(𝜷;𝒚)

𝜕𝛽𝑘𝑗
= 0. 

That is, 

𝜕𝐿(𝜷;𝒚)

𝜕𝛽𝑘𝑗
= ∑ [𝑛𝑗𝑥𝑖𝑘 −

1

1+∑ 𝑒
∑ 𝑥𝑖𝑘𝛽𝑘𝑗

𝐾
𝑘=0𝑐−1

𝑗=1

.
𝜕

𝜕𝛽𝑘𝑗
(1 + ∑ 𝑒∑ 𝑥𝑖𝑘𝛽𝑘𝑗

𝐾
𝑘=0𝑐−1

𝑗=1 )]𝑁
𝑖=1 = 0    

= ∑ [𝑛𝑗𝑥𝑖𝑘 −
1

1+∑ 𝑒
∑ 𝑥𝑖𝑘𝛽𝑘𝑗

𝐾
𝑘=0𝑐−1

𝑗=1

. 𝑒∑ 𝑥𝑖𝑘𝛽𝑘𝑗
𝐾
𝑘=0

𝜕

𝜕𝛽𝑘𝑗
∑ 𝑥𝑖𝑘𝛽𝑘𝑗

𝐾
𝑘=0 ]𝑁

𝑖=1 = 0   

= ∑ [𝑛𝑗𝑥𝑖𝑘 −
1

1+∑ 𝑒
∑ 𝑥𝑖𝑘𝛽𝑘𝑗

𝐾
𝑘=0𝑐−1

𝑗=1

. 𝑒∑ 𝑥𝑖𝑘𝛽𝑘𝑗
𝐾
𝑘=0 . 𝑥𝑖𝑘]𝑁

𝑖=1 = 0         

= ∑ [𝑛𝑗𝑥𝑖𝑘 − 𝜋𝑖𝑗𝑥𝑖𝑘]𝑁
𝑖=1 = ∑ 𝑥𝑖𝑘(𝑛𝑗 − 𝜋𝑖𝑗)

𝑁
𝑖=1                      (24) 

In Eq. 24, 𝑗 = 1,2,… , 𝑐 − 1, 𝑘 = 0,1,2,… , 𝑝 with 𝑥01 = 1 for each subject. 
By setting Eq. 24 equal to zero and solving for the parameter value 𝛽𝑘𝑗  iteratively, the 

maximum likelihood estimator, 𝜷̂,  can be obtained. 
 
Computing Probabilities for Low, Normal and High Blood Sugar Levels  
Equation (18) is used here to compute the logits for each of the categories of the patients’ 
blood sugar, respectively, as  

 
 
for the low blood sugar category. 

 
for the high blood sugar category. 
The exponential for (25) and (26) then gives the odds for each of the respective blood sugar 
categories. 
 
Then, the probabilities for each of the three blood sugar categories are computed by using 
Eq. 15, 16 and 17 for the normal (reference or baseline), low, and high categories of the 
patients’ blood sugar levels, respectively, as  
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Testing the Model Fitness 
Like any other statistical model, logistic regression model has no guarantee of perfect fitness 
and thus it’s important to check the model assumptions and fitness for the MNLR. Goodness-
of-fit tests for MNLR evaluates the accuracy with which the model predicts observed 
outcomes using Pearson chi-square (𝜒2) or deviance (G2) statistics. There are few tests in the 
literature for checking model fitness and adherence to assumptions. For example, Fagerland 
et al., (2008) examined some properties of several tests for goodness-of-fit for MNLR models. 
One such test is based on a strategy of sorting the observations according to the complement 

of the estimated probability for the reference outcome category ∑ 𝜋̂𝑖𝑗 =𝑐−1
𝑗=1 (1 − 𝜋̂𝑖0), and then 

grouping the subjects into g equal-sized groups. A g×c contingency table, where c is the 
number of categories of the outcome variable, is constructed. The authors then obtained a test 
statistic by calculating the Pearson 𝜒2 statistic with the sum of the model-based estimated 
logistic probabilities as the estimated expected frequencies.  
 
Both the Pearson chi-square (𝜒2) and Deviance statistics were used in this work with the aid 
of the SPSS package, in which the observed (O) and expected (E) frequencies were compared 
using the test statistic 
 

𝜒2 = ∑
(𝑂−𝐸)2

𝐸
        (30) 

The hypothesis include 
 
 
Results and Discussion  
Classification Table 
Table 2: Accuracy of predictors for each category.  

 
Table 2 shows the model classifies high blood sugar cases well (89.0% accuracy) but struggles 
with low and normal categories. And overall prediction accuracy is 53.2%, which is 
moderately acceptable given the imbalanced data. 
 
Goodness of Fit  
Here the fitted model’s goodness-of-fit was tested using Pearson and deviance techniques 
for multinomial logistic regression, which evaluate if observed data fits the model by 
comparing expected frequencies to observed counts. Non-significant p-values  
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in these tests indicate a good model fit, meaning the model accurately predicts group 
membership. The hypotheses tested are 
Ho: The model fits the data well.  
H1: There is lack of fit. 
 

 
Table 3 shows that both the Pearson and Deviance p-values are greater than 0.05, which 
indicates that there is no evidence of poor model fit (no lack of fit) and thus the null hypothesis, 
Ho, holds.  
 
Likelihood Ratio Test 
Table 4.: The contribution of each factor 

 
Table 4 shows that BMI, Gender, and Genotype significantly contribute to the model. Age and 
Blood Group is not significant in predicting blood sugar status when they are all considered 
alongside other variables. 
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The Fitted MNLR Model Parameter Estimates 
Table 5: MNLR Coefficient Table 

 
a. The reference category is: normal 
b. This parameter is set to zero because it is redundant. 

 
Table 5 is the coefficient table for the fitted MNLR model with normal blood sugar level as the 
reference category. From the table, the coefficient for the Age factor is 0.003 indicating the 
expected change in the log-odds of low blood sugar level compared to the normal level for a 
one-unit change in the patient’s age, holding other variables constant. For the BMI factor, the 
expected change in the log-odds of low blood sugar level compared to the normal level for a 
one-unit change in the patient’s BMI was 0.054, holding other variables constant. 
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From the odds ratio (EXP(B)) column, the table shows that, for every one unit change in each 
of the input variable categories, the odds of low blood sugar level is higher than that of the 
normal category. From the table, we have, respectively, a 0.3% and 5.5% higher odds of low 
blood sugar level than the normal level, for every unit increase in the patient’s Age and BMI, 
holding other variables constant. The table also shows, respectively, a 7.7%, 7.3%, 9.9%, 7.2%, 
1.3%, 0.6%, and 1.3% higher odds of being in the low blood sugar category than the normal 
category for the A-, A+, B-, B+, AB-, AB+, and O- patients, compared to the O+ patients.  
 
The table also shows a higher odds of 1.0% and 5.3%, respectively, of high blood sugar level 
than the normal for every unit increase in the patient’s Age and BMI, holding other variables 
constant. However, the table also shows that, for every unit change in each of the other 
demographic factors (gender, genotype, and blood group), the table shows a lower odds of 
high blood sugar level than the normal level. Also, from the table, the coefficients of each of 
these three factors were negative, indicating a decrease in change in the log-odds of low blood 
sugar level compared to the normal level, for every unit change in these variables. This also 
shows that blood group does not play a major role in determining blood sugar levels in this 
study. 
 
Probabilities for Low, Normal and High Blood Sugar Levels 
From the collected data, the probability that a female respondent with a given Age (X), 
genotype AA, blood group B+, and BMI 20.05, will have Normal, Low, or High blood sugar 
level is computed from Eqs. 27-29, respectively, and plotted against the age and BMI as given 
in the following figures. 
 
Normal Blood Sugar Category 
Figure 1a below gives a scatter plot of the predicted probability (modeled using multinomial 
logistic regression) of a patient experiencing a normal blood sugar level for a female 
respondent with AA genotype, B+ blood group and 20.05kg/m2 BMI, against their age. The 
chart indicates that the probability of maintaining normal blood sugar level decreases as age 
increases. That is, the odds of having normal blood sugar level falls significantly with each 
decade of life.  
 
Figure 1b is a scatter plot of the predicted probability for the female respondent against their 
BMI. This plot indicates that the relationship between the predicted probability outcome (Y) 
and the respondent’s BMI (X) decreases sharply as the BMI increases. That is, the probability 
of having "Normal" blood sugar levels is highest at lower BMI values and drops significantly 
as BMI enters the overweight and obese ranges.  
 
These findings are in line with those of Zihui et al. (2023) and other related studies, which 
observed that the risk of diabetes and prediabetes was significantly higher in the elderly than 
in the middle-aged group. Their studies also noted that the odds of having “Normal” blood 
sugar levels falls significantly as BMI enters the overweight and obese ranges.  
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Figure 1a: Plot of Predicted Probabilities for Patients’ Normal Blood Sugar Level against Age 
 
 

 
 
Figure 1b: Plot of Predicted Probabilities for Patients’ Normal Blood Sugar Level against BMI 

 
 
Low Blood Sugar Category 
Figure 2a below gives a scatter plot of the predicted probability (modeled using multinomial 
logistic regression) of a patient experiencing a low blood sugar level (hypoglycemia) for a 
female respondent with AA genotype, B+ blood group and 20.05kg/m2 BMI, against their age. 
The chart indicates that the probability of maintaining a low blood sugar level decreases as 
age increases. That is, the odds of a patient being an hypoglycemic falls gradually as the age 
increases.  
 
Figure 2b is a scatter plot of the predicted probability of the patient experiencing a low blood 
sugar level against their BMI. This plot indicates that the relationship between the predicted 
probability outcome (Y) modeled using multinomial logistic regression technique and the 
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respondent’s BMI (X) increases as the BMI increases. That is, the probability of having "Low" 
blood sugar levels is highest at higher BMI values.  
 

 
 
Figure 2a: Plot of Predicted Probabilities for Patients’ Low Blood Sugar Level against Age 
 

 
Figure 2b: Plot of Predicted Probabilities for Low Blood Sugar Level against BMI 

 
High Blood Sugar Category 
Figure 3a below gives a plot of the predicted probability (modeled using multinomial logistic 
regression) of a patient experiencing high blood sugar level (hyperglycemia) based on age. 
This is for a female respondent with AA genotype, B+ blood group and 20.05kg/m2 BMI. The 
plot indicates that the probability of the patient being hyperglycemic is a function of 
increasing age. That is, the odds of the patient being a hyperglycemic rise gradually as the age 
increases.  
 
Figure 3b gives a plot of the predicted probability (modeled using multinomial logistic 
regression) of a patient experiencing high blood sugar level (hyperglycemia) based on BMI. 
This plot indicates that the relationship between the predicted probability outcome (Y) and 
the respondent’s BMI (X) increases as the BMI increases. It also indicates that as BMI moves 
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from the normal range (18.5 – 24.9 kg/m2) into overweight (25.0 – 29.9 kg/m2) and obese 
categories (>3. Kg/m2), the predicted probability of high blood sugar rises sharply, reflecting 
the increased strain on the body's metabolic systems. These findings are in line with those of 
Anddrew (2024), which observed a significant increase in diabetes prevalence as the age or 
body mass index increases. 
 

 
Figure 3a: Plot of Predicted Probabilities for High Blood Sugar Level against Age 
 

 
Figure 3b: Plot of Predicted Probabilities for High Blood Sugar Level against BMI 

 
CONCLUSION 
This study has established the potentials of MNLR in predicting the probability of patients’ 
blood sugar falling in low, normal, and high levels based on the influence of the selected 
demographic factors. The study revealed higher odds of low blood sugar level than the 
normal level for every unit-change in each of the patient’s age, blood group, BMI, and 
genotype. However, lower odds of high blood sugar level than the normal level were revealed 
by this study for every unit-change in each of the patient’s blood group and genotype. 
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