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Abstract

In the world today, a good number of people are affected by blood sugar irreqularities, 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 irreqularities, 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 (MINLR)
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 MINLR 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 wused, 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 | 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
Serensen, 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-

M. M. Isa, Y. Yakubu, A. Abdulhameed, DUJOPAS 12 (2d): 289-305, 2026 290



Multinomial Logistic Regression Modeling of Effect of Some Selected Demographic Factors on Patients’ Blood

Sugar Level

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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Table 1: Code Sheet for Blood Sugar Level data

Variables Description Codes/values Name

1 Eespondent age Years RA

2 Blood Group 1=A- BG
2=A+
3=B-
4=B+
3=AB-
6 =AB+

3 Body Mass Index Kg/m? BMI
4 Gender =M G
5 Genotype 1=AS GT

6 Blood Sugar Level 0=low BSL

The Binary Logistic Regression
In binary logistic regression, each value y; of the response variable vector ¥ represents a

binomial count in the it population and thus the probability function of ¥ is (Yakubu et al
(2019)),

pos) = () (Z2)" (- 1)

Let the vector x' = (xl.xz, ....xr,) denotes the set of p predictor variables, which may be
categorical or continuous and let v denotes a categorical response variable, which can only
assume two values as 1 (a success) and 0 (a fatlure). Then, as in Hosmer et al. (2013), for e*..‘e:yl
sample, the success probability 1s m(x) = P(y = 1/x) while the failure probability is 1 —
m(x) = P(y = 0/x).

The log-odds of the success probability is

In (lf;’g)) = Bo + B1X1i + BoXoi + o+ BrXyi = XPB 2
where X 15 p x (k+1) design matrix of explanatory variables given as

rl iy Xazp e Xpp
1 X1z 1o ¥

X=\

M " mas M

L1 X1n Xo2n - xh’ﬂ'nxikq.l]

B 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 x; , holding other variables constant, and 0 < = < 1. That is,

By
B

=1
3
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(1—ﬁ(x)) = expﬁ0+B1X1l+ﬁ2X21+ +BrXki (3)

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

A~ _ ( exp (Bo+P1X1i+B2Xzi+ +BiXki)

7(x) = (1+ex1’(ﬁo+31X1i+ﬁzxzi+“‘+ﬁkxki)) @)
The BLR strives to estimate the K+1 unknown parameters f in (2) using maximum likelihood
estimation technique. Thus the likelihood function of B for known, fixed values of y is

1B/y) = T4 [(7) (ropi(1 = mymi] (5)

That is,
L(B/Y) = [Iie4[(m)V1(1 — m)™i7Y1] (6)

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

L(B) = T [yidn(m) + (ng — y)in(1 — 7]
[ E'Y'r';l EX'G
£ -}"!- In (m) + (Tl,- - }'[]In (1 - m)]

N
] 1 1
Z _}'Jﬂ(exﬂ) —yin(1+e*) +nln (1 n Exﬁ) —iln (1 + EXE)]

i=1

Il
'ME

==

[}'[In(exﬂ) — }rfin(l + e‘w) - ?IEITT,(']. + exﬁ) + v En(l + e‘w)]

I
[N=

=

-

= Ty %:(XB) — nyin(1 + &*F) | (M
By setting the partial derivative of Eq. 7 with respect to each § equal to zero, we have
ALl _ oy 1 g x
. Ximg ViXge — Him-afl +e*F)
1 d

— , _ Xg
= P X n; et X

Z} e~ g (B)

i=

N

DI
= : ViXie — M. 1+ %8B

i=1
= E1 YiXoe — Xy (8)

Eq. 8 will yield K+1 equations and the maximum likelihood estimates for 8 can be found by
setting each of these equations to zero and solving iteratively for each . 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 Ye{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 tablel. Then the probability that a
response Y; 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) =m; )

where j = 0,1,2, and ¥5_,7m;; = 1.
Thus, the response variable Y; of the ith observation follows a multinomial distribution as
Y;~Multinomial(1; m;o, ;1 ;5 ) (10)

The response vector Y is distributed as
Y~Multinomial(n; 7y, 7, 70;) (11)

with the probability mass function (PMF) as

n!

P(Y = X) = p(yo = xO;Yl =x,Y = xz) = 7Toxo 7'[1x1 7'[2352 (12)

Xolxq!x5!
where x; (j = 0,1,2) is the number of times the outcome of the jth category occurred out of the
n trials.

Thus, 0 S x; <n, Y5 0% =n,0<m <1,Y7 ,m =1 and n = 464.

1o is the multinomial coefficient, representing the number of possible ways of getting x,
04142

patients with the low (category 0) blood sugar, x; patients with the normal (category 1) blood
sugar, and x, 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) = ﬁﬂﬁo ;%) (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 x, =1, the response variable Y has c discrete categories where each of the N
observations records one of the c possible outcomes with probabilities {r, ..., 7}, satisfying
$=1m; = 1. The number of outcomes of the ¢ 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 f# be a matrix
of parameters with K+1 rows and c-1 columns such that each element f; is a parameter
estimate for the ki covariate and the c*" 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)

e8 )

mij(x) =P(Y =j/x) = S otk® (14)

where y = 0, go(x) = 0, and g;(X) = Bjo + Bj1X1 + Bjzxz + -+ + Bjpxp, for j = 1.
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Thus, for a model with ¢ category response variable, p covariates and a constant term, if ¥ =
0 is used as the reference or baseline category with which each of the other categories is
compared, it follows from (14) that

eBol¥) 1 -

m(x) =P(Y =0/x) = T, eBk® = 1435 Bk (15)
Bal(X) | FREH

ma(x) = P(Y = 1/%) = o = pr—aw (16)

gliel®) glel¥)
me(x) =P(¥ =c/x) = Tico oBk™® T 14Ef_ #Bk0D

(a7n

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

800 = tn |72 = Bjo + Bjuxs + Bpxs + o Bk J = L = 1, (18)
where:
m;y is the probability of the ith observation falling in the Jt category, which is the baseline
category. Eq. (18) has c-1 equations with separate parameters for each.
Bjo denotes the intercept for the jth response category model.
x; denotes the ith covariate (input variable), which are age, gender, genotype, BMI, and
blood group.
Bji denotes the change in the log-odds of falling into the jth response category versus the Jth
(baseline) category (i = 1,...,p;j =1, ...,¢) due to a unit change in the ith predictor variable,
holding other variables constant.
Bji’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 ¢ binary indicator variables ¥;; to express the
categorical response variable Y such that J;; =1 if y; =j and ¥;; = 0 otherwise (i=
1,..,m;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 Y, Y,and Y,, 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 ¥ = 0, then ¥y = 1,
Yi=0,and Y, =0;ifY =1,thenYy=0,Y; =1,and ¥, = 0;andif Y = 2,then Yy, =0, Y, =
0, and Y, = 1. Thus no matter the value Y takes on, the sum of these variables is Z]gzo Y, =1
Therefore, for a sample of n independent observations, the likelihood function is

LB1Y) = Tl [ 1] (19)

where 7;; is as given by Eq. 14.

The likelihood function in Eq.19 expresses the unknown values of the parameter f 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 7;; and we have
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LBY) = [T} (TT52q ;™) (20)
Taking the natural log of Eq. 20, we have the log-likelihood function for our model as
L(B;y) = In[ITY, (TT5=, ™) (21)
That is,
L(B;y) = ZiLa[Z21(njg;(0) — In(1 + Xj=1 e8/®)] (22)
using Eq. 18, we have
- 1 YK X B
L(B;y) = B [ 253 (ry Th_o xueBiy) — I (1 + ZS2h eZkmoxichi )| (23)
The values (By;) for the model parameter vector B that maximize Eq. 23 are then obtained
when Z&2 _
0Bkj
That is,
oLBy) _ yN X — L 0 =1 TR0 XueBrj )| =
aﬂk] =1 [n]xlk 1+Z;«:} ezlé:oxikﬁkj . aﬁk] (1 + j=1 e 0 ]) 0
=YN |nxo, — L YheoXuBkj 0 _yK . p | _
2 [njx”( 1+Z;C';ie211§=oxikﬁkj'e T 0Bk;j Lie=0Xik Py 0
=YV |nix, — L SkeoXikBj yx, | =
B Zl:l [njxm 1+Z]C-;} ezlk(=0xikﬁk]' cenmeT k]'xlk] 0

= DiLa[nixa — mijxa] = Xy xa(ny — m) (24)
InEq.24,j =12,..,c—1,k =0,1,2,...,p with x5; = 1 for each subject.

By setting Eq. 24 equal to zero and solving for the parameter value fy; iteratively, the
maximum likelihood estimator, fi, 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

EL(X] =In [k] = Browo T .31.ow,1.x1 + -BLow,ZIE + -+ ﬁLow,kxk (25)

TNormal, ]

for the low blood sugar category.

EH(K) =lIn L::—fl:f] = .gmga:.u + .BH:gh,lxl + .3H|igh.2x2 + -+ J?H:'gh.kxk (26)
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

elol¥l _ 1
:UB‘k-:?d:- 1+Ef_=lslk-:?€:-

P(Normal) = m(x) = P(¥Y = 0/x) = 53 27
k
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g Boix} g Ba(%]
P(low) =my(x) = P(Y = 1/%) = 555 = it 28
. efzl¥) eBal¥)
P(High) = ma(x) = P(Y = 2/%) = x5 = 29

3L, k™

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 (y?) or deviance (G?) 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 Y521 #;; = (1 — ), and then
grouping the subjects into ¢ equal-sized groups. A gXc 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 y? statistic with the sum of the model-based estimated
logistic probabilities as the estimated expected frequencies.

Both the Pearson chi-square (x?) 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

2
y2 =y OES EE) (30)
The hypothesis include

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

B
Classification
Observed Predicted
Low MNormal high Percent Correct
Low 8 12 76 8.30%
MNormal 7 21 a5 17.10%
High 9 18 218 89.00%
Overall %otage 5.20% 11.00% B3 80% 33.20%

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

H,: The model fits the data well.

H;i: There is lack of fit.

Table 3: Pearson’s Chi-square good fit model test results
Goodness-of-Fit

Chi-square df p-value
Pearson 924 812 892 0.217
Deviance 889 685 892 0.516

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,
H, holds.

Likelihood Ratio Test

Table 4.: The contribution of each factor
|

Likelihood Ratio Tests
Model Fitting Criteria Likelihood Ratio Tests

Effect -2 Log Likelihood of Chi-square Sio

Feduced Model df =
Intercept 891.071® 0 0 .
Age (years) 892 666 1.593 2 043
BMI 899 541 8.57 2 0014
Gender (num) 899 583 8515 2 0014
Genotype (num) 9019 10.83 2 0.004
Blood Group (num) 906.544 15473 14 0347

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

kd
Parameter Estimates
93% Confidence
Interval for Exp(B)
Std. Lower Upper
Blood Sugar Level (cat)® B Emor Wald df Sig Exp(B) Bound  Bound
Low:  Intercept 2175 812 7178 1 007
H,’:f';:;'“ Age (years)| 003 010 070 1 791  1.003 984 1.022
BMI 054 023 5371 1 020 1055 1.008 1.104
[Gender (num)=1] 160 286 311 1 577 1.173 670 2.055
[Gender (qum)=2] ok ) o0 ) _ ) i
[Genotype (num)=1] 155 282 304 1 581 1168 672 2.030
[Genotype (num)=2] ok . .0 : . . .
[Blood Group (mum)=1] 245 535 209 1 648 1277 447 3.648
[ Blood Group (num)=2] 627 476 1735 1 188 1873 736 4.763
[ Blood Group (num)=3] 181 540 113 1 737 1199 416 3.455
[ Blood Group (num)=4] 159 440 131 1 718 1172 495 2.777
[Blood Group (num)=5] 595 599 987 1 320 1813 561 5.863
[Blood Group (mum)=6] 474 565 703 1 402 1606 531 4.858
[Blood Group (num)=7] 414 583 505 1 477 1513 483 4741
[Blood Group (num)=8] ot 0
High:  Intercept -293 648 204 1 652
Pfi ]'“':;‘:.'I Ape (years) 010 008 1417 1 234 1010 994 1.026
" BMI 052 019 7215 1 007 1053 1014 1.094
[Gender (num)=1] -535 247 4692 1 030 585 361 950
[Gender (qum)=2] ob . .0 ) . ) )
[Genotype (um)=1] -581 236 6041 1 014 560 352 889
[Genotype (num)=2] ot ; .0 ; : . .
[Blood Group (mum)=1] -984 468 4428 1 035 374 150 935
[Blood Group (num)=2] -404 3% 1043 1 307 668 307 1.450
[Blood Group (mum)=3] -854 450 3600 1 058 426 176 1.029
[Blood Group (num)=4] -340 332 1049 1 306 712 372 1364
[Blood Group (mum)=5] -517 527 962 1 327 596 212 1.675
[Blood Group (num)=6] -511 480 1136 1 286 600 234 1.535
[Blood Group (mum)=7] -482 484 991 1 319 617 239 1.595
[Blood Group (num)=8] ot ]

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/m?2 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
BMLI. 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 ef 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
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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/m?2 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.
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Figure 2a: Plot of Predicted Probabilities for Patients” Low Blood Sugar Level against Age
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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/m?2 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/m?) into overweight (25.0 - 29.9 kg/m?) and obese
categories (>3. Kg/m?), 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.
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Figure 3a: Plot of Predicted Probabilities for High Blood Sugar Level against Age
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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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