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Abstract: This research explored the use of linear logistic studies and binary and multi-logarithmic
reference models in analyzing nxm Tables Contingency for the development of relationships
between genders. It also examined how each model interprets the relationships between these
correlations. This research has applications in the medical field, where the effects of age and gender
on weight were studied, and their impact on weight prediction was investigated. Logarithmic
models identified weight gain in any age group, while logistic models developed a predictive
equation for the effect of age and gender on weight. Each model has its own characteristics
logarithmic models focus on studying the relationship between variables, while logistic models
construct a predictive equation to interpret the results.
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1. Introduction

The study of data categorised into two or more variables in contingency tables is of
great importance in data analysis and in obtaining results that aid in understanding the
relationship between different variables and taking appropriate action. With the
development of statistics, numerous models have emerged that examine the relationship
between variables; among the most commonly used are linear logarithmic models and
logistic models (binary and multinomial) [1], [2], [3], [4], [5]. Each has its own distinctive
characteristics: linear logarithmic models examine the relationship between continuous
quantitative variables and transform non-linear relationships into linear ones, whilst
logistic models are used to analyse binary variables and predict relationships; both models
have wide-ranging applications in various medical, biological, and economic fields [6], [7].

2. Materials and Methods

The materials used in this research comprise medical data on the weight of children
aged 6 to 16 years, specialist scientific references in statistics, and the statistical software
package R. The methods employed comprised a theoretical study of logarithmic and
logistic models, the conversion of the data into contingency tables, the application of the
linear logarithmic model and the logistic model to the data [8], [9], [10], [11], [12], the
evaluation of performance using statistical indicators, and finally a comparison of the
results:
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1. Contingency tables [6], [7]

These are tables consisting of several cells, each of which represents the frequency
of a particular variable. They consist of two or more variables, each of which has levels,
and are classified as follows:

1. Two-way tables: These consist of only two variables, each of which has different levels.
2. Multidimensional tables: These consist of more than two variables, such as three-way
tables.

Contingency tables can be classified into two categories based on the presence or
absence of zero frequencies, namely:

1. Incomplete tables: These are tables that contain zero frequencies and zero probabilities
2. Complete tables: These are tables that do not contain zero frequencies in any of their
cells. These include two-way contingency tables

Two-Dimensional Contingency Tables

These are tables consisting of only two variables; the first variable contains n rows,
with each row representing a specific level, and the second variable contains m columns.
The general structure of this type of table, in terms of frequencies and proportions in the
population, is illustrated in Table (1)

Table 1. A two-way compatibility.

B
1 2 .. j.. m Total
A
1 X11 X12 - Xgj o+ Xim Xy,
P11 Piz - Pi1j - Pim P1.
2 X21 Xp2 - Xpj - Xom Xy
P21 P22 - P2j - Po2m pa.
1 Xi1 Xi2 Xij Xim Xj
Pi1 Piz2 . pij . Pim Pi
n Xp1 Xpz - Xpj -« Xpm Xp.
Pn1 Pnz - pnnj =+ Pnm Pn.
Total X1 Xo ... X] v Xm X,
Pi1 P2 - Pj Pm
xij: the number of observations in the population at level i of variable A and level j of
variable B.

pi the probability of an observation at level i of variable A and level j of variable B.

xi : the total number of observations at level i of variable A.
m

Xj = ZX” i= 1,2, ol

j=1
m

X_]' = ZXU ] = 1,2, LM
i=1
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xj: the sum of the observations at level j of variable B.

m
pi = pF(A =1i) yPi. = Z Dij i=12,..n
j=1
m
pj=pr(B=j) p;= Z DPjj j=12,..m
i=1
n m
K=X = Xij i=12,..n , j=12,..m
i=1 j=1

K=H : Total population size

When a random sample of size k is drawn from Table (1), nxm contingency tables
are formed, as shown in Table(2)

Table 2. NxM contingency tables for a sample of size k drawn from table 1.

B
1 2 ... j.. m Total
A
1 X11 X112 . Xli o X1m X1.
2 X21 X222 ... XZi . Xom X9
I Xij1 Xj2 .- Xii o Xim X
n Xn1 Xp2 e Xni o Xim Xnh.
Total X1 X2 Xj o Xm k=x

Where k, xj, xi, and xij were previously defined in Table (1), but this definition
applies to a sample of size k from the population K. The definition of the probabilities
given in Table (1) remains valid.

2. Sampling Distributions [7]

To understand the relationship between variables and to derive estimates for a
specific model, it is necessary to understand sampling distributions. One such distribution
is the independent Poisson distribution, which is used when there are no restrictions on
sample size and each cell follows an independent Poisson distribution. Its probability
density function (p.d.f.) is:

X,

D, Te™™i
) = Ty = . x;=012,.. e (D)
Where: xij is the observed frequency of cell (i, j) and: Djj is the expected frequency of
cell (i, j).
.................... (2) D; = ¥
Where :

3. The linear logarithmic model in nxm contingency tables [6], [7]

There are two types of this model:
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3.1. The full model

This is a full model that includes all the main effects of the variables included in
the model and all possible interactions between the variables at different levels. If we have
a sample of size k arranged in an nxm contingency table, the model formula is:

LOgDi]‘ =v+ Vqi + V2]' + v12ij (3)
And this model achieves:

ZV11=0 , ZV21'=0

i

Zvlzij =0 ) Zvlzi]‘ =0

1

And the teachers’ assessment of him:

1
9= EZZLogDij e (B
i=1 j=1
7 ZBZ LogDy — ¥ R )
j=1
V2] = HZ LogDi]- -V (6)

N 1¢ 1
Vi3, = LogDy — = > LogDy - —
i=1 j

m
=1

3.2. The Independence Model
This is an unsaturated model, meaning that there is no interaction between the
variables and they are independent of one another. It is defined by the formula:
LogDjj; = v + vy; + vy v ere e e e e e (8)

The bivariate interaction between the two variables is vy, = 0 It satisfies the

conditions of the accreditation model itself, and other unsaturated models can be formed
according to the formula: when v; = 0 where v;, = 0 where :

And when itis v, = 0 where v;, = 0 where

LogDy; = v + vy TR g ()

Table 3. Shows the degrees of freedom in a linear logarithmic model for an nxm
contingency table.

Borders v Degrees of freedom
v 1
V_1 n-1
V_2 m-1
V_12 (n-1) (m-1)
Total Nm

4. Goodness-of-fit tests [13]
Once a linear logarithmic model has been formulated in terms of dependence or
independence, the next stage is to test this model for accuracy using goodness-of-fit tests:

4.1. Chi-squared statistic (x?) Innxm contingency tables, it is defined by the formula:

(X"—D")Z
x> =2, 21-‘21% IR ¢ b )|
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Where:
xij : is the observed frequency.
Dj : is the expected frequency. The degrees of freedom of the statistic are (n-1)(m-1).

4.2. Likelihood Ratio Statistic: G? Inn x m contingency tables, it is defined by the formula:

n m
2 Xij
G*=2 xjLog— wer e eee e e s (12)

i=1 j=1
and approaches x2 with (n-1)(m-1) degrees of freedom.
5. The logistic regression model [13], [14], [15]

This is a type of non-linear regression model used to study the relationship between
an independent variable and one or more dependent variables. It is considered an
important statistical method as it best represents the relationship and is characterised by a
high degree of flexibility. There are several types of this model, but the most common is:

5.1. The Binary Logistic Regression Model

This is one type of logistic regression model and is used when the dependent variable
has only two values (success, failure), (smoker, non-smoker), (infected, not infected). That
is, when the response occurs, y = 1 with probability p, and when it does not occur, y =0
with probability 1 — p. It is easy to interpret and well-suited to the data as it provides
reliable probabilities for decision-making and follows a Bernoulli distribution.

EGyD=p ... (13)
The logistic function is:

eBo+Z{1=1 Bixj 14
bi = 1+eﬁo+2{‘:1ﬁixi .......... ( )
1
=)= e
p(y ) 1+e-(50+2{‘=1 BiXi)

eBo+Z?=1 Bixi 1

p(y = 0) =1- 1+eBO+2{1:1BiXi = 1+eBO+Z{1:1BiXi

Where By, B; are the parameters to be estimated; to convert the logistic regression
model to a linear one, we use the logit function, where —oo < p < oo :

logit = Ln(lﬁ—;_ ..... (17)

Where: piis the probability of the event occurring

1-pi is the probability of the event not occurring
logit = log, = Ln Weighting ratio and %
~ Pi
5.2. The multinomial logistic regression model
Is similar to the binary model and requires the dependent variable to be categorical;
however, it takes into account several mutually exclusive categories, such as levels of
education (primary, lower secondary, upper secondary, ...) or social statuses (married,
widowed, divorced, single); or, in medical trials, where a drug has more than one effect,
these are often measured on a scale and categorised as (no effect, low effect, moderate
effect, high effect). Consequently, the multinomial model takes more than two values and
is regarded as an attempt to develop the binary model. When the behaviour is binary, the
linear regression model has
Vi = Bo + Bixi +
A probability model between (0, 1) and the regression equation:

E(ilxi) = Bo + Bixi ... (18)
Where 0 < E(y |x) < 1 compare between the tow equation we have equivalent
E(yilxi) = Bo + Bixi = pi
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3. Results and Discussion
Practical Aspects

To apply the linear log-normal model and the binary logistic model, data were used
from a sample of 121 children of normal weight or overweight, and to examine the effect
of age and sex on weight; the sample is shown in Table (4)

Table 4. Classification of the sample by gender, weight and age groups.

Gender and weight Natural A fat Nature An overweight

Age groups man man female woman Total
7-8 2 2 10 3 17
9-10 3 2 13 5 23
11-12 5 1 23 9 38
13-14 2 1 11 7 21
15-16 6 5 8 3 22
Total 18 11 65 27 121

Application 1 : The Linear Log-Normal Model
After collecting, classifying and organising the data into contingency tables.

We first calculate the expected frequencies for each cell in Table (4) using Formula
(2), and the results are shown in Table (5)

Table 5. Expected frequencies.

Gender and weight Natural A fat Nature An overweight

Age groups man man  female woman Total
7-8 2.52 1.54 9.14 3.80 17
9-10 3.42 2.09 12.35 5.14 23
11-12 5.66 346 2041 8.47 38
13-14 3.12 1.91 11.28 4.69 21
15-16 3.28 2.0 11.82 4.90 22
Total 18 11 65 27 121

Secondly: We calculate the x? statistic using the formula (11) The calculated x?2 value
was 13.37. To compare this with the table value of x2 for 12 degrees of freedom and a
significance level of 0.05, we find that the table value is x? = 21.03. We conclude that the
calculated value is smaller than the table value, which means that the variables are
independent.

Thirdly: We calculate the effects of the factors using equations (4), (5) and (6), and
the results are shown in Tables (6) and (7).

Table 6. Shows the effect of age on weight.
Age groups 7-8 9-10 11-12 13-14 15-16
The Factor 0.168 0.004 0.03 1.128 8.67
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Table 7. Illustrates the effect of gender on weight.

Age groups man woman
7-8 0.240 0.248
9-10 0.056 0.038
11-12 1.815 0.363
13-14 0.831 1.135
15-16 6.71 1.96

We can see from Table (6) that the effect becomes more pronounced as age increases.
In the first, second and third age groups, the effect is slight; in the 13-14 age group, the
effect was moderate; and in the 15-16 age group, the effect was very significant, meaning
that weight increases in this age group. As for Table (7), the effect of gender was similar in
the 7-8 age group; negligible in the 9-10 age group; males were more prone to obesity in
the 11-12 age group; females were more prone to obesity in the 13-14 age group; whilst in
the 15-16 age group, the effect on males was very significant.

Application 2: The Binary Logistic Model
We know the variables (1: obese, 0: normal) and (1: male, 0: female), and we use

equations (14), (15), (16) and (17) to find the logarithmic equation.

log(p) = In (2= = By + By (age ) + B (Gender)

I-p
Where p = 1 represents obesity, (3 is a constant, 3; represents the effect of age on
obesity, and 3, represents the effect of gender on obesity; the results were as follows:

Bo=-1373 5 B; =0.043 5 B, = 0.347 and the equation
log(p) = —1.373 4+ 0.043(age ) + 0.347(Gender)

1 > 0: each additional year of age increases the likelihood of obesity; 31< 0: each
additional year of age reduces the likelihood of obesity; (3> 0: males have a higher
likelihood of obesity than females; (3, < 0: females have a higher likelihood of obesity than
males

O ®-age) = 1.044 means that the probability of obesity increases by 4.4 per cent each
year, and O®-gender) = 1.415 means that males have a 41.5% higher probability of obesity
than females.

4. Conclusion and Recommendations

Age and gender have a significant impact on weight. Log-linear models indicate at
which stage obesity increases and in which gender, whilst logistic models provide a
predictive equation for the relationship between age, gender and weight, showing that the
probability of obesity in males increases from 32.6 per cent at the age of seven to 41.6 per
cent at the age of 16, whilst for females it rises from 25.5 per cent to 33.5 per cent . The
researcher recommends that, when analysing data in contingency tables, if the aim is to
determine the relationship between variables, linear logarithmic models should be used;
however, if the aim is to interpret the probability of an event occurring or to predict its
occurrence, logistic models should be used. The researcher also recommends further
applications in the medical, economic and agricultural fields.
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