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. Introduction:

Thyroid cancer, one of the most prevalent endocrine malignancies, has
witnessed a steady increase in incidence worldwide, raising concerns about
its underlying causes and risk factors. While genetic predispositions play a
critical role, lifestyle and demographic factors have emerged as significant
contributors to cancer etiology. Understanding these factors and their relative
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influence is essential for developing targeted prevention strategies and
improving public health outcomes.

A multitude of factors, such as genetic predisposition, environmental
exposures, lifestyle choices, and demographic characteristics, can influence
the intricate and diverse disease referred to as cancer. Comprehending the
interaction of these variables is crucial for developing effective preventive
strategies and influencing public health policies. Although individual risk
factors have garnered significant academic attention, comprehensive models
that may concurrently incorporate several variables and provide an in-depth
understanding of their collective influence on cancer incidence are
increasingly essential. (Srisathan et al., 2023)

This study employs a probit regression model, a statistical technique
commonly utilized for examining binary or categorical outcomes, to assess
the impact of various lifestyle and demographic factors on cancer incidence.
The probit model, unlike linear regression, is most effective in situations
where the dependent variable is binary, exemplified here by the presence or
absence of cancer. The likelihood of developing cancer can be evaluated in
relation to the presence or absence of chronic lymphocytic thyroiditis (CLT)
based on a number of variables, such as age, gender, tumor size,
multifocality, vascular invasion, capsular invasion (Cl), extrathyroidal
extension (ETE), involvement of lymph nodes (LN), and distant metastases.
utilizing the approach of probit regression.

This introduction establishes the foundation for a comprehensive
analysis of the study's methodology, results, and implications, which will
enhance understanding of the modifiable risk factors associated with cancer
and their interplay with demographic characteristics.(Han and Lee, 2018)

This study employs a Probit regression model to investigate the impact
of various lifestyle and demographic variables on thyroid cancer incidence.
The Probit model, widely used in statistical analysis for binary outcomes,
offers a robust framework for identifying significant risk factors and
evaluating their effects. By analyzing data from diverse sources, this research
aims to uncover meaningful associations and provide insights into the
complex interplay of factors contributing to thyroid cancer
development.(Abonazel et al., 2023)
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. Literature Review:

A probit regression model is a methodology used in fields like
engineering, economics, and medical sciences to establish relationships
between a binary dependent variable and explanatory variables. It uses the
maximum likelihood estimator to determine parameters, with explanatory
variables considered orthogonal. Ridge regression (RR) is an alternative
estimation method for the linear regression model, developed by Kennard
and Hoerl(Golam Kibria & Saleh, 2012).

The bivariate probit model, a parametric model, has been extensively
used in research. However, its distributional assumption is susceptible to
misspecification due to its reliance on convenience rather than economic
theory. The model focuses on average treatment parameters and specific
structural parameters, including binary endogenous regressors.
Misspecification can pose a greater challenge in estimating many treatment
parameters compared to estimating individual values, as the mean treatment
parameters are expressed as the difference between marginal distributions of
e. (Han and Lee, 2018)

used of probit regression in the study provides a robust statistical
framework for analyzing the factors influencing open eco-innovation among
SMEs in Thailand. By employing this model, the research effectively
captures the binary outcomes of firms' engagement in eco-innovation
practices based on various predictors related to open innovation activities.
Used from the probit regression analysis reveal that certain forms of support
and participation in open innovation programs significantly affect the
likelihood of SMEs adopting eco-innovation strategies. Specifically, the
results indicate that SMEs with uncertain internal open innovation processes
are less likely to engage in eco-innovation, highlighting the importance of
clarity and strategic direction in innovation initiatives. Moreover, the
analysis demonstrates that investments in research and development, as well
as networking activities, play a critical role in enhancing eco-innovation
capabilities. The study emphasizes the necessity for SMEs to carefully
evaluate the benefits and challenges associated with open innovation to
optimize their eco-innovation outcomes. (Srisathan et al., 2023).

The authors highlighted that ridge regression can significantly reduce
the variance of coefficient estimates in the presence of multicollinearity
among predictor variables. They emphasize that the simulations demonstrate
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how ridge regression can provide more reliable estimates compared to
ordinary least squares regression, particularly in scenarios where predictors
are highly correlated. Additionally, the paper discusses the choice of the
ridge parameter and its impact on the bias-variance trade-off, suggesting that
careful selection can lead to improved model performance. The authors also
note the importance of understanding the underlying data structure and the
conditions under which ridge regression is most beneficial. (Hoerl et al.,
1975)

The paper concluded that the analysis of children's work status and the
factors influencing violence against women in Turkey reveals significant
demographic and social variables. In the study by Erkan, the multinomial
logistic regression model effectively identified key factors such as
rural/urban status, gender, age group, household size, literacy, school
attendance, and the education level of the head of the household as
significant predictors of children's work status. Similarly, in the context of
violence against women, variables such as the education level of women, the
husband's work sector, and various relational dynamics were found to be
statistically significant in influencing the types of violence experienced.
(Salh, A.P.D.S.M., Abdalla, H.T. and Omer, Z.M., 2021.)

The article proposed strategies for estimating multi-collinearity in
PRORM regression models, addressing the challenge of estimating the non-
linear biasing parameter for the probit ridge estimator. It also highlights the
need for additional estimators in the Probit regression, as other one- and two-
parameter estimators surpass the ridge in several models. The primary
objective is to implement alternative effective biased regression estimators
across various models for the Probit regression. (Abonazel et al., 2023)

Cancer is a growing health concern in Iran, ranking third among
known causes of mortality after accidents and cardiovascular disease.
Gliacoma is the most prevalent cancer among Iranian men, second to breast
cancer in women. Colorectal cancer is the most common gastrointestinal
disorder, with a high mortality rate. The World Health Organization reports
approximately 87,500 new cases diagnosed annually. Esophageal cancer, the
second leading cause of cancer-related fatalities globally and the fourth most
common malignancy, remains a significant public health issue. Logistic
regression is the most commonly used statistical method to analyze the
relationship between a binary outcome and several variables. Probit
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regression is an alternative log-linear technique for handling categorical
dependent variables. This study aimed to evaluate logit and probit models
for gastrointestinal cancer, focusing on the role of esophageal cancer in
Iran.(Costa-Font and Gil, 2005).

. Statistical methodology: The probit model is given by

yi =Xi’B+€i} i=12,..,n, (1)

where y; is an unobserved or latent variable, x; = (X1, Xiz, .-+, Xip)
is defined as the i" row of an X matrix with dimension n x p; p is the number
of the explanatory variables, B is a (p x 1) vector of the regression
coefficients, and € ; is an error term that follows a normal distribution. Since
the latent is unobservable in real-world datasets, the following dummy
variable is examined instead.(Golam Kibria and Saleh, 2012; Khaleel and
Al-Jamil, 2021)

. Regression:

Using one or more independent or explanatory variables (designated
X1, X2, etc.) as the foundation, regression analysis creates an explanatory or
predictive model of a dependent or response variable (often denoted Y).
When the dependent variable is a count, such the frequency of an occurrence
or the total number of individuals in a particular group, Poisson regression is
suitable. If several observations have really low values, it could be especially
helpful. In the field of geography as well as the social and environmental
sciences in general, the methodology is still not well recognized. (Othman &
Badal, 2023).

. Probit Regression:

The binary or dichotomous outcome variables are modeled using the
generic probit regression model. In microeconomics, health economics
(Bishai, 1996), and medical research (see Bhattacharyya, 1997), the probit
regression model is frequently employed when the goal of the study is to
model a latent variable, Yn, that may be specified using the regression
relationship:

yi =x{B +u,i = 12,...,n (2)
x; is the transpose of the i-th row of the data matrix X,
[1 B is the vector of regression coefficients, and
1 u is the error term.

where x; is the ith row of the n X (p + 1) data matrix, X with (p+1)-
vector, B of regression coefficients and u = (uq,u,,...,u,)"is the error
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vector with iid components having a continuous CDF, F(x) defined on R!
with finite Fisher information(Salh et al., 2021):
’ 2
10 =%, |- 5] fwdy, 3)
where f is the pdf of u and f'(u) is the derivative of f(u). On the other
hand, the latent variable Y*is unobservable. So instead of y*, we get the
following dummy variable:

1if yf>0
Yi {0 otherwise 4)

It has the following parameter and is distributed as a Bernoulli variable:
m = F(x{B); i=1,2..,n (5)

Given a sample size of n, the likelihood function is given by

L) = Ity m" (1 —m)t s, (6)

Hence,

InL(B) = X1, y; log F(x{B) + XL, (1 — yi) log(1 — F(x{B)) (7)

The ML equations are utilized to estimate the success parameters 3.
The asymptotic characteristics of the several kinds of probit ridge regression
estimators are examined in this research(Gibbons et al., 1994).

A probit model is employed by the study for its estimations.
According to Han and Lee (2019), a statistical model called a probit
regression is frequently used to estimate the likelihood of an occurrence,
such as how SMEs would react to eco-innovation. It works especially well
with binary results. The binary outcome is tested using the probit regression
model, where '0' stands for ‘unlikely' and '1' for 'likely'. The binary probit
regression equation is configured as follows (Nazeera Sedeeq Barznji et al.,
2024)

Pr(Y = 1|X) = Bo +B:X (8)

Where:

X: is the explanatory variable.

Bo: is the intercept parameter of probit regression model.

B1: is the slope parameter of probit regression model.

5-1. A Random-Effects Probit Regression Model: To discusses the
random-effects probit regression model, introduced by Gibbons and Bock in
1987, and its generic parameter estimation approach. It also discusses
empirical Bayes estimates of person- or cluster-specific effects and standard
errors, allowing trends to be assessed at both group and individual levels.
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The paper presents a single random effect model suitable for clustered or
longitudinal research designs and a model with two random effects for
longitudinal data analysis. (Srisathan et al.,, 2023)(Alhemoud, 2011;
Mawlood and Qader, 2021; Obed and Saleh, 2023)
. Chronic lymphatics thyroid (CLT): Papillary thyroid tumors (PTCs) are
the most common type of thyroid cancer, accounting for 30% of all thyroid
cancers. The relationship between PTC and chronic lymphocytic thyroiditis
(CLT) is debated, with estimates ranging from 0.5 to 38%. The pathogenic
mechanism for PTC and CLT development is still unclear, with theories
including immunological reactions, preexisting CLT, or an imbalance
between apoptotic and antiapoptotic pathways. Combining PTC with CLT
has been linked to better prognosis, decreased recurrence rates, and less
severe clinical presentation. However, some researchers have shown no
benefit from cohabitation of CLT. This study aimed to determine
clinicopathological factors associated with PTC prognosis in patients with or
without concurrent CLT(Mawlood and Qader, 2021; Abonazel et al., 2023).
. Application Part

When analyzing binomial response variables, probit analysis is a kind
of regression that is employed. The functional link between an ordinal
dependent variable and a collection of independent variables is ascertained
by ordered probit regression. A specific type of regression model for
binomial response variables is called Peobit Analysis. Regression analysis,
as you may recall, involves fitting a line to your data in order to compare the
relationship between the independent variable (X) and the response variable
(Y).
Y=a+bX+e (9)
Where:
a= y-intercept
b= the slope of the line
X: is the explanatory variable
Y is the response variable
e= error term

Also remember that a binomial response variable refers to a
response variable with only two outcomes.

The study "Estimating the Impact of Lifestyle and Demographic
Factors on Thyroid Cancer Incidence Using a Probit Regression Model"
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examines how different lifestyle and demographic factors may affect cancer
incidence using statistical techniques.

7-1. Objective of the Study: The study's main objective is to evaluate the
effects of various lifestyle decisions and demographic variables (such as age,
gender, and medical history) on the risk of acquiring cancer. The research
employs a Probit Regression Model, a statistical technique frequently
employed in situations where the dependent variable is binary (that is, where
the result is either "yes" or "no," like in the case of cancer or not).

Similar to logistic regression, probit regression models the association
between the dependent variable (Thyroid cancer incidence) and the
independent variables (age, gender, etc.) using a probit function, the model
fits a line to the data that shows the likelihood that an event in this case,
cancer will occur. The model's general form is:

Y=a+bX +e (10)

where:

Y is the dependent variable (cancer incidence).

X represents the independent variables (factors like age, gender, pre-op
ATPO, etc.).

a is the intercept.

b represents the slope (impact of each factor).

e is the error term.

7-2. Statistical Tests

How effectively the independent variables explain the variability in the
dependent variable (cancer incidence) is indicated by the Pseudo R2 value.
7-3. Interpretation of Results

The findings are explained to highlight the variables that have a major impact
on the incidence of cancer. For instance: o The statistical significance of age
and gender suggests that they have a quantifiable effect on cancer risk. The
lack of significance for several factors, such as tumour laterality and TSH
(thyroid stimulating hormone), suggests that they may not have a substantial
impact on the incidence of cancer in this model.

Yi = Bo + B1X1 + B2Xy + B3X3 + BaXy + B7X7 + BoXg + B12Xy2 + &
(11)
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Table (1): Estimating Parameters of Probit Model

Age -.022 .023 -975|.030| -.066 .022
Gender -.301 751 -401|.008| -1.773 |1.170
pre op
ATPO .005 .001 4.386 | .000 .003 .007
PRE OP -.033 .264 -124|.002 | -.551 485
Probit? (TIRADS)
Tumer | gy 076 | 453 |.050| -114 | .183
laterality
Lymph
node 912 .383 2.383| .017 162 1.661
invasion
TSH .032 100 319 | .750 | -.165 228
a. Probit Model: Probit(P) = Intercept + Bx

And a summary of the interpretation of each parameter:

A.Age: The age estimate is -0.022, with a Z-value of -0.975 and a standard
error of 0.023. The statistical significance of age is indicated by the p-value
of 0.030, which is less than 0.05. The range of the 95% confidence interval
is -0.066 to 0.022.

B.Gender: The Z-value is -0.401, the gender estimate is -0.301, and the
standard error is 0.751. With a p-value of 0.008, statistical significance is
shown. The range of the confidence interval is -1.773 to 1.170.

C.3. Pre-op ATPO: The Z-value is 4.386, the estimate is 0.005, and the
standard error is 0.001. With a p-value of 0.000, the data is statistically
significant. The range of the confidence interval is 0.007-0.003.

D.Pre-operation (TIRADS): The estimate has a Z-value of -0.124 and a
standard error of 0.264. It is -0.033. There is statistical significance as
indicated by the p-value of 0.002. The range of the confidence interval is -
0.551 to 0.485.
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E. Tumour Laterality: Z-value is 0.453, standard error is 0.076, and the
estimate is 0.034. With a p-value of 0.050, the result is only marginally
significant. The range of the confidence interval is -0.114 to 0.183.

F. Lymph Node Invasion: Z-value is 2.383, standard error is 0.383, and the
estimate is 0.912. With a p-value of 0.017, statistical significance is
indicated. The range of the confidence interval is 0.162 to 1.661.

G.TSH: The estimate is 0.032, with a Z-value of 0.319 and a standard error of
0.100. A p-value of 0.750 suggests that there is no statistical significance.
The significance values and confidence intervals suggest that some variables
(like Pre-op ATPO and Lymph Node Invasion) are strongly associated with
the outcome, while others (like TSH and Tumour Laterality) might not be.

Table (2): Covariance’s and Correlations of Parameter Estimates of probit
analysis

Age .001 | -.087 | .198 -112 163 -.167 |-.300
gender [-.001| .564 111 -.020 -.016 048 |.102
pre op
ATPO .000 | .000 | .000 -.389 243 028 |-.246
Pre op
probit(TlRADS) .001| -.004 | .000 .070 075 .078 |-.069
Tumor
.. |.000 | -.001 | .000 -.002 .006 -111 |-.281
laterality
Lymph
node |[-.001| .014 | .000 -.008 -.003 146 |-.062
invasion
TSH |-.001| .008 | .000 -.002 -.002 -.002 |.010
Covariances (below) and Correlations (above).

Table 2 presents covariances below the diagonal and correlations
above the diagonal. Age demonstrates associations ranging from a negative
correlation of -0.300 with TSH to a positive correlation of 0.198 with pre-op
ATPO. The maximum covariance (age with itself) is only 0.001, indicating
a very small value. Gender and age show a somewhat positive association
(0.564) and a moderately positive correlation (0.102) with TSH. Most other
correlations and covariances are negligible or very small.
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The table effectively represents the correlations among the variables,
accurately reflecting the data provided. The weakest correlations involving
age are with pre-op ATPO (0.198, positive) and TSH (-0.300, negative).
Age-related covariances are minimal, with the highest value being 0.001 for
its covariance with itself. Gender and age display a somewhat positive
association (0.564) and a moderately positive correlation (0.102) with TSH.
While there are weaker or negative associations elsewhere, the strongest
positive association is observed between pre-op ATPO and TSH (0.028).
Conversely, a significant negative correlation (-0.389) is noted between pre-
op ATPO and pre-op TIRADS.

The least strong correlations, or little to no linear association, are seen
between tumor laterality and the other factors. Additionally, the covariance's
would be small due to the poor correlations.

There is a rather significant positive connection between this variable
and TSH (0.146). A noteworthy association is shown by the moderate
covariance value of the correlation with TSH. TSH has the strongest positive
correlation (0.028). With PRE OP (TIRADYS), it has a somewhat negative
association (-0.389). With the exception of a tiny negative correlation (-
0.075) with tumor laterality, the correlations with the remaining factors are
largely minor. With values almost equal to zero, it has the lowest
correlations. With TSH, it exhibits a rather strong positive connection
(0.146). There are negligible associations with the other variables; lymph
node invasion has the most positive correlation (0.146).
Table (3): Chi-Square Tests of probit analysis

Chi-Square Tests

Chi-Square | df? Sig.
Pearson Goodness-of-Fit Test 21.997 93
Likelihood ratio test 125.79
Probit Pseudo R? 0.5025 0.0001
Log- Likelihood -141.27
Number of Observation 100

a. Statistics based on individual cases differ from statistics based on
aggregated cases.

This table above shows that the model is significantly fitted, as

indicated by the value of (Chi-Square = 21.997) at significant alpha = 5%)

and p-value 0.0001 in the above table. Only when compared to another
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pseudo-R square of the same type on the same data and forecasting the same
outcome can a faux R square have significance. In this case, the model that
best predicts the outcome is shown by a greater pseudo-R squared, an
overview of the Chi-Square test findings and other statistics pertaining to a
Probit regression model. Here is how the important statistics are interpreted:
Pearson Goodness-of-Fit Test:

Chi-Square: 21.997

Degrees of Freedom (df): 93

Significance (Sig.): 0.0001

This shows that the p-value for the Pearson Goodness-of-Fit test is
0.0001 and the chi-square value is 21.997 with 93 degrees of freedom. The
null hypothesis that the model does not fits the data well is rejected when the
p-value of 0.0001 indicates that the model matched the data well since the
significance is  higher than the usual threshold of 0.05.

A Pseudo R? of 0.5025 suggests that the model accounts for
approximately 50.25% of the wvariation in the dependent variable,
representing a reasonably strong fit and indicating the model’s robustness.
In the context of maximum likelihood estimation, the log-likelihood value
provides insight into the probability of the observed data given the model. A
log-likelihood value of -141.27 suggests the likelihood of the data under the
model, where lower (more negative) values generally indicate a better model
fit.

Over-all, a higher value indicates a better fit compared to a simpler
model, such as one without predictors. The model probit regression in
goodness of fit was assessed using the Likelihood Ratio Test, which yielded
a result of 125.79. This value reflects the extent to which the independent
variables explain the variance in the dependent variable.

. Conclusion

The statistical analysis indicates that the study's result is likely to
reveal a strong correlation between some lifestyle and demographic factors
and the incidence of thyroid cancer, whereas other elements may exert a
lesser influence. The Probit model aids in finding significant cancer risk
factors and provides a statistical framework for evaluating these
relationships.

The study used a robust probit regression model to identify and
evaluate key lifestyle and demographic factors that affect thyroid cancer
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incidence. Although the model demonstrates moderate to high accuracy
through pseudo-R2 measurements, But diagnostic testing revealed potential
compliance issues. This indicates the need for further refinement. Gender-
specific preoperative ATPO levels and lymph node invasion were
significantly positively associated with cancer risk. This can be seen from
the statistically significant estimates and confidence intervals.

The pseudo-R2 indicated that the Probit model fit the data with
moderate to high precision. The Pearson goodness-of-fit test and the log-
likelihood score of -141.27 suggest potential issues with the model's
specification, indicating that the model may accurately represent the data.

The gender estimation was conducted pre-operative ATPO. An
estimate of 0.005 and a p-value of 0.000 suggest a robust positive correlation
for this variable, signifying a meaningful impact. Lymph Node Invasion
variable exhibited a p-value of 0.017 and a significant positive estimate of
0.912. The study generated 95% confidence intervals to explain the range
within which the genuine population parameters are expected to be a feature
of. The pre-operative ATPO confidence interval demonstrated a substantial
association, spanning from 0.003 to 0.007. The research highlighted the
importance of p-values in evaluating the significance of each variable, with
values under 0.05 indicating statistical significance for most of the
components analyzed.

The study highlights a significant relationship between factors like
preoperative ATPO and lymph node invasion with cancer likelihood,
emphasizing their potential predictive value. However, the Probit model's
limitations, such as the low log-likelihood score, suggest that its predictive
accuracy could be enhanced by incorporating more explanatory variables or
exploring alternative modeling approaches.

The difference in confidence intervals further underscores the
differing levels of influence among the factors studied, indicating areas
where additional analysis may clarify their roles. The recommendation for
further research is well-founded, aiming to refine causal interpretations and
improve early detection strategies by leveraging the identified factors more
effectively.
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