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Introduction: In 2022, gastric and breast cancer had a mortality rate of 6.8 cases, ranking
fourth despite intervention efforts. A 2020 study by the International Agency for
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analysis highlights vegetable consumption, smoking, low physical activity, and age as
the primary determinants of gastric cancer risk.
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@ Conclusion: Our model identifies vegetable consumption, smoking, low physical

activity, and aging as significant risk factors for gastric cancer. Further research is
needed to refine obesity risk based on BMI criteria. The MAGWGPRS model is a
valuable tool for identifying high-risk regions, enabling targeted interventions and
prioritizing key risk factors across diverse geographic areas.
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1. Introduction

nalyzing and assessing disease rates,

especially cancer, is a critical issue in public

health and epidemiology. This data can be a

valuable tool for planning preventive
actions. However, previous studies have overlooked
the impact of location on their findings, focusing
instead on independent observations [3-4].

In order to make better predictions and estimations, it
is essential to consider the impact of nearby regions,
making spatial analysis more beneficial. According to
Tobler (1969), the first law of geography states that
everything is related to everything else, but things that
are closer together are more closely related [5]. As a
result, various spatial models have been utilized,
including spatial autoregressive models (SAR)
(Francisca Corpas-Burgos et al. 2021, Leiwen Gao et
al. 2020), spatial errors model, and Geographically
Weighted Regression (GWR)[6], which have
prompted us to enhance our understanding and utilize
MARGWGPRS for these purposes [7-11].
MARGWGPRS is an expansion of geographically
weighted Regression, incorporating count data
(GWPR) and the adoption of MARS. This makes it
more precise for forecasting unsampled regions based
on nearby sampled regions. It aims to recognize spatial
heterogeneity and systematic variation between
observation locations. MARGWGPRS has been
applied to cancer registry data in Iran and the
attachment of non-communicable disease risk factors
prevalence survey. It calculates observation vicinity
using Euclidean distance and creates a distance matrix.
Geographically weighted Regression is responsible for
weighing the observations, giving more weight to
observations near the regression point, and less weight
to those further away [11,12-18].

Calculating the bandwidth is controversial, with
smaller bandwidths causing more variation and longer
ones leading to ordinary models (Global model) (E.D
Priyana and Purhadi 2014). Therefore, various kernel
functions have been introduced to weigh the statement
with respect to the bandwidth, including "fixed" and
"adaptive" categories [19-20].

Adaptive kernels, proportional to studies, are more
persuasive, with Gaussian adaptive kernel being
selected. MARS adds some assumptions like
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minimum observation, maximum interaction, and
basis function, with the optimum developed using
cross-validation criteria for selecting the best
models.[15,19,21]

The rest of the essay is structured as follows: model
development and methods in Sec2, results Sec3,
discussion in Sec 4, and conclusion and remarks in
Sec5.

2. Materials and Methods

This study employs the MAGWGPRS (Multivariate
Adaptive Geographically Weighted Generalized
Poisson Regression Spline) model to analyze trends in
gastric cancer occurrence and identify key risk factors.
Cancer registry data from 2016 was used due to its
relevance and the increasing prevalence of cancer in
Iran. The study focuses on spatial regression
techniques, specifically Geographically Weighted
Poisson Regression, to detect hotspots and understand
spatial patterns of gastric cancer. The dataset includes
information on patient age, location, and risk factors
derived from non-communicable disease surveys.
Cases were identified through biopsy, pathology, and
death reports. Data was converted into a spatial
format, with geographic methods applied to improve
accuracy and analytical depth. In 2016, a total of
10.382 cases of gastric cancer were reported in both
sexes, making it the fifth most common cancer in Iran.

Data

The data was exported from lIran's 2016 gastric
cancer registry, along with covariates from the non-
communicable disease risk factors survey. Registry
data was accumulated based on population with
reports of the biopsy, pathology and cancer death. Six
covariates include the percentage of people who
consume vegetables more than twice a week, the
percentage of smokers in different regions of Iran, the
percentage of people struggling with obesity, the
percentage of people over fifty years old, population,
and the percentage of people with low physical
activity. These covariates, chosen based on previous
studies, have important environmental and ecological
reasons for their inclusion. Prior research (2019) and
has highlighted the significant roles of smoking and
aging in increasing cancer risk.[22-23] Studies have
demonstrated that consuming an adequate amount of
vegetable can have a protective effect against gastric
cancer.[24]The population is not selected as an
individual factor since cancer is not a virus-based
disease; rather, we aimed to analyze the ultimate
model to confirm whether it is truly significant or not.
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It is noteworthy that the study area is ecological and
R-Open sources software is used for in-depth analysis.
ArcGIS has been utilized for improved map
visualization. Due to the failure of ordinary regression
assumptions on the current data, GWPR models and
their extension are implemented. The subsequent
paragraph elaborates on these models and their
progress in development.

MAGWGPRS Models

First of all, using ordinary regression is one of the
approaches generally considered in our data related to
different regions. We have exhausted these methods,
and if we continue down this path due to the presence
of heteroscedasticity, we will achieve poor results. We
are exploring spatial methods, as confirmed by the
Breusch-Pagan test introduced by Trevor. The
heterogeneity among the data has been validated;
therefore, we are moving towards using GWR and its
generalized form.[25]

The GWR is a spatial regression that employs a
Kernel function to weigh neighboring observations. It
considers observations around the regression points,
assigning greater weight to those closer to the
regression point, while applying less weight to those
further away. In this study, the Gaussian Kernel
function has been adopted. Weighing the observations
according to distance and bandwidth — distance
between regression point and the neighboring
observation — is a crucial part of this regression.

exp (—%(%’)2) i=1,2,...,n

0 oW

where

dij = \/(ﬂi =)+ (o= vy)°

Bandwidth selection by focusing on the lowest CV
has been chosen.

By focusing on data where the response variable is in
count form, it becomes clear that using GWPR, which
relates to the Poisson variant of the GWR model,
which the response variable is countable, in other
words dependent variable is following Poisson
distribution means that events repeat in time period by
specified rate A; .[14,26]

yi~Poisson [exp (Z Br (i Ui)xik>l
k

AAB, 2024; 15:E45989

Archives of Advances
in Biosciences

x;;, 1S the kth explanatory variable, 3, geographically
varying coefficient, (u;, v;) describing the longitude
and latitude of the location i.

requires testing the assumption of equidispersion.
This assumption often fails to hold in real data, leading
to a lack of confidence in the results. To address this
issue, an alternative form of GWPR is necessary.
According to Adrianta et al., the generalized form of
the model, GWGPR, has been introduced and can
effectively help mitigate this problem[27]. As some
neighbors exist that require more precise predictions,
particularly in areas without samples, the spline
method has been applied to the GWGPR, yielding
better results and establishing it as MAGWGPRS.

yiN(:u(.uiJUi)x QD(H,:,UL')) i=12,-,n
p(pi, v;) = exp (biTY(Mi, Ui))

Where b," = (1, By(x)), B(x),+, By (x))),
T
y(ui, ) = (Vo(lii; V), ¥1 (Ui, V), ""VM(#i'Ui))

Are parameters of basis function.

MAGWGPRS model is a combination of the
Geographically Weighted Regression model and
Multivariate Adaptive Regression Splines. To clarify
MARS, it should emphasize its functionality, which
involves elaborating a polynomial of basis functions
(BF), minimum observations (MO), and maximum
interactions (MI). This process determines knots
within the domain of the explanatory variables, using
forward stepwise selection to add basis truncated
functions until reaching the maximum BF, followed
by backward stepwise elimination of non-significant
ones according to GCV. The model which remains
after the process is the best model with the lowest
GCV:

MSE _% (v —fM(x,-))2

)

GCV(M) =

Which ¢(M) = c(M) + %, let (M) be a complex
function, C(M) the number of parameters to estimate,
d the interaction degree, optimal within 2 <d <4, and

fu (x;) the estimated response variable value on basis
function M and the it/ observation.
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All GWR generalized methods follow the same
process but come with additional assumptions that
have been mentioned. Certain criteria must be
introduced to evaluate the functionality of the models
for which AIC (Sakamoto and Kitagawa 1986),
Ishiguro and AlCc [28-30] :

AIC(h) = D(h) + 2K (h)

Which D is the deviance of the model, K effective
number of parameters, and h is the bandwidth

3. Results

The data has been examined and found to have a
@ =85.24 > 1, indicating equidispersion. By
applying the GWPR model with a bandwidth of 85 and
CVv=82188, we reached AIC=110.92. All factors were
significant, but the population had a fluctuating effect,
so further investigation is needed to confirm the
existence of heterogeneity. Thus, the Breusch-Pagan
test statistic of 35.19 was used to verify it. The spatial
distribution of the data, which was found through our
previous examination, supports the use of our new

0.019-0.02
0.02 - 0.025
0.025-0.028
[ 0.028-0032

P 0.032-0.037

Figure 5-1(a) Age Effect map on Gastric cancer

in Iran geographical locations
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method to reach more reliable results. A bandwidth
value of 78, with a cross-validation (CV) value of
84269, was selected with careful attention to the
selection process for the ultimate model.

Following the Friedman rule model, the best model
was determined to have BF=24, MI=3, MO=2, and
GCV=16.08. In this model, obesity and population
were found not to be significant and were removed
from the algorithm. By comparing the AIC of the
GWPR model to the ultimate model with an AIC of
109.26, we achieved a more reliable result and
enhanced functionality. As can be seen in the maps
below, the effects of factors over fifty years old on
gastric cancer are more pronounced in the central part
of Iran. Vegetable consumption impacts the western
region; low physical activity affects the northern area,
and smoking is prevalent in the northwestern part of
Iran. Additionally, it should be clarified that the effect
of vegetable consumption is protective, meaning that
higher vegetable intake leads to a lower occurrence of
gastric cancer.

Standard error (SE) maps are displayed to verify the
accuracy of the parameter estimates, indicating that a
lower SE correlates with better accuracy. In areas
where the map is darker, SE accuracy is diminished.

SE(B)
~ ]oot9-002

| 0.02-0.029

0.029 - 0.03

| 0.03-0.039

P 0.039-0.046

Figure 5-1 (b) Standard error of Age Effect map on

Gastric cancer in Iran geographical locations
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Figure 5-2 (a) Vegetable Effect map on Gastric
cancer in Iran geographical locations
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Figure 5-2 (b) Standard error of Vegetable Effect
map on Gastric cancer in Iran geographical locations

Individuals in northern Iran with lower weekly activity levels have a significantly higher risk of gastric cancer

mortality and morbidity.
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Figure 5-3(a) Low Physical activity map on Gastric

cancer in Iran geographical locations

SE(B)
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Figure 5-3(b) Standard error of Low Physical
activity map on Gastric cancer in Iran

geographical locations
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Figure 5-4 (a) Smoking Effect map on Gastric cancer

in Iran geographical locations

4. Discussion

According to our model, all variables, except obesity
and population, were significant. In general, smoking,
obesity, vegetable consumption, low physical activity,
and age are the most important factors for cancer risk.
The outputs of the ultimate model highlight four key
risk factors.

As the model estimations relate to various regions, the
coefficients of the optimal model should be shown on
a map to indicate which area has a higher occurrence
of gastric cancer linked to specific risk factors.

Asillustrated in Figure 5-1(a), the covariate “over fifty
years old” exhibits a significant association with
gastric  cancer occurrence, based on non-
communicable disease surveys of individuals aged
fifty and above, concentrated in the central part of Iran.
This region demonstrates a notably higher incidence
rate of gastric cancer compared to other areas. Figure
5-2(_a) illustrates the impact of the appropriate
consumption of vegetables and fruits, which have
protective effects against the occurrence of gastric
cancer. The darker areas of the map indicate stronger
protective effects. Figure 5-3 (a) indicates the impact
of low physical activity on gastric cancer. According
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Figure 5-4 (b) Standard error of Smoking Effect map on

Gastric cancer in Iran geographical locations

to the visualization, it is evident that individuals in the
northwest of Iran exhibit higher levels of
procrastination and a greater incidence of cancer.
Figure 5-4 (a) illustrates the impact of smoking on
gastric cancer. As noted by Han et al. (2019), its
effects have been confirmed and are prevalent in
western and southeastern Iran [31].

Previous studies highlighted the significant roles of
smoking and aging in elevating cancer risk. Our model
corroborated these findings. It is evident that aging is
responsible for a greater cancer risk because of
increased sensitivity to harm and delayed gastric
mucosa recuperation [23,32] Moreover adequate
vegetable consumption can have a protective effect
against gastric cancer, and recent research indicates
that low physical activity leads to higher body fat
levels and increases cancer risk [33].

Environmental factors like physical disability, family
issues, economic crisis, and environmental insecurity
are the main causes of aging in central part of Iran;
hence, the effects of that on gastric cancer is

obvious[34-36].
Unhealthy lifestyle, family disease history, and

AAB, 2024; 15:E45989
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dependence on personal vehicles are often cited as
reasons for low physical activity in western Iran,
which is responsible for more gastric cancer
occurrence in that region [37-39].

Factors such as low educational level, low income
level, aging, stress, and social distress contribute to
reduced utilization of vegetables, the coefficient
estimates clearly indicate that the negative sign
preceding them accounts for the protective effects of
vegetable consumption on gastric cancer.[40-42]
smoking has been identified as a significant
contributing factor to the prevalence of gastric cancer
in the western and southern regions of Iran, potentially
attributed to lower levels of education and
literacy.[43-48]The aforementioned studies place
greater emphasis on the identified risk factors that we
have discussed.

Based on various risk factors and environmental and
ecological aspects, different occurrences of gastric
cancer can be observed. However, there is generally
more evidence of gastric cancer occurrence in the
northwest of Iran.

5. Conclusion

The study aimed to apply the best MAGWGPRS
model with Gaussian adaptive bandwidth to Iran’s
Cancer registry data 2016. The model has been applied
in the generalized form of the GWR by addressing the
issues present in previous iterations through the use of
additional assumptions observed in the ultimate
version. Transparently employing ordinary regression
without considering the correlation of neighboring
regions yielded poor results. Applying GWPR and its
extensions ensures that the correlation between nearby
areas and the theory of the impact of adjacent regions
on one another are taken into account, leading to more
reliable results.

We assumed that vegetable consumption would be a
significant factor in the morbidity and mortality of
gastric cancer, and according to our model we reached
resemble conclusion and emphasized protective
effects of that. while in the other studies has been
shown Obesity is one of the risk factors on affecting
Gastric cancer our model evidence rejected the direct
influence of this risk factor, while aging was the most
significant factor in the center. Smoking was
visualized in the north, and population as an
environmental factor was nonsignificant due to the
noncommunicable disease it is obvious this
explanatory variable individually cannot play real vital
role According to our model, The main factors
affecting cancer risk are typically smoking, aging,
vegetable consumption, low physical activity,

AAB, 2024; 15:E45989
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according to our model.

Different kernel functions can be used to achieve
different results, and we found that the best fit for our
data was the Gaussian function. In this study, we
aimed to identify the location of gastric cancer
occurrences and their trends in that area. However, we
recommend that utilizing information about incidence
and prevalence can yield more comprehensive results.
Analyzing data related to consequence reports and
minimizing deviations for further investigation can
also be beneficial. The availability of more significant
factors, such as the effects of Helicobacter pylori,
which were beyond the scope of our study on gastric
cancer occurrence, could enhance prediction accuracy.
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