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ABSTRACT
Researchers studied radiation exposure around the Chernobyl Nuclear Power Plant

(ChNPP) after the accident, focusing on factors like distance from radiation sources and ra-
dionuclide activity. The analysis aimed to improve radiation exposure prediction models for
mitigation and public health. Pearson correlation examined the relationship between expo-
sure dose and distance, while Poisson regression identified significant factors, such as Zr-95
and Cs-134 activity. The model’s validity was confirmed through overdispersion and vari-
ance inflation factor (VIF) tests, and residuals analysis assessed bias. Results showed radi-
ation exposure decreased with distance, with a moderate negative correlation. Radionuclide
activity significantly affected radiation levels, and a perfect correlation was found between
exposure dose and absorbed dose. Poisson regression highlighted distance and radionuclide
activity as key factors. This study fills a gap in understanding the complex relationship be-
tween distance, radionuclide activity, and radiation exposure around ChNPP. The novelty
lies in applying Poisson regression with specific isotopes, providing a more accurate model
to predict radiation exposure around nuclear facilities.
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1. Introduction
The accident at the Chernobyl Nu-

clear Power Plant (ChNPP) on April 26,
1986 became one of the most devastat-
ing nuclear disasters in human history [1,
2]. The explosion at Reactor No. 4 re-
leased large amounts of radioactive sub-
stances into the atmosphere, contaminating
a wide area around the site and reaching
various countries in Europe [3]. The radi-
ation released resulted in long-term health
impacts for the public, ranging from an in-
crease in cancer cases to various genetic
disorders. The environment around Cher-
nobyl experienced very serious contamina-
tion, mainly due to the deposition of ra-
dionuclides such as cesium-137 (Cs-137),
strontium-90 (Sr-90), and plutonium-239
(Pu-239), which have long half-lives and
have the potential to provide radiation im-
pacts over a very long period of time [4].
More than three decades after the incident,
various studies have been conducted to un-
derstand the radiation dispersion patterns
around Chernobyl, including the distribu-
tion of exposure dose levels and radionu-
clide activities in relation to the distance and
direction from the explosion source. How-
ever, despite the many studies on the radia-
tion impact of this event, there are still some
aspects that require further understanding,
especially regarding how the exposure dose
level varies with the angle and distance
from the reactor center and the specific con-
tribution of certain radionuclides to the radi-
ation dose received in a region. This study
was conducted to analyze the distribution
pattern of exposure dose levels with respect
to angle and distance from ChNPP and to
identify the relationship between exposure
dose and the activity of major radionuclides
such as Zr-95, Nb-95, Ru-106, Cs-134, and
Cs-137.

This study aims to analyze the dis-

tribution pattern of radiation exposure dose
levels against variations in angle and dis-
tance from the Chernobyl Nuclear Power
Plant (ChNPP), and determine the relation-
ship between exposure dose and the ac-
tivities of major radionuclides such as Zr-
95, Nb-95, Ru-106, Cs-134, and Cs-137.
The study identifies the trend of changes
in exposure dose levels based on the laws
of physics, particularly the inverse square
law, in radiation dispersion in the environ-
ment around Chernobyl. By investigating
the specific contribution of each radionu-
clide to the radiation dose at various mea-
surement points, the research is expected to
provide a deeper understanding of the varia-
tion of radiation exposure in the area, which
can serve as a basis for mitigation and man-
agement of the contaminated environment.
The benefits of this research include provid-
ing more detailed scientific information on
radiation distribution around the Chernobyl
accident site and providing a scientific basis
for radiation riskmitigation planning for the
affected population and environment. This
research supports the development of radi-
ation mapping models based on distance,
angle, and radionuclide activity variables,
which can be used for risk analysis and nu-
clear safety policy. This research can be ap-
plied in studies of the long-term impacts of
radioactive contamination. This research is
expected to be a reference for further stud-
ies in the fields of environmental radiology
and nuclear physics, as well as radioactive
waste management policies and restoration
of contaminated areas.

This research has several limitations
that need to be considered. Geographically,
the study focused on the area around the
Chernobyl Nuclear Power Plant (ChNPP)
with coverage based on distance and an-
gle from the explosion center. The analy-
sis was limited to the relationship between
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radiation exposure dose levels and distance
and angle factors, and only involved ma-
jor radionuclide isotopes such as Zr-95, Nb-
95, Ru-106, Cs-134, and Cs-137. The data
used came from secondary sources docu-
mented in previous studies as well as field
measurements over a period of time, with
the analysis method focusing on the cor-
relation between radiation exposure levels
and the variables under study. This study
does not consider long-term changes in ra-
diation levels, but only within the speci-
fied data collection period. External fac-
tors such as weather, changes in topogra-
phy, and decontamination efforts were not
analyzed in depth. Therefore, the results
of this study apply in a site-specific and
time-specific context, so their applicability
to other regions or different environmental
conditions requires further consideration.

In this study, there are several main
hypotheses that will be tested to understand
the radiation exposure dose rate distribu-
tion pattern around the Chernobyl Nuclear
Power Plant (ChNPP). First, the hypothe-
sis regarding the relationship between ex-
posure dose rate and distance from ChNPP
tests whether there is a significant relation-
ship between the two variables. The null
hypothesis states that there is no significant
relationship, while the alternative hypothe-
sis states that the exposure dose decreases
with distance. The angular distribution of
radiation exposure was also analyzed to de-
termine if there is a significant angular dis-
tribution pattern, where the alternative hy-
pothesis states that exposure is uneven in all
directions. This study evaluated the correla-
tion between exposure dose rate and the ac-
tivity of major radionuclides, such as Zr-95,
Nb-95, Ru-106, Cs-134, and Cs-137. The
null hypothesis states that there is no sig-
nificant relationship between the two, while
the alternative hypothesis argues that some

radionuclides have a greater contribution
to the exposure rate. The exposure dose
rate distribution was also analyzed based on
the inverse square law with respect to dis-
tance from ChNPP. The alternative hypoth-
esis states that this distribution follows the
pattern of the inverse square law, which in-
terprets the characteristics of radiation dis-
persion in an open environment. This study
tests whether there are significant differ-
ences in the contribution of each isotope to
the exposure dose rate. If the alternative
hypothesis is accepted, certain isotopes can
be identified that have a dominant role in
determining the level of radiation exposure
around the study site.

In this study, there are several impor-
tant theories that discuss the impact of radi-
ation on the environment and health. The
first theory is the radiation dispersion the-
ory, which adheres to the principle of the
inverse square law of physics, where ra-
diation intensity decreases as the distance
from the radiation source increases [5]. The
spread of radiation is also influenced by at-
mospheric factors such as wind direction
and speed as well as weather conditions
at the time of the event [6]. The second
theory concerns radionuclides and exposure
doses. Radionuclides such as Cs-137 and
Zr-95 have different half-lives and can af-
fect the environment for a long time [7]. Ex-
posure dose measures the amount of radia-
tion received by the human body, which is
influenced by distance factors, radionuclide
activity in the air, and length of exposure
[8]. The third theory is about the health ef-
fects of radiation exposure, which can in-
crease the risk of cancer, genetic disorders
and other radiation sicknesses [8]. Isotopes
such as Cs-137 can cause long-term im-
pacts due to their long half-life [9]. Radi-
ation distribution theory based on distance
and direction explains that radiation inten-
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sity decreases with distance, and the direc-
tion of radiation spread is influenced by
wind and other atmospheric factors, result-
ing in a non-symmetrical distribution pat-
tern. Radiation dispersion models are used
to map radiation distribution and estimate
exposure doses, taking into account envi-
ronmental variables such as topography and
weather [9]. Themodel is useful in identify-
ing areas with high exposure doses that re-
quire further attention. Contaminated envi-
ronment rehabilitation theory addresses ef-
forts to reduce the long-term impacts of ra-
diation and restore ecosystems after nuclear
disasters such as Chernobyl [10]. An un-
derstanding of radiation distribution is nec-
essary to determine safe areas and those to
avoid. The theory of radiation and its effect
on ecosystems reveals that radiation can af-
fect the flora and fauna around contami-
nated areas [11]. The impact of radiation
on biodiversity, such as genetic mutations
and ecosystem changes, is an important fo-
cus in understanding the long-term effects
of radiation on the environment [12].

Previous studies have extensively
mapped the radiation distribution around
Chernobyl, revealing that radiation levels
decrease as distance from the reactor in-
creases [13–15]. However, there has been
no study analyzing the radiation dose dis-
tribution based on the angle and direction
of spread from the reactor center. Although
research on the influence of major radioac-
tive isotopes such as Cs-137 and Sr-90 has
been conducted, the contribution of other
radionuclides such as Zr-95, Nb-95, and
Ru-106 has not been fully explored. Stud-
ies have also identified the impact of radi-
ation on health, but have paid less atten-
tion to the relationship between radiation
dose distribution and specific health vari-
ables [16, 17]. On the other hand, although
several radiation distribution models exist,

many do not take into account geographi-
cal and environmental variations in the ra-
diation dose received. Research on the im-
pact of radiation on the environment also
lacks emphasis on mapping the radiation
dose received by soil and vegetation in de-
tail. Most radiation dose modeling studies
also do not consider long-term contamina-
tion of certain isotopes as well as the in-
fluence of angle and distance from the ra-
diation source. This study fills these gaps
with amore detailed and comprehensive ap-
proach, including the influence of dispersal
angle, isotope distribution, and geograph-
ical and environmental variations in more
accurately mapping radiation dose around
Chernobyl. This research offers several in-
novative contributions in analyzing the ra-
diation dose distribution around Chernobyl.
One of them is the analysis of radiation dose
based on the angle and direction of spread,
which has not been widely explored in pre-
vious studies. This research also focuses
on the contribution of radioactive isotopes
other than Cs-137 and Sr-90, such as Zr-
95, Nb-95, and Ru-106, which have been
less discussed. This research will provide
a more detailed mapping of radiation dose
at various locations, including soil and veg-
etation, which have not been widely stud-
ied. The development of a more compre-
hensive radiation dose distribution model
considering geographical and environmen-
tal factors is also a key focus, providing a
deeper understanding of radiation dose vari-
ations. This research also examines the re-
lationship between radiation dose distribu-
tion and more specific health impacts, fill-
ing a gap from previous studies that focused
more on long-term impacts. Finally, this re-
search proposes a radiation dose model that
incorporates the factors of angle, distance,
and isotope type, to produce more accurate
dose mapping.
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2. Methods
2.1 Primary data collection and analysis

The study used a statistical approach
to analyze the radiation exposure dose dis-
tribution around the Chernobyl Nuclear
Power Plant (ChNPP) by considering vari-
ables such as distance, observation angle,
exposure dose, and radionuclide activity.
The data analysis process was conducted
using R Studio software, which was used to
describe the radiation pattern and the rela-
tionship between variables [18].

Data was obtained from the results
of a study conducted by the Ukrainian In-
stitute of Agricultural Radiology (UIAR),
which is part of the National University
of Life and Environmental Sciences of
Ukraine [19]. The research was conducted
in the period May to June 1987, which
was the time after the nuclear accident, to
measure and analyze the level of radionu-
clide contamination around the ChNPP,
the research area can be seen in Fig. 1.
The data collection process was carried
out by creating a network of radiation
sampling points at different distances from
the NPP, ranging from 5 km to 60 km
with an interval of 10° for each direction.
Of the 540 sample points determined,
489 points were sampled (including soil)
with the core sampling method using a
14 cm diameter drill and a depth of 5 cm.
Soil samples were analyzed at the UIAR
laboratory using a high-quality germanium
detector (GEM-30185, ORTEC, USA)
and an ADCAM-300 multichannel meter
(ORTEC, USA) to detect concentrations of
gamma-emitting radionuclides, including
Zirconium-95 (95Zr), Niobium-95 (95Nb),
Ruthenium-106 (106Ru), Caesium-134
(134Cs), Caesium-137 (137Cs), and
Cerium-144 (144Ce).

At each measurement point, the radi-
ation dose level was measured at a height

Fig. 1. Study Area.

of 1 meter above ground level. Soil sam-
ples were analyzed to determine radionu-
clide activity concentrations using a gamma
detector [20]. The extraction procedure was
performed using a 1M NH4Ac solution at
pH 7, which was used to dissolve the ex-
changeable cesium in the soil (134Cs and
137Cs) [21]. The solution is analyzed to
determine the amount of exchangeable ce-
sium, which provides information on the
potential radiation to be absorbed or trans-
ferred by the environment. The data ob-
tained is used to calculate the density of
soil contamination by converting radionu-
clide activity concentrations to Becquerels
per square meter (Bq/m2), which is more
representative for assessing radiation expo-
sure in soil.

2.2 Mathematical methods for analysis

2.2.1 Exposure Dose Rate (mR/hr)
Electromagnetic radiation or par-

ticles from a radioactive source spread
isotropically (evenly in all directions) in
three-dimensional space [22]. When parti-
cles or radiation travel from the source, the
intensity of radiation received by a point de-
creases with increasing distance from the
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source [23].
The inverse square law states that the

radiation intensity (or exposure dose) at a
given distance from the source is inversely
proportional to the square of that distance
[24]. This means that if you double the dis-
tance from the source, the exposure dose
will be reduced by four times. Mathemat-
ically, this law can be written as:

𝐼 ∝ 1

𝑅2
, (2.1)

where 𝐼 is the radiation intensity (or expo-
sure dose), 𝑅 is the distance from the ra-
diation source, and radiation source activ-
ity, 𝐴 is how much radiation is emitted by
the source per unit time. Activity is mea-
sured in units of Bq (Becquerel), which in-
dicates the number of decays per second.
The radiation intensity, 𝐼 at a given point
will depend on the activity of the radiation
source and its distance. Greater radiation
source activity will result in higher intensity
at the same measurement point. The expo-
sure dose rate, 𝐷 at a given point will be
directly proportional to the radiation source
activity, 𝐴 and inversely proportional to the
square of the distance, 𝑅 from the radiation
source. Therefore, the relationship between
exposure dose and distance can be written
in the form of the formula:

𝐷 =
𝐴

𝑅2
, (2.2)

where 𝐷 is the exposure dose rate at
the measurement point (in mR/hour or
𝜇Gy/hour, depending on the units used), 𝐴
is the activity of the radiation source (in
Bq), and 𝑅 is the distance from the radia-
tion source (in km or meters, depending on
the measurement used). The exposure dose
is measured in units such as milliroentgen
per hour (mR/hour) ormicrosievert per hour
(𝜇Sv/hour), depending on the type of radi-
ation and the units used. In this case, we

assume that the exposure dose rate is mea-
sured in units of mR/hr.

2.2.2 Correlation between expo-
sure dose rate and distance

To calculate the correlation between
exposure dose rate and distance, it is nec-
essary to determine several important val-
ues. These include the amount of data (𝑛),
the sum of the distance variable, the sum
of the exposure dose variable, the sum of
the product of the distance and dose value
pairs, and the sum of the squares of each
variable. Data consist of pairs of observa-
tions for distance (𝑥1, 𝑥2, ..., 𝑥𝑛 ), and radi-
ated dose (𝑦1, 𝑦2, , 𝑦𝑛). Each pair of data
will be calculated for its contribution to the
sum of the required values. Components in
the Pearson formula include the sum of the
distance values, the sum of the dose values,
the sum of the multiplication of the distance
and dose values, and the sum of the squares
of each variable. Once all the quantities
have been calculated, the values are substi-
tuted into the Pearson formula:

𝑟 =
𝑛
∑
𝑥𝑦 − (∑ 𝑥)(∑ 𝑦)√

( [𝑛∑ 𝑥2 − (∑ 𝑥)2] [𝑛∑ 𝑦2 − (∑ 𝑦)2]
.

(2.3)
The correlation coefficient 𝑟 is be-

tween -1 and 1, where (𝑟 = 1) is a perfect
positive relationship, (𝑟 = −1) indicates a
perfect negative relationship, and (𝑟 = 0)
represents no linear relationship. A posi-
tive value 𝑟 is when 𝑥 increases, 𝑦 also in-
creases, while a negative value (𝑟) indicates
that when 𝑥 increases, 𝑦 decreases.

2.2.3 Absorbed dose (𝜇Gy/hour)
Radiation from a source spreads

isotropically in space, which means that the
radiation intensity decreases according to
the inverse square law, as shown in Eq.
(2.1). So, we can write the relationship be-
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tween intensity and activity:

𝐼 =
𝐴

4𝜋𝑅2
. (2.4)

Since in practical conditions, the in-
tensity measured on a particular surface
without taking into account the spread
throughout the space, the factor of (4𝜋)
soften ignored in empirical calculations.
Absorbed dose (𝐷𝑠 ) is the energy absorbed
by a medium per unit mass. The general re-
lationship between absorbed dose and radi-
ation intensity is given by:

𝐷𝑠 = 𝐼 × 𝑇. (2.5)

Substitute Eq. (2.4), then:

𝐷𝑠 =
𝐴

𝑅2
× 𝑇. (2.6)

The absorbed dose (𝐷𝑠) in units of
microGray per hour (𝜇Gy/h) is calculated
based on the radionuclide activity (𝐴) in
Becquerel (Bq), which is the number of nu-
clear decays per second. This dose value
depends on the distance from the radiation
source (𝑅) in kilometers (km), where the ra-
diation intensity decreases according to the
inverse square law. A time conversion fac-
tor (𝑇) is used to adjust the dose based on
the duration of exposure in a given unit of
time.

2.2.4 Activity radionuclide (Bq/m2)
Measurement in an area of (𝐴𝑡 ). If

the total number of radiation particles de-
tected in the area is (𝑁), then the activity
per unit area can be calculated as

𝐴 =
𝑁

𝐴𝑡
, (2.7)

where 𝑁 is the number of radiation parti-
cles detected in the measurement area and
𝐴𝑡 is the measurement area in square meters

(m2). Eq. (2.7) is useful for calculating the
activity of radionuclides in units of Bq/m2.
This formula is derived from the basic defi-
nition of radionuclide activity which is cal-
culated based on the number of decays that
occur within a certain area.

2.2.5 Interquartile range (IQR)
Quartiles divide the sorted data into

four equal parts, where the first quartile
(Q1) is the point that divides the first 25%
of the data, the second quartile (Q2 or me-
dian) divides the dataset into two equal parts
(50%), and the third quartile (Q3) divides
75% of the dataset. The determination of
quartiles depends on the number of data n,
either odd or even. If n is odd, the position
of the first quartile is calculated by:

𝑄1 = 𝑥 ( 𝑛+14 ) , (2.8)

and the third quartile:

𝑄3 = 𝑥 ( 3(𝑛+1)4 ) . (2.9)

If n is even, the position of Q1 is ob-
tained from the average of the two center
values with the formula:

𝑄1 =
𝑥 ( 𝑛4 ) + 𝑥 ( 𝑛4 +1)

2
. (2.10)

Q3 is calculated as:

𝑄3 =
𝑥 ( 3𝑛4 ) + 𝑥 ( 3𝑛4 +1)

2
. (2.11)

The interquartile range (IQR) is then
obtained from the difference between the
third quartile and the first quartile.

2.2.6 Standard deviation
Standard Deviation (𝜎) is defined as

the square root of the variance [25]. Vari-
ance itself measures the average squared
distance of each data point from the mean:

𝜎 =
√
𝑉𝑎𝑟 (𝑋), (2.12)
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where 𝑉𝑎𝑟 (𝑋) is the variance of the data
(𝑋) [25]. Variance is calculated with the
following formula:

𝑉𝑎𝑟 (𝑋) = 1

𝑛

𝑛∑
𝑖=1

(𝑥𝑖 − 𝜇)2. (2.13)

However, in the calculation of popu-
lation standard deviation, where (𝑛) is the
divisor, while for samples (if the data used
is a sample of the population), (𝑛−1) is used
as the divisor to get an unbiased estimate.
The first step in calculating standard devia-
tion is to calculate the average of the data.
The average (𝜇) is the sum of all data values
divided by the total number of data (𝑛):

𝜇 =
1

𝑛

𝑛∑
𝑖=1

𝑥𝑖 . (2.14)

2.2.7 Poison regression
A Poisson regression model aims to

model the relationship between the depen-
dent variable (radiation dose) and one or
more independent variables (distance from
ChNPP, Zr-95 activity, and Cs-134 activity)
[26]. It is assumed that the value of (𝑌 ) (ra-
diation dose) follows a Poisson distribution,
where themean (𝜆) depends on the indepen-
dent variables (𝑋1, 𝑋2, , 𝑋𝑛). The Poisson
regression model is in the form:

log(𝜇) = 𝛽0 + 𝛽1𝑋1 + · · · + 𝛽𝑛𝑋𝑛, (2.15)

where (𝜇) a is the predicted value for ra-
diation dose (average or incident intensity),
(𝛽0, 𝛽1, , 𝛽𝑛) is the estimated regression co-
efficient, and (𝑋1, 𝑋2, , 𝑋𝑛) are the indepen-
dent variables (Distance from ChNPP, Zr-
95 activity, and Cs-134 activity). In the
Poisson regression model, it is assumed that
the expected (𝜇) (average radiation inci-
dence) can be influenced by the indepen-
dent variables [27]. Since (𝑌 ) follows a

Poisson distribution:

𝜇 = 𝐸 [𝑌 ] = exp(𝛽0 + 𝛽1𝑋1 + · · · + 𝛽𝑛𝑋𝑛).
(2.16)

Use of the natural logarithm function
(log (𝜇)) converts the model into a linear
form, which is easier to estimate with linear
regression techniques [28]. In this case, the
logarithm function transforms the regres-
sion parameter (𝛽0, 𝛽1, , 𝛽𝑛) into influences
that are easier to interpret. The likelihood
function for the Poisson distribution, with
observed data, is given by:

𝐿 (𝛽0, 𝛽1, , 𝛽𝑛) = Π𝑛𝑖=1
(𝜇𝑖)𝑦𝑖𝑒−𝜇𝑖

𝑦𝑖!
, (2.17)

where 𝜇𝑖 = exp(𝛽0 + 𝛽1𝑋1𝑖 + · · · +
𝛽𝑛𝑋𝑛𝑖) is the expectation or average for
each observation (𝑖). To obtain parame-
ter estimates (𝛽0, 𝛽1, , 𝛽𝑛), maximizes the
likelihood function by calculating its log-
likelihood derivative and setting it equal to
zero. After obtaining the estimated values
for the regression coefficients (𝛽0, 𝛽1, , 𝛽𝑛),
the effect of each independent variable on
radiation dose was interpreted. Specifi-
cally, the regression coefficient (𝛽𝑖) mea-
sures the log change of expected radiation
dose (𝜇) to a one-unit change in the variable
(𝑋𝑖) For relative changes in (𝜇), exponenti-
ate the coefficient (𝛽𝑖 ):

exp(𝛽𝑖). (2.18)

Interpretation as a multiplying factor
that shows how changes in 𝑋𝑖 affect radia-
tion dose.

2.2.8 Overdispersion test
Deviance (𝐷) in Poisson regression

measures how far the fitted model differs
from the perfect model (saturation) [29].
Deviance is defined as:

𝐷 = 2
𝑛∑
𝑖=1

[𝑦𝑖 log(
𝑦𝑖
𝜇𝑖
) − (𝑦𝑖 − 𝜇𝑖)], (2.19)
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where (𝑌𝑖) is the actual value of observation
(𝑖), 𝜇𝑖 is the value predicted by the model
for observation (𝑖), 𝑛 is the total number of
observations. The degrees of freedom in the
model are calculated as:

𝑑𝑓 = 𝑛 − 𝑝, (2.20)

where 𝑛 is the total number of observations
and 𝑝 is the number of parameters in the
model (including the intercept). Dispersion
statistics (𝜙) are calculated by comparing
deviance with degrees of freedom [30]:

𝜙 =
𝐷

𝑑𝑓
, (2.21)

where 𝜙 is the dispersion statistic, 𝐷 is the
deviance, and 𝑑𝑓 is the degrees of freedom.
If 𝜙 ≈ 1, then the Poisson model is appro-
priate. If 𝜙 > 1, then overdispersion occurs.

2.2.9 Variance Inflation Factor
(VIF)

Multiple linear regression with the
model:

𝑌 = 𝛽0 + 𝛽1𝑋1 + · · · + 𝛽𝑘𝑋𝑘 + 𝜖 . (2.22)

𝛽𝑖 has the variance given by:

𝑉𝑎𝑟 (𝛽𝑖) = 𝜎2(𝑋𝑇𝑋)−1𝑖𝑖 . (2.23)

where 𝜎2 is the variance of the error (𝜖),
and (𝑋𝑇𝑋) is the information matrix of the
independent variables. If multicollinearity
is present, the diagonal elements of matrix
(𝑋𝑇𝑇)−1 will increase, which leads to an
increase in the variance of the regression
coefficient [31]. To understand how (𝑅2

𝑖 )
influence the variance, regression of inde-
pendent variables against other independent
variables has been considered:

𝑋𝑖 = 𝛼0 + 𝛼1𝑋1 + · · · + 𝛼𝑖−1𝑋𝑖−1

+𝛼𝑖+1𝑋𝑖+1 + · · · + 𝛼𝑘𝑋𝑘 + 𝜖 .
(2.24)

This regression measures the extent
to which (𝑋𝑖) can be explained by a linear
combination of the other variables. If 𝑅2

𝑖

is close to 1, then 𝑋𝑖 are almost completely
predicted by the other variables, which in-
dicates high multicollinearity [32]. It is
known that the variance of the regression
coefficient (𝛽𝑖) can be expressed as:

𝑉𝑎𝑟 (𝛽𝑖) =
𝜎2

1 − 𝑅2
𝑖

(𝑋𝑇𝑋)−1𝑖𝑖 . (2.25)

(𝑋𝑇𝑋)−1𝑖𝑖 is the basic factor of variance in
regression, we define the variance inflation
factor as:

𝑉𝐼𝐹𝑖 =
1

1 − 𝑅2
𝑖

. (2.26)

𝑉𝐼𝐹𝑖 measures how much variability the
coefficient (𝛽𝑖) increased due to multi-
collinearity [33]. If 𝑅2

𝑖 is close to 1, then
1 − 𝑅2

𝑖 is close to zero, so 𝑉𝐼𝐹𝑖 becomes
very large, indicating high multicollinear-
ity. If 𝑅2

𝑖 is low, then𝑉𝐼𝐹𝑖 close to 1, which
means there is no significant multicollinear-
ity. As a rule of thumb, 𝑉𝐼𝐹 > 10 is
very high multicollinearity, 𝑉𝐼𝐹 between 5
and 10 is moderate multicollinearity, while
𝑉𝐼𝐹 < 5 indicates no serious problemswith
multicollinearity [32].

2.2.10 Deviance analysis with Chi-
Square Test (ANOVA)

In regression analysis, there are two
types of deviance used to evaluate the
model, namely the Deviance Model and
the Deviance Null Model [30]. Model De-
viance is the deviance value of the model
that includes predictor variables or the full
model, which is the error rate after consid-
ering the variables in the model. The Null
Model deviance is the deviance of a model
that uses only the intercept without any pre-
dictor variables, thus representing the error
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rate of the model without additional infor-
mation [34]. If the Model Deviance value
is much smaller than the Null Model De-
viance, then the model with predictor vari-
ables is considered better in explaining the
data [35].

In deviance analysis, the Chi-Square
test is used to determine whether the differ-
ence between the model with and without
the predictor variable is significant or just
occurs by chance [36]. The null hypothe-
sis (𝐻0) states that a model without predic-
tor variables is sufficient to explain the data,
while the alternative hypothesis (𝐻1) states
that a model with predictor variables bet-
ter explains the data. The Chi-Square test
statistic is calculated using the formula:

𝜒2 = 𝐷𝑛𝑢𝑙𝑙 − 𝐷𝑚𝑜𝑑𝑒𝑙, (2.27)

where 𝐷𝑛𝑢𝑙𝑙 is the deviance of the model
without predictor variables, and 𝐷𝑚𝑜𝑑𝑒𝑙 is
the deviance of the model with predictor
variables. Values (𝜒2) this follows the Chi-
Square distribution with degrees of freedom
(𝑑𝑓 ) calculated as the difference between
the number of parameters in the full model
(𝑝𝑚𝑜𝑑𝑒𝑙) and the number of parameters in
the null model (𝑝𝑛𝑢𝑙𝑙). If the value of 𝜒2

obtained is significant, then the model with
predictor variables is considered better in
explaining the data. Deviance (𝐷) is a mea-
sure of how well a regression model can
explain variation in the data compared to a
saturated model [37]. Mathematically, de-
viance is defined as:

𝐷 = 2
𝑛∑
𝑖=1

[𝑦𝑖 log(
𝑦𝑖
𝑦𝑖
)+(1−𝑦𝑖) log(

1 − 𝑦𝑖
1 − 𝑦𝑖

)],

(2.28)
where 𝑦𝑖 is the actual value of observation
(𝑖), 𝑦𝑖 is the value predicted by the model,
and (𝑛) is the amount of data.

2.2.11 Principal Component Anal-
ysis (PCA)

We have a dataset with 𝑝 variables
and 𝑛 observations represented in the form
of a matrix 𝑋 of size 𝑛 × 𝑝. To get PCA, it
is necessary to standardize the data by cal-
culating the mean and standard deviation of
each variable [38] as follows:

𝑍 =
𝑋 − 𝑋

𝜎
. (2.29)

As for 𝑋 is the average of each variable and
𝜎 is the standard deviation of each variable.
If the data has been standardized, the co-
variance matrix 𝐶 can be calculated as fol-
lows:

𝐶 =
1

𝑛 − 1
𝑍𝑇𝑍. (2.30)

Or a correlation matrix if the variables have
different scales. For the main component,
the eigenvalue can be found 𝜆𝑖 dan vector
own (𝑣𝑖) from matrix covarians (𝐶):

𝐶𝑣𝑖 = 𝜆𝑖𝑣𝑖 , (2.31)

where 𝜆𝑖 is the eigenvalue indicating the
variance of the i-th principal component and
(𝑣𝑖) is the eigenvector that shows the di-
rection of the principal component. Since
each eigenvalue 𝜆𝑖 expresses the variance
explained by the i-th principal component,
then the proportion of variance explained by
the i-th principal component is given by:

Proportion of Variance =
𝜆𝑖∑
𝜆𝑖
, (2.32)

where 𝜆𝑖 is the eigenvalue of the (i)th
principal component and

∑
𝜆𝑖 is the to-

tal eigenvalue of all the principal compo-
nents. Eigenvalue 𝜆𝑖 is the variance ex-
plained by the i-th principal component,
where the component with the largest eigen-
value captures the largest variance in the
data [39]. The sum of all eigenvalues

∑
𝜆𝑖
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represents the total variance of the dataset,
so PCA only changes the representation
of the data without reducing the informa-
tion. The calculated variance proportion of
𝜆𝑖/

∑
𝜆𝑖 helps determine the extent to which

each principal component explains the vari-
ability in the data.

2.2.12 Variogram
The empirical estimate is an unbi-

ased estimate of the definition of variogram
statistics. Starting from the definition:

𝛾(ℎ) = 1

2
𝐸 [𝑧(𝑥) − 𝑧(𝑥 + ℎ)2] . (2.33)

Assume 𝑛(ℎ) sample pairs (𝑥𝑖 , 𝑥𝑖 + ℎ), so
the expectation can be approximated by the
sample mean:

𝐸 [(𝑧(𝑥) − 𝑧(𝑥 + ℎ)2)]

≈ 1

𝑛(ℎ)

𝑛(ℎ)∑
𝑖=1

(𝑧(𝑥) − 𝑧(𝑥 + ℎ))2. (2.34)

So

𝛾(ℎ) = 1

2
× 1

𝑛(ℎ)

𝑛(ℎ)∑
𝑖=1

[𝑧(𝑥) − 𝑧(𝑥 + ℎ)]2,

(2.35)

𝛾(ℎ) = 1

2𝑛(ℎ)

𝑛(ℎ)∑
𝑖=1

[𝑧(𝑥) − 𝑧(𝑥 + ℎ)]2.

(2.36)
This empirical formula for the variogram
is a valid estimation based on its statistical
definition. If the value of 𝛾(ℎ) is small, the
variability between 𝑧(𝑥) and 𝑧(𝑥+ℎ) is low,
while the spatial correlation is high. Con-
versely, if 𝛾(ℎ) larger, the variability in-
creases, indicating that the values at loca-
tions 𝑥 and 𝑥 + ℎ are increasingly unrelated.
At very large distances, 𝛾(ℎ) tends to reach
a sill, which indicates that spatial correla-
tion no longer exists.

2.2.13 K-Mean Clustering
Each data point is placed into a clus-

ter (𝐶𝑘) which has a nearby centroid (𝐶𝑘).
This means:

𝐶𝑘 = {𝑥𝑖 |∥𝑥𝑖 − 𝑐𝑘 ∥2≤ ∥𝑥𝑖 − 𝑐 𝑗 ∥2,∀ 𝑗 ≠ 𝑘}.
(2.37)

Which means that the data points (𝑥𝑖) will
be included in the cluster (𝐶𝑘) After the
cluster division is done, update the centroid
to be the average of all points in the cluster:

𝑐𝑘 =
1

|𝐶𝑘 |
∑
𝑥𝑖∈𝐶𝑘

𝑥𝑖 . (2.38)

As for |𝐶𝑘 |, the number of members in the
cluster (𝐶𝑘).

∑
𝑥𝑖∈𝐶𝑘

𝑥𝑖 is the number of all
points in the cluster. The minimized SSD
objective function is:

𝑆𝑆𝐷 =
𝐾∑
𝑘=1

∑
𝑥𝑖∈𝐶𝑘

∥𝑥𝑖 − 𝑐𝑘 ∥2. (2.39)

At the optimal value of the centroid derived
SSD against (𝑐𝑘):

𝜕

𝜕𝑐𝑘

∑
𝑥𝑖∈𝐶𝑘

∥𝑥𝑖 − 𝑐𝑘 ∥2=
∑
𝑥𝑖∈𝐶𝑘

2(𝑥𝑖 − 𝑐𝑘) = 0,

(2.40)∑
𝑥𝑖∈𝐶𝑘

𝑥𝑖 − |𝐶𝑘 |𝑐𝑘 = 0,

𝑐𝑘 =
1

|𝐶𝑘 |
∑
𝑥𝑖∈𝐶𝑘

𝑥𝑖 . (2.41)

This shows that K-Means always updates
the centroid with the average of the points
in the cluster, which is mathematically the
best way to minimize SSD.

The K-means algorithm works itera-
tively by randomly assigning an initial cen-
troid, then clustering the data points to the
nearest centroid (E-step), and updating the
centroid based on the average of the points
in the cluster (M-step) [40]. This process re-
peats until the centroid stabilizes or changes
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very little. Since the SSD is always decreas-
ing or fixed, the K-means algorithm is guar-
anteed to converge, ensuring optimal clus-
tering byminimizing the distance within the
cluster [41].

3. Results and Discussion
In the analysis, the distribution of ex-

posure dose levels with respect to the an-
gle and distance from the Chernobyl Nu-
clear Power Plant (ChNPP) was observed,
as shown in Figs. 2-3. From the graph-
ical results, it can be seen that the points
representing measurements at various an-
gles show variations in exposure dose lev-
els with respect to the distance from the
ChNPP. As the distance from the ChNPP
increases, the exposure dose level tends to
decrease, as seen in the color change of the
dot from blue to red. This implies a higher
exposure dose in areas closer to the radia-
tion source. The difference in dot size also
illustrates the difference in exposure dose
size, which becomes clearer as the differ-
ent colors indicate different distances from
the ChNPP.

For the angle variable, the mean
is 185.5 degrees with the radiation distri-
bution concentrated around 360 degrees,
slightly skewed towards the semicircle. The
median angle of 190 degrees and standard
deviation of 105.26 degrees show high vari-
ation. The angles range between 10 and 360
degrees, with the majority of the data dis-
tributed between 90 and 280 degrees. For
the distance from the ChNPP, the mean is
23.62 km, with the majority of observa-
tions at a relatively close distance from the
ChNPP. The median distance of 17 km with
a standard deviation of 17.51 km shows
considerable variation. The distance ranges
between 5 and 60 km, with most of the data
falling between 8.3 km and 37.5 km. The
mean exposure dose rate was 1.64 mR/hr,

with a median of 0.4 mR/hr and a standard
deviation of 3.18mR/hr, implying consider-
able variation in doses. The dose range was
between 0.01 to 26 mR/h, with most obser-
vations showing low doses. The correlation
between Exposure Dose Rate and Distance
from ChNPP was -0.3734, which shows a
moderate negative correlation, means that
the greater the distance from ChNPP, the
lower the exposure dose. The correlation
between Exposure Dose Rate and Angle
was 0.1221, a very weak positive correla-
tion, meaning that the angle of observation
hardly affected the exposure dose, with dis-
tance being more dominant. The average
angle is about 185.78 degrees with a stan-
dard deviation of 105.14, showing a fairly
wide distribution around the center of the
circle. For Distance from ChNPP, the aver-
age distance was 23.66 km with a standard
deviation of 17.53 km, showing a fairly
wide variation in the distance measurement
data. In the Absorbed Dose Rate variable,
the average absorbed dose was 14.22 mi-
croGray/hour with a standard deviation of
27.71, showing a very large variation in
dose at different locations. The lowest ab-
sorbed dose value was 0, and the highest
value reached 227 microGray/hour, a mea-
surement point with very high radiation.

For the isotope Nb-95, the average
activity was 403,684.8 Bq/m2 with a large
variation (standard deviation 799,006.4
Bq/m2). The highest activity value was
recorded at 7,070,000 Bq/m2 and the low-
est at 740 Bq/m2. The median was 126,000
Bq/m2 and the interquartile range (IQR)
was 359,200 Bq/m2, implying a wide dis-
tribution of activity. For Ru-106, the mean
activity was 1,376,814 Bq/m2 with a very
high standard deviation (2,509,827 Bq/m2),
meaning a very large variation. The max-
imum value was recorded as 20,000,000
Bq/m2 and the minimum as 7,400 Bq/m2.
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Fig. 2. Distribution of absorbed dose and exposure in polar coordinates.

Fig. 3. Distribution of radionuclide activity (Zr-95, Nb-95, Ru-106, Cs-134, and Cs-137) around the
Chernobyl Nuclear Power Plant (ChNPP) within a radius of 60 km.

The median of 459,000 Bq/m2 and IQR of
1,124,000 Bq/m2 means a fairly wide dis-
tribution. For Cs-134, the mean activity
was 379,388.3 Bq/m2 with a lower stan-
dard deviation (688,317.9 Bq/m2). The
lowest activity value was recorded at 3,700
Bq/m2 and the highest at 6,960,000 Bq/m2.
The median of 133,000 Bq/m2 and IQR of
324,000 Bq/m2 means a more centralized

distribution than the other isotopes. Cs-
137 has a mean activity of 976,701.6 Bq/m2

with a high standard deviation (1,659,719
Bq/m2). The minimum value was recorded
as 7,400 Bq/m2 and the maximum as
16,600,000 Bq/m2. The median of 366,000
Bq/m2 and the IQR of 879,000 Bq/m2

represented considerable variation around
the mean of value. The difference be-
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tween the mean and median for Nb-95 is
277,684.8 Bq/m2, showing a distribution
skewed towards higher values, with some
measurement points having very high ac-
tivity. The difference between the max-
imum and minimum values is 7,069,260
Bq/m2, meaning a very large range and un-
even distribution of radiation. In Ru-106,
the difference between the mean and me-
dian (917,814.3 Bq/m2) is larger, the dis-
tribution is more skewed with a signifi-
cant difference between the mean and me-
dian. The difference between the maxi-
mum and minimum values of 19,992,600
Bq/m2 shows a very large variation, with
high radiation concentrations at some points
and low values in most areas. In Cs-134,
the difference between the mean and me-
dian is 246,388.3 Bq/m2, smaller than the
other isotopes, showing a more concen-
trated distribution. Although there is still
variation, the difference between the max-
imum and minimum (6,956,300 Bq/m2) is
not as large as in Ru-106, indicating a
more consistent distribution. In Cs-137,
the mean-median difference is 610,701.6
Bq/m2, larger than in Cs-134 and similar to
Nb-95 and Ru-106, showing a skewed dis-
tribution. The maximum-minimum differ-
ence of 16,592,600 Bq/m2 implies a very
large range, almost equivalent to Ru-106,
with high radiation concentrations in some
spots and many spots with low activity.

The results of the Pearson correla-
tion analysis between the two variables, Ex-
posure Dose rate and Absorbed dose rate,
show a correlation coefficient of 1.00, as
shown in Fig. 4. This is a very strong
and perfect relationship between the two
variables. Changes in the Exposure Dose
rate in mR/h are followed proportionally by
changes in the Absorbed Dose rate in mi-
croGray/h, without any significant devia-
tion or fluctuation between the two. This

correlation of 1 indicates that the two vari-
ables move together in the same direc-
tion, with a very strong linear relationship.
Fig. 5 shows the activity distribution of
radionuclides (Zr-95, Nb-95, Ru-106, Cs-
134, and Cs-137) around the Chernobyl Nu-
clear Power Plant (ChNPP) within a radius
of 60 km, using polar coordinates. The x-
axis represents the angle in degrees, while
the y-axis represents the radionuclide ac-
tivity in Bq/m2. Each data point is col-
ored based on its distance from the ChNPP,
from blue (near) to red (far), with the size
of the point representing the radionuclide
activity level. The coefficient for dis-

Fig. 4. Correlation of adsorbed dose rate to ex-
posure dose rate.

tance from ChNPP shows a highly signif-
icant value (-0.8637 with 𝑝-value < 2e-16),
which means that the greater the distance
from ChNPP, the lower the level of radia-
tion dose exposure received. This is con-
sistent with the effect of distance on the
decrease in radiation intensity, and is sim-
ilar to the inverse square law which de-
scribes the decrease in radiation intensity as
the distance from the radiation source in-
creases. The activity of Zr-95 and Cs-134
also had a positive effect on the radiation
dose exposed. The coefficient for Zr-95 is
0.2085 (𝑝-value < 2e-16) and for Cs-134
is 0.3117 (𝑝-value < 2e-16), which means
that the higher the activity of both isotopes,
the greater the radiation dose exposed to the
area. This means that Zr-95 and Cs-134
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Table 1. Correlation of adsorbed dose rate to exposure dose rate.

Factor Koefisien (Estimate) Std. Error z-value 𝑝-value
Intercept -0.00263 0.065003 -0.041 0.968
Distance from ChNPP in KM -0.86372 0.09201 -9.387 <2e-16 ***
Zr-95 activity in Bq/m2 0.208493 0.022284 9.356 <2e-16 ***
Activity of Cs-134 in 0.311708 0.020854 14.947 <2e-16 ***

contribute significantly to the radiation lev-
els around ChNPP, with an increase in the
activity of these isotopes being directly pro-
portional to the increase in radiation dose
received. There is a strong relationship be-
tween the factors tested and the radiation
dose exposed, with deviance meaning a sig-
nificant improvement from the null model
(1266.29 to 319.43). Table 1 summarizes
the results of the Poisson regression anal-
ysis conducted to identify factors affecting
radiation exposure dose around ChNPP.

Based on the overdispersion test on
the Poisson regression model, the statisti-
cal value is 0.8849. The overdispersion test
is used to check whether the data used in
the model has greater variability than ex-
pected based on the Poisson distribution.
In this case, a test statistic higher than 1
usually means overdispersion, which is a
condition where the variation of the data
exceeds what is predicted by the Poisson
model, which generally assumes that the
variance and mean are equal. However, the
statistical value obtained (0.8849) is lower
than 1, indicating that this data does not suf-
fer from overdispersion. This means that
the variation in the measured radiation data
can be explained reasonably well by the
Poisson model, without any additional un-
explained variability. The Poisson distribu-
tion is therefore an appropriate approxima-
tion for these data, as there is no indication
that the model fails to capture the variation
in the observed radiation dose.

Fig. 5 on the left shows the relation-

Fig. 5. Relationship between predicted value
and residuals (left) and histogram of residuals
distribution (right) in poisson regression model.

ship between the fitted values and the resid-
uals (the difference between the observed
and predicted values). The blue dots on this
graph are scattered around the red horizon-
tal line that defines zero residuals, indicat-
ing that no systematic pattern remains in the
residuals after the model is applied. This
indicates that the Poisson regression model
does a good job of predicting the data, with-
out any suspicious patterns or bias in the
prediction error. The right image is a his-
togram of the residuals, this is the distribu-
tion of the model error. Most of the resid-
uals are symmetrically distributed around
zero, with the highest frequency of residu-
als close to zero. It can be seen that most of
themodel predictions are fairly accurate, al-
though there are some more extreme resid-
ual values.

The Variance Inflation Factors
(VIF) analysis results obtained from the
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Table 2. Variance Inflation Factors (VIF) dan analisis deviance menggunakan uji Chi-Square (anova).

Variable VIF Value Deviance Reduction 𝑝-value
Jarak dari ChNPP dalam km 1.296 413.09 <2.2e-16
Zr-95 in Bq/m2 1.975 407.05 <2.2e-16
Cs-134 Bq/m2 1.611 126.72 <2.2e-16

Fig. 6. Correlation of adsorbed dose rate to ex-
posure dose rate.

Poisson regression model show the VIF
values for the variables used, namely,
Distance_from_ChNPP_km, Zr95_Bqm2,
and Cs134_Bqm2. The VIF values are
1.29597, 1.975426, and 1.610596, re-
spectively, which means that there is
no significant multicollinearity among
the independent variables. VIF values
below 5 indicate that this model does not
experience multicollinearity problems that
can significantly affect the interpretation of
regression coefficients. The results of the
deviance analysis through the Chi-Square
(anova) test mean that each independent
variable included in the model makes
a significant contribution to reducing
the deviance model. The first variable,
Distance_from_ChNPP_km, reduced the
deviance by 413.09 with a very small
𝑝-value (< 2.2e-16), shows that the dis-
tance from ChNPP greatly affects the level
of radiation dose exposure. Zr95_Bqm2
reduces deviance by 407.05, with a very
small 𝑝-value (< 2.2e-16), where Zr-95 ac-
tivity is significantly related to the exposed
radiation dose. The addition of the variable
Cs134_Bqm2 reduces deviance by 126.72,

and the 𝑝-value is very small (< 2.2e-16)
which means that Cs-134 activity also has
a significant relationship with radiation
dose. Table 2 summarizes the results of the
Variance Inflation Factors (VIF) analysis
and deviance analysis using the Chi-Square
(anova) test.

Table 2 shows that the VIF values
for each independent variable are low (all
below 5), so there is no significant multi-
collinearity problem. The deviance analy-
sis (using the Chi-Square test) showed that
each variable-distance from ChNPP, Zr-95
activity, and Cs-134 activity-made a signif-
icant contribution to the model’s deviance
reduction.

In the principal component analysis
(PCA) applied to the radionuclide activ-
ity dataset around ChNPP, the results show
that the first principal component (PC1) ex-
plains most of the variability in the data.
With a standard deviation of 2.0638, PC1
contains about 85.19% of the total vari-
ance, indicating that the variables in the
dataset are strongly correlated and most of
the information can be explained by this one
principal component. The second princi-
pal component (PC2) is also significant, al-
though its contribution is much smaller than
PC1, accounting for 13.61% of the vari-
ance. This means that while most of the in-
formation has been explained by PC1, there
is still considerable variation that can be
captured by the second component. The
third (PC3) and subsequent (PC4 and PC5)
principal components have very small con-
tributions to the total variance, explain-

110



N. Nadrah and R.C. Siagian | Science & Technology Asia | Vol.30 No.1 January - March 2025

ing only 0.69%, 0.36%, and 0.16% respec-
tively, indicating further information is be-
coming increasingly limited.

Variogram analysis was conducted to
observe the spatial pattern of radiation dose
exposure levels around ChNPP. The var-
iogram analysis showed that the average
gamma value (variance) for radiation dose
fluctuated slightly as the measurement dis-
tance increased, with gamma values rang-
ing between 6.938 and 9.620, indicating
variations in radiation dose levels in the
area. In this analysis, the measurement dis-
tances show a range from about 1.1 km to
110 km from the radiation source, withmost
measurements being within the range of 30
to 80 km from the ChNPP site.

Fig. 7. Fluctuation of radiation dose semivari-
ance based on measurement distance around
chernobyl with peak point.

There is a trend seen in Fig. 6 that
the farther the measurement distance, the
greater the semivariance value recorded, al-
though there are small fluctuations at some
distances. Data points farther away from
the radiation source mean greater variation
in radiation dose, which could be due to un-
even radiation dispersion or other environ-
mental factors. The highest semivariance
value was recorded at a distance of about
70 km, meaning that at this distance there is
a significant change in the level of radiation
dose exposure.

The results of applying the K-means
algorithm to data including two variables,
radiation exposure dose rate and absorbed

dose rate, resulted in three distinct clusters.
This clustering is based on the proximity of
data points in the two-dimensional space,
with the aim of identifying patterns thatmay
not be directly visible. From the classifi-
cation results, there are three clusters with
different numbers of observations: Cluster
1 has 316 observations, Cluster 2 has 60 ob-
servations, and Cluster 3 has only 9 obser-
vations. Cluster 1 defines the groupwith the
largest number of observations, which indi-
cates that most of the data have similar char-
acteristics in terms of exposure dose level
and absorbed dose. In contrast, Cluster 3,
with only 9 observations, defines a smaller
group and implies dose values that aremuch
higher or lower than the average of the other
groups. While most of the data points are at
lower exposure and dose levels (clustered in
Cluster 1), the smaller clusters correspond
to areas with very high (Cluster 3) or very
low (Cluster 2) radiation exposure.

Fig. 8. Variation by dose group with colors rep-
resenting exposure levels.

Fig.7 shows that the red color repre-
sents the group with the higher dose level,
while the blue and green colors represent
the group with the lower dose. There is
significant variation between data points in
terms of radiation exposure and absorbed
dose received by objects or individuals
around the area.

Fig. 8 is the estimated radiation in-
tensity based on the distance from the ra-
diation source (ChNPP), the function used
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Fig. 9. Radiation Intensity Based on Distance
from Radiation Source (ChNPP) with Moderate
Negative Correlation (-0.349).

calculates the radiation intensity based on
distance, where the initial intensity at the
5 km point is considered as a reference.
The calculated correlation between the dis-
tance from ChNPP and the adjusted inten-
sity shows a correlation value of -0.349.
This value indicates a negative relationship
between the two variables, albeit with a
moderate strength. This negative relation-
ship is consistent with the physical law of
radiation scattering, which states that radia-
tion intensity decreases as the distance from
the radiation source increases. Although the
correlation is not very strong, the value of
-0.349 means that distance plays a role in
reducing the radiation dose received, which
is important for protection against radiation
exposure around ChNPP. For a point lo-
cated at a distance of 5 km from ChNPP,
the intensity after attenuation is calculated
to be about 606.53, which means that the
radiation intensity decreases exponentially
as the distance from the radiation source in-
creases.

Fig. 9 represents the total absorbed
radiation dose over time, measured at vari-
ous time intervals around the ChNPP. It can
be seen that the total radiation dose fluctu-
ates over time, which interprets the varia-
tion in radiation exposure received at vari-
ous time points. An increase or decrease in
the dose may indicate changes in the inten-

Fig. 10. Fluctuation of total absorbed radiation
dose over time in the vicinity of the Chernobyl
Nuclear Power Plant (ChNPP).

sity of radiation exposed due to factors such
as changes in radionuclide activity or envi-
ronmental conditions around the ChNPP.

Fig. 11. Distribution of radiation hazard in-
dex around the Chernobyl Nuclear Power Plant
(ChNPP) and its trend toward safe radiation lev-
els.

Fig. 10 shows that most of the Ra-
diation Hazard Index values are centered
around low values, with most of the data be-
low the value of 1, meaning relatively safe
radiation levels at a greater distance from
ChNPP. However, there are some higher
values, with the maximum reaching 26, in-
dicating measurements with significant ra-
diation doses at some points closer to the
radiation source. The vertical line is the
average Radiation Hazard Index giving an
idea of the general trend of the data, which
mostly shows values below the prescribed
safe limit (1 mR/h).

4. Conclusion
The theoretical conclusion of the

study shows that there is a strong relation-
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ship between the distance from ChNPP and
the level of radiation dose exposure, in ac-
cordance with the inverse square law, where
the greater the distance, the lower the radia-
tion dose received. The activity of isotopes
such as Zr-95, Cs-134, and Ru-106 is sig-
nificantly related to the radiation dose re-
ceived, with an increase in isotope activity
leading to higher radiation exposure. The
exposure dose and absorbed dose have a
very strong linear correlation with no devia-
tions. The use of Poisson regression models
was effective in analyzing the influence of
factors such as distance and isotope activity
on radiation dose, with appropriate results
and well-explained data variance.

Practical conclusions from the study
show the importance of considering the dis-
tance from the ChNPP in radiation risk
management. Reduction of radiation expo-
sure in areas farther from the plant can be
used to establish safe zones. Activity moni-
toring of isotopes such as Zr-95 and Cs-134
is key to understanding radiation distribu-
tion and identifying areas of high risk. The
absorbed radiation dose needs to be moni-
tored continuously to protect public health,
and health policies should be adjusted in
light of these findings. Poisson regression
models can help in radiation dose analysis,
while public education on the importance of
maintaining a safe distance and complying
with radiation regulations is needed.

Future research can focus on tem-
poral analysis of radiation dose distribu-
tion aroundChNPP to understand long-term
changes in radiation exposure due to differ-
ent isotope activities. In addition, it is im-
portant to develop a more accurate radiation
dose prediction model by considering other
environmental factors such as weather con-
ditions and topography. Further research
is also recommended to explore the impact
of long-term radiation exposure on public

health, with a focus on epidemiology and
the development of more effective mitiga-
tion strategies.
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