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Abstract. Mathematical modelling of carcinogenesis attempts to explain the origins of cancer development
at the individual and population levels. For interpretation age-specific cancer incidence rates across races
of both sexes, the data of the Surveillance, Epidemiology, and End Results (SEER) Program are used. It is
found that the beta model (BM), as well as the generalized beta model (GBM) fit very well the SEER age-
specific incidence rates for 2017-2021, considering all cancer sites combined. The SEER data indicate that
at the population level the hazard of getting a cancer for the female population is lower than for the male
population. This statement is valid for all races as well as for the black and white populations. The weak
point of these models is that they treat the entire population as a single homogeneous risk class. In this
paper, we use a simple hypothesis of the dichotomous susceptibility to cancer in the population and give
the interpretation of the observed data. The proposed approach is applied to modeling the cancer occurrence
using the data collected in the SEER for all sites combined databases. We applied the conventional survival
analysis formalism and obtained the equation connecting population hazard function (unconditional hazard
function) with individual hazard function (conditional hazard function). The application of the regression
analyses to the GBM shows that parameters of this model are statistically different, while the estimates of
the cancer individual hazard functions appear visually are nearly the same. The obtained results may be
considered as an argument for the carcinogenesis of multistage theory. © 2025 Bull. Georg. Natl. Acad.
Sci.
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Introduction cancer development (Mdzinarishvili, et al., 2009;

Hiller et al., 2017).

A mathematical modeling of the age distribution of ) )
Cancer is a disease of old age. However,

cancer incidence rates results in a simple analytical

. . contrary to this statement, it seems that cancer
function of the age t , I(t) that can approximate y ’

incidence levels off or even begins to fall after the
age 75-80 (Arbeev, et al., 2005; Cox & Huber,

observed values of cancer incidence rates and

provides parameters of this function. The obtained

model parameters can be further used to build

rigorous statistical and/or biological models of

2007). This pattern appears almost universally

across all cancer types.
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Historically, three main hypotheses have
emerged to explain this turnaround: 1) under-repor-
ting of cancer incidence, 2) cellular mortality and
3) risk heterogeneity and mixing. The exact picture
of how cellular senescence and apoptosis interact
with carcinogenesis is complicated (Campisi, 2013;
Rodier & Campisi, 2011; Cerella et al., 2016). It is
thought that these two processes play crucial roles
in the body’s ability to prevent cancer. In fact, it is
believed that escaping these two evolutionary fail-
safes is a key step in the progression from cancer
cell to tumor (Ershler & Longo, 1997; Su et al.,
2015). The first epidemiological model to try to
explicitly capture the impact of cellular mortality
on carcinogenesis was proposed in (Pompei, &
Wilson, 2001; Harding et al., 2008; Harding et al.,
2012). According to this so called Beta Model
(BM) for a given cancer incidence rate, we have the
equation

1(t) = at®*~1(1 — Bt). (D)

In this BM, at® represents the incidence
function of the k — stage multistage model (so a is
a combined rate constant for limiting stage
transitions) and St is the probability that a cell and
its linear descendants have become extinct from
cellular senescence by time t, k is the number of
limiting (slow) stages to produce the cancer, and 8
is an empirical term.

The modification of BM was proposed in
(Mdzinarishvili, et. al., 2009). The authors used the
generalized beta model (GBM) of carcinogenesis to
fit data of the pancreatic and kidney cancers:

Ir(T) = c(bT)*"*(1 — bT)™ 1, )
where T = (t — A), t is the age at cancer diagnosis;
the incidence rate Ir(T) = I(t); b =1/(B — A); A
and B are the lower and upper age limits of cancer
development in years, respectively (we assume A =
0 and B = 100), c is a generalized rate constant; k
is the number of stages required to initiate cancer; m
is the degree of decrease in cancer incidence rates
due to the probability of stem cell death (for wha-
tever reason). The equation (2) can be rewritten as
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A feature of both these models (BM and GBM)
is that the predicted time of peak incidence of these
models is independent of the transition rate
parameter a and generalized rate constant c,
correspondingly. Thus, both these models predict
that an increase of cancer incidence at a younger
age would lead to overall higher rate in the
population and turn around at the older age.

The weak point of these models is that they treat
the entire population as a single homogeneous risk
class. This is problematic considering the great
amount of evidence that genetic variations can be
predictors for increased risk (Mdzinarishvili &
Sherman, 2014; Gsteiger & Morgenthaler, 2008).
This idea of genetic variation being a cause of risk
heterogeneity leads to the third explanation for the
turnaround at old age (for the details see Hiller et
al., 2017; Mdzinarishvili & Sherman, 2014).

In this paper, we use a hypothesis of the dicho-
tomous susceptibility to cancer in the population
and give the interpretation of the observed data. The
proposed approach is applied to modeling cancer
occurrence using data, collected in the Surveillan-
ce, Epidemiology, and End Results (SEER) on the
all-sites-combined databases. The obtained new re-
sults may help in understanding of the carcinoge-

nesis process.

Materials and Methods

The SEER databases provide delay factors specific
to a cancer site, registry, age group, race, and year
of diagnosis. In our analysis for age-specific
incidence rates, we use all cancer sites combined
SEER delay-adjusted Incidence rates by age at
diagnosis, 2017-2021, with their standard errors.
We do not take into account the birth cohort and
time period effects (Mdzinarishvili et al., 2009),
assuming that all these effects are negligible.
Bellow, we use the data from SEER*Explorer,
2025.
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In this work, we use the concepts and designa-
tions of the survival analysis that were adapted in
(Mdzinarishvili & Sherman, 2013; Mdzinarishvili
& Sherman, 2014) for purposes of carcinogenic
modeling. By S(t) we denote a conditional survival
function that an individual “survives* from getting
a particular type of cancer at the aget, giventhat
this individual belongs to the pool of individuals
susceptible to cancer, and we called S(t) the indivi-
dual survival function. Analogously, we denote
h(t)and f(t)the conditional hazard function and
the conditional probability density function,
correspondingly. We also called h(t) the individual
hazard function (as well as the individual cancer
presentation function) and f(t) — the probability
density function of individual cancer presentation.
According to the conventional survival analysis
formalism, S(t), h(t) and f(t) are related in the
following way (Mdzinarishvili & Sherman, 2013):

- f®
h(t) = S’ “4)
fo=-=2, )
S(t) = exp (— foth(z)dz) =exp[-H(®)], (6)
H(t) = [ h(z)dz, (7)

where H(t) is the cumulative individual hazard
function.

We denote by Sy (t) an unconditional survival
(or cancer resistance) function showing that an
individual, randomly chosen from the population,
did not experience the event (cancer presentation)
at the age t (i.e. this individual did not develop
cancer up to that age). We called Sy (t) the popu-
lation (unconditional) cancer resistance function.
Analogously, we denoted the unconditional cancer
hazard function (or population cancer hazard
function) by hy (t).

According to (Mdzinarishvili & Sherman,
2013), Sy (t) and S(t) are related as follows:

Sy =1 —-p)-1+pSE) =1—-p+pSt)(8)
and
SO = Sy@+p=-1,
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where p is the probability that a randomly chosen
individual is susceptible to cancer and 1 — p is the
probability that this individual is resistant to cancer.
Note, p can also be considered as the relative size
of the pool of the individuals susceptible to cancer.

The unconditional cancer hazard function,
hy (t), showing that an individual, randomly
chosen from the whole population, gets cancer at

the age t can be presented in the following way:
h(t)

v (O = i el
The conditional cancer hazard function, h(t),

(10)

which shows that an individual, randomly chosen
from the pool of individuals susceptible to cancer,
is diagnosed with cancer at the age t is presented

as:

RO = . (i
where:

Hy (t) = f, hy (2)dz (12)

is the cumulative unconditional cancer hazard

function, and
Hyo(6) = [§ hy (2)dz (13)

is the entire cumulative unconditional cancer
hazard.

In cancer registries, the cancer incidences and
the size of population are usually tabulated with
five-year age intervals. SEER presents estimates of
the age-specific incidence rates (unconditional
hazard function hy (t;)), where the age t; (i =
1,2,..,n) is a discrete variable presenting the
corresponding m successive age intervals mid
points. We called the conditional cancer hazard,
h(t;), as the individual cancer hazard and
hazard, hy (t;), as the

unconditional cancer

population level hazard.

Results

From (11) it follows that an empirical estimate
(denoted by sign’*’) of the conditional cancer
hazard function, h(t;) can be obtained by the

following formula
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hy (t)
Hyo (t;)—Hy (t;)

where estimates hy (t;), Hyo (t;) Hy (t;) and
their standard errors are obtained from SEER data

h(t) = (i=12,..,n), (14)

by standard procedures. For all races we give the
observed SEER data.
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Fig. 1. Estimates of the population hazard functions.
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Fig. 2. Estimates of the individual hazard functions.

Figure 1 presents the estimates of the cancer
population hazard functions, &y (t;), for all cancer
sites combined and all races, based on the SEER
age-specific incidence rates from 2017 to 2021. The
small circles (0) denote SEER incidence rates for
both sexes at the midpoints of the first 19 time
intervals presented in the first column of the Table
(SEER*Explorer:). Standard errors are too small
and are not presented in Fig. 1. The asterisk (¥)
denotes SEER incidence rates for female popula-
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tion and (x) for male population. Regression ana-
lyses for BM and GBM shows that parameters of
these models are statistically different, while in Fig.
2 the estimates of the cancer individual hazard
functions A(t; ), are visually very close. The black
line indicates 4th order polynomial approximation.
Calculations show (results are not presented)
that the observed age-specific incidence data have
good fitting for GBM lines. We calculated the
coefficient of determination R? for considered
populations and found that this statistics is very
close to 1. This means that the best fit curves match
the data with nearly no scatter for considered
populations. It should be noted that R? ~ 1
indicates that the curve came very close to the data
points, but does not imply that the fit is sensible in
other ways (Motulsky & Christopoulos, 2004).

Conclusion

A simple hypothesis of the dichotomous suscepti-
bility to cancer in the population is used for interp-
retation of the observed data. The proposed appro-
ach is applied for modeling the cancer occurrence,
using data collected in the SEER all-sites-combined
databases. Using the conventional survival analysis
formalism gives the equation connecting popula-
tion hazard function (unconditional hazard func-
tion) with individual hazard function (conditional
hazard function). Application of the regression
analyses to the GBM shows that parameters of this
model are statistically different, while the estimates
of the cancer individual hazard functions are very
close. The obtained results may be considered as an

argument of the carcinogenesis multistage theory.
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	We denote by 𝑆𝑈 𝑡 an unconditional survival (or cancer resistance) function showing that an individual, randomly chosen from the population, did not experience the event (cancer presentation) at the age 𝑡 (i.e. this individual did not develop cancer up to that age). We called 𝑆𝑈𝑡 the popu-lation (unconditional) cancer resistance function. Analogously, we denoted the unconditional cancer hazard function (or population cancer hazard function) by ℎ𝑈 𝑡.
	According to (Mdzinarishvili & Sherman, 2013), 𝑆𝑈 𝑡 and 𝑆𝑡 are related as follows:
	𝑆𝑈𝑡=1−𝑝·1+𝑝𝑆𝑡=1−𝑝+𝑝𝑆𝑡 (8)
	and
	𝑆𝑡= 1𝑝𝑆𝑈 𝑡+𝑝−1 ,            (9)
	where 𝑝 is the probability that a randomly chosen individual is susceptible to cancer and 1−𝑝 is the probability that this individual is resistant to cancer. Note, 𝑝 can also be considered as the relative size of the pool of the individuals susceptible to cancer.
	The unconditional cancer hazard function, ℎ𝑈 𝑡, showing that an individual, randomly chosen from the whole population, gets cancer at the age 𝑡 can be presented in the following way:
	 ℎ𝑈 𝑡=𝑝ℎ𝑡𝑝+1−𝑝exp𝐻𝑡.            (10)
	The conditional cancer hazard function, ℎ𝑡, which shows that an individual, randomly chosen from the pool of individuals susceptible to cancer, is diagnosed with cancer at the age 𝑡 is presented as:
	ℎ𝑡= ℎ𝑈 𝑡𝐻𝑈𝑂 𝑡−𝐻𝑈 𝑡 ,                 (11)
	where:
	 𝐻𝑈 𝑡=0𝑡ℎ𝑈 𝑧𝑑𝑧                  (12)
	is the cumulative unconditional cancer hazard function, and
	𝐻𝑈𝑂𝑡=0∞ℎ𝑈 𝑧𝑑𝑧                 (13)
	is the entire cumulative unconditional cancer hazard.
	In cancer registries, the cancer incidences and the size of population are usually tabulated with five-year age intervals. SEER presents estimates of the age-specific incidence rates (unconditional hazard function ℎ𝑈 𝑡𝑖 ), where the age 𝑡𝑖 (𝑖=1,2,…,𝑛) is a discrete variable presenting the corresponding 𝑛 successive age intervals mid points. We called the conditional cancer hazard, ℎ 𝑡𝑖 , as the individual cancer hazard and unconditional cancer hazard, ℎ𝑈 𝑡𝑖 , as the population level hazard.
	Results
	From (11) it follows that an empirical estimate (denoted by sign’^’) of the conditional cancer hazard function, ℎ(𝑡𝑖 ) can be obtained by the following formula
	ℎ(𝑡𝑖 )= ℎ𝑈 (𝑡𝑖 )𝐻𝑈𝑂 (𝑡𝑖 )−𝐻𝑈 (𝑡𝑖 )  (𝑖=1,2,…,𝑛),   (14)
	where estimates ℎ𝑈 (𝑡𝑖 ), 𝐻𝑈𝑂 (𝑡𝑖 ) 𝐻𝑈 (𝑡𝑖 ) and their standard errors are obtained from SEER data by standard procedures. For all races we give the observed SEER data.
	/
	Fig. 1. Estimates of the population hazard functions.
	/
	Fig. 2. Estimates of the individual hazard functions.
	Figure 1 presents the estimates of the cancer population hazard functions, ℎ𝑈 𝑡𝑖 , for all cancer sites combined and all races, based on the SEER age-specific incidence rates from 2017 to 2021. The small circles (o) denote SEER incidence rates for both sexes at the midpoints of the first 19 time intervals presented in the first column of the Table (SEER*Explorer:). Standard errors are too small and are not presented in Fig. 1. The asterisk (*) denotes SEER incidence rates for female popula-tion and (x) for male population. Regression ana-lyses for BM and GBM shows that parameters of these models are statistically different, while in Fig. 2 the estimates of the cancer individual hazard functions ℎ(𝑡𝑖 ), are visually very close. The black line indicates 4th order polynomial approximation.
	Calculations show (results are not presented) that the observed age-specific incidence data have good fitting for GBM lines. We calculated the coefficient of determination 𝑅2 for considered populations and found that this statistics is very close to 1. This means that the best fit curves match the data with nearly no scatter for considered populations. It should be noted that 𝑅2≈1 indicates that the curve came very close to the data points, but does not imply that the fit is sensible in other ways (Motulsky & Christopoulos, 2004).
	Conclusion
	A simple hypothesis of the dichotomous suscepti-bility to cancer in the population is used for interp-retation of the observed data. The proposed appro-ach is applied for modeling the cancer occurrence, using data collected in the SEER all-sites-combined databases. Using the conventional survival analysis formalism gives the equation connecting popula-tion hazard function (unconditional hazard func-tion) with individual hazard function (conditional hazard function). Application of the regression analyses to the GBM shows that parameters of this model are statistically different, while the estimates of the cancer individual hazard functions are very close. The obtained results may be considered as an argument of the carcinogenesis multistage theory.
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Abstract. Mathematical modelling of carcinogenesis attempts to explain the origins of cancer development at the individual and population levels. For interpretation age-specific cancer incidence rates across races of both sexes, the data of the Surveillance, Epidemiology, and End Results (SEER) Program are used. It is found that the beta model (BM), as well as the generalized beta model (GBM) fit very well the SEER age-specific incidence rates for 2017-2021, considering all cancer sites combined. The SEER data indicate that at the population level the hazard of getting a cancer for the female population is lower than for the male population. This statement is valid for all races as well as for the black and white populations. The weak point of these models is that they treat the entire population as a single homogeneous risk class. In this paper, we use a simple hypothesis of the dichotomous susceptibility to cancer in the population and give the interpretation of the observed data. The proposed approach is applied to modeling the cancer occurrence using the data collected in the SEER for all sites combined databases. We applied the conventional survival analysis formalism and obtained the equation connecting population hazard function (unconditional hazard function) with individual hazard function (conditional hazard function). The application of the regression analyses to the GBM shows that parameters of this model are statistically different, while the estimates of the cancer individual hazard functions appear visually are nearly the same. The obtained results may be considered as an argument for the carcinogenesis of multistage theory. © 2025 Bull. Georg. Natl. Acad. Sci.
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Introduction

A mathematical modeling of the age distribution of cancer incidence rates results in a simple analytical function of the age  ,  that can approximate observed values of cancer incidence rates and provides parameters of this function. The obtained model parameters can be further used to build rigorous statistical and/or biological models of cancer development (Mdzinarishvili, et al., 2009; Hiller et al., 2017).

Cancer is a disease of old age. However, contrary to this statement, it seems that cancer incidence levels off or even begins to fall after the age 75-80 (Arbeev, et al., 2005; Cox & Huber, 2007). This pattern appears almost universally across all cancer types. 

Historically, three main hypotheses have emerged to explain this turnaround: 1) under-repor-
ting of cancer incidence, 2) cellular mortality and 3) risk heterogeneity and mixing. The exact picture of how cellular senescence and apoptosis interact with carcinogenesis is complicated (Campisi, 2013; Rodier & Campisi, 2011; Cerella et al., 2016). It is thought that these two processes play crucial roles in the body’s ability to prevent cancer. In fact, it is believed that escaping these two evolutionary fail-safes is a key step in the progression from cancer cell to tumor (Ershler & Longo, 1997; Su et al., 2015). The first epidemiological model to try to explicitly capture the impact of cellular mortality on carcinogenesis was proposed in (Pompei, & Wilson, 2001; Harding et al., 2008; Harding et al., 2012). According to this so called Beta Model (BM) for a given cancer incidence rate, we have the equation 

                 (1)

In this BM, represents the incidence function of the  – stage multistage model (so  is a combined rate constant for limiting stage transitions) and  is the probability that a cell and its linear descendants have become extinct from cellular senescence by time,  is the number of limiting (slow) stages to produce the cancer, and  is an empirical term.

The modification of BM was proposed in (Mdzinarishvili, et. al., 2009). The authors used the generalized beta model (GBM) of carcinogenesis to fit data of the pancreatic and kidney cancers:

 ,           (2)

where , is the age at cancer diagnosis; the incidence rate  ;  and  are the lower and upper age limits of cancer development in years, respectively (we assume  and ; c is a generalized rate constant;  is the number of stages required to initiate cancer;  is the degree of decrease in cancer incidence rates due to the probability of stem cell death (for wha-
tever reason). The equation (2) can be rewritten as 

	     (3)

A feature of both these models (BM and GBM) is that the predicted time of peak incidence of these models is independent of the transition rate parameter  and generalized rate constant c, correspondingly. Thus, both these models predict that an increase of cancer incidence at a younger age would lead to overall higher rate in the population and turn around at the older age.

The weak point of these models is that they treat the entire population as a single homogeneous risk class. This is problematic considering the great amount of evidence that genetic variations can be predictors for increased risk (Mdzinarishvili & Sherman, 2014; Gsteiger & Morgenthaler, 2008). This idea of genetic variation being a cause of risk heterogeneity leads to the third explanation for the turnaround at old age (for the details see Hiller et al., 2017; Mdzinarishvili & Sherman, 2014).

In this paper, we use a hypothesis of the dicho-
tomous susceptibility to cancer in the population and give the interpretation of the observed data. The proposed approach is applied to modeling cancer occurrence using data, collected in the Surveillan-
ce, Epidemiology, and End Results (SEER) on the all-sites-combined databases. The obtained new re-
sults may help in understanding of the carcinoge-
nesis process.



Materials and Methods

The SEER databases provide delay factors specific to a cancer site, registry, age group, race, and year of diagnosis. In our analysis for age-specific incidence rates, we use all cancer sites combined SEER delay-adjusted Incidence rates by age at diagnosis, 2017-2021, with their standard errors. We do not take into account the birth cohort and time period effects (Mdzinarishvili et al., 2009), assuming that all these effects are negligible. Bellow, we use the data from SEER*Explorer, 2025.

In this work, we use the concepts and designa-
tions of the survival analysis that were adapted in (Mdzinarishvili & Sherman, 2013; Mdzinarishvili & Sherman, 2014) for purposes of carcinogenic modeling. By  we denote a conditional survival function that an individual “survives“ from getting a particular type of cancer at the age, giventhat this individual belongs to the pool of individuals susceptible to cancer, and we called  the indivi-
dual survival function. Analogously, we denote and the conditional hazard function and the conditional probability density function, correspondingly. We also called  the individual hazard function (as well as the individual cancer presentation function) and  ‒ the probability density function of individual cancer presentation. According to the conventional survival analysis formalism, ,  and  are related in the following way (Mdzinarishvili & Sherman, 2013):

,                              (4)

 ,	                       (5)

     (6)

,                   (7)

where is the cumulative individual hazard function.

We denote by an unconditional survival (or cancer resistance) function showing that an individual, randomly chosen from the population, did not experience the event (cancer presentation) at the age  (i.e. this individual did not develop cancer up to that age). We called the popu-
lation (unconditional) cancer resistance function. Analogously, we denoted the unconditional cancer hazard function (or population cancer hazard function) by.

According to (Mdzinarishvili & Sherman, 2013),and are related as follows:

(8)

and

,            (9)

where  is the probability that a randomly chosen individual is susceptible to cancer and  is the probability that this individual is resistant to cancer. Note,  can also be considered as the relative size of the pool of the individuals susceptible to cancer.

The unconditional cancer hazard function, , showing that an individual, randomly chosen from the whole population, gets cancer at the age  can be presented in the following way:

 .            (10)

The conditional cancer hazard function, , which shows that an individual, randomly chosen from the pool of individuals susceptible to cancer, is diagnosed with cancer at the age  is presented as:

,                 (11)

where:

                   (12)

is the cumulative unconditional cancer hazard function, and

                 (13)

is the entire cumulative unconditional cancer hazard.

In cancer registries, the cancer incidences and the size of population are usually tabulated with five-year age intervals. SEER presents estimates of the age-specific incidence rates (unconditional hazard function  where the age ( is a discrete variable presenting the corresponding  successive age intervals mid points. We called the conditional cancer hazard, , as the individual cancer hazard and unconditional cancer hazard, as the population level hazard.



Results

From (11) it follows that an empirical estimate (denoted by sign’^’) of the conditional cancer hazard function,  can be obtained by the following formula

	(,   (14)

where estimates ,  and their standard errors are obtained from SEER data by standard procedures. For all races we give the observed SEER data.
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Fig. 1. Estimates of the population hazard functions.
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Fig. 2. Estimates of the individual hazard functions.



Figure 1 presents the estimates of the cancer population hazard functions,  for all cancer sites combined and all races, based on the SEER age-specific incidence rates from 2017 to 2021. The small circles (o) denote SEER incidence rates for both sexes at the midpoints of the first 19 time intervals presented in the first column of the Table (SEER*Explorer:). Standard errors are too small and are not presented in Fig. 1. The asterisk (*) denotes SEER incidence rates for female popula-
tion and (x) for male population. Regression ana-
lyses for BM and GBM shows that parameters of these models are statistically different, while in Fig. 2 the estimates of the cancer individual hazard functions  are visually very close. The black line indicates 4th order polynomial approximation.

Calculations show (results are not presented) that the observed age-specific incidence data have good fitting for GBM lines. We calculated the coefficient of determination  for considered populations and found that this statistics is very close to 1. This means that the best fit curves match the data with nearly no scatter for considered populations. It should be noted that  indicates that the curve came very close to the data points, but does not imply that the fit is sensible in other ways (Motulsky & Christopoulos, 2004).



Conclusion

A simple hypothesis of the dichotomous suscepti-
bility to cancer in the population is used for interp-
retation of the observed data. The proposed appro-
ach is applied for modeling the cancer occurrence, using data collected in the SEER all-sites-combined databases. Using the conventional survival analysis formalism gives the equation connecting popula-
tion hazard function (unconditional hazard func-
tion) with individual hazard function (conditional hazard function). Application of the regression analyses to the GBM shows that parameters of this model are statistically different, while the estimates of the cancer individual hazard functions are very close. The obtained results may be considered as an argument of the carcinogenesis multistage theory.
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კანცეროგენეზის მათემატიკური მოდელირება მიზანმიმართულია ახსნას კიბოს წარმოშობა და განვითარება ინდივიდუალურ და პოპულაციურ დონეზე. ყველა რასის, ორივე სქესის, ქალისა და მამაკაცის კიბოს ასაკობრივი სპეციფიკური შემთხვევების ინტერპრეტაციისთვის გამოიყენება SEER (The Surveillance, Epidemiology, and End Results) პროგრამის დაკვირვებათა მონაცემები. აღმოჩნდა, რომ ე.წ. ბეტა მოდელი (ბმ), ისევე როგორც განზოგადებული ბეტა მოდელი (გბმ), ძალიან კარგად ესადაგება SEER-ის ასაკობრივად სპეციფიკურ შემთხვევების მაჩვენებლებს 2017-2021 წლებში, კიბოს ყველა სახეობის კომბინირებულ მონაცემებს. SEER მონაცემებით მიღებულია, რომ პოპულაციის დონეზე, კიბოთი დაავადების რისკი ქალებში უფრო დაბალია, ვიდრე მამაკაცებში. ეს მტკიცება მართებულია ყველა რასისთვის, ასევე შავ-
კანიანი და თეთრკანიანი მოსახლეობისთვის. წინამდებარე  ნაშრომში გამოყენებულია პოპუ-
ლაციაში კიბოს დაავადების მიმართ დიქოტომიური მგრძნობელობის მარტივი ჰიპოთეზა და შემოთავაზებულია დაკვირვებული მონაცემების ინტერპრეტაცია. შემოთავაზებული მიდ-
გომა გამოიყენება კიბოს შემთხვევების მოდელირებისთვის SEER-ის გაერთიანებულ მონა-
ცემთა ბაზებში შეგროვებული მონაცემების მიხედვით. ჩვენ გამოვიყენეთ გადარჩენის ტრა-
დიციული ანალიზის ფორმალიზმი და მივიღეთ განტოლება, რომელიც აკავშირებს პოპულა-
ციის საფრთხის ფუნქციას (უპირობო საფრთხის ფუნქციას) ინდივიდუალურ საფრთხის ფუნ-
ქციასთან (პირობით საფრთხის ფუნქციასთან). რეგრესიული ანალიზის გბმ-ზე გამოყენება აჩვენებს, რომ ამ მოდელის პარამეტრები სტატისტიკურად განსხვავებულია, მაშინ როდესაც კიბოს ინდივიდუალური საფრთხის ფუნქციების შეფასებები ვიზუალურად თითქმის ერთ-
ნაირია. მიღებული შედეგები შეიძლება ჩაითვალოს კანცეროგენეზის მრავალსაფეხურიანი თეორიის არგუმენტად.
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