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Population dynamics model
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Fooulition

LIAULS

Dyuiies is the nature of the spatio-temporal variation

in biological population size (density etc.).

Mathematical Modelling
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Prologue

What mathematical model is
reasonable

I from the biological viewpoint? I
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What mathematical structure is
appropriate
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Distinct four logistic equations
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Prologue

Reasonability of modeling depends on

i) purpose of theoretical research;

ii) available data/linowledge/hypothesis;
iii) design of mathematical analysis.
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Population dynamics modeling for epidemics

Population dynamics modeling for information spread







Epidemic dynamics of infectious disease
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Epidemic dynamics of infectious disease
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Epidemic dynamics of infectious disease
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Epidemic dynamics model

Generic SIR model

ds(t)

= =B—AS(1) — psS(t)
d{d—(tt) = AS(t) — qI(t) — ml(t)
dR(t) _

= qI(t) — urR(t)



Epidemic dynamics model

Generic SIR model without demographic change

as(t) _

S = As(1)
MO~ As) - g1t
dR(t) _

T q1(t)



Epidemic dynamics model

A x I
ds(t)
B _ _prsey
d{d_(tt) —  BI(H)S(t) — qI(D)
dR(t) _

It qI(t)




Epidemic dynamics model




Epidemic dynamics model

Essential factors for epidemic dynamics

@ Route of disease transmission;

Public health condition;

Availability of medical services;

Cultural/social customs in daily life;

Social responses originated with cultural/political /economic
background.



Epidemic dynamics model

Seno, H., A Primer on Population Dynamics Modeling: Basic Ideas for Mathematical Formulation,
Springer Nature Singapore, Singapore, 2022.

Inaba, H., Age-Structured Population Dynamics in Demography and Epidemiology, Springer,
Singapore, 2017.

PRREERAN - Vel — & - MREPISE, BOHA AR URBIR] — Bile 7t ot —, Hhar
fiR, 5L, 2017.

Martcheva, M., An Introduction to Mathematical Epidemiology, Texts in Applied Mathematics 61,
Springer, New York, 2015.

Diekmann, O., Heesterbeek, H., Britton, T., Mathematical Tools for Understanding Infectious
Disease Dynamics, Princeton University Press, Princeton, 2013.

HABEAMFR (R , Bu oBeAEYY (BEFHNE BIERSE) | >V — XBEEY 220, 5
1%, HEA7HIR, 35T, 2008.

FRIER, YWE OFIE £ 7V, {5 B, B, 2008.






Information spread

Rumor, Fake news

Fashion, Trend, Vogue

Thought, Idea, Belief, Fear, Panic
Innovation, Culture, Habit, Language, Dialect
Parasite, Disease, Gene

etc.



Information spread dynamics model

Mathematical modeling

Stochastic process

Network dynamics

Cellular automaton




Information spread dynamics model
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Information spread dynamics model
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Information spread dynamics model

non-accepter accepter (spreader)
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Granovetter’s threshold model

Granovetter’s threshold model

Granovetter, M. (1978) American Journal of Sociology, 83(6), 1420-1443.
Granovetter, M. (1983) Sociological Theory, 1, 201-233.

Granovetter, M., Soong, R. (1983) Journal of Mathematical Sociology,
9(3), 165-179.



Granovetter’s threshold model

A threshold distribution
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A threshold distribution
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Granovetter’s threshold model

A threshold distribution
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Granovetter’s threshold model

A threshold distribution

Bistability may appear!

Number

It 1 L Iy 4
60 80 100
%

Threshold value for the acceptance about an information




Granovetter’s threshold model

Unclear correspondence to the temporal variation in
the number of accepters.




Population dynamics modeling for information spread

SOCIAL ACCEPTANCE

decision-making

ACCEPTER 4— NON-ACCEPTER




Population dynamics modeling for information spread

Rule for the decision-making on accepting the information

{ ¢ < aP == The information may be accepted.

¢ > «P —=> The information is not accepted with
the denial/disregard.

: Threshold value of individual.

R

P : Accepter frequency within the community.

«P : Strength of social acceptance regarding the information, now assumed to
be proportional to the accepter frequency.



Population dynamics modeling for information spread

F(x) = Prob@ <) = [ f(@)dg

lim F(x)=0; limF(» =1 f(@)>0

X—>—00

i= [ y@as o= C-DF@x



Population dynamics modeling for information spread

Threshold distribution

F(x) =Prob(E <x) = [ f(§)de

Mathematical assumption

0 for ¢ < 0;
0 forx <0;
F(x) = f(&) = < non-negative for ¢ € (0,a);
1 forx > w;
0 for & > a.




Population dynamics modeling for information spread

Initial accepter frequency

Bo= [ po@f@)dz= [ ¢o(@)() s

0<p@ <t 0<h< [ f@d= [ r@d=1

NOTE: They are excepted from the rule of decision-making!



Population dynamics modeling for information spread

12
N[ po(@)f(2) a2
ol

N : Number of individuals in the community.
P; : Accepter frequency at time t.

oP; : Strength of social acceptance at time t.



Population dynamics modeling for information spread

14
N[ go(8)f(@)dz
ol

Individuals with the threshold BELOW «P; at time t, except for the initial accepters

N [ 1900} £(@) 2




Population dynamics modeling for information spread

Accepters with the threshold BELOW «P; at time t except for the initial accepters

N(P; — Py)

v

a Py
N [ 1= go(@)}£(2) dE = N(Pi— Py)
= NF@P) +N [ 9o(@)£(2) dg — NP,




Population dynamics modeling for information spread

Non-accepters with the threshold BELOW «P; at time t

NE@P) +N [ 9o(2)£(2)dZ — NP

v
New accepters in unit time step

NPLyx = NPy = 9B(P) {NF(P) + N [ 90() /(@) dE — NP}

-

B(P) : Probability of having the opportunity to make a decision under the given
accepter frequency P, with B(0) = 0.

7 : Probability of making the decision to accept the information per
opportunity.



Population dynamics modeling for information spread

Recurrence relation for the temporal sequence of accepter frequencies

Pt = {1= yB(P) YR+ B (PO {F@P) + [ po(@)F(2) d2}

o= [~ go(@F@ 2= [ po(@)f(?)dt



Population dynamics modeling for information spread

Recurrence relation for the temporal sequence of accepter frequencies

Pria = {1 1B(P)}P+ yB(P) {F(@P) + [ po(2) () dz]

y

The sequence {P;} monotonically increases and converges to a value

P* € [Py, 1] for any Py € (0,1) as t — oo.




Population dynamics modeling for information spread

With
the frequency-proportional probability B(P;) = bP; (0 < b < 1), and uniformly

chosen initial accepters with ¢, (&) = ¢,

Recurrence relation on the temporal sequence of accepter frequency

Pri1 = |1+ 7b{po — Pi + (1— go)F(aP,) } | P

Poi= [ go@f@ds= [ gof@dc =00 [ f(2)ds =0



Population dynamics modeling for information spread

Recurrence relation on the temporal sequence of accepter frequency

Pii1= |1+ 9b{po— P+ (1— o) F(aP,) } | P

Lemma (No spread)

| A

If Py = @o < Oinf := Cin/, the accepter frequency remains the initial
frequency P, with no increase at any time step. Otherwise, it temporally
increases.

Lemma (Complete spread)

If Py = @9 > Osup := Csup/a, the accepter frequency monotonically
increases toward 1.




Population dynamics model for information spread

How does the heterogeneity of individuality

influence the information spread within a pop-

ulation?




Population dynamics model for information spread

Recurrence relation on the temporal sequence of accepter frequency

Priq1 = [14 yb{@po — Pr + (1 — @o)F(aP%) }] P;

y

Uniform distribution

f€) F(z)
1

! Esup — Eint

0 &inf Esup 5 0 &inf Esup




Population dynamics model for information spread

For the uniform threshold distribution, the accepter frequency P; mono-
tonically approaches 1 as time passes if Py = @¢ > 0in¢, while it remains
the initial frequency, P; = @y, if @9 < Oins.

1 complete spread

} no spread

Py = o = 0.02, 0.05, 0.08, 0.12, 0.15; & = 1.0; yb = 0.5; Eing = 0.1; Esup = 0.6; Ojng := Einela = 0.1.




Population dynamics model for information spread

Recurrence relation on the temporal sequence of accepter frequency

Pryq1 = [14 yb{@po — Pr + (1 — @o) F(aP%) }] P;

A linear example of monotonically decreasing distribution

0 Einf Esup f 0




Population dynamics model for information spread

For the monotonically decreasing threshold distribution, the ac-
cepter frequency P; monotonically approaches 1 as time passes
for the initial accepter frequency such that Py = ¢ > 0;,¢, while
it remains the initial frequency, P = ¢y, for ¢ < Oiys.




Population dynamics model for information spread

Recurrence relation on the temporal sequence of accepter frequency

Priq1 = [14 yb{@po — Pr + (1 — @o)F(aP%) }]| P;

A linear example of monotonically increasing distribution

A
L+ p \Eaup — int

0 &int Ssup E 0 &int Esup €




Population dynamics model for information spread

complete spread

Py
@y [s5o~——=cssss5son0moo0o000onononoancoasa0as } partial spread
e
f } no spread
10 20 50 100
t

Py = @p = 0.05, 0.08, 0.127, 0.170, 0.233, 0.255; & = 1.0; 9b = 0.5; &ing = Oing = 0.1; &sup = 0.9; p = 0.3; ¢ = 0.212; p. = 0.8.




Population dynamics model for information spread

A partial spread of information occurs only when the increasing threshold
distribution is sufficiently biased towards the higher value.

In a population with a high mean threshold value, and therefore a suf-
ficiently conservative characteristic according to the acceptance of

the spreading information, only a partial spread may occur, even if

the spread is ongoing.




Population dynamics model for information spread

Recurrence relation on the temporal sequence of accepter frequency

Pryq1 = [14 yb{@po — P; + (1 — @o)F(aP%) }] P

y

A schematic example of unimodal threshold distribution

F(x)

X

S O &int bm ﬂw
—_— 0




Population dynamics model for information spread

The behavioral characteristics of the accepter fre-
quency is qualitatively same as for the monotonically

increasing distribution.

It is implied that the complete spread of an information becomes harder
as the unimodal threshold distribution is biased towards the larger value.

For the unimodal threshold distribution that is biased towards the larger
value, the complete spread of an information becomes more challeng-
ing, while the partial spread becomes relatively more successful when it
occurs.




Population dynamics model for information spread

An extra case: Normal threshold distribution




Population dynamics model for information spread

An extra case: Normal threshold distribution

0 5 10 20
Py = ¢o = 0.38, 0.42; yb = 0.8; Elu =0.6; o/ = 0.1.




Population dynamics model for information spread

For a spreading information to be widely accepted, the threshold distri-
bution must have a sufficiently small mean and a large variance within
the community.

Such a community can be considered one that has a high diversity of
individuality and readily accepts the information.

In contrast, for a community with a large mean and a small variance in
the threshold distribution, meaning many cautious members are hesitant
to accept the information, its spread would be unsuccessful.




Population dynamics model for information spread

Seno, H., Uchioke, R., Dansu, E.J., 2024. A discrete-time population dynamics model for the
information spread under the effect of social response, J. Biol. Syst. 32(4): 1379-1426.

Dansu, E.J., Seno, H., 2022. A mathematical model for the dynamics of information spread
under the effect of social response, Interdisciplinary Information Sciences 28(1): 75-93.

HERE, T AEPHIZ LD 2EHETY > 7 — Wit N TAZEVEGERL A FI 72—, 3
VAN — LT a Yy [35] , HA AR, AT, 2021.

KBS, R 0H REHRTHE 2D — WEHE, At (R |, %A —Haz2ET L
TXIr) 56 6 F, HIBESE, B, 2019.

A —, EERIL D& Kofe, 5C4t, B, 2003.

Yamaguti, M., 1994. Discrete models in social sciences, Computers & Mathematics with
Applications 28: 263-267.



Negative aspect of information spread

Diffusion of an innovative technology could change people’s lifestyle.

May bring problems to our societies,
like environmental pollution, global warming, drug disasters, etc.

Over the past decade, similar scenarios have
emerged and become increasingly serious across
various aspects of digital technologies.

e.g., digital dependency, smartphone dependency, internet de-
pendency, internet gaming disorder, SNS dependency, Al
dependency.



Online behavioral addiction
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Online behavioral addiction

Hit counts of Scopus search with “dependency”, “addiction”, or “disorder”
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Internet gaming disorder
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Online gaming disorder

Online gaming disorder (IGD)

“Gaming disorder, predominantly online”

A pattern of gaming behavior (“digital-gaming” or “video-gaming”)
characterized by impaired control over gaming, increasing priority given
to gaming over other activities to the extent that gaming takes prece-
dence over other interests and daily activities, and continuation or esca-
lation of gaming despite the occurrence of negative consequences.

(WHO, ICD-11, 2018. https://www.who.int/standards/classifications/frequently-asked-questions/gaming-disorder)



https://www.who.int/standards/classifications/frequently-asked-questions/gaming-disorder

Population dynamics model for online gaming disorder

Moderate Gamer Addictive Gamer

Pathological gaming

New gamer M - =

Successful self-control

Medical/therapeutic

Stop gaming treatment

—>

Stop gaming

Under treatment




Population dynamics model for online gaming disorder

\ Moderate Gamer f ( M, A) Addictive Gamer
— M B
9(M, A)
e,

—_—
UR
Under treatment




Population dynamics model for online gaming disorder

Genetic model

dM
—p = A= (M, A)M +g(M, A)A — pmM + pR

92 = F(M, A)M — g(M, A)A — 7A

dR
ﬁ—O'A—pR—yRR




Population dynamics model for online gaming disorder

\ Moderate Gamer f ( M, A) § Addictive Gamer
g(M, A)

]

o

—_—
HR
Under treatment




Population dynamics model for online gaming disorder

Moderate Gamer f ( M A) Addictive Gamer
= M g

g(M, A)
e

Without treatment




Population dynamics model for online gaming disorder

Model without treatment

dM
—p = A~ (M, A)M +g(M, A)A — pmM

%1 — £(M,A)M — g(M, A)A




Population dynamics model for online gaming disorder

F(M,A) = B(M+A); g(M,A) = gye "(M+4)

Moderate Gamer Addictive Gamer

Under treatment



Population dynamics model without treatment

WITHOUT treatment

dM

2 =A—BM A+ AM +goe MDA — pyM

dA
—r =B(M+A)M —goe (M4



Population dynamics model for online gaming disorder

Temporal variations for WITHOUT treatment




Population dynamics model for online gaming disorder

WITH treatment

dM

2 =A—BM+AM +goe T MHVA — M + pR

‘Z—‘: = B(M+ A)M — gge "M+ A _ A

dR
EzaA—pR—yRR



Population dynamics model for online gaming disorder

Temporal variations for WITH treatment




Population dynamics model for online gaming disorder

Temporal variations for "WITHOUT — WITH" treatment




Population dynamics model for online gaming disorder

When the bond of online social relationships is weak, the population of addictive
gamers remains relatively low. However, once the bond becomes sufficiently
strong, the number of addictive gamers can show a sudden surge.

Only a treatment operation with a sufficiently high efficiency would be success-
ful in suppressing the population size of addictive gamers at a certain level.

The effectiveness of a treatment operation heavily relies on the inherent social
reinforcements provided by online gaming. The stronger social reinforcements
make the treatment operation more challenging.

The outcome of a treatment operation could significantly depend on the timing
of its commencement.

REFERENCE: Seno, H., 2021. A mathematical model of population dynamics about the inter-
net gaming addiction, Nonlinear Analysis: Modelling and Control 26(5): 861-883.




Online behavioral addiction

ON THE OTHER HAND, TODAY

we have already been aware of the emergence of a new type of
internet addiction stemming from the dependency on generative Al.
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Online behavioral addiction

ON THE OTHER HAND, TODAY

we have already been aware of the emergence of a new type of
internet addiction stemming from the dependency on generative Al.

Al dependency has a distinct nature compared to online gaming
disorders, especially in terms of its population dynamics. It is trig-
gered by a pseudo-social bond with a virtual personal relationship
created by Al, which is actually independent of the other users.

We should recognize its high potential to spread widely across our
society, while acknowledging that Al usage is certainly beneficial for
a variety of social activities.




Al dependency
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Population dynamics model for Al dependency

Moderate state Dependent state Addicted state

excessive Al engagement pseudo -social bond
therapeutlo interventions customized therapy




Population dynamics model for Al dependency

Moderate Users Dependent Users Addicted Users

_SfD+4A) M
g(A) p




Population dynamics model for Al dependency

Genetic model

";—Af = —f(D+A)M+g(A)D
”;—? = f(D+A)M —g(A)D —puD +pA



Population dynamics model for Al dependency

f(D+A4) = fo(1+B

D+ A

) s =a(1+og)

Moderate Users

M

24

D+ A

Dependent Users

rd

&
Y

g0(1+0'%)

D

Addicted Users

A




Population dynamics model for Al dependency




Population dynamics model for Al dependency

Temporal variation for
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Population dynamics model for Al dependency

, o, 52 )-dependence of 22EA% for the simple model
fo N

! Vd
</ <
20.020.0 20.020.0

Numerically drawn with r = p/u = 0.5, and (a) ¢ = 0.0; (b) B = 10.0.



Population dynamics model for Al dependency

Moderate Users Dependent Users Addicted Users

D+ A
f°(1+'8 N X

M - D

g0(1+0'%) p

AN
A

Given the strong attraction to Al usage, it is imperative that we conduct re-
searches and make preparations to mitigate the rise in Al dependency.







Epilogue

EYFHIRE
BIOLOGICAL
SRR . N / PROBLENS
malhemaltical fﬁﬁﬁg /
expression interpretations EMEIIRE - RE

biological hypotheses & assumptions

HEBMRTOAE - HE

design of mathematical analyses

L RBETU JICAND
. \ 1R&: - IRE
B AR | \ modeling hypotheses

mathematical analyses & assumptions EWHRE
» biological
researches

B NS

BN RITER

mathematical results

ympER s

mathematical discussion biological discussion

IR E

MATHEMATICA




Epilogue

Distinct four logistic equations

aN(r) _
— = {n = BN(D)}N(2)
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