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What technical computing meant to

d Theory — real-life impact
A Abstraction!
A This problem was not one equation...

A We had 3 scales
A  Household affordability
A Behavioural gambling dynamics

A Long-run recovery models

Affordability - Behavioural escalation - Recovery burden

us
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Diart
How the models connect

(d  Question 1

Q identifies vulnerability before gambling begins

(d  Question 2

d models how behaviour converts vulnerability into losses

A1  Question 3

d  measures how long the damage lasts after the betting stops
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Q1 - an introduction

d Model a person’s disposable income

A From salary and demographics

A Test how vulnerable it is to unexpected emergency costs

A We built a 2-part model:

A Deterministic layer

A Stochastic layer
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13

h ¢ Z max (Y |—FQina (C + V(m))

Essential Costs
Net Income

~_1405(a—=1)+0.3c
Y(l . 7_) Eand — G
Yi=—— o
12 V(m) =Uy+ Acos(ﬁm)

C=H+F+T+M

oy M, if a <65
)25M, ifa>65
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Simplified Overview

Net Income
EQind —

Diart

FQind (C + V(m))

7@

Essential Costs

1+ 0.5(a—1)+0.3¢

Y(1-17)

Y,
’ 12

V(m) =

a

2
Uo + Acos(l—gm)

C=H+F+T+M

oo

Mo
2.5M,

if @ <65
if & > 65

Emergency Costs

n; ~ Poisson(\),

N n;

1
Sm = ﬁ Z Z Si,jom
i=1 j=1
si,j ~ LogNormal (s, 02), ] T . ¥
1=1,2,...,N

A= )‘0 i Aage s )\size

)‘sizc = L0~ 0.2 (a & — 1)

if a <40

il
/\age = .
1.2 if a>40
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Stan
What data did we use?

A Tax

(1 IRS, UK Gov and States
A  Cost of Living
(d ONS, MIT Living Wage Calculator, Research Journals

A How we used the data

d Parsed deterministic Cost of Living into a CSV file (with Python scripts)

A Parameters of shock distribution and intensity calculated from research data
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Data used

1

- Tax Rates

A B C
Country Region Effective_State_Tax_Rate
Categorical ¥ |Text ~ |Number N

1 Country Region Effective_State_Tax_Rate
2 |us Alabama 0.05
3 |Us Alaska 0
4 |Us Arizona 0.025
5 |Us Arkansas 0.039
6 |US California 0.133
7 |uUs Colorado 0.044
8 |Us Connecticut 0.0699
9 |uUs Delaware 0.066
10 (US Florida 0
11 |US Georgia 0.0519
12 |Us Hawaii 0.1
13 (US Idaho 0.053
14 (US lllinois 0.0495
15 |US Indiana 0.0295
16 (US lowa 0.038
17 |(US Kansas 0.0558
18 |US Kentucky 0.035
19 |US Louisiana 0.03
20 |us Maine 0.0715
21 |us Maryland 0.065
22 |Us Massachus... 0.09
22 lus Michiaan 0.0425

Stan



Data used

1

- Tax Rates

2

Essential Costs

Stan

A B e D E F
Country Region Base_Housing_Annual Base_Food_Annual Base_Transport_Annual Base_Healthcare Annual

Categorical ¥ |Text Number ~ |Number ~ |Number ~ |Number b
1 |country Region Base_Housing_Annual Base_Food_Annual Base_Transport_Annual Base_Healthcare_Annual
2 |us Texas 14744 3856 8454 3271
3 |us California 22471 4463 8681 3255
4 |us New York 35525 7116 4710 4695
5 |us Florida 22049 4802 7395 2801
6 |UK England 2769 1706 2101 250/
7 |uk Wales 2166 1617 2114 250/
RS Scotland 2127 1599 1973 250/
9 |uk Northern Ireland 1854 2025 2327 250!

A B C
Country Region Effective_State_Tax_Rate

Categorical ¥ |Text ~ |Number N

1 Country Region Effective_State_Tax_Rate
2 |us Alabama 0.05
3 |Us Alaska 0
4 |Us Arizona 0.025
5 |Us Arkansas 0.039
6 |US California 0.133
7 |uUs Colorado 0.044
8 |Us Connecticut 0.0699
9 |uUs Delaware 0.066
10 (US Florida 0
11 |US Georgia 0.0519
12 |Us Hawaii 0.1
13 (US Idaho 0.053
14 (US lllinois 0.0495
15 |US Indiana 0.0295
16 (US lowa 0.038
17 |(US Kansas 0.0558
18 |US Kentucky 0.035
19 |US Louisiana 0.03
20 |us Maine 0.0715
21 |us Maryland 0.065
22 |Us Massachus... 0.09
22 lus Michiaan 0.0425




Stan
Model Structure

(1) Create the ‘personas’

personas = struct(...
'Description’', { ...

'Young Single, TX (US)',
'Young Single, CA (US)', ...
'Mid-Career Single, NY (US)',
'Mid-Career Family, NY (US)',
'Pre-Retiree, FL (US)',
'Young Single, England (UK)',
'Mid-Career Family, Scotland (UK)',
'Pensioner, Wales (UK)'

7 —

'Salary’, {35000, 35000, 120000, 120000, 65000, 35000, 65000, 25000},

‘Age’, { ‘24, 24, 40, 40, 62, 28, 45, 723,

'Country®', { 'US’, 'US', ‘'Us', ‘US", °‘US', 'UK', i 'UK'},

'Region’, {'Texas', 'California', 'New York', 'New York', 'Florida', 'England', 'Scotland', 'Wales'},
‘Adults', { 1, 1, 1, 2, 2, 1, 2, 1},

‘Children', { O, 0, 0, 2, 0, 0, 25 s PO

)5



Model Structure

(2) Apply Taxes on ‘Personas’

Tax Rates

nnnnn

nnnnn

(1) Create the ‘Personas

~Stan

Y; Y(1-1)
12
Symbol Variable
Y, Monthly Net Income
Y Gross Income

Tax Rate




(2) Apply Taxes on “Personas’ St a n
ax Rates

1) Create the ‘Personas’

Model Structure

C=H+F+T+M M= My if @ <65

(3) Calculate Essential Costs - Part 1 2.5M, ifa>65
Essential Costs Symbol Variable
C Fixed Costs
H Housing Costs
F Food Costs
T Transportation
M Medical Costs
M, Base Medical
Costs
a Age




(2) Apply Taxes on “Personas’ St a n

(1) Create the ‘Personas’

Model Structure

i - 2
(3) Calculate Essential Costs Part 2 V(m):Uo—i-Acos(%m)

Essential Costs
e Symbol Variable
W : V(m) Monthly Variable Costs
+ U, Base Utility Costs
it A Variation Amplitude
m Month (from © to 11)




ula

2) Apply T ry
(1) Create the ‘Personas’ (2) Apply Taxes (3) subtract Essenlal costs

Tax Rates

Model Structure

— .
B 1+0.5(a—1)+0.3c
(4) Apply Household Structure Qind = ”
adults = max(1, adults);
i : Symbol Variable
% Calculate OECD-modified equivalence scale factor (EQ)
EQ = 1.0 + 0.5 * (adults - 1) + 0.3 * children;
% Calculate individual's portion of the essential costs EQind OECD—mOdi'FiEd
: Fll"St{ scale base costs up to the household level, then divide by adults equivalence scale
assuming adults share expenses equally.
Total_Household_Costs = base_essentials * EQ;
Individual_Essentials = Total_Household Costs / adults; a Number O_F Adults
C Number of Child




Model Structure

(5) Apply Financial Shocks - Part 1

Poisson Distribution
Poisson, Mean=2.24

El
3
3
&

030
25
20
o1
o
o0s
o0

Probability density

(1) Create the *Personas’

(2) Apply Taxes

It

A=Xo- >\age * Asize
Asize =1.04+02(a+c—1)

1 if o <40
)\age - g
1.2 if o> 40
Symbol Variable
A Mean Shock Rate
Ae Base Rate
Asize Size Rate Modifier
A, Age Rate Modifier
ge
a

Age

Gyula

(3) Subtract Essential co:

(3) Apply Household Structure.




Gyula

(2) Apply Taxes (3) Subtract Essential cos

(1) Create the *Personas’ Tax Rates

\

Model Structure

faifsiiniisfiiie

(3) Apply Household Structure.

N g

1
Sm = == Zzsi,j,m
(5) Apply Financial Shocks - Part 2 b =i
Sij ~ LogNormal(g,02), j=1,2,...,n;

oo bt n; ~ Poisson(}\), i=1,2,...,N

e Symbol Variable

i

& S, Shock for Month m

o : ot ¢ °

> N Simulation Count
n, Shock Count for Simulation 1
= s Simulated Shock
g u Mean for Log of Shock Severity
% . . .
X o Std. Deviation for Log of Shock Severity

A Mean Shock Rate




(2) Apply Taxes (3) Subty en s
(1) Create the ‘Personas’ Tax Rates yaﬂ« a

Model Structure - -
(5) Apply Financial Shocks
P
(6) Acquire and Visualize Results +
Exhibit 2: Fat Tail Risk Distribution 1 1
ot 1. roperonncome brden ot ibursnes Lowmeame 08

- : - Y= E max (Yy — BQgpa{C + Vim))— S, 0)
I 5 =y
5l : 1
fo i ]
‘& . ' Symbol Variable

T A S S P o o o

v v Ay Y, Annual Disposable Income

- [T — . Extbit:Basain Probabity f R

:' =T g Y, Net Income
[ )
¢
i H EQ,.. OECD-modified Equivalence Scale per person

H
[
el ARy o+ C Fixed Monthly Costs
S LSS ’
v(m) Variable Monthly Costs for month m
S, Financial Shock for month m
m Month (from @ to 11)




Model Structure

(2) Apply Taxes

(1) Create the €‘Personas’

% 2. Define the Demonstration Personas
personas = struct

*Young Single, CA (US)',
‘Mid-Career Single, NY (US)', ...
"Mid-Career Family, NY (US)', ...
‘Pre-Retiree, FL (US)',

“Voung Single, England (UK)', ..
“Mid-Caneer Fanily, Scotland (UK)', ...
*Pensioner, lales (UK)'

—

1
“Salary', (3500, 35060, 120000, 120000, 65060, 35000, 6500, 25099}, ...

“hge’, ¢ 24, 26, 4, 4, 62, 28, as, 72}, ...
‘Country’, { 'US', 'US', U, ‘US', 'US', CUK', 'UK', K'Y,

‘Region’, {'Texas', 'California’, 'New York', 'New York', 'Florida’, 'England', 'Scotland’, 'Wales'}, ...
adults', {1, 1, 1 2, 2 1, 2, 13,

‘children’, { o, 8, o, 2, e e, 2, o}

(6) Visualize Results

Exno 2 Fat T Rk istrution
Exn - Proporvontncame Bursen o (ersona s Lowincome US)

IIIII| | gg

/’s‘f,rvt

Exna 3 Vinesbity by Demograptic

PR

P

Pt e 9

P

R ——— o

Exhii :Baseine Probabiy of Run

§

[ ——

Gyula

(3) Subtract Essential costs

Tax Rates

Essential Costs

A f 3
Comry  eion et Sate Tx Rate
(ool ~ o amer -
1| Gountry Region Eflective_Stale_Tax Rate = =
: i e = = = = = =
5 e o —— = = = =
s = == = = = e
s lus P == £ = = E
o Jus o >
e woe
o lus o)
s Jus e
e o i)
s oo
12 |us o] 1
e = It
 [us aoseg . .,
5 Jus p P et
o Jus o] R 1
e =) N
s ety P
o lus Louians aas
o s e woris
S ana aoss
2 lus i o

Probability density

Shocks

Poisson Distribution
Poisson, Mean-2.24.

(4) Apply Household Structure

adults = max(1, adults);

% Calculate OECD-modified equivalence scale factor (EQ)
EQ = 1.0 + 0.5 * (adults - 1) + 0.3 * children;

% Calculate individual's portion of the essential costs
% First, scale base costs up to the household level, then divide by adults
+ % assuming adults share expenses equally.
Total_Household_Costs = base_essentials * EQ;
Individual_Essentials = Total_Household_Costs / adults;

Log-normal Distribution

B

]
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Financial Vulnerability Showcase: Impact
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Financial Vulnerability Showcase: Impact Analyssf?n

Exhibit 2: Fat Tail Risk Distribution
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Financial Vulnerability Showcase: Impact Analyssf?n

Exhibit 2: Fat Tail Risk Distribution
Exhibit 1: Proportional Income Burden
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= L 4 1 .
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H Essentas £, | ) Country inequality: Low to mid
£ a0} _ g4 | ] .
g - ! income US personas are far more
s | i a3l 1 . . .
g ¥ : likely to end up in debt than their
2or l 2r ] ] UK counterparts, whereas high enjoy
L 4 1 . . .
© T [ 1 a much higher disposable income.
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Financial Vulnerability Showcase: Impact Analyssf?n

Exhibit 2: Fat Tail Risk Distribution
Exhibit 1: Proportional Income Burden
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Financial Vulnerability Showcase: Impact Analyssf?n

Exhibit 2: Fat Tail Risk Distribution
9 %105 (Persona 6: Low Income US)
T r T T T

Tg
Debt Zone
Income Distribution
= = datal

Exhibit 1: Proportional Income Burden

° Disproportionate Income Burden:

1 Low-income demographics spend a high
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| on essential needs.
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° Country inequality: Low to mid
income US personas are far more
likely to end up in debt than their
UK counterparts, whereas high enjoy
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: _Exhibit 4: Baseline Probability of Ruin_ economic shock, low-income

households are driven into severe

monthly deficits.
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G666 Exhibit 3: Vulnerability by Demographic

8000 - 1

N Baso Monthly Income
I Worst 5th Percentile Month

6000 datal 4
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Sensitivity Analysis

Tornado Diagram: Young Single, TX {US)
Baseline DI: $0

S _

Housing Costs

I +10% Change in Parameter

Heslthcare Costs - I - 10% Change in Parameter

Transport Costs |

Food Costs -

0 100 200 300 400 500
Change in Annual Disposable Income

Calvin
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Sensitivity Analysis

Tornado Diagram: Young Single, TX (US) Tornado Diagram: Young Single, England {UK)
Baseline DI: $0 Baseline DI: £20094
e _ pross ey

Housing Costs Housing Costs [

I +10% Change in Parameter

Healthcare Costs - I - 10% Change in Parameter

Transport Costs |

Transport Costs | Food Costs
Food Costs - Healthcare Costs
0 100 200 300 400 500 -3000 -2000 -1000 0 1000 2000 3000

Change in Annual Disposable Income Change in Annual Disposable Income
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Sensitivity Analysis

Tornado Diagram: Young Single, TX (US) Tornado Diagram: Young Single, England {UK)
Baseline DI: $0 Baseline DI: £20094
e _ pross ey

Housing Costs Housing Costs [

I +10% Change in Parameter
I - 10% Change in Parameter

Healthcare Costs Transport Costs |

Transport Costs | Food Costs
Food Costs Healthcare Costs
0 100 200 300 400 500 -3000 -2000 -1000 0 1000 2000 3000
Change in Annual Disposable Income Change in Annual Disposable Income

A Local sensitivity analysis — our model is highly stable



Calvin
Sensitivity Analysis

Tornado Diagram: Young Single, TX (US) Tornado Diagram: Young Single, England {UK)
Baseline DI: $0 Baseline DI: £20094
e _ pross ey

Housing Costs Housing Costs [

I +10% Change in Parameter

Heslthcare Costs - I - 10% Change in Parameter

Transport Costs |

Transport Costs | Food Costs
Food Costs Healthcare Costs
0 100 - 200 300 400 500 -3000 -2000 -1000 0 1000 2000 3000
Change in Annual Disposable Income Change in Annual Disposable Income

A Local sensitivity analysis — our model is highly stable
a displaying perfectly symmetric, linear responses to minor parameter
changes (e.g., housing or food costs)
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Stress Testing

Tornado Diagram: Young Single, TX {US)
Baseline DI: $0

Gross Salary
Housing Costs

Transport Costs

I +50% Change in Parameter
N -50% Change in Parameter

Food Costs

Healthcare Costs [

0 2000 4000 6000 8000 10000 12000
Change in Annual Disposable Income

Calvin
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Stress Testing

Tornado Diagram: _Young Single, TX (US) Tornado Diagram: Young Single, England {UK)
Baseline DI: $0 Baseline DI: £20094
j X 12600 X12287 .8
Y5 Y5
Gross Salary Gross Salary o -

Housing Costs Housing Costs |-

Transport Costs Transport Costs

I +50% Change in Parameter

I -50% Ch P f
Food Costs pn s Food Costs -

Healthcare Costs [ Healthcare Costs [

0 2000 4000 6000 8000 10000 12000 -1.5 = ‘0-.5 0 . 05 1 15
Change in Annual Disposable Income Change in Annual Disposable Income x10*
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Stress Testing

Tornado Diagram: Young Single, TX {(US) Tornado Diagram: Young Single, England {UK)
Baseline DI: $0 Baseline DI: £20094

X 12600 X12287 .8
Y5 Y5
Gross Salary Gross Salary o -

Housing Costs Housing Costs |-

Transport Costs Transport Costs

I +50% Change in Parameter

I -50% Ch P f
Food Costs pn s Food Costs -

Healthcare Costs [ Healthcare Costs [

0 2000 4000 6000 8000 10000 12000 -1.5 = ‘0-.5 0 . 05 1 145
Change in Annual Disposable Income Change in Annual Disposable Income <10

a Stress-testing boundaries, like significant salary increases, breaks this
symmetry as personas enter higher tax brackets.



Stress Testing

Tornado Diagram: Young Single, TX {US)
Baseline DI: $0

Gross Salary
Housing Costs

Transport Costs

I +50% Change in Parameter
N -50% Change in Parameter

Food Costs

Healthcare Costs [

0 2000 4000 6000 8000 10000
Change in Annual Disposable Income

12000

Calvin

Tornado Diagram: Young Single, England {UK)
Baseline DI: £20094

X 12600 X12287 .8
Y5 Y5
Gross Salary ° .

Housing Costs |-

Transport Costs |-

Food Costs -

Healthcare Costs [

Sl =1 -0.5 0 05 1 15
Change in Annual Disposable Income x10*

a Stress-testing boundaries, like significant salary increases, breaks this
symmetry as personas enter higher tax brackets.
4 This proves our model isn't a static equation, but structurally adapts to
real-world, non-linear financial thresholds.
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Model Evaluation

A Key strengths
[d Mechanistic & Extensible

[d  Built on modular logic rather than historical curve-fitting
[d  High Granularity
1 Monthly tracking successfully captures seasonal variations, such as
winter utility spikes

(d  Probabilistic Accuracy

[d  Instead of fragile "averages," our Monte Carlo simulation embraces

real-world unpredictability



Diart

Know the spread



Diart
Q2 - an introduction



Diart
Q2 - an introduction

A Model gambling behaviour evolving over time



Diart
Q2 - an introduction

A Model gambling behaviour evolving over time

A Track risk tolerance, wealth, profit and session behaviour



Diart
Q2 - an introduction

A Model gambling behaviour evolving over time

A Track risk tolerance, wealth, profit and session behaviour

A We built a model with:



Diart
Q2 - an introduction

A Model gambling behaviour evolving over time

A Track risk tolerance, wealth, profit and session behaviour

A We built a model with:

A A baseline demographic risk



Diart
Q2 - an introduction

A Model gambling behaviour evolving over time

A Track risk tolerance, wealth, profit and session behaviour

A We built a model with:

A A baseline demographic risk

A Dynamic bet selection and stake sizing



Diart
Q2 - an introduction

A Model gambling behaviour evolving over time
A Track risk tolerance, wealth, profit and session behaviour

A We built a model with:

A A baseline demographic risk
A Dynamic bet selection and stake sizing

A  Win/loss feedback through loss-chasing
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Q2 - an introduction

A Model gambling behaviour evolving over time

A Track risk tolerance, wealth, profit and session behaviour

A We built a model with:

A A baseline demographic risk
A Dynamic bet selection and stake sizing

A  Win/loss feedback through loss-chasing

A This was possible with an agent-based Markov state automaton!
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Initialize
Automaton

Siamajak - (Wi7majvk7 Trivmajak7 )\iam:jak)
Si,l,l,l — (WO707)\0)
Si,rn,j,l - (Wi,m,jyoa )‘O)

) s
Ao = max(0.01, min(1, m»

~)53.5213 + 1.9007 — 0.040502 if g = Male
] 54.0832 + 1.5402a — 0.0329a2  if g = Female



Model Overview

Initialize Automaton

Decide on Bet

Si,m.j.k = (VVi,m.j.kn Ti,m,j,ks )\i.m.j.kt)

Sias = s ) 0.50 if R < 0.08 0.909 if R < 0.08

Sim.ja1 = Wim.j,0, o)
Ao = max(0.0L, min(1, 155)) p=+<045 if R<0.15 m 1.000 if R <0.15
e~y o0 22015 7000 it R > 015
R =M1

I = 2. in(0.5, ——
max (2.0, min(0.5, 40000))

Diart



Diart

Model Overview

Place Bet

Wima16 = Wim e +Y

R Wim,j k1 = Wim ik + Tim,jk
Initialize Automaton R v R

Simgk = Wik Timjks Aim.jik) ey = {0 if wy, < p Bym if wp <p
Siaa = (Wo, 0, o) i+l min(l, eAy)  if wy > p T = B if %5
St = (Wiam3:0,20) Dk LWk =P
Xo = max(0.01, min(1, —)) .
100
~ = . .
/535213 + 1.9007a — 0.04050% if g = Male wk Unlform(()? ]‘) k 17 2? A nl,m,j
* 7 1540832 + 1.54020 — 0.03290 if g = Female \
: k
Bk - mln(B'maz’ BO>\_>
0

By = 0.001Y  Binas = 0.05Y

Decide on Bet

p=1045 if R<0.15 1.000 if R <0.15
0.10 if R >0.15 7.000 if R >0.15

R=M\;1

0.50 if R <0.08 {0,909 if R <0.08
m =

)

. Y
I = max(2.0, min(0.5, m)
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Model Overview

Quit or Continue

P(Sj+1,1 | Sjn;) =1
P(Sm+1,1,1 | Sm,Bjreginm,;) =1
P(S12,Breqmm.; | S12,Bfreqinm,) = 1
Sy it Wi, +m. <0

Initialize Automaton S i Zkz 1. < —B
Simgk = Wimjks Timjks Nim,jk) Spr1 = n z=0 "% mazx
Sitaa = (Wo,0.h) Sn if A\ > ¢y,
Sz.m.].l = (1"’1.111.,,0-)\()) >
Ao :max((lULmin(l.ﬁ)) Sk+1 # S’n OtherWISe
53.5213 + 1.9007a — 0.04050% i g = Male i p—
o {54.033” 1.5402a — 0.0329a2  if g = Female Ck ~ Umform(O, 1) - 1’ 27 SRR

N Place Bet

Witk = Wik +Y

Wi iksr = Wik + i jik

. e if wy < p Bym  if w, < p
n { . . =
Decide on Bet win(l,exe) i > p i {_BL iy > p
0.50 if R < 0.08 0.909 if R < 0.08 wg, ~ Uniform(0,1) k=1,2,...,1 1,
p=1045 if R<0.15 m=1{1000 ifR<0.15 _> A
! " By = min(By40, BoT)
0.10 if R>0.15 7.000 if R>0.15 Xo

By = 0.001Y  Bpae = 0.05Y

R=M\;1

. Y
I = max(2.0, min(0.5, m))
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Model Overview
Calculate Total Profits

Quit or Continue

190 B n;
P(Sj1.1 | Sjm;) =1 feg "ismd

PS’m B Sm. reqsMm =1 —
S ) = P j j j 5 2 Ti,m,j.k

P(S12,B/eqmm; | S$12.B)reqmm;) =1

S, if Wy + 7, <0 'L—l m=1 j 1 k=1
"
S o Sy if ZZ:() . < —Bnax
k+1 = .
A S if Ak > e
Initialize Automaton Sk+1 # Sn otherwise
Simgke = Wi ik, Timjks Aim.jk) cx ~ Uniform(0,1) k=1,2,...,n
Sitaa = (Wo,0,20) Place Bet
g Wit ih = Wi jse +Y
Sim,j1 = (Ih.m.j,O;A()) Womsios = Wonrs # 7ot
Ao = max(0.01, min(1, m))
o N if wy < p Bym  if wy < p
s 13 + 1.9007a — 0.0405a°  if g = Male kL= min(1,eAg) if wp > p Tk = N
’ 0832 + 1.5402a — 0.0329a% if g = Female —Bi ifwp2p
wg ~ Uniform(0,1) k=1,2,...,0m
A
By = min(Buas, Bot)
By =0.001Y By, = 0.05Y

Decide on Bet

0.50 if R <0.08 0.909 if R < 0.08

p=14045 if R<0.15 m = ¢ 1.000 if R <0.15

0.10 if R>0.15 7.000 if R>0.15

R=M\;1

. Y
I = max(2.0, min(0.5, m))



Model Overview

Quit or Continue

P(Sj+11 | Sjn;) =1
P(Sm1.11 | Sm.Byreginm,;) =1

P(S12,B/eqmm; | S$12.B)reqmm;) =1

Sh if Wi +m, <0
Jp—"
S _ Sh if Z::O . < —Bnax
e+l = .
s if A > cx
Initialize Automaton Sky1 # Sn otherwise
Si‘m‘j*k = (Wi‘m'j'k’ Tism, ik )\i‘m'j’k) ¢ ~ Uniform(0,1) k=1,2,...,n
Sitaa = (Wo,0, o) Place Bet
_(w Wimst = Wamn +Y
Simj1 = (I‘l.1rl.j$0;>\[)) Womsios = Wonrs # 7ot
Ao = max(0.01, min(1, m))
. N if wy < p Bym  if wy < p
. 13+ 1.9007a — 0040502 if g = Male M= Lmin(Lead) i > p T = .
’ 0832 + 1.5402a — 0.0329a% if g = Female —Bi ifwp2p
wg ~ Uniform(0,1) k=1,2,...,0m
A
By = min(Buas, Bot)
By =0.001Y By = 0.05Y
Decide on Bet
0.50 if R <0.08 0.909 if R < 0.08
p=1045 if R<0.15 m = ¢ 1.000 if R <0.15
0.10 if R>0.15 7.000 if R>0.15

R=M\;1

. Y
I = max(2.0, min(0.5, m))

Diart

Calculate Total Profits

12 Bfeq Mi,m,j

ZZ DL D ik

z_1m1j1k1
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Stan
Data used

d Risk-taking variation with age:
A Journal of Youth and Adolescence
A Risk-taking variation with gender:

A Gender differences in risk taking: A meta-analysis

A Used as base parameters for our simulation
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1) Markov Automata

Calvin

= X-q8
\ PePaX
Ucp o Winseate | — PP
— W=wex
-~ R=RO ™
profle chasentiom [0 o T By
current risk R =20 |
Profite Setoct " . \
Continue Check |—otherwise
setp.q.B ) . \ PePiX  —% /
U e p————+ Loss State |—
WeWeX
3 R = min(1, 'RY
Session Start min(1, gamma'R)
begin monthly session—+ | ¢ TEa
e S — nd L > -(Bmax/F) ——
7 and W>0
: Honth Start)| 7
start simtatior—{ 01110 " )
3  Month Record if month = 15————{ Year End |—repeat run until Nsia A
 Next Year Run |——all runs complete——! Average Results D

session complete-

r

s
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Agentic Simulation
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1) Markov Automata

lew

2) Agentic Simulation

Design overv

3) Psychological Model
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(1) Markov Automaton Construction - Part”1

Model Structure

Stoplight BART Health Risks  Antisocial Risks

% Formula provided: 3.068 + ©.987(Age) - ©.037(Age”2)
score = 54.0832 + 1.5402 * self.Age -0.0329 * (self.Age”2);
% Convert the resulting score to a probability / risk measurement [0, 1]

Age Group Gender Mean S.D. Mean S.D. Mean S.D. Mean S.D.

if self.Gender == "Male"
10—11 Females 4153 2357 65.73 11.26 %11 137 14.59 21.59 score = 53.5213 + 1.9007 * Self.Age -9.0405 * (selnger\z);
Males 41.75 19.72 68.7 11.65 6.71 15.01 22.79 2477 \ end
Total 4163 2179 6717 1154 59 1436 1854 2353 ( score = score / 100;
1213 Females 39.61 2154 6866 1127 89 1629 1859 2325 fg self.BaseRiskTolerance = max(©.01, min(1, score)); % minimum floor of 1%
Bl B s TR G, ol N U self.CurrentRiskTolerance = self.BaseRiskTolerance;
Total 4153 2092 7006 112 865 1554 2279 2494
14—15 Females 43.37 24.08 70 11.05 16.79 2198 19.17 2294 S
Males 45.41 2137 7193 10.96 15.65 2134 29.67 27.77 AO — maX(0.0l’ min(l’ —))

Total 4437 2279 7096 1104 1623 2166 2435 2595 100
16—17 Females 4111 2259 7158 1127 2492 252 1899 2132

Males 4332 2027 742 994 3047 2702 3235 2632 53'5213 _I_ 1.900704 . 0'0405a2 if g — Male

Total 42.2 2149 7288 10.7 27.65 2624  25.55 24.81 —

s =
18—19 Females 4514 2348 70.68 1131 3060 2663 2138 2199 540832 + 15402@ _ OO3290[2 lf qg= Female

Males 44.32 20.51 75.70 11.05 4158 2881 30.22 26.28

Total 44.73 22.01 73.25 11.44 36.24 2827 25.92 24.66
20—21 Females 38.90 2297 72.36 11.18 34.02 2836 15.30 18.09
Males 4498 2281 75.52 10.53 47.84 28.56 29.77 25.78 Symbol Var\iable
Total 41.83 23.06 73.89 1097  40.76 29.25 2235 23.30
22—23 Females 41.58 4333 70.89 10.63 s 27.08 15.91 19.30
Males 4649 2167 7585 1090 4955 2863 2607 2425 A Base Risk Tolerance
Total 4392 2266 7327 1103 4145 2884 2073 2234 0
24—25 Females 38.40 23.21 7134 1241 38.13 29.01 14.81 17.22 .
Males 4290 2249 74.27 11.46 52.06 27.50 25.82 23.27 S EStlmated BART Scor‘e (as per‘centage)
Total 40.68 2292 72.82 12.01 45.09 29.07 20.32 2117
26—27 Females 39.77 2139 72.18 10.52 4149 29.25 15.46 2143
( [ ) [ ) )
Males 4500 24.09 75.53 10.88 52.32 27.63 21329 22.66 g Gender Male or Female
Total 42.38 2290 73.86 10.81 46.89 28.92 18.36 22.20
2830 Females 3369 2281 7168 1076 3497 2869 1071 17.29 a Age
Males 38.92 23.14 75.41 9.82 51.67 28.90 22.56 23.83

Total 36.26  23.09 7346 1048 4292 2994 16.35 2147

Duell, N. et al. (2018). Age Patterns in Risk Taking Across the World. Journal of youth and adolescence, 47(5), 1052-1072. https://doi.org/10.1007/s10964-017-0752-y
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Model Structure

Sim,jk = Wim, ks Tiym,gks Niym,j k)
Si,l,l,l — (WanaAO)
Si gt = (Wim 5,0, Ag)

(1) Markov Automaton Construction - Part 2 Symbol Variable
.o Automaton State for nt 1
% Formula provided: 3.068 + 0.987(Age) - ©.037(Age”2) S1,m,3,k utomaton Sta e‘ ° ‘age i, month m,
score = 54.0832 + 1.5402 * self.Age -0.0329 * (self.Age 2); session j, bet m
% Convert the resulting score to a probability / risk measurement [0, 1]
if self.Gender == "Male" A
score = 53.5213 + 1.9007 * self.Age -0.0405 * (self.Ager2); W ik Wealth of Agent for agent i, month m,
\ end session j, bet m
( score = score / 100;
4 self.BaseRiskTolerance = max(©.81, min(1, score)); % minimum floor of 1% L. .
— self.CurrentRiskTolerance = self.BaseRiskTolerance; We OECD-modified Equivalence Scale per
person
A, Base Risk Tolerance
i om ik Profit on Bet for agent i, month m,

session j, bet k




(1) Markov Automaton Cons(rjﬂytﬂ:r]_ a
% Formula provided: 3.668 + ©.987(Age) - ©.037(Age"2)
score = 54.0832 + 1.5402 * self.Age -0.0329 * (self.Age"2);
O e I l l ‘ l I I e % Convert the resulting score to a probability / risk measurement [@, 1]

if self.Gender == "Male"
score = 53.5213 + 1.9007 * self.Age -0.8405 * (self.Age*2);
end
score = score / 100;
self.BaseRiskTolerance = max(©.01, min(1, score)); % minimum floor of 1%

P self.CurrentRiskTolerance = self.BaseRiskTolerance;
0.50 if R <0.08 0.909 if R < 0.08
p=1<045 if R<0.15 m=1<1.000 ifR<0.15
0.10 if R>0.15 7.000 if R>0.15

(2) Bet Determination B Jof

function [risk_level, win_prob, payout_multiplier] = determine_bet_profile(self) . <)/
% Incorporate risk tolerance and disposable income into a risk profile I — maX(QO, mln(0.5, _—

)

% Average US disposable income ~40,000 for relative scaling
income_factor = max(2.8, min(@.5, self.SavedIncome / 40000));
effective_risk = self.CurrentRiskTolerance * income_factor;

% Map to defined profiles based on empirical thresholds Symb01 Variable

if effective_risk < ©.08
% Low Risk (Straight Bets)
risk_level = "Low"; Y Income per month
win_prob = ©.50;
payout_multiplier = ©.909;

elseif effective_risk < .15 I
% Average Risk (Mixed Portfolio)
risk_level = "Average";
win_prob = 0.45; .
ot eI = G A Risk Tolerance for for bet k

Income factor for risk-taking

else
% High Risk (Parlays)
risk_level = "High"; R Effective risk Tolerance for bet k
win_prob = ©.10;
payout_multiplier = 7.0;
end

- p Bet Winning Probability

m Payout Multiplier




function profit =

end

Model Structure

[~,

@v\,‘A‘

wy ~ Uniform(0, 1)

(3) Placing the Bet - Part 1

place_bet(self, bet_amount)
win_prob, payout_multiplier] = self.determine_bet_profile();

% Simulate outcome

is_win

rand() < win_prob;

if is_win

else

end

% Gambler wins
profit = bet_amount * payout_multiplier;
self.NetProfit = self.NetProfit + profit;

% Reset risk tolerance back to original value (Markov Chain restart)
self.CurrentRiskTolerance = self.BaseRiskTolerance;

% Gambler loses
profit = -bet_amount;
self.NetProfit = self.NetProfit + profit;

% Chase losses: multiply risk tolerance by a chasing coefficient > 1
self.CurrentRiskTolerance = min(1.8, self.CurrentRiskTolerance * self.ChasingCoefficient);

(2) Bet Determination

(1) Markov Automaton Construction

% Formula provided: 3.068 + 0.987(Age) - ©.037(Age"2)
score = 54.0832 + 1.5402 * self.Age -0.0329 * (self.Age’2);
% Convert the resulting score to a probability / risk measurement [@, 1]
if self.Gender == "Male"
score = 53.5213 + 1.9007 * self.Age -0.0485 * (self.Age’2);
end
score = score / 100;
self.BaseRiskTolerance = max(.01, min(1, score)); % minimum floor of 1%
self.CurrentRiskTolerance = self.BaseRiskTolerance;

—>

1, 2, ceey g omj
Ak

I
By =0.001Y  Bju. = 0.05Y

By, = min(B,,44, Bo

Symbol Variable
W, Winning Boundary
B, Betting amount for bet k
B,y Maximum Betting Amount
B, Minimum Betting Amount
A, Risk Tolerance for bet k
A, Base Risk Tolerance




function profit =

end

Model Structure

(}v\ —~

Akt1 =

(3) Placing the Bet - Part 2

place_bet(self, bet_amount)
[~, win_prob, payout_multiplier] = self.determine_bet_profile();

% Simulate outcome
is_win = rand() < win_prob;

if is_win
% Gambler wins
profit = bet_amount * payout_multiplier;
self.NetProfit = self.NetProfit + profit;

% Reset risk tolerance back to original value (Markov Chain restart)
self.CurrentRiskTolerance = self.BaseRiskTolerance;
else
% Gambler loses
profit = -bet_amount;
self.NetProfit = self.NetProfit + profit;

% Chase losses: multiply risk tolerance by a chasing coefficient > 1
self.CurrentRiskTolerance = min(1.8, self.CurrentRiskTolerance * self.ChasingCoefficient);
end

(2) Bet Determination

(1) Markov Automaton Construction

Gyula

% Formula provided: 3.068 + 0.987(Age) - ©.037(Age"2)
score = 54,0832 + 1.5462 * self.Age -6.0329 * (self.Age"2);
% Convert the resulting score to a probability / risk measurement [@, 1]
if self.Gender == "Male"
score = 53.5213 + 1.9007 * self.Age -0.0485 * (self.Age’2);
end
score = score / 100;
self.BaseRiskTolerance = max(.01, min(1, score)); % minimum floor of 1%
self.CurrentRiskTolerance = self.BaseRiskTolerance;

Xa if wp < p B Brm if wg <p
min(1, cAy) if wy >p = —B, ifwp >p
Symbol Variable

A, Risk Tolerance for bet k

Ay Base Risk Tolerance

c Chasing coef.

W, Winning Boundary

p Probability of winning

EA Profit for bet k

B, Bet Amount for bet k

m Payout multiplier




Model Structure

(3) Placing the Bet - Part 3

function profit = place_bet(self, bet_amount)

end

[~, win_prob, payout_multiplier] = self.determine_bet_profile();

% Simulate outcome
is_win = rand() < win_prob;

if is_win
% Gambler wins
profit = bet_amount * payout_multiplier;
self.NetProfit = self.NetProfit + profit;

% Reset risk tolerance back to original value (Markov Chain restart)
self.CurrentRiskTolerance = self.BaseRiskTolerance;
else
% Gambler loses
profit = -bet_amount;
self.NetProfit = self.NetProfit + profit;

% Chase losses: multiply risk tolerance by a chasing coefficient > 1

self.CurrentRiskTolerance = min(1.8, self.CurrentRiskTolerance * self.ChasingCoefficient);

end

@‘v\ P

(2) Bet Determination

(1) Markov Automaton Construction

% Formula provided: 3.068 + 0.987(Age) - ©.037(Age"2)
score = 54,0832 + 1.5462 * self.Age -6.0329 * (self.Age"2);
% Convert the resulting score to a probability / risk measurement [@, 1]
if self.Gender == "Male"
score = 53.5213 + 1.9007 * self.Age -0.0485 * (self.Age’2);
end
score = score / 100;
self.BaseRiskTolerance = max(.01, min(1, score)); % minimum floor of 1%
self.CurrentRiskTolerance = self.BaseRiskTolerance;

Wim+1,jk = Wimjk +Y

Wim,jkt1 = Wimjk + Tim,jk

Symbol Variable
Wi ik Agent’s wealth for agent i, month m, session j,
bet k
Y Monthly income

i m 5.k

bet k

Profit on Bet for agent i, month m, session j,




(2) Bet Determination

(1) Markov Automaton Construction

% Formula provided: 3.668 + ©.987(Age) - .037(Age"2)
score = 54.0832 + 1.5402 * self.Age -0.0329 * (self.Age’2)
% Convert the resulting score to a probability / risk measurement [0, 1
if self.Gender == "Male"
score = 53.5213 + 1.9067 * self.Age -0.6405 * (self.Age"2);
end
score = score / 160;
self.BaseRiskTolerance = max(.01, min(1, score)); % minimum floor of 1%
self.CurrentRiskTolerance = self.BaseRiskTolerance; -

Model Structure

@v\ —~

if Wi, +m. <

Sk+1 =

(4) Automaton Termination - Part 1 if A\, > ¢

otherwise

Si+1 # Sn
¢ ~ Uniform(0, 1)

function simulate_year(self, bettingFreq)
self.BetHistory = zeros(12, 1);
self.ProfitHistory = zeros(12, 1); lc —
=1,2,...,
for i =1:12
self.Wealth = self.SavedIncome + self.Wealth;

(3) Placing t Bet
S c\VIT) -

% simuste auscons
£5uin = rand() < win_prob;

£ dedn
b

bet_anount * pay
ot - se1. et

% Resat riak olersnce

2a1¢ CurrentasakTolerance -

% Ganbler loses
profi - -bet_ssount;

function profit = place bec(self, bec_amount)

out_muttiplier;
Profic + profits

ck ©o original valve (Harkov Chan restart)
“elf.saseniokTolerance;

Self NetProfit = self.Nethrofit + profit;

% Crase Josses: miltiply risk Solerance by 3 chasing cosfficient > 1
pes Znin(ra, st .

0

n

. k
lf E::z::o UP < '_7Z3n1a1

for f = 1:bettingFreq .
total_profit = @ Symbol Variable
betting = self.wealth > 0;
base_bet_amount = ©.001 * self.SavedIncome;
max_bet = self.SavedIncome * ©.05;
Sp Automaton State after bet k
while betting
bet_amount = base_bet_amount * (self.CurrentRiskTolerance / self.BaseRiskTolerance);
bet_amount = min(bet_amount, max_bet); .
a Session

outcome = self.place_bet(bet_amount); S, Final Automaton State for

total_profit = total_profit + outcome;

self.liealth = self.uealth + outcome;
out = rand();

cond = true; W,
if self.max_bet_per_month

Wealth before bet

k

cond = total_profit > (-max_bet);

else
cond = total_profit > (-max_bet/bettingFreq); 7, Profit on bet k
end
betting = self.CurrentRiskTolerance > out & cond && self.Wealth > ©;
end B ax Maximum Bet Amount
self.NetProfit = self.NetProfit + total_profit;
end
% Bet size scales with risk tolerance, capped at 5% of disposable income )\k Risk Tolerance for bet k
self.ProfitHistory(i) = self.NetProfit; c, Stochastic Termination Boundary

end

end

ricient);



Model Structure ¢

GA —~

(4) Automaton Termination -

function simulate_year(self, bettingfreq)

self.BetHistory =

zeros(12, 1);

self.ProfitHistory = zeros(12, 1);

for i = 1:12
self.Wealth =

for f =

self.SavedIncome + self.Wealth;

1:bettingFreq

total_profit = 0;
betting = self.uealth > @;
base_bet_amount = 0.001 * self.SavedIncome;

max_|

bet = self.SavedIncome * ©.05;

while betting

end

bet_amount = base_bet_amount * (self.CurrentRiskTolerance / self.BaseRiskTolerance);
bet_amount = min(bet_amount, max_bet);
outcome = self.place_bet(bet_amount);
total_profit = total_profit + outcome;
self.Wealth = self.Wealth + outcome;
out = rand();
cond = true;
if self.max_bet_per_month
cond = total_profit > (-max_bet);

else
cond = total_profit > (-max_bet/bettingFreq);

end

betting = self.CurrentRiskTolerance > out && cond 8& self.Wealth > 0;

self.NetProfit = self.NetProfit + total_profit;

end

% Bet size scales with risk tolerance, capped at 5% of disposable income

self.ProfitHistory(i) =

end
end

self.NetProfit;

(1) Markov Automaton Construction

% Formula provided: 3.668 + ©.987(Age) - .037(Age"2)
score = 54.0832 + 1.5402 * self.Age -0.0329 * (self.Age’2)
% Convert the resulting score to a probability / risk measurement [0, 1]
if self.Gender == "Male"
score = 53.5213 + 1.9067 * self.Age -0.6405 * (self.Age"2);
end
score = score / 160;
self.BaseRiskTolerance = max(.01, min(1, score)); % minimum floor of 1%
self.CurrentRiskTolerance = self.BaseRiskTolerance

(2) Bet Determination

s, Earan et = seir decen

otlatsa)
. % simuste auscons
£5uin = rand() < win_prob;

bes_anount * payout_multiplie
it - self.fecprotic + pro-

% Reset. risk Tolerance back to original value (Harkov Chain restarc)
Leit curremtatekTetarance = s41f-BeseriskToterancer

S ampreriT = seat sasprotis + protics

% Crase Josses: miltiply risk Solerance by 3 chasing cosfficient > 1
pes Znin(ra, st e

(3) Placing thG Bet
S — ula

P(Sjt11 | Sjn;) =1

Part 2

P Sm+171)1 ‘ Smanreqanm,j — ]‘

SlQanreqanm,j | Sl2an7“€q7nm’j — 1

Symbol

Variable

Sm,j,k

Agent’s State for month m, session j, bet k

freq

Number of Betting Sessions per Month

m,3

Number of bets for month m, session j

ricient);



(3) Placing thg Bet
(1) Markov Automaton Construction (2) Bet Deternination yu 1 a

function profit = place bec(self, bes_smoun
« simaste auceons
S5 = rana() < i o
% Formula provided: 3.668 + ©.987(Age) - .037(Age"2)
O e P l l ‘ l I r\ e score = 54.0832 + 1.5402 * self.Age -0.0329 * (self.Age’2);
% Convert the resulting score to a probability / risk measurement [0, 1]

£ dedn
¥ Ganbler wine
PrOtit = bet_snount * payout_mul
Self.etProfit « self Netproric

e i pret, popost askeiptian) = st dete
if self.Gender == "Male"
score = 53.5213 + 1.9607 * self.Age -0.0485 * (self.Age"2);

% Reset. risk Tolerance back to original value (Harkov Chain restarc)
Se1¢ CurrentaiakTolerance - 261¢ BaseriaiTolarance;

end 1 i i
( score = score / 160; T praris = i mretic + prorics
P4 self.BaseRiskTolerance = max(@.01, min(1, score)); % minimum floor of 1% e L A e e R e A
= self.CurrentRiskTolerance = self.BaseRiskTolerance; ey Cnintae, seif.cu -l ricient)s

N 12 Bfeq Ni,m,j

P=rY SN Y s

i=1 m=1 j=1 k=1

(4) Automaton Termination

+ serf.ealeh;

7 self BasentekTolerance)

Symbol Variable

S epeofie Tt profiss

Ath risk tolerance, capped at s¥ of disposable incons

N Number of Agents/Simulations

B Number of Betting Sessions per Month

freq
Nimi Number of bets for agent i, month m, session j
iom ik Profit on Bet for agent i, month m, session j,

bet k




Model Overview

Quit or Continue

P(Sj+11 | Sjn;) =1
P(Sm1.11 | Sm.Byreginm,;) =1

P(S12,B/eqmm; | S$12.B)reqmm;) =1

Sh if Wi +m, <0
Jp—"
S _ Sh if Z::O . < —Bnax
e+l = .
s if A > cx
Initialize Automaton Sky1 # Sn otherwise
Si‘m‘j*k = (Wi‘m'j'k’ Tism, ik )\i‘m'j’k) ¢ ~ Uniform(0,1) k=1,2,...,n
Sitaa = (Wo,0, o) Place Bet
_(w Wimst = Wamn +Y
Simj1 = (I‘l.1rl.j$0;>\[)) Womsios = Wonrs # 7ot
Ao = max(0.01, min(1, m))
. N if wy < p Bym  if wy < p
. 13+ 1.9007a — 0040502 if g = Male M= Lmin(Lead) i > p T = .
’ 0832 + 1.5402a — 0.0329a% if g = Female —Bi ifwp2p
wg ~ Uniform(0,1) k=1,2,...,0m
A
By = min(Buas, Bot)
By =0.001Y By = 0.05Y
Decide on Bet
0.50 if R <0.08 0.909 if R < 0.08
p=1045 if R<0.15 m = ¢ 1.000 if R <0.15
0.10 if R>0.15 7.000 if R>0.15

R=M\;1

. Y
I = max(2.0, min(0.5, m))

Gyula

Calculate Total Profits

12 Bfeq Mi,m,j

ZZ DL D ik

z_1m1j1k1
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15 Insight 3: Distribution of Yearly Returns by Loss Limitation Strategy
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Sensitivity And Scenario Analysis

Chasing Coeff (0.9 - 1.3)

Saved Income ($20k - $60k)

Bet Count (2 - 10)

Age (18 - 45)

T

T

Sensitivity Analysis of Annual Gambling Profit

I Result of Lower Parameter Bound
I Result of Upper Parameter Bound

-

|
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Average Annual Net Profit (USD)

a Testing across typical gambler
demographics confirms that our
simulation...

O scales smoothly
a remains strictly bounded

A We applied a Behavioral Stress Test
to the Chasing Coefficient
a flipping the psychology from
'loss-chasing' (1.3) to
‘loss-averse' (0.9)
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Q3 - an introduction

A Model the long-run financial damage caused by gambling losses

O Convert that damage into Recovery Burden Months (RBM)

@ Measure how many months of ordinary saving are needed to repair the harm
A  We built a 3-compartment recovery model:

a depleted savings

a missed investment growth

O debt accumulation
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Stan
What data did we use:

A Typical low-risk fund returns (7%)
A Average credit card APR (22%)
A Research journals on average gambling loss ($200pm)
EI From Normative Feedback intervention by gambling operator can decrease average wages per day.
A Impulse/confort spending ($50pm)

EI Report by Self Financial on Americans' Mental Health and Personal Spending.
A Monthly saving ($500pm)

EI NatWest Saving Index
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Model structure

A Step 1: compute the harmful shortfall
O §=max(0; Gmonthly + Smenthily — Cromnihiy)
A Step 2: convert annual rates to monthly rates
A Step 3: solve the 3-gap ODE system with MATLAB ode45

A Step 4: extract final gaps and convert them into RBM
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TP TY— Monthly saving capacity

/ Harmful shortfall beyond safe cushion
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Execution

,/////// Total repair deficit

_ AA(M)+Aw(T)+Ap(T)+M

e
TP TY— Monthly saving capacity

,///’////// Harmful shortfall beyond safe cushion
g = maX(Ov Jmonthly =0 Smonthly — Cmonthly)

Depleted savings Missed investment growth

Debt accumulation
A, dA / dA

- — TannuaI, 'id _ M, AA(O) — AW(O) = AB(O) =0

12 \

Monthly rates + initial conditions
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Solution of van der Pol Equation (p = 1) with ODE45
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ode45 solver

% Monthly rates
r = r_annual / 12;
id = id_annual / 12;

% Harmless shortfall
q = max(0, g_monthly + s_monthly - c_monthly);

% ODE parameters
tspan = [@, months];
y0 = [0; 0; 0]; % Initial gaps: A, W, B

% Run ODE solver
["'; y] = Ode45(@(t: yI) gap_dynamics(t: ¥, 4, &, W, b: r, ld): tspan, y@),

% Final values

delta_A = y(end, 1);
delta_W = y(end, 2);
delta_B = y(end, 3);

% Total repair deficit
R = delta_A + delta_Wl + delta B + M;

% Recovery Burden Months
RBM = R / C_rep;



ode45 solver

% Monthly rates
r = r_annual / 12;
id = id_annual / 12;

% Harmless shortfall
q = max(0, g_monthly + s_monthly - c_monthly);

% ODE parameters
tspan = [@, months];
y0 = [0; 0; 0]; % Initial gaps: A, W, B

% Run ODE solver
[N; y] = OdeAS(@(t’ y) gap_dynamics(t: ¥, 4, &, W, b’ r, ld); tspan, y@),

% Final values

delta_A = y(end, 1);
delta_W = y(end, 2);
delta_B = y(end, 3);

% Total repair deficit
R = delta_A + delta_Wl + delta B + M;

% Recovery Burden Months
RBM = R / C_rep;

a ode45 computes the time path of the three financial gaps and returns their final values for RBM

Gyula
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The Exponential Trap of Debt: Funding gambling with
high-interest debt creates an exponential recovery timeline.



Calvin

Gambling Impact & Recovery Analysis
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Tornado Diagram of RBM Sensitivity { £ 20% parameter variation)
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Calvin
Findings (backed by figures shown in the model)

A Vulnerability exists before gambling begins

A Loss-chasing and risky betting behaviour amplify harm

1 Debt-funded losses create the worst long-run outcomes

Overall: Gambling harm is uneven, self-reinforcing and long-lasting
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Technical computing!

Stochastic simulation Randomness
Dynamic state updates Behaviour changes
Numerical ODE solving Long-run account

Sensitivity analysis Identifying the key drivers
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