Appendi ces
Appendix 1. Data inputs

Appendix 1.1.Data for population aging chain

We used population estimates for Peru in 2019 from INEI to inform baseline population variables for
each age group in the model. INEI uses estimates from the UN Population Division and extrapolation
approaches to estimate population by calendar year iagie siear of ag@nstituto Nacional de

Estadistica e Informatica, 202@Ye used Pergpecific estimates ontdity rate, defined as the number

of births per woman over her childbearing years, and female population percentage in 2019 from the
World Bank. Finally, we used modelled estimates ofgugrific mortality rates in 2019 in Peru from the
World Bank andhe UN to represent mortality rates for each population stock in our model. Specifically,
we used World Bank data on infant mortality rate for infant® @nonths, which is defined as the number
of infants dying each year before reaching the age of oneisdttundeb mortality rate for children-b
years, which is estimated by the World Bank usingsmgific mortality rates and is defined as the
probability that a newborn baby will die before reaching the age of five. We assumed th& under
mortality rde is equal to -b mortality rate. We used estimates of mortality rates for chilciEm ffom

the UN, which are defined as the probability of a child dying between the dged$-tally, we informed
mortality rate for adults of reproductive ag&-{9) wsing adult mortality rate estimates from the World
Bank, defined as the probability of a-§&ar old dying before reaching the age of 60. As only sex
stratified rates were available, we used the mean of male and female mortality rates in our simdlation. Al
exogenous variablassed in the population aging chaind their sources are presented in Appendix Table
1.

Appendix Table 1. Exogenous variables of populatigimg chain

Variable Value Source

Baseline population childrenrD | 568,862 INEI

Baseline poplation children 15 2,211,089 INEI

Baseline population children® | 5,387,265 INEI

Baseline population adults ¥® 16,825,998 INEI

Fertility rate 2.233 World Bank

Female percentage 0.503 World Bank

Infant mortality rate 0.0126 World Bank

Under5 mortality rate 0.013 World Bank

Mortality rate 515 0.003 UN Interagency Group for
Child Mortality Estimation

Adult mortality rate 0.114 World Bank




Appendix 1.2 Data for stunting/short stature and overweight co-flows

We used data frorthe ENDES2019to describe baselingrevalence o$tuntingand overweighin

children0-5 years oldandshort staturand overweight in adulisf reproductive age (189). Stunted

was defined as heighfibr-age Z score 2 Standard Deviations (SD) below the average Z score according to

the WHO's 2006 Child Growth Standa i8orld Health Organization (WHO), 20063dult short stature

was definedas height below 145 ciior women to reflectcategorisabn in employed RRand157 cm

for men, basedn previously estimatedverage difference in male and female hegibbally (Bentham

et al, 2016) Ovemweight in children was defined as weight-h ei ght Z score 2SD bel ow
average Z score, and for adults as BRAKg/n?. For children aged-85, primary data were not

available, so we used estimates from publidhiedhture. $Sunted prevalence estimatevere obtained

from a recent analysis of the O6The Pectionalstudyrof Heal t
children and adolescents in three regions in Peru, carried out between 2009 afg8h2@i®t al,

2020) We used the mean of male and female stgrirevalence provide@verweight estimates were

obtained from &rosssectional analysis @& subsample f Per ués household survey
in 20132014 and include#,801 schoolchildren agedE yearq TarqurMamani, AlvarezDongo and
EspinozaOriundo, 2018)Baseline gestational age and size were obtained from published data from

Per uds inhadgistioes lzetweeb 2012 and 2qC&rrillo-Larcoet al, 2021) SGAand LGA were

defined as birth weight <¥and >9¢" percentile for gestational agespectively using international

growth curve§INTERGROWTH21st) while preterm was defined as birth before th& @ek of

gestation.

We obtained relative risks (RR) that quantify associations between maternal, neonatal, anddhild
malnutrition indicatorérom relevant metanalyses. Kozuki et al. performed a matelysis of 12 cohort
studies from LMICs, using individual data, to quantify associations between maternal shor{siatbre
cm vs >155 cmand SGA, preterm, and their combinat{gtozuki et al, 2015) Christian et al. pded

data from 19 longitudinal birth cohorts to quantify associations between stunting@ti@nths and
SGA, preterm, and their combinati@@hristianet al, 2013) A recent metaanalysis of 31 longitudinal
cohort studies quantified the association between maternal overweight and large for gestational age
(LGA) (Vatset al, 2021) Finally, a metaanalysis of 66 cohort and casentrd studies showed thatdgh
birth weight(>4,000 kg)was associated with increased risk of overwedgltater life (ages-¥5 years)
(Schellonget al, 2012) We assumed no difference betwa&dA and high birth weight.

Appendix Table2. Exogenous variables sfunting/short staturand overweigh&ging chains

Variable Value Source

Baseline characteristics

Baseline stunting prevalence childred 0 10.07% | own estimates frorENDES,
Baseline stunting prevalence childres 1 13% 2019

Baseline stunting prevalence childrei® 11.3% Santos et al, 2020
Baseline short stature prevaleramhilts15-49 817 | Own estimates frorENDES,
Ratio of female to malehort stature prevalence 0.76 2019




Baselineoverweightprevalence children-Q 12.7%%

Baselineoverweightprevalence children-% 10.7%%

Baselineoverweightprevalence children-55 18.1% TarquirMamaniet al, 2018

Baselineoverweightprevalenceadults15-49 61.2% g(\gg estimates frorENDES,

Ratio of female to malewverweight prevalence 1.14

Baseline SGA and preterm prevalence 0.69%

Baseline SGA and term prevalence 4.77% (L);Arlzofsztggites frorearrillo-

Baseline AGA and preterm prevalence 5.91%

Baseline LGA 16.16%

Relative Risks

RR betweematernakhort stature and AGA & preterm 1.44 _

RR betweematernakhort stature and SGA & term 2.03 Kozukietal, 2015

RR betweemnaternakhort stature and SGA & preterm 2.13

RR between AGA & preterm and stunting 1.93

RR between SGA &rm and stunting 2.43 Christian, 2013

RR between SGA & preterm and stunting 4.51

RR between maternal overweight & LGA 1.67 Vats, 2021

RR between LGA & child overweight 1.66 Schellong, 2012

Transition probabilities

Stunting recovery rate-3 33.12%

Stunting faltering rate-5 19.89%

Stunting recovery rate-55 62.87%

Stunting faltering rate-85 4.92% | Own estimates fronYoung

Overweightrecovery rate 5 533% | Lives study

Overweightfaltering rate 15 20.76%

Overweightrecovery rate 85 54.68%

Overweightfaltering rate 515 16.57%

Overweightrecovery rate 189 0.0% Own estimates using data
from ENDES and heuristic

Overweightfaltering rate 1549 18.46%

by Miesel, 2018




References for Appendix 1.

Bentham, Jetal.( 2016) O6A century of elLifeechifd Sciences Pablications h u ma n
Ltd, 5(2016JULY). doi: 10.7554/ELIFE.13410.001.

Carrillo-Larco,R.Metal.( 2021) O6éNati onal and subnational tren
anal ysis of 2,927,761 births bet wedmlLahétl2 and 20
Regional Health Americas Elsevier BV, 1, p. 100017. doi: 10.1016/j.lana.2021.100017.

Christian, Petal.( 2013) O6Ri sk of <chi |l dh o-fodgedtatiodatagsmand r i t i on r
preterm birth in lowand middlei n ¢ o me c Ioternmatiomal Jeusnél of Epidemiologint J
Epidemiol, 42(5), pp. 134@355. doi: 10.1093/ije/dyt109

Instituto Nacional de Estadistica e Informética (202&)i: Estimaciones y Proyecciones de Poblacién
Departamental por Afios Calendario y Edad Simple 12@30 Lima. Available at:
https://www.inei.gob.pe/media/MenuRecursivo/publicaciones_digitalesiEs#22/.

INTERGROWTH21st (no datelNTERGROWTHR1st Applications and Calculatarévailable at:
https://intergrowth21.tghn.org/intergrowgistapplications/.

d
1

Kozuki,N.etal.( 2015) O6Short mater nal -gestaionehageanpretacrn eases r |
births in lowand middliéencome countries: Individual participant data matelysis and population

attri but alourmal off NutationtAmericad Society for Nutrition, 145(11), pp. 252850. doi:
10.3945/jn.115.216374.

Meisel,J.Detd. ( 2018) OTowards a novel model for studyi ng
Col ombi an popul ati on by PlaO$ ©NEPablic Library df Sciercey i3@yp. ¢ st a
€0191929. doi: 10.1371/JOURNAL.PONE.0191929.

Santos, Cetal.(2020)6 St unt i ng and Physical Fitness. The Peru
International Journal of Environmental Research and Public Hethtidisciplinary Digital Publishing
Institute (MDPI), 17(10). doi: 10.3390/IJERPH17103440.

Schellong,Ketal. ( 2012) 6 Bi r t h-TeWweQvaweight Risk:dSystematiqggReview and a
MetaAnal ysi s I ncluding 643,902 PersonRBRoSONEm 66 Stud
Public Library of Science, 7(10), p. e47776. doi: 10.1371/journal.pone.0047776.

TarquirMamani, C., AlvareZDongo, D. and Espinoz@r i und o, P. (2018) O6Preval el
associated with overweight and ®&dvistsdeSaiudPublicgper uvi a
Rev Salud Publica (Bogota), 20(2), pp. 1LX16. doi: 10.1544/8sap.v20n2.68082.

Vats,Hetal.( 2021) 61| mp a cpregraricy hody mass indaX on patemal, fetal and neonatal
adverse outcomes in the worldwide populations: A systematic review ancimetal Plsesitg 0 ,
Research & Clinical PracticeElsevie, 15(6), pp. 536545. doi: 10.1016/J.0RCP.2021.10.005.

Worl d Health Organization (WHO) (2006) o6Child gro
https://www.who.int/tools/chilegrowth-standards (Accessed: 8 February 2021).



Appendix 2. Model validation

2.1.Integration error

System Dynamics models are systems of simultaneous differential equations that are solved algorithmically by numergalstettsothe Euler Bunge
Kuttafourth-ordermethod. Additionally, when running these models, the size of the interval in which the corresponding calculations arstrhadiefimed,

that is, the size of the step (also known as DT). This test assesses whether the odschsl fry the model are sensitive to changes in the integration method
and in the DT value.

2.1.1 Euler method

We first ran the model using Euler's method and changing the values of the DT from 1 to 0,0078127 (in total 8 simuésidiss3hBw thathere is no
behavioral change when DT varies. The numerical differences at time 100 are less than 1%.

Simulation results Observations

Description

Model sector

There is no change in behavio

Population  aging Simulation of population stock g children 0 1
chain children 61 with Euler method 800000 patterns when the DT changes. F
changing DT from 1 (g all DT values the % error at time 1(
0,0078125 (8 simulations). ¢ is less than 1%.
Error calculated with respect 2 600000
simulated value at time 100 of th §_
simulation with smallest DT. 400000
200000
0 20 40 60 80 100
Time (Year)
—— Euler DT 0078125 Euler DT 0125
—— Euler DT 015625 —— Euler DT 025
—— EulerDT 03125 Euler DT 05
—— Euler DT 0625 —— Euler DT 1

Children 0-1

Integration type; Time
step (DT)

Simulated population
Children 0-1 at t=100

% Error (compared to
smallest DT result)

Euler; DT 0.0078125

621345




Model sector Description Simulation results Observations
Euler; DT 0.015625 621302 -0.006920471
Euler; DT 0.03125 621217 -0.020600472
Euler; DT 0.0625 621046 -0.048121414
Euler; DT0.125 620705 -0.10300235¢
Euler; DT 0.25 620021 -0.21308612¢
Euler; DT 0.5 618648 -0.434058375
Euler; DT 1 615880 -0.879543571
Pop_ulatmn aging Sn_nulanon of populatlon stock g children 15 There is no change in behavio
chain children 15 with Euler method AM patterns when the DT changes. R
changing DT from 1 (g all DT values the % error at time 1(
0,0078125 (8 simulations). % is less than 1%.
Error calculated with respect 2
simulated value attime 100 of tff g 2M
simulation with smallest DT.
0
0 20 40 60 80 100
Time (Year)
—— Euler DT 0078125 Euler DT 0125
—— Euler DT 015625 —— Euler DT 025
—— EulerDT 03125 Euler DT 05
—— Euler DT 0625 —— EulerDT 1

Children 1-5

Integration type; Time Simulated population % Error (compared to
step (DT) Children 1-5 at t=100 smallest DT result)

Euler; DT 0.0078125 2601970 0
Euler; DT 0.015625 2601850 -0.0046118¢
Euler; DT 0.03125 2601600 -0.01421999¢
Euler; DT 0.0625 2601100 -0.033436204
Euler; DT 0.125 2600090 -0.072252947
Euler; DT 0.25 2598090 -0.149117784
Euler; DT 0.5 2594080 -0.303231787




Model sector Description Simulation results Observations

Euler; DT 1 2586070 -0.611075454
Population  aging Simulation of population stock g children 5 15 There is no change in behavior
chain children 515 with Euler method 6M patterns when the DT changes.
changing DT from 1 tg all DT values the % error at time 1(
0,0078125 (8 simulations). ¢ is less than 1%.
Error calculated with respect 2 M
simulated value at time 100 of th
simulation with smallest DT. M
0
0 20 40 60 80 100
Time (Year)
—— EulerDT 0078125 Euler DT 0125
—— EulerDT 015625 —— Euler DT 025
—— FEulerDT 03125 Euler DT 05
—— EulerDT 0625 —— EulerDT 1

Children 5-15

Integration type; Time Simulated population % Error (compared to
step (DT) Children 5-15 att=100 smallest DT result)

Euler; DT 0.0078125 5748370 0
Euler; DT 0.015625 5747960 -0.007132457
Euler; DT 0.03125 5747140 -0.02139737
Euler; DT 0.0625 5745500 -0.049927197
Euler; DT 0.125 5742230 -0.10681288¢
Euler; DT 0.25 5735690 -0.22058427
Euler; DT 0.5 5722670 -0.44708326
Euler; DT 1 5696830 -0.896601993




Model sector Description Simulation results Observations

Population  aging Simulation of population stock g adults 15 49 There is no change in behavior
chain adults 1549 with Euler method 20M patterns when the DT changes. F
changing DT from 1 g all DT values the %rror at time 100
0,0078125 (8 simulations). 9 is less than 1%.
Error calculated with respect { 2
simulated value attime 100 of tff g 10M
simulation with smallest DT.
0
0 20 40 60 80 100
Time (Year)
—— EulerDT 0078125 —— EulerDT 0125
—— FEulerDT 015625 —— FEulerDT 025
—— EulerDT 03125 Euler DT 05
—— EBulerDT 0625 —— EulerDT 1

Adults 15-49

Integration type; Time Simulated population | % Error (compared to
step (DT) Adults 15-49 at t=100 smallest DT result)

Euler; DT 0.0078125 18842200 0
Euler; DT 0.015625 18841000 -0.006368683
Euler; DT 0.03125 18838600 -0.019106049
Euler; DT 0.0625 18833900 -0.04405005§
Euler; DT 0.125 18824400 -0.094468799
Euler; DT 0.25 18805500 -0.194775557
Euler; DT 0.5 18767700 -0.395389073
Euler; DT 1 18692200 -0.796085383

2.1.2 RungeKutta fourth order

We then ran the model using Rungetta’s fourthorder method and changing the values of the DT from 1 to 0,0078127. Results show that only for the children
0-1 stock there are significanumerical variations in results, although behavioral patterns are the same. This difference can be explained bythieigact th
stock has a small delay of 1 year so using DT values close to 1 result in significant differences.
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Model sector

Description

Simulation results

Observations

Population aging
chain

Simulation of population stock g

children 15 with RungeKutta 4

method changing DT from 1 t
0,0078125 (8 simulations). % Err
calculated with respect to simulatg
value at time 100 of the simulatig
with smallest DT.

children 1 5

4 M

m/——"f

people

0 20 40 60 80 100
Time (Year)
—— RK4 DT 00078125 —— RK4DTO0125
—— RKA4DT 0015625 —— RK4DT 025
—— RK4DT 003125 RK4DTO0S
—— RK4 DT 00625 —— RK4DTI1

There is no change in behavior

Children 1-5
Integration type; Time step Simulated population % Error (compared to
(DT) Children 1-5 at t=100 smallest DT result)
RungeKutta 4; DT 0.0078125 2601800 0
RungeKutta 4; DT 0.015625 2601500 -0.01153047¢
RungeKutta 4; DT 0.03125 2600900 -0.034591437
RungeKutta 4; DT 0.0625 2599700 -0.080713354
RungeKutta4; DT 0.125 2597310 -0.172572834
RungeKutta 4; DT 0.25 2592530 -0.35629179¢
RungeKutta 4; DT 0.5 2583000 -0.72257667§
RungeKutta 4; DT 1 2564110 -1.448612499

patterns when the DT changes. F
most of DT values the % error 4
time 100 is less than 1%or a DT
of 1 the error is above 1% whig
indicates that it is advisable to u
lower values of DT to captur
correctly the dynamics of this stoc




Model sector

Description

Simulation results

Observations

Population aging
chain

Simulation of population stock g

children 515 with RungeKutta 4
method changing DT from 1 t
0,0078125 (8 simulations). % Err
calculated with respect to simulatg
value at time 100 of the simulatig
with smallest DT.

children 5 15

oM
s 4M
o
g
M
0
] 20 40 60 80 100
Time (Year)
—— REK4 DT 00078125 —— REK4DTO0125
—— RK4DT 0015625 —— RK4DTO025
—— RK4 DT 003125 RK4DTO05
—— RK4 DT 00625 —— RK4DT1
Children 5-15
Integration type; Time step | Simulated population | % Error (compared to
(DT) Children 5-15 at t=100| smallest DT result)
RungeKutta 4; DT 0.0078125 5748120 0
RungeKutta 4; DT 0.015625 5747470 -0.011308045
RungeKutta 4; DT 0.03125 5746160 -0.034098105
RungeKutta 4; DT 0.0625 5743550 -0.079504255
RungeKutta 4; DT 0.125 5738320 -0.170490526
RungeKutta 4; DT 0.25 5727910 -0.351593217
RungeKutta 4; DT 0.5 5707190 -0.712058894
RungeKutta 4; DT 1 5666220 -1.42481367§

There is no change in behavior

patterns when the DEhanges. Fo
most of DT values the % error

time 100 is less than 1%or a DT
of 1 the error is above 1% whig
indicates that it is advisable to u
lower values of DT to captur
correctly the dynamics of this stoc
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Model sector

Description

Simulation results

Observations

Population aging
chain

Simulation ¢ population stock of

adults 1549 with RungeKutta 4
method changing DT from 1 t
0,0078125 (8 simulations). % Err
calculated with respect to simulatg
value at time 100 of the simulatig
with smallest DT.

adults 15 49

20M
=
& oM
L=
0
0 20 40 60 80
Time (Year)
—— RK4 DT 00078125 —— RK4DTO0125
—— RKA4DT 0015625 —— RK4DT 025
—— RK4DT 003125 RK4DTO0S
—— RK4 DT 00625 —— RK4DTI1

100

Integration type; Time step
(bT)

Adults 15-49

Simulated population
Adults 15-49 at t=100

% Error (compared to
smallest DT result)

RungeKutta 4; DT 0.0078125 18841300 0

RungeKutta 4; DT 0.015625 18839300 -0.010614974
RungeKutta 4; DT 0.03125 18835300 -0.031844936
RungeKutta4; DT 0.0625 18827300 -0.074304857
RungeKutta 4; DT 0.125 18811200 -0.159755431
RungeKutta 4; DT 0.25 18779100 -0.330125841
RungeKutta 4; DT 0.5 18715200 -0.669274413
RungeKutta 4: DT 1 18588200 -1.343325567

There is no change ibehavioral

patterns when the DT changes. F
most of DT values the % error

time 100 is less than 1%or a DT
of 1 the error is above 1% whig
indicates that it is advisable to u
lower values of DT to correctly
capture the dynamics of this stock

2.1.3.Comparison between Euler's method and Rwigéta 4

We then compared the results obtained when using the same DT value but changing the integration method (EuleskartthRgigesults only show
significant differences in the childrerlOstock br DT values higher than 0.0625. This is consistent with the previous results.
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Model sector

chain

Population aging | Simulation of population stock

Description

of children 01 with same DT but
changing simulation method
(Euler vs RinkeKutta4).

% Error calculated with respect
to RungeKutta 4 at time 100

Comparison of Euler and
Runge Kutta, same DT

Simulation results

Children 0-1

Difference at t=100

% difference

Population aging
chain

Simulation of population stock
of children 15 with same DT bult
changing simulation method
(Euler vs RinkeKutta4)

DT 0.0078125 170 0.00653393¢ 100 is less than 1%.
DT 0.015625 350 0.013453777
% Error calculated with respect| | pT 0.03125 700 0.026913761
to RungeKutta 4 at time 100 DT 0.0625 1400 0.05385236¢
DT 0.125 2780 0.10703381¢
DT 0.25 5560 0.214462321
DT 0.5 11080 0.428958575
DT 1 21960 0.856437516

DT 0.0078125 -953 -0.153142064
DT 0.015625 -1906 -0.305836896
DT 0.03125 -3810 -0.609573666
DT 0.0625 -7617 -1.211618944
DT 0.125 -15220 -2.393363997
DT 0.25 -30382 -4.671257666
DT 0.5 -60536 -8.913048594
DT 1 -120167 -16.32599544
Children 1-5

Comparison of Euler and
Runge Kutta, same DT

Difference at t=100

The table shows that for DT valug

Observations

from 0.0625 and higher th
numerical difference between Eul
and RungeKutta 4 are higher tha
1%. This is consistent with previoy
results that indicate that it i
advisable to use DT values smal
than 0.0625.

% difference

The numerical difference when

using either integration method is
not significant for this stock. For a
DT values the %lifference at time

12



Model sector

Population aging
chain

Simulation of population stock

Description

of children 515 with same DT
but changing simulation methog
(Euler vs RinkeKutta4).

% Error calculated with respect
to RungeKutta 4 at time 100

Simulation results

Children 5-15

Population aging

Simulation of population stock

Csm%fi%?t;f ;L:Leé gr_:_d Difference at t=100 % difference
DT 0.0078125 250 0.004349244
DT 0.015625 490 0.00852549
DT 0.03125 980 0.017054864
DT 0.0625 1950 0.03395112¢
DT 0.125 3910 0.06813841
DT 0.25 7780 0.135826154
DT 0.5 15480 0.27123680¢
DT 1 30610 0.540219053

Adults 15-49

Observations

The numerical difference whe
using either integration method
not significant for this stock. For a
DT values the % difference at tim
100 is less than 1%.

The numerical difference whe|

chain of adults 1549 with same DT ; using either integration method
Comparison of Euler and . .
but changing simulation method Run%e Kutta. same DT | Pifference att=100 % difference not significant for this stock. For a
(Euler vs RinkeKutta4). 900 DT values the % difference at tim
DT 0.0078125 0.00477674 100 is less than 1%.
DT 0.015625 1700 0.00902369
% Error calculated with respect| | DT 0.03125 3300 0.017520294
to RungeKutta 4 at time 100 DT 0.0625 6600 0.03505547¢
DT 0.125 13200 0.070170964
DT 0.25 26400 0.140581817
DT 0.5 52500 0.28052064¢
DT 1 104000 0.559494733

2.1.4.Conclusions

a. Behavioral patterns do not change wivanying the integration method or the DT value, however simulations show numerical differences.

These numerical differences are especially evident in the childtestdrk that has a delay time of 1 year; the tdgtgvdhat for DT values
higher than 0.0625 the numerical differences can be of at least 1%.
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b. Sterman (2000) suggests that if there is no significant change between Euler or a higher order integration methos(iRuhigesatta 4)
then Euler is a goochoice. Hence we will use Euler’s method.

c. As results using DT values higher than 0.0625 show numerical differences higher than 1% we will use a DT of 0.03125.

2.2.Behavior reproduction

This test assess# the model reproduces the behavior of interest in the system, if it endogenously generates the problem being asgesseates various
modes of behavior observed in the real system and if the frequencies and phase relationships amongthmatsiatite datin this case we will compare
simulation results with historical data for Peruvian populations between dgdss) 515 and 1549 between the years 1950 and 2019 (soliNtel: - PERU:

Estimaciones y Proyecciones de la Poblacion

Thee si mul at

Model sector

Population aging
chain

Variable

Children 61

Reference
(blue line)
Simulation
line)

Results

children 0 1

ons
800000
modse
vs 600000
(red| =
g
400000 |;
200000
0 20
—— ReferenceModesv2

40 60
Time (Year)

—— BaseRun

ar estuptingpovwb edsusgnumed&bl fAntegration method with

Observations

Overall thesimulation shows similar patterns of behavior to the ones in the reference
Both graphs show an initial increase between years 0 and 40, although the simulatio
to increase slower than the reference mode. From the year 40 and on the refedsn
shows an oscillatory decrease which is partially captured by the simulation with s
oscillations.

In terms of numerical results, the average % error between the values of the referen
and those of the simulation between 1950 and 2019 is of 6.2%. Also, at time 69 (yea|
the % error between the reference mode value and the simulation is 3.7%.
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Model sector

Variable Results Observations
Children 15 children 15 Overall the simulation shows similar patterns of behavior to the ones in the reference
M Both graphs show an initial increase between years 0 and 44. However the referend

begihs decreasing from year 45 and on in an oscillatory way which differs fron

Reference modé simulated behavior that shows and oscillatory increase.

(blue line) vs

Simulation  (red| 2

line) §L In terms of numerical results, the average % error between the values of the referen
and those of the simulatidetween 1950 and 2019 is of 5.3%. Also, at time 69 (year 2
the % error between the reference mode value and the simulation is 5.44%.

0
0 20 40 60
Time (Year)
—— ReferenceModesv2 —— BaseRun
Children 515 children 5 15 Overallthe simulation shows similar patterns of behavior to the ones in the reference
S M At the beginning the simulation shows a decrease that does not correspond to the r¢

mode data; this could be associated with uncertainties related to deatlf thiesiock.

Reference modé From year 6 and on both graphs increase with numerical differences. However frq

(blue line) vs year 52 and on the reference mode shows an oscillatory decrease that is not capture

Simulation  (red| £ simulation that keeps on increasing.

line) g

0
0 20 40 60
Time (Year)
—— ReferenceModesv2 —— BaseRun

In terms of numerical redts, the average % error between the values of the reference
and those of the simulation between 1950 and 2019 is of 16.7% (the highest of
population stocks). Also, at time 69 (year 2019) the % error between the reference
value and theisulation is 2.85%.
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Model sector Variable Results Observations

Adults 1549 adults 15 49 Overall the simulation shows similar patterns of behavior to the ones in the reference
Both graphs increase throughout the time horizon, although the referedeeshows som
oscillations at the end that the simulation does not capture.

Reference  mode
(blue line) vs
Simulation  (red
line)

In terms of numerical results, the average % error between the values of the referen
and those of the simulation between 1950 and 2019 is of 4.7%. Also, at time 16203/2x|
the % error between the reference mode value and the simulation is 3.17%.

people

0 20 40 60
Time (Year)
—— ReferenceModesv2 —— BaseRun

Conclusions

a. Overallthe simulations capture a similar behavior as the ones in the corresponding reference mode of historical data.

b. For stocks of populations of childrenr51 515 and adults +89 the reference mode shows decreasing or oscillatory behaviors that are not
competely captured by the simulations. These differences happen around year 50 of the simulation (year 2000). Other testsiah(tiké
sensitivity analysis or extreme conditions) to check if these differences are associated to model specifictdioncgrtanties.

c. Although this test aims at looking at behavioral patterns, in numerical terms the numerical differences between tHedhist@iwhthe
simulation results are not so big. On average the % error is less than 10% except for thechitaiero 515 that has a % average error of
16.7%.

2.3.Extreme conditions

This test assesses whether the equations and results of the model make sense when subjected to extreme values, php@Evietrs, an
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2.3.1.Female percentage

Model
sector

Description

Simulation results

Observations

Population
aging chain

Female percentage is varied to take val
of 0 and 1. This means that for the val
of 0 it is expected that no births occur &
hence population stocks should decre
through time and take values close to
For the value of 1 it is expected that |
populations increase through time |
more babies are born each year.

children 0 1
4 M
L
S 2™
o
0
0 10 20 30 40 50
Time (Year)
—— Female percentage 1 —— Baserun
—— Female percentage 0
children 1 5
20M
2
g 10M
=9
0
0 10 20 30 40 50
Time (Year)
—— Female percentage 1 —— Baserun

—— Female percentage 0

Results for all population stocks are consist
with expectations. None of the stocks tg
negative values when subjected to a value
female percentageand increase according
whenfemale percentage is 100%.
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Model

Description Simulation results Observations
sector
children 5 15
40 M
=
g 20M
=9
0 \
Q 10 20 30 40 50
Time (Year)
—— Female percentage 1 —— Baserun
—— Female percentage 0
adults 15 49
60M
40 M
L
=
5
[=9
20M
0
0 10 20 30 40 50
Time (Year)
—— Female percentage 1 —— Baserun
—— Female percentage 0
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2.3.2 Fertility rate

Model
sector

Description

Simulation results

Observations

Population
aging chain

Fertility rate is varied to take values
0 and 4.5 (doble of actual value). Th
means that for the value of O it
expected that no births occur and hel
population stocks should decreg
through time and take values close tg
For the value of 4.5tiis expected tha|
all populations increase through time
more babies are born each year.

children 0 1
4M
=
£ M
o,
0
0 10 20 30 40 50
Time (Year)
—— Fertility rate extreme 4 —— Baserun
——  Fertility rate extreme 0
children 15
20M
=
g 10M
o
0
0 10 20 30 40 50
Time (Year)
—— Fertility rate extreme 4 —— Baserun

—— Fertility rate extreme 0

Results for all population stocks are consistent
expectations. None of the stocks take negative values
subjected to a value of O fertility raééd incease accordingly
when fertility rate is doubled.
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Model

Description Simulation results Observations
sector
children 5 15
40 M
=
g 20M
o
0 \
0 10 20 30 40 50
Time (Year)
—— Fertility rate extreme 4 —— Baserun
—— Fertility rate extreme 0
adults 15 49
60 M
40 M
O
=
3
o
20M
0
0 10 20 30 40 50
Time (Year)
—— Fertility rate extreme 4 —— Baserun
—— Fertility rate extreme 0
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2.3.3.Infant mortality rate

Model sector

Description

Simulation results

Observations

Population
chain

aging

Infant mortality rate is varied to take values

0 and 1. This means that for the value of O
expected that no infants die hence populat
stocks should take similar values that f{
current values. For the value of 1 it is expec|
that all infantsdie so it is expected for a
stocks to decrease through time.

children 0 1
800000

600000

400000

people

200000

When the Infant Mortality rate takes a value of 1

population stock of infants-0 decreases throug
time as expected. However it should be noted
this decrease only happens when tdaf ages 15
49 start decreasing as this causes for the inflo
births to also decrease and take lower values
those of the deaths outflow.

For the Infant Mortality rate of O there is
significant change as this variable has current
small vdue of 0.0126.

0 10 20 30 40 50
Time (Year)
—— InfantMR 1 —— Infant MR 0 —— Baserun
children 1 5
4M
® I = e
£ oM
=Y
[}
0 10 20 30 40 50
Time (Year)
—— Infant MR 1 —— Infant MR 0 —— Baserun

When the Infant Mortality Rate takes a value o
the stock of Children-5 decreases immediately
no children go into this stock. This is consistg
with expectations.

For the Infant Mortality rate of O there is
significant change as this variabil@s currently g
small value of 0.0126.
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Model sector Description Simulation results Observations

children 5 15 When the Infant Mortality Rate takes a value 0
8 M the stock of Children-85 decreases after year 5
from this moment there are no children in {
6M = Children 15 stock. This is consistent wit
. — | expectations.
_§' 4 M
o
2M For the Infant Mortality rate of O there is n
significant change as this variable has current
0 small value of 0.0126.
0 10 20 30 40 50
Time (Year)
—— InfantMR 1 —— Infant MR 0 —— Basermn
adults 15 49 When the Infant Mortality Rate takes a value o
10M the stock of adults 189 decreases after year 15
from this moment there are nchildren in the
Children 515 stock. This is consistent wit
o expectations.
_§ 20M —
o
For the Infant Mortality rate of O there is
significant change as this variable has current
0 small value of 0.0126.
0 10 20 30 40 50
Time (Year)
Infant MR 1 —— InfantMR 0 —— Basermn
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2.3.4Under 5 mortality rate

Model sector

Description

Simulation results

Observations

Population aging
chain

When the Children under 5 Mortality Rate take

value of 1 the stock of ChildrenDdecreases aftg
year 12 as from year 10 there are no children in
Children 515 stock hence adsl 1549 start
decreasing and this makes the stock of childré&n
to decrease as there are lower births. Thig
consistent with expectations.

For the Under 5 mortality rate of O there is ng
significant change as this variable has current
small vale of 0.0B2

children 0 1
800000
600000 -
=
£ 400000
o
200000
0
0 10 20 30 40 50
Time (Year)
—— Under 5 mortality rate 1 —— Baserun
—— Under 5 mortality rate 0
children 1 5
4AM
=2
g oM
(=9
0
0 10 20 30 40 50
Time (Year)
——  Under 5 mortality rate 1 —— Baserun

—— Under 5 mortality rate 0

When the Children under 5 Mortality Rate take
value of 1 the stock of ChildrenB3.decreases aftg
year 13 as from year 10 there are no children in
Children 515 stock hence adults start decreas
and this makes the stock of childrer @o decreas
as there are lower births; this makes the childre
5 to decrease. This is consistent with expectatio

For theUnder 5Mortality rate of O there is n
significant change as this variable has current
small value of 0.032.
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children 5 15

When the Childrerunder 5 Mortality Rate takes
value of 1 the stock of Childrerb decreases fron

8 M
N time 0 as they all die. This decrease takes tim
6M — _=:;=:,____::::=f—-;=‘-’::::::_ children G1 keep on aging. This is consistent w
2 expectations.
g 4M
- N\
2M . .
\\ For theUnder 5 Mortality rate of O there is n
o significant change as this variable has current
0 10 20 30 40 30 small value of 0.032.
Time (Year)
—— Under 5 mortality rate 1 —— Baserun
—— Under 5 mortality rate 0
adults 15 49 When the Children under 5 Mortality Rate take
A0M value of 1 the stock of Adults 14D decreases aftg
year 11 as from year 10 there are nodrleih in the
Children 515 stock hence adults 49 start
2 | decreasing (as there is no inflow for this stock). T
g 20M /(’/-‘o‘ is consistent with expectations.
‘*—-__\‘
—
\E‘\R
o For theUnder 5Mortality rate of O there is n
0 10 20 30 40 50 significant change as this variable has current
Time (Year) small vdue of 0.0B2.
—— Under 5 mortality rate 1 —— Baserun

—— Under 5 mortality rate 0
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2.3.5.Mortality rate 5-15

Model sector Description Simulation results Observations
Population aging children 0 1 When the Mortality Rate of children-Tb takes a
chain 800000 value of 1 the stock of ChildrerDdecreases fron
the beginning as the adults-49 also decreaseg
600000/ (there is no inflow for this stock) hence birt
2 T~ decrease. This is consistent with expectations.
£400000 \‘\h\
o \‘\
200000 \\\m‘\ For the Under 5Mortality rate of O there is n
o - significant change as this variable has current
0 10 20 30 40 50 small value 00.00259
Time (Year)
—— Martality rate 5 15 0 —— Baserun

—— Martality rate 5 15 1

children 15 When the Mortality Rate of childrenB takes a
AM value of 1 the stock of Children8.decreases fron
the beginning as the adults-49 also decrease
(there is no inflow for this stock) hence birt

2 / decrease and children-10 decrease. This i
5 aM[ consistent wth expectations
=% -\ b
\‘\
—
T —
0 For theUnder 5Mortality rate of O there is n
0 10 20 30 40 30 significant change as this variable has current
Time (Year) small value 00.00259

—— Martality rate 5 150 —— Baserun

—— Martality rate 5 15 1
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children 5 15

When the Mortality Rate of children1b takes a
value of 1 the stock of Childrenr8.decreases fron

8 M
the begnning as the adults 159 also decreaseg
6 M (there is no inflow for this stock) hence birt
2 decrease and children-10 decrease. This i
g M - consistent with expectations.
2M —
o For the Under 5Mortality rate of O there is n
0 10 20 30 40 50 significant change as this variable hasrently a
Time (Year) small value 00.00259
—— Martality rate 5 15 0 —— Baserun
—— Martality rate 515 1
adults 15 49 When the Mortality Rate of children-b takes a
A0M value of 1 the stock of Adults 14D decreases fron

people
o
S
z

—— Martality rate 5 15 0
—— Martality rate 5 15 1

20 30 40
Time (Year)
—— Baserun

50

the beginning there is no inflow for this stock. Tl
is consistent with expectations.

For theUnder 5Mortality rate of O there is ng
significant change as this variable has current
small value 00.00259
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2.3.6.Adult mortality rate

Model sector

Description

Simulation results

Observations

Population aging
chain

When the Adult mortality rate takes a value of 1

stock of Adults 1549 the death flowof adults 15
49is not taking 100% of the stock as the death
is divided by 34 yeardhis is due to the formulatio
used to overcome software limitations when us
the Delay fixed function. Also the level ¢
aggregation of this stock is significant as it captu
the dynamic of population for 34 years. This ig
model limitation that fonow we cannot fix in orde
to assure nomegativity of stocks. This affects th
behavior of the other stocks that continue to gf
even though there is a high mortality rate for add

children 0 1
700000
=2
£ 600000
o
500000
0 10 20 30 40 50
Time (Year)
— AdultMR1 —— AdultMRO —— Baserun
children 1 5
2.8M

people

0 10 20 30 40 50
Time (Year)
— AdultMR 1 —— AdultMRO —— Baserun
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children 5 15
TM
=
g
SM
0 10 20 30 40 50
Time (Year)
— AdultMR 1 —— AdultMRO —— Basern
adults 15 49
22M
20M -
-l o
16 M
0 10 20 30 40 50
Time (Year)
— AdultMR1 —— AdultMRO —— Baserun

2.3.7.Conclusion:

1 For extreme variations of female percentage and fertility rate the population stocks behave according to expectations.
Extreme variations in mortality rates of childresi Ochildren 15 and children 85 produce consistent behaviors.

1 For extreme variatins in adult mortality rate the model does not show the expected beRAdgoshows a model limitation that has to do with:
software limitations while using delay fixed function, level of aggregation of the aduft8 &fock and assuring imegativity.

=
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2.4.Sensitivity analysis

This test assesses whether varying the assumptions of the model changes the results and conclusions. Sensitiviedignastabtisif numerical, behavébr
patterrs, and policy sensitivity.

For the population model we Wilests model sensitivity related to the fertility rate and the death rates for all population stocks as we have made some
assumptions from existing data regarding these parameters and are both highly uncertain and likely to be influerdfalliatitmedynamics (Sterman, 2000).

For this test w use constant data of 2019 (if not available then the closest data there is) as initial values of: Fertility rateréemtalgepeleath rates, initial
population baseline§Ve simulate for 50 years as theragchain considers the population dynamic ranging from age 0 to 49 (from 2019 to 2069).

2.4.1 Female percentage

Female percentage is varied in an interval from 0.478 to 0.528. 10 simulations are run.

Female percentage

Variation
Initial value range Step size (1 Simulation | Simulation | Simulation | Simulation | Simulation | Simulation | Simulation | Simulation | Simulation | Simulation
2019 interval steps) 1 2 3 4 5 6 7 8 9 10
(5%)
0.503 0.478‘ 0.528 0.006 0.478 0.483 0.489 0.495 0.500 0.506 0.511 0.517 0.523 0.528
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Model

sector

aging
chain

Population

Simulation results

children 0 1

800000

700000

people

600000

500000
0

Sensitivity
Sensitivity
Sensitivity
Sensitivity
Sensitivity

10 20

- female percentage 10
- female percentage 9
- female percentage 8
- female percentage 7
- female percentage 6
Sensitivity -

female percentage 5

30 40 50

Time (Year)

Sensitivity - female percentage 4
Sensitivity - female percentage 3
Sensitivity - female percentage 2
Sensitivity - female percentage 1
Baserun-2019 data

Numerical sensitivity: For the children € stock variations in female percentage prod

Observations

numerical sensitivity in all cases. Numerical difference at time 50 between simulation ]
simulation 1:134,827

Behavioral mode sensitivity:In the range [0.478.517] simulations show the same behavig
pattern through all the time horizon. However for the rafg82[30.529 there is behavior mod
sensitivity for the first year, as it increases instead of decreasing.

children 15

Sensitivity
Sensitivity
Sensitivity
Sensitivity
Sensitivity
Sensitivity

10 20

- female percentage 10
- female percentage 9
- female percentage 8
- female percentage 7
- female percentage 6
- female percentage 5

30 40 50

Time (Year)

Sensitivity - female percentage 4
Sensitivity - female percentage 3
Sensitivity - female percentage 2
Sensitivity - female percentage 1
Baserun -2019 data

Numerical sensitivity: For the children B stock variations in female percentage prod
numerical sensitivity in all cases. Numerical difference at time 50 between simulation 1]
simulation 1:505,290

Behavioral mode sensitivity:In the range [0.478.506] simulationsshow the same behavior
pattern through all the time horizon. However for the raiggll-0.529 there is behavior mod
sensitivity from year 1 5, as it increases instead of decreasing.
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Model
sector

people

Simulation results

children 515

Numerical sensitivity: For the children 85 stock variations in female percentage prod

Observations

numerical sensitivity in all cases. Numerical difference at time 50 between simulation ]
simulation 1:1,073,440

Behavioral mode sensitivity: In the range [0.478.495] simulationsshow behavioral change
showing a sustained decrease in yedalts fstead of increasing through the last half of this intet

5M
0 10 20 30 40 50
Time (Year)
T Semitivity - ol perntage. T Senitvity - omaloperoctoge’ In the interval [0.508.506] simulations show the same behavioral pattern through all the
——  Sensitivity - female percentage —— Sensitivity - female percentage 2 .
—_— zenstlmg-femalegercen:age: — zenstlmg-femaleierceniagel hOFIZOﬂ
—— Sensitivity - female percentage 6 —— Baserun-2019 data
——  Sensitivity - female percentage 5 . . . . . .
' ’ For the interval (.511-0.529 there is behavior mode sensitivity from yeat® as it continuously
increases instead of decreasing in the beginning of this period.
adults 15 49 Numerical sensitivity: For the adults 189 stock variations in female percentage prod
24M

I

people
IS

16 M
0 10 20 30 40 50
Time (Year)

Sensitivity - female percentage 10 Sensitivity - female percentage 4
Sensitivity - female percentage 9 —— Sensitivity - female percentage 3
Sensitivity - female percentage 8 ——  Sensitivity - female percentage 2
Sensitivity - female percentage 7 —— Sensitivity - female percentage 1
Sensitivity - female percentage 6 —— Baserun-2019 data

Sensitivity - female percentage 5

numerical serisivity in all cases. Numerical difference at time 50 between simulation 10
simulation 1:2,162,200

Behavioral mode sensitivity:Simulations do not show behavioral changes associated with ch
in female percentage.
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2.4.2 Fertility rate

Fertility rate is varied in an interval from 1.872 to 2.594. The higher value of this interval corresponds to fertititg@a& The lower value is calculated by
subtracting the interval length from the higher value and the initial value in 201%ec2019 value. 10 simulations are run.

Fertility rate (last 10 years interval)

Initial value VELEUY Step size (14 Simulation | Simulation | Simulation | Simulation | Simulation | Simulation | Simulation | Simulation | Simulation | Simulation
range
2019 n steps) 1 2 3 4 5 6 7 8 9 10
interval
2.233 1.872| 2.594 0.080 1.872 1.952 2.032 2.113 2.193 2.273 2.353 2.434 2514 2.594

Simulation results Observations

Population children 01 Numerical sensitivity: For the children & stock variations in fertility rate produce numeri
aging chain sensitivity in all cases. Numerical difference at time 50 between simulation 10 and sim
1:438,112

800000 . e .
Behavioral mode sensitivity:

people

In the range [1.872.952] there is behavior @de sensitivity from year 35 on as simulatig

600000 |/~ N i i
decrease instead of increasing.

In the range [2.032.273] simulations show the same behavioral pattern through all the

400000
0

Time (vear) horizon.
—_— i —_— il —_— il 2 . . P o .
T rtimes — resiymies T et et In the range [2.352.594] there is behavior mode sensitivity up to yeeas it increases instez
—— Fertility rate 8 Fertility rate 4 —— Baserun-2019 data .
—— Fertility rate 7 —— Fertility rate 3 Of decreaSIng
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Model
sector

people

Simulation results

children 15

4M

Numerical sensitivity: For the children &b stock variations in fertility rate produce numeri

Observations

sensitivity in all cases from year 1 and on. Numerical difference at time 50 between sim
10 and simulatin 1: 1,641,890

Behavioral mode sensitivity:

In the range [1.872.032] there is behavior mode sensitivity from year 36 on as simula
decrease instead of increasing.

In the range [2.11:2.273] simulations show the same behavioral pattern through all the

0 10 20 30 40 50 .
Time (Yean) horizon.

—— Fertili 10 —— Fertili 6 —— Fertili 2 . . e s .
T ey rates T rentlityraes T ety et In the range [2.352.594] there is behavior mode sensitivity up to year 5 as it increases if
—— Fertility rate 8 Fertility rate 4 —— Baserun-2019 data .
—— Fertility rate 7 —— Fertility rate 3 Of decreaS|ng

children 515 Numerical sensitivity: For the children 85 stock variations in fertility rate produce numeri

10 M

people

4M
0 10 20 30 40 50
Time (Year)
Fertility rate 10 —— Fertility rate 6 —— Fertility rate 2
Fertility rate 9 —— Fertility rate 5 —— Fertility rate 1
Fertility rate 8 Fertility rate 4 —— Baserun-2019 data
Fertility rate 7 —— Fertility rate 3

sensitivity in all cases from year 5 and on. Numerical difference at time 50 between sim
10 and simulation:13,485,360

Behavioral mode sensitivity:

In the range [1.872.193] simulations show behavioral changes showing a sustained de
in years 515 instead of increasing through this interval.

In the interval [2.272.345] simulations show

the same behavioral pattern through all the time horizon.
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Model Simulation results Observations

sector

adults 15 49 Numerical sengtivity: For the adults 189 stock variations in fertility rate produce numeri
sensitivity in all cases form year 15 and forward. Numerical difference at time 50 be
simulation 10 and simulation 7,016,400

Behavioral mode sensitivity:

people

In the range [1.872.032] there is behavior mode sensitivity from year 36 on as simula
decrease instead of increasing.

In the range [2.11:2.594] simulations show the same behavioral pattern through all the

0 10 20 30 40 50

horizon.
Time (Year)
—— Fertility rate 10 —— Fertility rate 6 —— Fertility rate 2
—— Fertility rate 9 —— Fertility rate 5 —— Fertility rate 1
—— Fertility rate 8 Fertility rate 4 —— Baserun-2019 data
—— Fertility rate 7 —— Fertility rate 3

2.4.3.Infant mortality rate

Infant mortalityrate is varied in an interval from009 to 0.016.7The higher value of this interval correspondmfant mortalityrate in 2009. The lower value
is calculated by subtracting the interval length from the higher valuéhanditial value in 2019 from the 2019 value. 10 simulations are run.

Infant mortality rate (last 10 years interval)

Initial value V?;gt'gn Step size (10| Simulation | Simulation | Simulation | Simulation | Simulation | Simulation | Simulation | Simulation | Simulation | Simulation
2019 rang steps) 1 2 3 4 5 6 7 8 9 10
interval
0.0126 0.009| 0.0167|  0.0009 0.0085 0.0094 0.0103 0.0112 0.0121 0.0131 0.0140 0.0149 0.0158 0.0167
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Model
sector

Population
aging chain

Simulation results

children 0 1

700000

600000

people

500000
0

Numerical sensitivity: For the children €l stock variations in infant mortality rate produ
small numerical sensitivity in all cases. Numerical difference at time 50 between simulal

and simulation 1:5,192

Behavioral mode sensitivity:

There is no behavioral mode sensitivity in any simulation.

Observations

10 20 30 40 50
Time (Year)
—— Infant MR 10 Infant MR 6 Infant MR 2
—— Infant MR 9 Infant MR 5 —— Infant MR 1
—— Infant MR 8 Infant MR 4 —— Baserun-2019 data
—— Infant MR 7 Infant MR 3
children 1 5 Numerical sensitivity: For the children &b stock variations in infant mortality rate produ

2M
0 10 20 30 40 50
Time (Year)
—— InfantMR 10 Infant MR 6 Infant MR 2
—— Infant MR 9 Infant MR 5 —— Infant MR 1
—— Infant MR § Infant MR 4 —— Baserun-2019 data
—— Infant MR 7 Infant MR 3

small numerical sensitivity in all cases. Numerical difference at time 50 between simulal

and simulation 1:43,730

Behavioral mode sensitivity:

There is no behavioral mode sensitivity in any simulation.
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Model
sector

Simulation results

Observations

children 5 15

small numerical sensitivity in all cases. Numerical difference at time 50 between simulal
and simulation 1:93,230

™™

Behavioral mode sensitivity:

people

There is no behavioral mode siivity in any simulation.

5M

0 10 20 30 40 50
Time (Year)

Infant MR 10
Infant MR 9
Infant MR 8

—— InfantMR 6
—— InfantMR 5
Infant MR 4

Infant MR 2
—— Infant MR 1
—— Baserun-2019 data

Infant MR 7 — InfantMR 3

adults 15 49 Numerical sensitivity: For the adults 189 stock variations in infant mortality rate produ

. small numerical sensitivity in all cases. Numerical difference at time 50 between simulat
and simulation 1:186,300.
20M
. Behavioral mode sensitivity:
There is no behavioral mode sensitivity in any simulation.
16 M
o 10 20 30 40 50
Time (Year)
—— Infant MR 10 —— InfantMR 6 Infant MR 2
—— Infant MR 9 —— InfantMR 5 —— Infant MR 1
—— Infant MR 8 Infant MR 4 —— Baserun-2019 data
—— Infant MR 7 —— Infant MR 3

2.4.4Under 5 mortality rate

Under 5 mortalityrate is varied in an interval from005 to 0.0210The higher value of this interval correspondsrider 5 mortaty rate in 2009. The lower
value is calculated by subtracting the interval length from the higher value and the initial value in 2019 from the 2010 sehulations are run.
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Model

sector

Population
aging chain

Simulation results

children 0 1

700000

600000

people

500000
0

and simulation 1:12,046.

Behavioral mode sensitivity:

Observations

Numerical sensitivity: For the children €l stock variations in under 5 mortality rate prodt
small numerical sensitivity in all cases. Numerical difference at time 50 between simulal

There isno behavioral mode sensitivity in any simulation.

10 20 30 40 50
Time (Year)
—— Under 5 MR 10 —— Under5MR 6 —— Under 5MR 2
—— Under 5MR9 —— UnderSMR 5 —— Under5MR 1
—— Under SMR 8 Under 5 MR 4 —— Baserun-2019 data
—— UnderSMR7 —— UnderSMR 3
children 1 5 Numerical sensitivity: For the children B stock variations in under 5 mortality rate prody

2M

—— Under SMR 10
—— Under 5MR 9
—— Under 5MR &
—— Under SMR 7

20
Time (Year)
—— UnderSMR6
—— Under5MR 5

Under 5 MR 4
—— UnderSMR 3

30

40 50

—— Under5SMR2
—— Under5MR 1
—— Baserun-2019 data

small numerical sensitivity in all cases. Numerical difference at time 50 between simulal

and simiation 1: -24,980.

Behavioral mode sensitivity:

There is no behavioral mode sensitivity in any simulation.
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Model Simulation results Observations

sector

children 515 Numerical sensitivity: For the children 8.5 stock variations in under 5 mortality rate prod
e small numerical sensitivity in all cases. Numerical difference at time 50 between simulal
and simulation 1:193,790.

Behavioral mode sensitivity:

people

There is no behavioral moderssitivity in any simulation.

5M

0 10 20 30 40 50
Time (Year)

—— Under 5 MR 10 —— Under5MR 6 —— Under 5MR 2
—— Under 5MR9 —— UnderSMR 5 —— Under5MR 1
—— Under SMR 8 Under 5 MR 4 —— Baserun-2019 data
—— UnderSMR7 —— UnderSMR 3

Numerical sensitivity: For the adults 189 stock variations in under 5 mortality rate prod
small numerical sensitivity in all cases. Numerical difference at time 50 between simulal
and simulation 1:381,700.

Behavioral mode sensitivity:

There is no behavioral mode sensitivity in any simulation.
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