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forecasts to 2100: a comprehensive demographic analysis for the Global Burden of Disease Study
20217

This appendix provides further methodological detail for “Global fertility in 204 countries and territories, 1950—
2021 with forecasts to 2100: a comprehensive demographic analysis for the Global Burden of Disease Study 2021.”



Preamble

This appendix provides further methodological detail for “Global fertility in 204 countries and territories, 1950—
2021 with forecasts to 2100: a comprehensive demographic analysis for the Global Burden of Disease Study 2021.”
This study complies with the Guidelines for Accurate and Transparent Health Estimates Reporting (GATHER)
recommendations.! It includes detailed tables and information on data in an effort to maximise transparency in our
estimation processes and provide a comprehensive description of analytical steps. We intend this appendix to be a
living document, to be updated with each iteration of the Global Burden of Disease Study.

Portions of this appendix have been reproduced or adapted from appendices for Wang et al.2, Foreman et al.?, and
Vollset et al.* References are provided for reproduced or adapted sections.
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Section 1: GBD overview

Section 1.1: Study 2021

The Global Burden of Diseases, Injuries, and Risk Factors Study (GBD) is a collaborative research effort aimed at
estimating worldwide population, fertility, morbidity, and mortality. The GBD collaborator network draws on the
expertise of over 10 000 contributors from around the world. For this paper, we estimated fertility by age and
location from 1950 to 2100.

Section 1.2: Geographical locations of the analysis

We produced estimates for 204 countries and territories that were grouped into 21 regions and seven super-regions.
A list of locations can be found in appendix 1 table S1 (section 5).

Section 1.3: Time period of the analysis

We estimated age-specific fertility rates (ASFRs), total fertility rates (TFRs), and live births for the years 1950-
2100. Additionally, we estimated cumulative cohort fertility by age 50 (CCF50), defined as the average number of
children born to an individual female from an observed birth cohort (indexed by year of birth) if she lived to the end
of her modelled reproductive lifespan (from age 15 to 49) out to the 2085 birth cohort. We forecast CCF50 to the
2085 birth cohort to be able to report ASFR, TFR and live births for the year 2100.

Section 1.4: Statement of GATHER compliance

This study complies with the Guidelines for Accurate and Transparent Health Estimates Reporting (GATHER)!
recommendations. We have documented the steps involved in our analytical procedures and detailed the data
sources used. See appendix 1 table S2 (section 5) for the GATHER checklist. The GATHER recommendations can
be found here: http://gather-statement.org/

Section 1.5: List of abbreviations

Abbreviation Full phrase

ASFR Age-specific fertility rate

ARIMA Autoregressive integrated moving average
AROC Annualised rates of change

CBH Complete birth histories

CCF50 Cumulative cohort fertility by age 50
CEB Children ever born

DYB UN Demographic Yearbook

GBD Global Burden of Disease Study

GHDx Global Health Data Exchange

HFC Human Fertility Collection

HFD Human Fertility Database

MPIDR Max Planck Institute for Demographic Research



http://gather-statement.org/

MR-BRT Meta-regression—Bayesian, regularised, trimmed

RMSE Root mean-squared error

SBH Summary birth histories

SRB Sex ratio at birth

TFR Total fertility rate

TFO30 Total fertility over age 30

TFU25 Total fertility under-age 25

UNPD Population Division of the Department of Economic and Social Affairs of the United

Nations Secretariat

UNSD UN Statistical Division
VR Vital registration
WPP United Nations World Population Prospects

Section 2: Past and current fertility estimates overview

Prior to GBD 2016, we used United Nations World Population Prospects (WPP) fertility estimates for all countries
and territories.’ Starting in GBD 2016, we estimated TFRs on based on a systematic synthesis of available data for
all GBD 2016 locations and then used the age-specific fertility pattern from WPP.® By GBD 2017, we were
estimating age-specific fertility rates for ages 10—54 years based on a systematic synthesis of all available data for
all GBD locations and calculating TFR as a function of the age-specific fertility rates.”

Section 2.1: Data sources

Fertility estimates are based on three main types of data sources: (1) the number of livebirths reported in vital
registration (VR) systems; (2) complete birth histories (CBH); and (3) summary birth histories (SBH). We compiled
a total of 37,286 unique location-source-years of data for women aged 10 to 54 for the period between 1950 and
2021. Appendix 1 tables S3 and S4 provide the number of data sources by location and year.

Section 2.1.1: Fertility data source types

We sought to use accurate and complete accounts of livebirths reported by age of mother. Complete livebirth
registration reports are designed to account for all births in a single country, territory, or subnational location in a
single year, which makes them the gold standard for fertility data. Most high-income countries and territories have
high-quality VR systems with information on dates and locations for all births as well as demographic
characteristics of each mother. Many lower-income countries and territories, however, had birth registries with
incomplete data coverage or interrupted and/or delayed reporting. In these locations, we utilised birth history
information from household surveys conducted among women aged 15 to 49 at the time of the survey but had to use
birth registries for females aged 10 to 14 and 50 to 54 since most household surveys do not collect birth histories
from those particular age groups.

For triangulating the level and age-pattern of fertility, we had to rely on other types of data sources, primarily
household surveys and censuses, where birth registration data quality and completeness were low. Household



surveys and censuses had two primary types of fertility information: CBHs and SBHs. See section 2.2.4 for more
information about CBHs and SBHs.

Section 2.1.2: Fertility data identification and synthesis

We used VR data from the UN Demographic Yearbook (DYB) published by the UN Statistical Division (UNSD),®
the Human Fertility Database (HFD) and Human Fertility Collection (HFC) from the Max Planck Institute for
Demographic Research (MPIDR)® the WHO mortality database', official publications, online data portals of
national statistical offices, and international collaborators. The HFD/HFC and DYB are both compilations of
registry-based fertility data from national statistical offices and research institutes. We obtained DYB data on live
births by age of mother for every year available from 1950 to 2021. We obtained the complete set of age-specific
HFD and HFC empirical data up to 2021 but excluded country-year-ages already accounted for by the DYB and
prioritised HFD over HFC. In addition, we obtained data from SRSs where available, primarily in South Asian
countries such as India, Pakistan, and Bangladesh. In total, we had 8046 unique country-source-years of VR data,
with 2577 from before 1970 and 1864 from after 2000. We also had 32 country-source-years of data from SRS.

We identified fertility data from censuses and household surveys using the Global Health Data Exchange (GHDx)
by searching for “complete birth history,” “summary birth history,” “fertility,” and “live births” keywords among
records categorised as “survey” and “census.” Research team members reviewed these data to verify whether they
included the necessary information for GBD analysis. We then conducted additional research to identify and fill
gaps in data, primarily through country statistical office websites and surveys such as DHS, MICS, WFS, and RHS.
In-country collaborators also assisted in acquiring data that were not publicly available. For low-income locations
(especially in sub-Saharan Africa), we sought out colonial censuses from the 1950s and 1960s with SBH data. For
survey sources that included microdata, we computed period ASFR every three years over a 15-year recall using
CBH data and calculated the average number of children ever born (CEB) for each year of mother’s age, which
would later be split by cohort age patterns from the first modelling stage (see section 2.2.4), using SBH data. For
sources that did not contain microdata, we extracted period ASFR or average CEB by mother’s age from reports or
other publications. In total, we used 439 CBH and 628 SBH sources from surveys and 349 censuses. We were
occasionally unable to identify whether a survey that had tabulated period ASFRs was a CBH or SBH survey, but
these data only accounted for 156 country-source-years from 45 sources. We have provided details on the nature and
quantity of identified sources in appendix 1 tables S3 and S4. We then estimated fertility rates for the 10—14-year
age group as a function of estimated fertility in the 15—19-year age group and for the 50-54-year age group as a
function of the estimated fertility in the 45-49-year group. We provide more information about the age-specific
fertility estimation process below. After estimating ASFRs, we computed summary measures of fertility including
TFR, total fertility under age 25 (TFU25), and total fertility over age 30 (TFO30).

Section 2.2: Modelling strategy

Section 2.2.1: Age-specific fertility rate estimation for 15 to 49 years

As stated above, we used ST-GPR to estimate ASFR for age groups 1519, 20-24, 25-29, 30-34, 35-39, 4044,
and 45-49. The methods for this process have been described in full elsewhere,>’ but in short, we did the following:

(1) estimated ASFR for the 20-24 age group using age-specific data from CBH and VR sources, using mean years
of education in the corresponding age group as a covariate; (2) estimated ASFR for the other age groups using age-
specific data from CBH and VR sources as well as age-specific mean years of education and the 20-24 age group
ASFR as covariates; (3) split SBH and other total births data by age and period using estimated location, time, and
ASFR for each age group; (4) re-estimated ASFR for the 20-24 age group using CBH, VR, and period-age-split
SBH data; and (5) re-estimated ASFR for the other age groups using CBH, VR, and the period-age-split SBH data.

We implemented the ST-GPR models for ASFR as explained below. The first stage of our mixed effect regression
was fit in bounded logit space:

] ASFR data — lower bound,g,
Logit
upper bound, g, — lower bound, g,



We set the lower bound as the minimum fertility by age across time and location and the upper bound, after
dropping implausibly high ASFRs over 0.5, as the 99.3 percentile of fertility by age across time and location. The
upper bound set an implied maximum TFR of 9.35.

We used the following formula for our mixed effects regression:
logitbound (ASFR20—24)C,t,s,i = ﬁo + ﬁl * female educationc,t tVes + Ects,i

logitbound(ASFRn—n+4-)c,t,s,i = ﬁo + ﬁl * fem educ,t + Spline(ASFRZO—ZALC,t) + Yes + sc,t,s,i

]/CS ~ N(O’ a-}%cs)
Eotsi ™~ N(O’ 0-52)

Where
c is location, t is time, s is source of datapoint i
n is between 15 and 45
Bo is the intercept
B, is the coefficient on female education
Y5 1S a location-source random intercept
€ is the residual
Female education and the 20-24 age group ASFR estimates were specific to each country or territory and year.

We only used female education as a covariate in high-income locations for the 20-24 age group, not for the other age
groups. We fit separate models for high-income, sub-Saharan Africa, central Europe, eastern Europe, and central
Asia to factor in the differences in the relationships between 20-24 age group ASFR and the ASFR of other age
groups. We selected the knots in the linear spline (in logit space) by super-region and age group, as outlined in Table
A below.

Table A. Knots on ASFR 20-24

Region Age Knot

Central Europe, eastern Europe, and central Asia 15 NA
Central Europe, eastern Europe, and central Asia 25 -1.5
Central Europe, eastern Europe, and central Asia 30 -2
Central Europe, eastern Europe, and central Asia 35 -1.75
Central Europe, eastern Europe, and central Asia 40 -1.75
Central Europe, eastern Europe, and central Asia 45 -2
High-income 15 NA
High-income 25 NA
High-income 30 -2.25
High-income 35 -2
High-income 40 -2.25
High-income 45 -2.25
Others 15 NA
Others 25 -1.5
Others 30 -1.3
Others 35 -1.3
Others 40 -2
Others 45 -2.5
Sub-Saharan Africa 15 NA
Sub-Saharan Africa 25 -1.75



Sub-Saharan Africa 30 -1.25

Sub-Saharan Africa 35 -1.3
Sub-Saharan Africa 40 -1.5
Sub-Saharan Africa 45 -1.75

We outliered data that reported improbably high ASFR (ie, ASFR over 0.5); had 0 values as a result of sampling
error, particularly in the 45-to-49-year age group; reflected an undercounting of births, when we could not adjust the
data using other sources; or reported implausibly high fertility levels or trends compared to complete VR data or
other more reliable sources.

Section 2.2.2: Data source adjustment

After running the mixed effects model, we adjusted data to a reference source using the random intercept on the
concatenation of location and source. To get the adjustment factor, we did the following using the equation below:
(1) calculated the difference between the fixed and random effects of the reference source, (2) calculated the
difference between the fixed and random effects of the datapoint for the specific source, and (3) added the two
differences together. We then added the adjustment factor to the data to get an adjusted value.

Adjustment Factor = (Location Source RE,.; — Location Source REg4tapoint)

where RE represents a random intercept of either a reference source or a datapoint-specific location-source.

When we had more than one reference source for a single location, we averaged the values of the location source
random effects from all the reference sources and used that for the Location Source RE...f part of the equation.

We primarily chose reference sources which met one of the following criteria: (1) complete VR for locations with
complete VR, (2) an average of complete birth history sources for locations with one or more complete birth
histories, and (3) an average of all the sources for each location for locations without complete VR or complete birth
histories. We considered VR to be complete if the median completeness of child death registration in the location
over all available years was over 95% according to the previous round of GBD.2 We also chose reference sources
for some locations using expert judgement. For example, the 1950s and 1960s censuses in sub-Saharan Africa are
widely viewed as an accurate reflection of depressed fertility in the region at that time, so the censuses were used as
reference sources.

Section 2.2.3: Hyperparameter selection

We used the outputs of the previous processes to implement residual smoothing and GPR. We chose
hyperparameters for these steps based on a location- and age-specific data density score. We calculated data density
scores based on the years for which VR sources were available plus the number of unique CBH and SBH sources
available for the given location, using the following computational methods for each type of data source:

1. Complete VR sources: calculated as the number of years for which VR data were available. If the number
of births in the age group was below 100, this part of the score was down-weighted by the difference
between the number of births and 100.

2. Incomplete VR sources: calculated the same way as with complete VR data, but down-weighted by 0.5.

3. Total CBH sources: the number of unique complete birth histories for a single location.

4. Total SBH sources: the number of unique summary birth histories for a single location.

We calculated the data density score using the following equation:
DD Scorejocqge = Complete VR yearsocqge + (2 * Number CBH Sourcesmc‘age)
+ (0.25 * Number SBH sourceslomge) + (0.5 * Incomplete VR yearslou‘age)
+ Number Other Sources;,¢ qge

Where
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DD is the data density
CBH is complete birth history
SBH is summary birth history

In this round of GBD, we updated our time weights to use a beta density function. We assigned hyperparameters o
and B for the beta density function, generally based on final data densities, as shown in Table B. However, there
were exceptions where we manually assigned a different set of hyperparameters.

Table B. Hyperparameter values by data density

Data density Alpha Beta Zeta Scale
Over 50 500 500 0-99 5
Between 30 and 50 100 100 09 10
Between 20 and 29 20 20 0-8 15
Between 10 and 19 15 15 0-7 15
Under 10 10 10 0-6 15

Where the time weights were calculated as:

F((X + .8) a—-1 -1
- Wx (1 - X)B _ xa—1(1 _ x)/?—l
Ta+P) qca-1oq 1 0.52+8-2
T 0.52-1(1 — 0.5)8
And:
_ (t+72)
YT T

In cases of incomplete VR sources, we defined data variance as the difference between the spatiotemporal prediction
and the unadjusted data. Some location-ages had very little data, resulting in implausible variance. As such, for
location-ages with fewer than five datapoints, we used the maximum data variance in the location’s GBD region.

For complete VR sources, we assumed that non-sampling variance was 0. We calculated sampling variance for these
sources using the following binomial equation:

ASFR x (1 — ASFR)

S ling Vari =
ampling Variance Births

We then calculated amplitude and applied it to all locations other than high-income VR-only national locations with
40+ years of VR data. For these locations, we took the mean of the location-specific variance of the difference

between the data and the spatiotemporal smoothing. However, we only included national locations from 1990 to
2021.

The adjusted data, sampling variance, amplitude and smoothed estimates based on spatiotemporal smoothing are
input to GPR to generate 1000 draws of each location-time-year-age group. GPR is our implementation of the
PyMC python package. The smoothed estimates are used as the mean function, and we use a Matern covariance
function made up of three parameters; the amplitude (described above and calculated based on the available data),
the scale (values displayed in Table B and also determined by the availability of data) and the degree of

11



differentiability (which is currently set to 1). A posterior is calculated based on the mean and variance of the
observations and the prior and draws are taken from this posterior to get our final estimates with uncertainty.?

Section 2.2.4: SBH methods

For the earlier years of the study period, CEB data were more readily available from SBHs than from CBHs. While
there are numerous methods for calculating period- and age-specific fertility from SBH information, the Brass
Parity/Fertility ratio method is used most often. However, this method assumes a constant ASFR over time. We
wanted a dynamic measure of cohort age patterns over time, so we instead used ASFR estimates from CBH and VR
data from the first run-through of ST-GPR described above to split SBH into period ASFR. We used these estimates
to compute implied annualised fertility for all the five-year birth cohorts represented in a given SBH from age 10
through whichever came sooner: age 54 or the year of the survey. To account for births that occurred in years when
part of the initial age group had moved into the next age group, we calculated the weighted average of estimated
ASFRs in the age groups on either side of the selected age group and took that average as the fertility experienced
by that hypothetical cohort in that year, assuming a uniform age distribution within the age group. For example, for
a cohort of women aged 20 to 24 in 1984 with ASFR F, we would compute the ASFR experienced by this cohort as
women aged 21 to 25 in 1985 as:

.8 *5 F21884 + .2 *5 F21§89
since 20% of the cohort had aged into the 25 to 29 age group by the following year.

We then used the implied annualised cohort ASFR to calculate cumulative cohort fertility up to the age of each
cohort at the time of the survey. We compared implied cumulative fertility to observed cumulative fertility (average
CEB from SBHs) by each cohort to get a scaling factor. We then applied this scaling factor to the original implied
cohort age pattern, which distributed CEB back across time and age. This method only covered birth cohorts
between 1940 (who began to experience ASFR 10-14 in 1950, the first year of our study period) and 2009 (who
began to experience ASFR 10-14 in 2019, at the end of our study period).

Splitting of total birth and historic location aggregate data

A large portion of the data could only be obtained already aggregated by age and/or location (eg, total live births
instead of births by mother’s age; former USSR prior to its dissolution). For these data, we split just the CBH and
VR data using the age and location proportions designated in the first ST-GPR run-through. After splitting the data,
we reran the estimation process describe above using all CBH, VR, and period and age-split data as well as location
and age-split miscellany. This improved the availability of past data and gave us more information about aggregate
levels of fertility over time.

Section 2.2.5: Age-specific fertility rate estimation for 10- to 14-year-olds and 50- to 54-year-olds

We estimated ASFR for the 10 to 14 and 50 to 54 year age groups separately because data for these age groups in
locations without VR systems were scarce. We used the relationship between ASFR in sequential age groups to
estimate both age groups. For the 10 to 14 age group, we ran a mixed effects regression on the log of the ratio of
ASFR 10-14 over ASFR 15-19, and used ASFR 15-19 and nested random intercepts by super-region, region, and
location as predictors, as defined by the equation below:

| (ASFR 10 — 14
°8\4SFR 15— 19
Viejp ~ N (0' ”?;km)
Yiktg ~ N (0’ Uyzjkm)

]/l']'k ~ N(OP a}%ijk)

) = Bo + B log(ASFR 15 — 19) + vip5) + Y[y + Vijk

Where
i is location, j is region, k is super-region

B; is a fixed covariate coefficient
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Yxj]» Yjk[i]» @nd Yiji are nested super-region, region, and location random intercepts

We then calculate draws based on uncertainty in the random effects and variance-covariance matrix of the fixed
effects. 1000 draws of the fixed covariate are taken from the mean estimate of the coefficient and the variance-
covariance matrix assuming a normal distribution. Similarly, we assume the random effects follow a normal
distribution and are all independent and identically distributed. 1000 draws for the random effects are taken from a
normal distribution of the mean random effect and the standard error. These draws are combined to make final
predictions at the draw level and summarised.

For ASFR in the 50 to 54 age group, we instead estimated a regression on the log ratio of ASFR 50-54 over ASFR
45-49 with a constant. We did this because there was not a clear relationship between this ratio and ASFR 45-49.
We produced 1000 draws from the variance-covariance matrix to generate uncertainty,

Section 2.2.6: Fertility metrics

We calculated TFR as the time-weighted sum of the ASFRs from each age group. To do this, we added ASFR for
each five-year age group and multiplied that by the five years spent in each age group. We calculated TFU25 and
TFO30 in the same way, but with only the relevant age groups included. We defined livebirths as the sum of ASFR
from all age groups multiplied by the 10- to 54-year-old female population from the population model described
previously.?

Section 2.3: Sex ratio at birth

Section 2.3.1: Overview

Another component of population structures and reproductive capacity is the sex ratio at birth (SRB). For the GBD
analysis, we defined SRB as the ratio of total male to total female livebirths in each location in a given calendar
year. The naturally occurring SRB generally hovers around 1.05 males per female, with some location-specific
variation."' Since the introduction of ultrasound technologies and the ability to conduct sex-selective abortions,
previously stable SRBs have shifted in some locations as a result of systematic sex preferences for children.!! SRBs
in recent years are particularly skewed in the Caucasus, south Asia, and east Asia. To reflect historic equilibria and
recent shifts in SRB, we developed a model to estimate SRB in all GBD countries and territories, Hong Kong, and
Macau from 1950 to 2021.

Section 2.3.2: Modelling approach

For GBD 2021, we updated our sex ratio at birth estimates. We implemented ST-GPR to estimate a complete time
series of the sex ratio at birth for all GBD locations and years. The main differences from previous GBD rounds are
additional VR and CBH data, updated outliering decisions following thorough model review, and the use of higher
values of the beta hyperparameter for locations with more data. The beta hyperparameter change lowers the
smoothness of the model fit, allowing the model to follow the data more closely. See the fertility section for more
details on the methodology.

Section 3: Forecasting fertility methods

We produced forecasts of fertility using an updated modelling framework which modified our previously published
methods in Vollset et al.* We continued to forecast CCF50 rather than directly modelling TFR. However, we did
make a few changes to our modelling framework including no longer completing incomplete birth cohorts but using
complete observed past cohort data only, adding two new covariates (under-5 mortality and population in habitable
areas), as well as an additional alternative scenario regarding pro-natal policies.

Briefly, we forecast CCF50 out to the 2085 cohort, followed by unpacking it into ASFRs. CCF50 was defined as the
average number of children born to an individual female from an observed birth cohort (indexed by year of birth) if
she lived to the end of her modelled reproductive lifespan (from age 15 to 49). The observed past CCF50 estimates
for birth cohorts from 1945 to 1972 were used to forecast CCF50 for birth cohorts from 1973 to 2085. We only
forecast CCF50 to 2085 (not 2100) because it is a cohort not period measure. In other words, to report ASFR and
TFR (period measures) at 2100 we need to account for all women who will have entered their reproductive years by
then (2100-15 =2085). We utilised not only estimates of female education and proportion of met need for
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contraception as covariates in the CCF50 sub-models, but also estimates of under-5 mortality and population in
habitable areas. We forecast CCF50 using three sub-models (with 2, 3 and 4 covariates) to generate an ensemble
model forecast where all three sub-models were equally weighted (appendix 1 section 3.2).From forecasted CCF50,
we then derived ASFR forecasts from the year 2022 to 2100 using a combination of a linear mixed effects model,
spline interpolation, and Autoregressive integrated moving average (ARIMA) (1,0,0) on residuals to estimate the
age pattern of fertility for each cohort (appendix 1 section 3.3). Once the 15-49 ASFR values were obtained, we
inferred the 10-14 and 50-54 ASFR values based on their ratios to the rest of the age pattern during the last observed
year (2021).

Section 3.1: Covariate forecasts

We used four covariates in our forecasting model including, contraceptive met need, educational attainment, under-5
mortality, and population in habitable areas. As we needed to complete the reproductive years of the youngest birth
cohort by 2100 (those born in 2085) to report ASFR and TFR at 2100, all covariates needed to be forecast through
2134 (when those born in 2085 turn 49 years old). We present visuals of each covariate through 2135 in appendix 2
figure S2.

Section 3.1.1: Contraceptive met need

We forecasted contraceptive met need by age and locations using an ensemble model. Met need was defined as the
proportion of women—ifrom among those aged 25-29 who are fertile and sexually active, who report not wanting
children or more children or wanting to delay having a child—who are using or whose sexual partner is using a
method of modern contraception. The ensemble model was comprised of six annualised rate of change (ARC) sub-
models with varying recency-weighting parameters (the higher the weight, the more weight given to recent years).

We calculated the age-standardised and location-specific annual change of the logit-transformed met need values.
To account for the effect of noisy data, we replaced annual changes outside the 2.5" and 97.5" percentiles with those
corresponding percentile-values. The weight of each sub-model was determined by running out-of-sample predictive
validity, training each sub-model on data from 1990-2009 and validated based on 2010-2019 GBD estimates. We
measured each child model’s performance using root mean-squared error (RMSE) based on which we determined
sampling weights of each child model. Then we produced the sub-model forecasts based on the 1990-2019 training
dataset with 500 draws for each sub-model and sampled the draws according to the RMSE in the training dataset to
obtain the final ensemble forecasts.

Section 3.1.2: Educational attainment

Educational attainment was forecasted using the methodology described in Foreman et al, 2018* with an added
assumption that educational attainment (up to a maximum of 18 years of education) does not change after age 25 as
in Vollset et al, 2020.* After age 25, we held forecasted education constant within each location- and sex-specific
birth cohort (all individuals born in a certain year). This prevented implausible within-cohort changes in education
during older age and was more congruent with our cohort-specific modelling approach for fertility forecasting
(section 5), for which education was a key input.

Briefly, for age groups with a starting interval of 25 years or below, we computed age-, sex-, and location-specific
annualised rates of change (AROCs) by a recency-weighted average of annual differences in logit space after scaling
mean years of education (based on GBD 2019 estimates?) by 18 years. The recency-weighting parameters were
chosen using cross-validation, where to reduce the potential for overfitting, we selected the parameter producing the
smallest root-mean square error at least 5% greater than the minimum. These AROCs were applied to GBD 2019
draws to produce forecast draws, denoted EDU, 5.4, of mean years of education for location [, age a < 25, sex s,
future years t = 2020, ..., 2100, and draw d. For age groups with interval starts a > 25, the forecasted value was
set to the previous value on the cohort trajectory, which is lagged in time by the age-group interval (5 years) due to
the relationship

cohort birth = time — age.
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Specifically, for age groups indexed by the interval start a = 30, 35, ..., 95 this is given by

EDUj(q-s)st-5ya» ~ t <2019 +5

EDU =] ___
lastd {EDUl(a_S)S(t_S)d, t>2019+5

where EDU,q—5)s(¢t—5)a and EDUy(q_s5)s(t—s5)q denote draws of past GBD and future forecasts, respectively.

Section 3.1.3: Under-5 mortality

Forecasts for 2017 - 2100 under-5 mortality rates were derived from mortality forecasts published in Vollset et al,
2020.% These values were only available for 195 of the 204 locations modelled, so the remaining 9 were filled in
with the under-5 mortality rates of their corresponding regions. Additionally, subnational values were available until
2017 but not for any future years. We calculated the sex specific, subnational to national ratios in 2017 and applied
these ratios to future national values to get the subnational estimates, assuming that the ratio remains constant after
2017.

Values for 2100 — 2125 were forecasted on a sex and location specific level using AROCs in logit space. These
AROCs were weighted using different recency parameters and selected using an out-of-sample RMSE. The selected
annual rates of change were applied to each year after 2100, then converted back to normal space to get the values
for the final 25 years.

Section 3.1.4: Population in habitable areas
We defined this covariate as population divided by habitable area,

population

logig————
810 habitable area

We used an updated population reference forecast based on GBD 2019 past estimates. Details on our population
forecasting methods can be found in Vollset et al.* In brief, we forecast population to 2100 for all 204 locations, but
due to time horizon constraints on inputs to our population forecasting model we could not produce results further
into the future. Due to this constraint, we held population in each location constant from 2101-2035. Habitable area
was defined as a country’s area in km? that excluded areas with fewer than ten people per 1 x 1 km and classified as
barren or sparse'?. The same habitable area value was held constant for each location from 1970-2135. Of note, our
uninhabitable area did not include desert or high elevation locations.

Section 3.2: CCF50 forecasts

For modelling the single-age group CCF50, we used a combination of four covariates: female education (25-29
years), proportion of met need for contraception (25-29 years), population per habitable area) and under-5 mortality
(further described in appendix 1 section 3.1). The relationship between CCF50 and the covariates was modelled with
the Meta-Regression Bayesian, Regularized, Trimmed tool (MR-BRT)'3, after transformation to scaled logit space.

The scaled logit space is defined by the logit transformation of CCF50 scaled from (0.7, 10) to (0, 1):

CCF50 — 0.7)

loglt(0.7,10) (CCF50) = ln( m

Appendix 1 figure S1 shows an example plot visualising the relationship between CCF50 (after the inverse scaled
logit transformation) and two covariates at a time, ie, education and proportion of met need for contraception
covariates, in this case.

We used equally weighted three sub-model forecasts for each location and birth cohort to generate the ensemble
CCF50 forecasts. The three sub-models are represented by the following equations:

(1) Two covariates sub-model:
logit.710)(CCF50,.) = B, + spline(education,;) * B1 + met need;; * B, + &
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(2) Three covariates sub-model:
logit(o.7,10)(CCF50;c)
= B, + spline(education,.) * B, + met need,, * 3, + under—5 mortality,,
* ﬁ3 + e

(3) Four covariates sub-model:

logit(o.7,10)(CCF50,.)
= By + spline(education,.) * B, + met need,, * , + under — 5 mortality, * B3
+ urbanicity;. * B, + €

where CCF50 is modelled in scaled logit space for location (1) and cohort (c) , f, is an intercept, 8, is a vector of
the spline coefficients of female education (25-29 years) covariate, 3, is a slope on proportion of met need for
contraception (25-29 years), f3 is a slope on under-5 mortality, 3, is a slope on population per habitable area and &
is a residual term.

To capture time-series trends in CCF50 not explained by these covariates, we used a first-order autoregressive
model ARIMA 1,0, on the scaled logit residual term to produce forecasts on residuals for each sub-model:

logit.7,10)(E1c) = @ * logit(sl/(c_\l)) + 7

where £ is the estimated residuals for location (1) and cohort (¢), ¢ is an autoregressive model constant, £ _7) is
the estimated residuals for location () and cohort (¢ — 1), z,,. is a white noise term.

Afterwards, we added these forecasted residuals to forecasted draws of CCF50. These draws were based on
covariates mean values from a multivariate normal distribution with mean and estimated variance-covariance
matrix. To run each of the sub-models we used the following configurations of MR-BRT models:

- Cubic spline with left and right linear tails

- Knots placement chosen based on quantiles: 10%, 36.5" and 75" of education covariate

- No random effects by location
We equally weighted all three sub-models to generate the ensemble model forecasts of CCF50 for a given location
(D) and cohort (¢).

Section 3.3: Forecasting age patterns of fertility

The resulting CCF50 forecasts from the previous stage were then “unpacked” to produce forecasts of ASFR (period
space). To do so, we forecasted cohort age-specific fertility patterns using a linear mixed effects regression in five-
year age intervals with female education (25-29 years) and proportion of met need for contraception (25-29 years) as
fixed effects covariates, while accounting for geographical regions as random intercepts. This gave us cohort-ASFR
with 5-year age intervals. We then interpolated the five-year age interval cohort-ASFR to a single-year age cohort-
ASFR, which was then converted to period space, followed by ARIMA1 0,0y model on the logit residuals to capture
ASFR time-trends not explained by the covariates, similar to the prior stage described in Section 3.2.

In the linear mixed effect regression model, we first stratified our data based on GBD’s super-regions as “high-
ASFRyc

CCFSOLC) proportion in logit

income” and “not high-income”. For each of the two super-regions, we modelled (
space:
. ASFRxlc . .
logit (W) = f; * educationy,, + 5, * met need,;. + T * region + &,
lc

where ASFR is age-specific fertility rate for age-interval (x), location () and cohort (c), CCF50 is complete cohort
fertility for location (1) and cohort (c), region is an indicator variable for a region name, and &, is a residual term.
Within either super-region, the above equation is solved for every 5-year age group within CCF50.
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ASFRy ¢

P ) to calculate the values of ASFR,;. in five-year age intervals
lc

We then used the estimated proportion logit (

(after taking the inverse logit (expit) transformation of the proportion and multiplying by CCF50,;. produced in the
previous stage (Section 3.2)):

— ) . (ASFRy,,
ASFR,,. = expit loglt(

Lo 7He) |, ¢CF50
CCF5016>] i te

Afterwards, we used the interpolation method “slinear” in interp1d from python’s SciPy package “interpolate” to
estimate a single-year age group ASFR from a five-year age group ASFR.

We then utilised ARIMA(1 0,0y on logit residual term to capture single-year ASFR trends unexplained by education
and contraceptive met need:

logit(&g:) = @ * logit(e,j(';l)) + Zye

where £, is the estimated residuals for age (x), location (1) and cohort (c), ¢ is an autoregressive model constant,
Ex1(c—1) 18 the estimated residuals for age (x), location (1) and cohort (¢ — 1), zy, is a white noise term. We then
added these forecasted residuals to the future draws of single-year age group ASFR. Afterwards, we inferred the 10-
14 and 50-54 single year ASFR values based on their ratios to the rest of the age pattern during the last observed
year (2021).

At the end, we aggregated our single-year ASFR to five-year ASFR for each calendar year (t) by taking the mean
over the five single-years within each age group. Sum of the single-year ASFR over all ages gave us the TFR for
each calendar year. A new cumulative cohort fertility forecast is calculated, this time summing over ages 15-49 for
each birth cohort.

Section 3.4: Alternative scenarios based on met need for contraception, educational attainment, and pro-natal
policies

In addition to a reference scenario, we produced four alternative scenarios based on hypothetical rates of change to
met need of contraception, educational attainment, and pro-natal policies. These alternative scenarios illustrate the
potential impacts of shifts in these drivers on fertility rates throughout this century. Changes in contraceptive met
need and educational attainment impact our fertility forecasts through their direct effects as covariates in the model,
while our pro-natal scenario was applied in within or forecasting framework (more details can be found in appendix
1 sections 3.4.1 — 3.4.3. These scenarios were applied to all locations. In instances where the reference forecast for a
given location was more optimistic than the defined alternative scenario, the reference forecast was used.

Section 3.4.1: Met need sustainable development goal scenario

This scenario assumes all locations reach SDG target 3.7.1'4, that by 2030, the proportion of women of reproduction
age (15-49 years) have their need for family planning met with modern methods. To implement this scenario, we
altered our contraceptive met need covariate, described above in appendix 1 section 3.1.1, according to the methods
described in Vollset et al.* using 2021 as the last past year. Briefly, for each location modelled, contraceptive met
need was taken from the last measured value in 2021 and linearly increased to 100% need met by 2030 and then
held constant at 100% through 2135 (appendix 2 figure S2).

Section 3.4.2: Educational attainment sustainable development goal scenario

We based the SDG pace scenario for education on Target 4.1'%, which specifies “by 2030, ensure that all girls and
boys complete free, equitable and quality primary and secondary education leading to relevant and effective learning
outcomes.” Similar to Vollset et al.#, we defined this scenario as 100% of the population completing at least 12 years
of education by age group 20-24. We utilised forecasts of single-year education distributions in 2030 for each sex
and location for age group 20-24 years to imply the smallest mean years of education required to meet the SDG
Target 4.1 without changing the trajectory of those that would already attain 12 or more years absent this scenario.
We let p;5(y) denote the forecasted proportion of individuals in country or territory [ of sex s that have y years of
education in 2030 at age 20-24 years. The most conservative adjustment to this distribution to meet SDG Target 4.1
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sets all individuals with <12 years of education to instead have 12 years, accomplished by the following single-year
education distribution adjustment:

0, y=01,.,11
12
D =1 B y=12
i=0

Dis(¥) y=13,14,...,18

The mean years of education of this adjusted distribution, EDU I[SSDG], represents the minimum mean required to meet

SDG 4.1 in 2030 given the forecasted distribution, and is computed by
18
b= 3 gl
i=12
For each location and sex, we set the SDG pace by deriving the AROC required to reach EDU, I[SS P61 ih 2030 for 20—
24-year-olds starting from the corresponding value in 2021. We assumed a constant rate of change over the 9-year

timespan in logit space (after scaling by 18 years to represent proportion out of maximum educational attainment)
and computed the SDG AROC by

. [SDG] .
e logit( EDUS"'/18) — 10git(EDUy(z0-24y5(2021)/18)
ks 2030 — 2021

where EDU;(30-24)s(2021) 1S the mean years of education for 20-24-year-olds of sex s at location [ in 2021.

Some locations may have high AROCs under the reference scenario for a particular sex and age group. To avoid
having the SDG pace scenario slow down progress relative to the reference scenario, the location-, age-, and sex-
specific AROCs for the SDG pace were taken to be

AISDG—EDU] _

[SDG-EDU] A[REF—-EDU]
las 6!5 ’ A )

max( las

where AE??F_EDU] is the education AROC under the reference scenario for location [, age a, and sex s (obtained
using methods in Foreman et al, 2018).3 Additionally, the AROC used to compute the scenario was set to the

reference scenario AROC after the year 2030. Estimates are shown in appendix 2 figure S2.

Section 3.4.3: Pro-natal policy scenario

Due to lack of data, we did not define this scenario based on a specific policy or policies that have a known impact
on fertility rates. Rather, we considered policies such as paid parental leave, the right to return to work, and
subsidised or universal childcare as pro-natal. In other words, policies that have been enacted in countries such as
Australia, Sweden, Denmark, Norway, and Finland that are thought of as making it more financially feasible to have
children.

The pro-natal scenario parameters were drawn from previously observed increases in TFR that coincided with pro-
natal policies and broader empirical evidence regarding effects of pro-natal policies in low-fertility contexts.
Australia implemented Maternity Payment (also known as Baby Bonus) coupled with public childcare expansion in
July 2004. Since this implementation, TFR increased from 1.78 to 1.97 from 2004 to 2009.'¢ Although how much of
this increase can be explained with the policy change remains unclear,'”! additional empirical evidence suggests
that the effect size of family policies on fertility was 0.2 or less child per female.?’ Furthermore, it is worth noting
that while the effects of cash incentives for more children often diminish over time, other dimensions of pro-natal
policies, such as public childcare and parental leave, tend to have a more sustaining influence.?! Therefore, in our
analysis, we assumed that the impact of the pro-natal package would not diminish over time, aligning with the
evidence that certain aspects of such policies can sustain a long-lasting increase in fertility. We note that these pro-
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natal policy impact estimates were taken at face value and have not been controlled for possible confounders such as
immigration.

In our implementation of the pro-natal scenario, we assumed that once a country’s TFR dropped to 1.75 there would
be a pro-natal policy in place to encourage fertility (ie, increase TFR). The effect was applied in period space and
assumed to require a 5-year linear ramp-up to reach a final TFR increment of 0.2 in the fifth year. This final effect
persisted for the remainder of the forecast. For each pro-natal year, the TFR increase was distributed proportionally
amongst the single year ages according to their reference forecast ASFR values.

Section 3.4.4: Combined scenario

This scenario combines all scenarios explained in sections 3.4.1-3.4.3. In the combined scenario, we applied the
above changes to the covariate forecasts at the same time without assigning any weights since these covariates are
already embedded in our model and the coefficients for each covariate are calculated based on the observed data.
Appendix 2 figure S4 visualises TFR estimates for all scenarios for each GBD super region, region and
country/territory from 1950-2100. The combined scenario looks different across locations. Pakistan is one example
where the combined scenario accelerates the decrease in TFR compared to other scenarios, bringing the TFR value
to our 1.75 pro-natal scenario threshold by 2035, about 20 years prior to the pro-natal scenario alone. In appendix 2
figure S4 you can see the yellow line, indicating the combined scenario, getting the prenatal TFR bump earlier than
the green line, indicating the pro-natal scenario alone. In contrast, Niger’s TFR never drops below our 1.75 TFR
threshold, so none of the scenario lines in appendix 2 figure S4 have the pro-natal scenario bump in TFR.

Section 3.5: Uncertainty interval evaluation

Uncertainty intervals (Uls) were estimated using the 0.025 and 0.095 quantiles of the 500-draw distribution for each
measure of interest. When TFR, ASFR, CCF50 and live birth forecasts were aggregated over geographical locations
(eg, global TFR), we performed an ad-hoc adjustment to account for unmodelled spatial correlation. More detailed
methods of this ad-hoc adjustment can be found in Vollset et al.* Uls were only computed for the reference scenario
in the future and were not computed for forecasted alternative scenarios as they are target and policy scenarios rather
than probabilistic forecasts.

Section 3.6: Comparing our forecasts to other models

We evaluated our model performance based on out-of-sample predictions and compared against the Population
Division of the Department of Economic and Social Affairs of the United Nations Secretariat (UNPD) WPP 2006
predictions. Specifically, we used the following skill metric** for model evaluation and comparison for validation
period 2007-2021:

RMSE (Model)
RMSE (Baseline Model)

skill=1—

where Model is the ASFR model from IHME and Baseline Model is a simplistic model where ASFR of 2007 year
was held constant over 2007-2021. For each model, we calculated squared errors between observed and predicted
mean values for each age/location/year and winsorized the errors at the 95% level to remove outliers. To calculate
RMSE values, we took a square root of an average of the winsorized squared errors across location/year. This skill
metric was reported for each five-year age group (appendix 1 figure S3). A positive skill metric indicates that a
model being evaluated performs better than the baseline model whereas a negative skill suggests the opposite.

We then repeated the same calculation for UNPD WPP 2006. We had to use WPP 2006 for this purpose since we
wanted a long validation period for this analysis. Since we are unable to the WPP 20222* model ourselves on their
past data, we had to use WPP 2006 in order to meet our validation period requirements of 2007-2021. For a fair
comparison, out-of-sample predicted values for our forecasts were based on the GBD fertility model fit using a
dataset where data sources from 2007-2021 were excluded, and these were compared to our final GBD 2021
estimates to compute RMSE values. When evaluating skill for WPP 2006 forecasts, we used WPP 2022 estimates as
true values to calculate RMSE values.

Our model had a positive skill value across all age groups, while WPP 2006 skill values were negative for age
groups 15-19, 35-39, and 40—44. For example, IHME model skill was 0.19 and WPP 2006 skill was -0.11 for the
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age group 35-39 (appendix 1 figure S3). The lowest skill values were 0.15 (30—34 age group) for the IHME model
and -0.17 (40-44 age group) for the WPP 2006 model. The highest skill values were 0.46 (45-49 age group) and
0.17 (both 25-29 and 45-49 age groups) for the IHME and WPP 2006 models, respectively.

A similar analysis was performed on WPP 2012 forecasts?®, which use probabilistic projection methods?, yielded
similar results for validation period 2011-2021. The skill metric for WPP 2012 was in the range of -0.13-0.08 with
negative skill for age groups 15-19, 35-39 and 40-44.

Section 3.7: A tutorial to Lexis Diagram heatmaps — country results annotated

To complement the presentation of TFR values, we created Lexis diagram heatmaps that simultaneously display
single-year ASFR, TFR, and CCF50 estimates (appendix 2 figure S3). The horizontal axis of the Lexis diagrams
extends from 1950 (the beginning year of data availability) to 2100 (the final year of our forecasts), and the vertical
axis indicates mother’s age. The colour value in each cell represents ASFR estimated for a given calendar year,
ranging from purple and red for higher ASFRs to yellow and green for lower ASFRs. The numbers in black at the
bottom of the figure present estimates of CCF50 for each ten-year birth cohort. CCF50 is the sum of ASFR cells on
the diagonal (ie, representing birth cohort), whereas TFR is the sum of ASFR cells vertically (ie, ASFR values from
the same calendar year by age of mother).

Country specific heatmaps bring insights into each country’s fertility patterns. Here, we provide a tutorial to Lexis
Diagram heatmaps by presenting fertility estimates in four countries: South Korea, Tajikistan, Australia, and
Bangladesh. Broadly, the diagrams show that South Korea and Tajikistan had high fertility rates (TFR >5.5) in the
1950s, but after that period their trajectories diverged with respect to both fertility rates and age patterns reflecting
female age when giving birth. The heatmaps for Australia and Bangladesh show that both countries currently have
low fertility rates (TFR <2.1), but the former has experienced females delaying births to older ages, while the latter
has not.

More specifically, ASFR was high (0.30 to 0.40) in South Korea for females aged 22 to 28 years in 1950 and
declined over time to a range of 0.005 to 0.035 for the same ages in 2021 (appendix 2 figure S3). The CCF50 value
indicates that females born in 1950 had, on average, 2:64 (95% UI 2-57-2-72) children before they reached the age
of 50. Over the period covered by our analysis, CCF50 rates in South Korea were highest in 1950 and are declining
over time; we project that females in South Korea born in 2050 will have 0-82 (0-71-0-93) children before they turn
50. The South Korea Lexis diagram also reveals a shift in mothers’ age of childbearing from 1990 to 2020; during
this period, females in South Korea started to delay childbirth until they were older than females who gave birth
from 1950 to 1980. In contrast, the Lexis diagram for Tajikistan (appendix 2 figure S3) shows little change over
time in mothers’ age at childbearing: most females in Tajikistan continued and will continue to give birth at ages
20-29. ASFR was high (0.30 to 0.40) for females in Tajikistan aged 2029 years in 1950 and declined over time to a
range of 0.17 to 0.28 in 2021. The Lexis diagram shows that in Tajikistan, females born in 1950 had 5-43 (5-30—
5-58) children before they reached age 50, and we project that those born in 2050 will have 2-32 (1:96-2-67)
children before they turn 50 (appendix 2 figure S3).

In Australia, the Lexis heatmap shows that the highest ASFRs over the study period were observed for females ages
21-28 at 0.20 to 0.26 in 1960, and in 2021, the highest ASFRs are observed for ages 29-34, ranging from 0.10 to
0.12 (appendix 2 figure S3). This demonstrates a shift in Australian female age at giving birth from 21-28 years
during the period between 1950 and 2000 to 29-34 years between 2000 and 2021. Females born in Australia in 1950
had 2-35 children (95% UI 2:32-2-37) children before they turned 50, and we project that females born in 2050 will
have 1-:36 (1-11-1-64) children before age 50. Conversely, the heatmap for Bangladesh does not show a similar shift
over time in female age at childbirth; from 1950 to 2021, it was primarily females aged 20-29 who continued to
have the highest ASFRs in Bangladesh (appendix 2 figure S3). These age groups had ASFRs of 0.30 to 0.35 in
1950, with rates declining to 0.09 to 0.12 in 2021. Females in Bangladesh born in 1950 had 6-13 (6-03—6-24)
children before they reached age 50, and we project that females born in 2050 will have 1-01 (0-62—1-39) children
before they turn 50.

Section 3.8: Illustrating fertility alternative scenarios with examples of their country specific impacts

We projected country level future fertility rates based on the reference and four alternative scenarios and present
them here for world’s ten most populous countries. Based on our forecasts, the reference scenario TFR in Nigeria
stays above 175 (our threshold for pro-natal scenario implementation) throughout our forecast and will be 2-69
(95% UI2:06-3-31) and 1-87 (1-:19-2-54) in 2050 and 2100, respectively. Therefore, we do not anticipate
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differences between reference and pro-natal policy scenario forecasts in Nigeria. However, we project faster
declines of TFR in the education, met need, and combined alternative scenarios; for example, by 2050, TFR in
Nigeria is forecasted to be 2-54 (1-88-3-17) for the education scenario, 2-25 (1-63-2-82) for the met need scenario,
and 2-16 (1-53-2-76) for the combined scenario. TFR mean values across these scenarios are projected to converge
by 2100 in the range of 1:78 to 1-90 (appendix 2 figure S5, table 2).

The reference scenario TFR in Pakistan is forecasted to be 1:76 (95% UI 1-25-2-28) in 2050 and 1-16 (0-59-1-77)
in 2100 (appendix 2 figure S5). If pro-natal policies are implemented in 2051, we project (assuming a 0-2 bump) the
final number to be 1:36 (0-79-1-97) instead. On the other hand, the TFR in Pakistan is projected to exponentially
decline to 1-56 (1-:04-2-11) and 1-47 (0-93-2-04) by 2050 for the education and met need scenarios, respectively,
and then to roughly converge to the projected reference scenario TFR by 2100 (1-18 [0-64—1-77] and 1-12 [0-58—
1:72]). The combined alternative scenario TFR in Pakistan will reach a threshold of 1-75 (1-22-2-28) by 2035, with
this downward trajectory slowing by 2040 and remaining at 1-54 (1-:01-2-11) in 2050 and 1-34 (0-81-1-92) in 2100.

Reference scenario TFR values in Brazil are forecasted to decline below 1-75 in 2036. In the years following, TFR
will reach 1-57 (95% UI 1-35-1-81) by 2050 and 1-31 (1-06—1-59) by 2100 (appendix 2 figure S5, table 2). The
effect of policies in the pro-natal scenario is projected to yield TFR values of 1:77 (1-:55-2-01) by 2050 and 1-51
(1:26-1-79) in Brazil by 2100. Under both education and met need scenarios, TFRs will remain within the range of
reference scenario TFR values in 2050 and 2100 (152 [1-:29-1-77]to 1-31 [1-:06—1-59] and 1-52 [1-31-1-76] to
1-:32 [1-:07-1-60], respectively). The combined scenario in Brazil is projected to yield TFRs below a 1-75 threshold
by 2030, with rates dropping to 1-68 (1:46—1-93) and 1-52 (1-27-1-79) by 2050 and 2100, respectively; as such, this
scenario will lead to declines in fertility later than in the reference scenario.

As in Brazil, reference scenario TFR values in Indonesia are also forecasted to decline below 1-75 in 2036.
Reference TFR values are projected to be 1-53 (95% UI 1-25-1-84) and 1-29 (0-99-1-63) by 2050 and 2100,
respectively (appendix 2 figure S5, table 2). Similarly, TFR values under the pro-natal scenario in Indonesia are
forecasted to reach 1-73 (1-45-2-04) by 2050 and 1-49 (1-19-1-83) by 2100. TFRs under both the education and
met need scenarios will remain within the range of reference scenario TFRs in 2050 and 2100 (1-51 [1-23—1-82] to
1-:30 [1-00-1-63] and 1-44 [1-17—1-74] to 1-26 [0-97—1-60], respectively). TFR in the combined scenario in
Indonesia is projected to drop below a 1-75 threshold by 2030, and this scenario will have an earlier effect on
fertility trajectory than the reference scenario, with combined-scenario TFR values reaching 1-62 (1:35-1-92) in
2050 and 1-47 (1-18-1-80) in 2100.

Reference TFR values in Bangladesh and India are projected to decline below the 1-75 threshold by 2026 and 2027,
respectively. TFR in Bangladesh in the reference scenario is projected to be 1-20 (95% UI 0-84—1-54) by 2050 and
0-97 (0-57—-1-37) by 2100 (appendix 2 figure S5, table 2). Similarly, reference scenario TFR in India will reach 1-29
(0-97-1-62) and 1:04 (0-67-1-42) by 2050 and 2100, respectively (appendix 2 figure S5, table 2). The pro-natal
scenario TFR is projected to slow the fertility decline starting in 2027 in Bangladesh and 2028 in India. For
example, TFR in Bangladesh under the pro-natal scenario will reach 1-40 (1-:04—1-74) in 2050 and 1-17 (0-77-1-57)
in 2100. The education and met need scenarios in Bangladesh ultimately converge to the reference scenario TFR
both in 2050 and 2100. The combined scenario in Bangladesh will slow down the declines in TFR value (which
stays above the reference scenario after 2027) earlier than will the combined scenario in India (which will stay
above the reference scenario after 2042).

Mexico, Russia, the USA, and China already experienced TFR values below 1-75 in 2021; thus, we assume that the
full effect of the pro-natal scenario will occur in 2026 in these countries. For instance, under the pro-natal scenario,
we project TFR values in Mexico to be 1:59 (95% UI 1-:39-1-82) in 2050 and 1-35 (1-11-1-61) in 2100. Across all
four countries, mean TFR values in the reference scenario values range from 1-14 to 1-52 in 2050 and 1-15 to 1-45
in 2100; mean TFR values in the education scenario range from 1-12 to 1-51 in 2050 and 1-14 to 1-44 in 2100;
mean TFR values in the met need scenario range from 1-14 to 146 in 2050 and 1-15 to 139 in 2100; and mean TFR
values in the combined scenario also range from 1-31 to 165 in 2050 and 1-34 to 1-58 in 2100 (appendix 2 figure
S5, table 2).
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Appendix figure S3: Age-specfic fertility rate skill metric comparison for IHME and WPP models

0.4

0.3 A

0.2

0.1 1

ASFR Skill Metric

0.0

—-0.1 A
—&— WPP skill

—A— |HME skill
27

15-19 20-24 25-29 30-34 35-39 40-44 45-49
age groups



Appendix Table S1: GBD location hierarchy with levels

Location

Global
Central Europe, eastern Europe, and central Asia
Central Asia
Armenia
Azerbaijan
Georgia
Kazakhstan
Kyrgyzstan
Mongolia
Tajikistan
Turkmenistan
Uzbekistan
Central Europe
Albania
Bosnia and Herzegovina
Bulgaria
Croatia
Czechia
Hungary
Montenegro
North Macedonia
Poland
Romania
Serbia
Slovakia
Slovenia
Eastern Europe
Belarus
Estonia
Latvia
Lithuania
Moldova
Russia
Ukraine
High income
Australasia
Australia
New Zealand
High-income Asia Pacific
Brunei
Japan
Aichi
Akita
Aomori

Chiba
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Ehime
Fukui
Fukuoka
Fukushima
Gifu
Gunma
Hiroshima
Hokkaido
Hyodgo
Ibaraki
Ishikawa
Iwate
Kagawa
Kagoshima
Kanagawa
Kochi
Kumamoto
Kyo6to
Mie
Miyagi
Miyazaki
Nagano
Nagasaki
Nara
Niigata
Oita
Okayama
Okinawa
Osaka
Saga
Saitama
Shiga
Shimane
Shizuoka
Tochigi
Tokushima
Tokyo
Tottori
Toyama
Wakayama
Yamagata
Yamaguchi
Yamanashi
South Korea

Singapore

High-income North America

Canada

O S R e e I = = T T I S e S s S S - T T e S . R S T = = = = TG T N S N ~ S N NI S N S N

29



Greenland

USA
Alabama
Alaska
Arizona
Arkansas
California
Colorado
Connecticut
Delaware
Washington, DC
Florida
Georgia
Hawaii
Idaho
Illinois
Indiana
Iowa
Kansas
Kentucky
Louisiana
Maine
Maryland
Massachusetts
Michigan
Minnesota
Mississippi
Missouri
Montana
Nebraska
Nevada
New Hampshire
New Jersey
New Mexico
New York
North Carolina
North Dakota
Ohio
Oklahoma
Oregon
Pennsylvania
Rhode Island
South Carolina
South Dakota
Tennessee
Texas

Utah
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Vermont
Virginia
Washington
West Virginia
Wisconsin
Wyoming
Southern Latin America

Argentina

Chile

Uruguay

Western Europe

Andorra

Austria

Belgium

Cyprus

Denmark

Finland

France

Germany

Greece

Iceland

Ireland

Israel

Italy
Abruzzo
Basilicata
Calabria
Campania
Emilia-Romagna
Friuli-Venezia Giulia
Lazio
Liguria
Lombardia
Marche
Molise
Piemonte
Provincia autonoma di Bolzano
Provincia autonoma di Trento
Puglia
Sardegna
Sicilia
Toscana
Umbria
Valle d'Aosta
Veneto

Luxembourg

Malta

[ O R - N N S S S S S I - T > T ~ ™ N S N S S S S S U U Y S Y Y Y R U R U L U U B O L S Y S R T T N N~ N

31



Monaco
Netherlands
Norway
Agder
Innlandet
More og Romsdal
Nordland
Oslo
Rogaland
Troms og Finnmark
Trendelag
Vestfold og Telemark
Vestland
Viken
Portugal
San Marino
Spain
Sweden
Stockholm
Sweden except Stockholm
Switzerland
UK
England
East Midlands
Derby
Derbyshire
Leicester
Leicestershire
Lincolnshire
Northamptonshire
Nottingham
Nottinghamshire
Rutland
East of England
Bedford
Cambridgeshire
Central Bedfordshire
Essex
Hertfordshire
Luton
Norfolk
Peterborough
Southend-on-Sea
Suffolk
Thurrock
Greater London

Barking and Dagenham
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Barnet

Bexley

Brent

Bromley

Camden

Croydon

Ealing

Enfield

Greenwich

Hackney
Hammersmith and Fulham
Haringey

Harrow

Havering

Hillingdon

Hounslow

Islington

Kensington and Chelsea
Kingston upon Thames
Lambeth

Lewisham

Merton

Newham

Redbridge

Richmond upon Thames
Southwark

Sutton

Tower Hamlets
Waltham Forest
Wandsworth
Westminster

North East England
County Durham
Darlington

Gateshead

Hartlepool
Middlesbrough
Newcastle upon Tyne
North Tyneside
Northumberland
Redcar and Cleveland
South Tyneside
Stockton-on-Tees
Sunderland

North West England
Blackburn with Darwen

Blackpool
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Bolton
Bury
Cheshire East
Cheshire West and Chester
Cumbria
Halton
Knowsley
Lancashire
Liverpool
Manchester
Oldham
Rochdale
Salford
Sefton
St Helens
Stockport
Tameside
Trafford
Warrington
Wigan
Wirral
South East England
Bracknell Forest
Brighton and Hove
Buckinghamshire
East Sussex
Hampshire
Isle of Wight
Kent
Medway
Milton Keynes
Oxfordshire
Portsmouth
Reading
Slough
Southampton
Surrey
West Berkshire
West Sussex
Windsor and Maidenhead
Wokingham
South West England
Bath and North East Somerset
Bournemouth
Bristol, City of
Cornwall

Devon
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Dorset
Gloucestershire
North Somerset
Plymouth
Poole
Somerset
South Gloucestershire
Swindon
Torbay
Wiltshire
West Midlands
Birmingham
Coventry
Dudley
Herefordshire, County of
Sandwell
Shropshire
Solihull
Staffordshire
Stoke-on-Trent
Telford and Wrekin
Walsall
Warwickshire
Wolverhampton
Worcestershire
Yorkshire and the Humber

Barnsley
Bradford
Calderdale
Doncaster
East Riding of Yorkshire
Kingston upon Hull, City of
Kirklees
Leeds
North East Lincolnshire
North Lincolnshire
North Yorkshire
Rotherham
Sheffield
Wakefield
York

Northern Ireland

Scotland

Wales

Latin America and Caribbean
Andean Latin America

Bolivia
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Ecuador
Peru
Caribbean
Antigua and Barbuda
The Bahamas
Barbados
Belize
Bermuda
Cuba
Dominica
Dominican Republic
Grenada
Guyana
Haiti
Jamaica
Puerto Rico
Saint Kitts and Nevis

Saint Lucia

Saint Vincent and the Grenadines

Suriname
Trinidad and Tobago
Virgin Islands
Central Latin America
Colombia
Costa Rica
El Salvador
Guatemala
Honduras
Mexico
Aguascalientes
Baja California
Baja California Sur
Campeche
Chiapas
Chihuahua
Coahuila
Colima
Durango
Guanajuato
Guerrero
Hidalgo
Jalisco
México

Mexico City

Michoacan de Ocampo

Morelos

Nayarit
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Nuevo Leon
Oaxaca
Puebla
Querétaro
Quintana Roo
San Luis Potosi
Sinaloa
Sonora
Tabasco
Tamaulipas
Tlaxcala
Veracruz de Ignacio de la Llave
Yucatan
Zacatecas
Nicaragua
Panama
Venezuela
Tropical Latin America
Brazil
Acre
Alagoas
Amapa
Amazonas
Bahia
Ceara
Distrito Federal
Espirito Santo
Goias
Maranhao
Mato Grosso
Mato Grosso do Sul
Minas Gerais
Para
Paraiba
Parana
Pernambuco
Piaui
Rio de Janeiro
Rio Grande do Norte
Rio Grande do Sul
Rondonia
Roraima
Santa Catarina
Sdo Paulo
Sergipe
Tocantins

Paraguay
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North Africa and Middle East
North Africa and Middle East
Afghanistan
Algeria
Bahrain
Egypt
Iran
Alborz
Ardebil
Bushehr
Chahar Mahaal and Bakhtiari
East Azarbayejan
Fars
Gilan
Golestan
Hamadan
Hormozgan
Ilam
Isfahan
Kerman
Kermanshah
Khorasan-e-Razavi
Khuzestan
Kohgiluyeh and Boyer-Ahmad
Kurdistan
Lorestan
Markazi
Mazandaran
North Khorasan
Qazvin
Qom
Semnan
Sistan and Baluchistan
South Khorasan
Tehran
West Azarbayejan
Yazd
Zanjan
Iraq
Jordan
Kuwait
Lebanon
Libya
Morocco
Oman
Palestine

Qatar

—

W W W W W W W w w s~ b b BB b BB BB BB, AEEEAEEEAEEEE AR DLW LW VLW W W

38



Saudi Arabia

Sudan

Syria

Tunisia

Tiirkiye

United Arab Emirates

Yemen

South Asia
South Asia

Bangladesh

Bhutan

India

Nepal

Pakistan
Azad Jammu & Kashmir
Balochistan
Gilgit-Baltistan
Islamabad Capital Territory
Khyber Pakhtunkhwa
Punjab
Sindh

Southeast Asia, east Asia, and Oceania

East Asia

China
North Korea

Taiwan (province of China)

Oceania

American Samoa

Cook Islands

Fiji

Guam

Kiribati

Marshall Islands
Federated States of Micronesia
Nauru

Niue

Northern Mariana Islands
Palau

Papua New Guinea
Samoa

Solomon Islands

Tokelau

Tonga

Tuvalu

Vanuatu

Southeast Asia

Cambodia

W W W W W W W

—

R T T G = T " IV L VS I VS S VS I S

—

W N W W W W W W W W W W W W W W W W W WY W W W N

39



Indonesia
Aceh
Bali
Bangka-Belitung Islands
Banten
Bengkulu
Gorontalo
Jakarta
Jambi
West Java
Central Java
East Java
West Kalimantan
South Kalimantan
Central Kalimantan
East Kalimantan
North Kalimantan
Riau Islands
Lampung
Maluku
North Maluku
West Nusa Tenggara
East Nusa Tenggara
Papua
West Papua
Riau
West Sulawesi
South Sulawesi
Central Sulawesi
Southeast Sulawesi
North Sulawesi
West Sumatra
South Sumatra
North Sumatra
Yogyakarta

Laos

Malaysia

Maldives

Mauritius

Myanmar

Philippines
Abra
Agusan Del Norte
Agusan Del Sur
Aklan
Albay
Antique
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Apayao

Aurora

Basilan

Bataan

Batanes

Batangas
Benguet

Biliran

Bohol

Bukidnon
Bulacan

Cagayan
Camarines Norte
Camarines Sur
Camiguin

Capiz
Catanduanes
Cavite

Cebu

Cotabato (North Cotabato)
Davao de Oro
Davao Del Norte
Davao Del Sur
Davao Occidental
Davao Oriental
Dinagat Islands
Eastern Samar
Guimaras

Ifugao

Ilocos Norte
Ilocos Sur

Iloilo

Isabela

Kalinga

La Union

Laguna

Lanao Del Norte
Lanao Del Sur
Leyte
Maguindanao
Marinduque
Masbate

Misamis Occidental
Misamis Oriental
Mountain Province
National Capital Region

Negros Occidental
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Negros Oriental
Northern Samar
Nueva Ecija
Nueva Vizcaya
Occidental Mindoro
Oriental Mindoro
Palawan
Pampanga
Pangasinan
Quezon
Quirino
Rizal
Romblon
Samar (Western Samar)
Sarangani
Siquijor
Sorsogon
South Cotabato
Southern Leyte
Sultan Kudarat
Sulu
Surigao Del Norte
Surigao Del Sur
Tarlac
Tawi-Tawi
Zambales
Zamboanga Del Norte
Zamboanga Del Sur
Zamboanga Sibugay
Seychelles
Sri Lanka
Thailand
Timor-Leste
Viet Nam
Sub-Saharan Africa
Central sub-Saharan Africa
Angola
Central African Republic
Congo (Brazzaville)
DR Congo
Equatorial Guinea
Gabon
Eastern sub-Saharan Africa
Burundi
Comoros
Djibouti

Eritrea
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Ethiopia
Addis Ababa
Afar
Amhara
Benishangul-Gumuz
Dire Dawa
Gambella
Harari
Oromia
Somali
Southern Nations, Nationalities, and Peoples
Tigray

Kenya
Baringo
Bomet
Bungoma
Busia
Elgeyo Marakwet
Embu
Garissa
Homa Bay
Isiolo
Kajiado
Kakamega
Kericho
Kiambu
Kilifi
Kirinyaga
Kisii
Kisumu
Kitui
Kwale
Laikipia
Lamu
Machakos
Makueni
Mandera
Marsabit
Meru
Migori
Mombasa
Murang'a
Nairobi
Nakuru
Nandi
Narok

Nyamira
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Nyandarua
Nyeri
Samburu
Siaya
Taita Taveta
Tana River
Tharaka Nithi
Trans Nzoia
Turkana
Uasin Gishu
Vihiga
Wajir
West Pokot
Madagascar
Malawi
Mozambique
Rwanda
Somalia
South Sudan
Uganda
Tanzania
Zambia
Southern sub-Saharan Africa
Botswana
Eswatini
Lesotho
Namibia
South Africa
Eastern Cape
Free State
Gauteng
KwaZulu-Natal
Limpopo
Mpumalanga
North West
Northern Cape
Western Cape
Zimbabwe
Western sub-Saharan Africa
Benin
Burkina Faso
Cabo Verde
Cameroon
Chad
Cote d'Ivoire
The Gambia
Ghana
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Guinea

Guinea-Bissau

Liberia

Mali

Mauritania

Niger

Nigeria

Sao Tomé and Principe
Senegal

Sierra Leone

Togo
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Gather Compliance
This study complies with the Guidelines for Accurate and Transparent Health Estimates Reporting (GATHER)
recommendations. We have documented the steps involved in our analytical procedures and detailed the data
sources in the GATHER checklist below. The GATHER recommendations can be found here: http://gather-

statement.org/

Appendix Table S2. GATHER compliance

# GATHER checklist item | Description of compliance | Reference
Objectives and funding
1 Define the indicator(s), populations Narrative provided in the paper and | Main text (Methods - Overview) and appendix
(including age, sex, and geographic appendix describing indicators,
entities), and time period(s) for definitions, and populations
which estimates were made.
2 List the funding sources for the Funding sources listed in paper Main text (Summary — Funding)
work.
Data Inputs
For all data inputs from multiple sources that are synthesized as part of the study:
3 Describe how the data were Narrative provided in paper and Main text (Methods) and appendix
identified and how the data were appendix describing data seeking
accessed. methods
4 Specify the inclusion and exclusion Narrative provided in paper and Main text (Methods) and appendix
criteria. ldentify all ad-hoc appendix describing inclusion and
exclusions. exclusion criteria by data type
5 Provide information on all included Narrative for data sources is Main text (Methods), appendix, and through the
data sources and their main provided in paper and appendix. online data citation tool: http://ghdx.healthdata.org/;
characteristics. For each data source Metadata for sources by geography | UNPD data from:
used, report reference information or | are available through an online data | https:/population.un.org/wpp/Download/Standard/Fe
contact name/institution, population source tool; information on rtility/
represented, data collection method, metadata for UNPD data available
year(s) of data collection, sex and in the appendix
age range, diagnostic criteria or
measurement method, and sample
size, as relevant.
6 Identify and describe any categories Limitations of and biases in data Main text (Discussion — Limitations)
of input data that have potentially included in paper
important biases (e.g., based on
characteristics listed in item 5).
For data inputs that contribute to the analysis but were not synthesized as part of the study:
7 Describe and give sources for any Included in online data source tools | UNPD data from:
other data inputs. https://population.un.org/wpp/Download/Standard/Fe
rtility/; online data citation tool:
http:/ghdx.healthdata.org/
For all data inputs:
8 Provide all data inputs in a file Downloads of input data are Global Health Data Exchange:
format from which data can be available through online data query | http://ghdx.healthdata.org/
efficiently extracted (e.g., a tools: http://ghdx.healthdata.org/
spreadsheet rather than a PDF),
including all relevant meta-data
listed in item 5. For any data inputs
that cannot be shared because of
ethical or legal reasons, such as
third-party ownership, provide a
contact name or the name of the
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institution that retains the right to the
data.

Data analysis

9 Provide a conceptual overview of the | A brief overview of the overall Main text (Methods) and appendix
data analysis method. A diagram methodological processes have
may be helpful. been provided
10 Provide a detailed description of all Detailed descriptions of all steps of | Main text (Methods) and appendix
steps of the analysis, including the analysis, as well as relevant
mathematical formulae. This mathematical formulae, have been
description should cover, as relevant, | provided
data cleaning, data pre-processing,
data adjustments and weighting of
data sources, and mathematical or
statistical model(s).
11 Describe how candidate models were | Details on model evaluation and Main text (Comparison with other models) and
evaluated and how the final model(s) | finalisation have been provided appendix
were selected.
12 Provide the results of an evaluation Details on evaluation of model Main text (Comparison with other models) and
of model performance, if done, as performance have been provided appendix
well as the results of any relevant
sensitivity analysis.
13 Describe methods for calculating Details on uncertainty calculations Main text (Methods) and appendix
uncertainty of the estimates. State have been provided
which sources of uncertainty were,
and were not, accounted for in the
uncertainty analysis.
14 State how analytic or statistical Access statement provided Code is provided in an online repository [GitHub link
source code used to generate to be added upon acceptance]
estimates can be accessed.
Results and Discussion
15 Provide published estimates in a file Results are available through online | Online data tools (results to be available upon
format from which data can be tools: http://ghdx.healthdata.org/ acceptance): http://ghdx.healthdata.org/
efficiently extracted.
16 Report a quantitative measure of the Uncertainty intervals are provided Main text (Results and Discussion) and online data
uncertainty of the estimates (e.g. with results tools: http://ghdx.healthdata.org/
uncertainty intervals).
17 Interpret results in light of existing Discussion of methodological Main text (Research in Context, Introduction,
evidence. If updating a previous set differences between this and Methods, Discussion) and appendix
of estimates, describe the reasons for | existing evidence (by IHME,
changes in estimates. UNPD, and Wittgenstein Centre)
18 Discuss limitations of the estimates. Discussion of limitations was Main text (Discussion — Limitations)

Include a discussion of any
modelling assumptions or data
limitations that affect interpretation
of the estimates.

provided

47


http://ghdx.healthdata.org/
http://ghdx.healthdata.org/
http://ghdx.healthdata.org/

Appendix Table S3. Number of sources used for the analysis of age-specific fertility by location

Location Vital Registrations Cor;l{;i)slte(:ii]::rth Sun}l{r;l::;i/izirth Censuses Other Sample Registrations
Afghanistan 0 3 — 5 B 0 0 0
Albania 64 2 5 1 0 0
Algeria 61 5 0 0 0 0
American Samoa 69 0 0 2 0 0
Andorra 50 0 0 0 0 0
Angola 23 5 4 1 0 0
Antigua and Barbuda 62 0 0 1 0 0
Argentina 66 0 0 4 0 0
Armenia 61 4 4 2 0 0
Australia 71 0 0 1 0 0
Austria 71 0 0 0 25 0
Azerbaijan 66 3 2 1 0 0
Bahrain 52 1 0 2 0 0
Bangladesh 41 15 16 2 0 0
Barbados 64 0 0 3 0 0
Belarus 70 0 2 2 0 0
Belgium 69 0 0 0 0 0
Belize 69 2 5 4 0 0
Benin 2 6 7 2 0 0
Bermuda 67 0 0 2 0 0
Bhutan 5 1 3 2 0 0
Bolivia 41 7 22 4 0 0
Bosnia and Herzegovina 32 1 1 0 1 0
Botswana 20 5 6 5 0 0
Brazil 57 4 25 7 0 0
Brunei 61 0 0 0 0 0
Bulgaria 70 0 2 0 0 0
Burkina Faso 0 6 9 4 0 0
Burundi 9 6 7 1 0 0
Cabo Verde 47 1 2 1 0 0
Cambodia 1 6 8 2 0 0
Cameroon 0 8 8 1 0 0
Canada 69 0 0 1 0 0
Central African Republic 0 2 4 2 0 0
Chad 0 5 5 0 0 0
Chile 69 0 16 4 3 0
Colombia 65 9 9 4 0 0
Comoros 9 2 3 3 0 0
Congo (Brazzaville) 1 3 4 1 0 0
Cook Islands 46 0 0 3 0 0
Costa Rica 72 1 3 3 0 0
Croatia 71 0 0 2 1 0
Cuba 69 1 3 1 2 0
Cyprus 69 0 0 2 0 0
Czechia 71 0 0 2 0 0
Cote d'Ivoire 5 6 8 2 0 0
DR Congo 0 2 12 0 0 0
Denmark 72 0 0 0 0 0
Djibouti 28 3 3 0 0 0
Dominica 68 0 0 2 0 0
Dominican Republic 55 13 10 4 0 0
Ecuador 70 5 5 5 0 0
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Egypt
El Salvador
Equatorial Guinea
Eritrea
Estonia
Eswatini
Ethiopia
Federated States of Micronesia
Fiji
Finland
France
Gabon
Georgia
Germany
Ghana
Greece
Greenland
Grenada
Guam
Guatemala
Guinea
Guinea-Bissau
Guyana
Haiti
Honduras
Hungary
Iceland
India
Indonesia
Iran
Iraq
Ireland
Israel
Italy
Jamaica
Japan
Jordan
Kazakhstan
Kenya
Kiribati
Kuwait
Kyrgyzstan
Laos
Latvia
Lebanon
Lesotho
Liberia
Libya
Lithuania
Luxembourg
Madagascar
Malawi
Malaysia
Maldives
Mali

67
60
17

72

58
72
71

58
70
28
71
72
43
70
50

21
39

40
68
72
67

70
43
72
71
71
61
68
52
58
52
18
62
58

71
30

48
72
72
24

63
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Malta
Marshall Islands
Mauritania
Mauritius
Mexico
Moldova
Monaco
Mongolia
Montenegro
Morocco
Mozambique
Myanmar
Namibia
Nauru
Nepal
Netherlands
New Zealand
Nicaragua
Niger
Nigeria
Niue
North Korea
North Macedonia
Northern Mariana Islands
Norway
Oman
Pakistan
Palau
Palestine
Panama
Papua New Guinea
Paraguay
Peru
Philippines
Poland
Portugal
Puerto Rico
Qatar
Romania
Russia
Rwanda
Saint Kitts and Nevis
Saint Lucia
Saint Vincent and the Grenadines
Samoa
San Marino
Saudi Arabia
Senegal
Serbia
Seychelles
Sierra Leone
Singapore
Slovakia
Slovenia

Solomon Islands

71
26

71
69
57
55
49
31
27
29

31

72
72
56

68

36

71
18
18

24
70

43
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Somalia
South Africa
South Korea
South Sudan

Spain
Sri Lanka
Sudan
Suriname

Sweden
Switzerland

Syria

Sao Tomé and Principe

Taiwan (province of China)

Tajikistan
Tanzania
Thailand
The Bahamas
The Gambia
Timor-Leste
Togo
Tokelau
Tonga
Trinidad and Tobago
Tunisia
Turkmenistan
Tuvalu
Tiirkiye
UK
USA
Uganda
Ukraine
United Arab Emirates
Uruguay
Uzbekistan
Vanuatu
Venezuela
Viet Nam
Virgin Islands
Yemen
Zambia

Zimbabwe
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Appendix Table S4. Number of sources used for the analysis of age-specific fertility by year

Year Vital Registrations Cm]r_l:i)slte(:iil::rth Sun;[r:l:::;ii?sirth Censuses Other Sample Registrations
1950 116 0 0 4 4 0
1951 123 0 0 0 2 0
1952 122 0 0 0 1 0
1953 122 0 0 1 3 0
1954 121 0 0 1 1 0
1955 125 0 0 0 2 0
1956 120 0 0 0 2 0
1957 125 0 0 1 3 0
1958 126 0 0 0 3 0
1959 128 0 0 0 3 0
1960 113 0 0 7 11 0
1961 120 0 0 2 5 0
1962 126 0 0 1 5 0
1963 128 1 0 1 5 0
1964 130 1 0 1 7 0
1965 123 1 0 0 8 0
1966 117 1 0 4 5 0
1967 120 0 0 1 5 0
1968 119 1 0 1 6 0
1969 117 0 0 2 10 0
1970 112 2 0 10 16 0
1971 121 3 0 6 4 1
1972 118 0 0 1 10 0
1973 114 1 0 7 2 0
1974 118 5 3 6 1 0
1975 116 9 7 5 3 0
1976 115 9 5 5 1 1
1977 114 7 4 1 1 0
1978 118 10 5 1 1 0
1979 128 6 2 1 1 0
1980 120 5 3 18 2 0
1981 123 4 5 7 1 1
1982 122 2 0 6 1 0
1983 125 4 3 3 1 0
1984 124 8 1 2 1 0
1985 129 5 3 6 2 0
1986 129 8 7 9 1 1
1987 128 20 13 4 1 0
1988 125 10 14 6 1 0
1989 123 5 4 11 1 0
1990 128 10 7 28 1 0
1991 127 19 12 23 1 1
1992 127 13 17 8 1 0
1993 122 12 16 5 1 0
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1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018
2019
2020
2021
2022

118
113
112
104
101
102
109
108
116
119
114
120
115
119
121
119
121
122
144
140
140
140
145
141
134
123
107
46

16
17
19
21
28
2
63
20
16
2
21
37
55
30
27
22
38
36
39
30
44
32
37
31
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Appendix Table S5. Share of livebirths by GBD super region, 1950, 1980, 2021, 2050, and 2100 for the
reference scenario.

Share of livebirths (%)

1950 1980 2021 2050 2100
Central Europe,
Eastern Europe, and 8:0 (7-7-84) 5-8 (5:7-5-9) 3-8 (3:6-4-0) 35 3:0-4-1) 34 (2-2-52)
High-income 14-7 (14:2-15-2) | 10-2 (10-:0-10-4)| 8:0 (76 - 8-5) 84 (7-4-9-6) | 102 (6:5-151)
Latin America and
Caribbean 6:8 (6:7-6-9) 85 (8:3-8-6) 72 (7-0-7-6) 6:0 (54-6-8) 42 3:3-57)
North Africa and
Middle East 52 (5:0-5-3) 9:0 (89-9-1) 94 (91-9-7) |10-2 (9:2-11-2) | 11-2 (8:7-13-8)
South Asia 22-1 (21:6-22-5) [ 25-9 (25:2-26'5) [24-8 (237 -25-8)[16-7 (14:3-19-1)| 7-1 (4:4-10-1)
Southeast Asia, East
Asia, and Oceania 33-7 (33-:3-34-0) [ 26:0 (25:5-26-6) [17-6 (17-1-18-2)[13-9 (12:8-15-1)| 9:6 (7-9-12-0)

Sub-Saharan Africa

9-6 (95-9-6)

14:6 (14-4 - 14-8)

29-2 (28:7-29:6)

41-3 (39-6-43-1)

54-3 (47-1-59-5)
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Appendix Table S6. Share of livebirths by World Bank income region, 1950, 1980, 2021, 2050, and 2100

for the reference scenario.

Share of livebirths (%)

1950 1980 2021 2050 2100
High Income
17-0 (16-4-17-6) (12-0 (11-8-12-2)[ 9-1 (8:6-9-5) 9-3 (8:3-10-6) | 11-1 (7-2-162)
Upper Middle
Income 377 (37:6-37-9) |30-2 (29-7-30-8)| 20-4 (19-8-21-2) |16-1 (14:7-17-8)| 11-6 (8:9 - 15:3)
Lower Middle
Income 39-1 (38:6-39-6) |48-:3 (476 - 48-9)| 52-7 (51-7-53:7) (48-1 (45:2-50-5)(42-7 (37-5-48:7)

Low Income

62 (6:1-62)

9-5 (9-4-9-6)

17-8 (17-3-18-2)

265 (24-4 - 285)

34-6 (26-4 - 40-5)
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