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Department of Statistics

I develop probabilistic models to enhance the estimation and forecasting of human migra-
tion flows and residency. Using a Bayesian hierarchical approach, I first propose a model for
forecasting global bilateral migration flows among the 200 most populous countries, produc-
ing well-calibrated projections that reduce error rates compared to existing methods. This
model is integrated into a population projection framework to forecast migration flows by
age and sex, providing the first probabilistic forecasts of international bilateral migration
flows through 2045. Next, I address the influence of age structure on much longer-term mi-
gration forecasts by introducing the Migration Age Structure Index (MASI) that adjusts net
migration rates, offering narrower prediction intervals and more accurate projections of pop-
ulation change, especially for aging populations. Finally, I improve the Person-Place Model
(PPM), a key tool used by countries without population registers for census and intercensal
population estimation, by developing the Bayes PPM—a Bayesian hierarchical model that
refines residency estimates from administrative records. This model eliminates crude ap-
proximations to a well-defined statistical model currently in use, enhancing the accuracy of
uncertainty intervals in demographic estimates. Collectively, these contributions offer more
capable tools for forecasting migration and demographic changes, supporting policymakers

in navigating complex global migration dynamics.
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Chapter 1

INTRODUCTION
1.1 DMotivation

Understanding global human migration flows and their impact on population dynamics has
become increasingly important in recent decades as policymakers seek deeper insights into
the most volatile component of demographic change—migration. Traditional deterministic
models for migration forecasting often fail to capture the inherent uncertainty in future
migration patterns, limiting their utility in long-term planning. This dissertation aims to
develop probabilistic models that produce more accurate migration forecasts and assess the
associated uncertainty.

Recent methodological advances, such as those by Abel (2013a) and Azose & Raftery
(2019a), have made it possible to generate plausible estimates of international migration
flows at a global scale. However, flow forecasting method development has lagged behind
progress in flow estimation (Bijak, 2006). This dissertation addresses this gap with a Bayesian
hierarchical model that uses recently developed bilateral migration estimates from 1990-2020
to generate probabilistic bilateral migration flow forecasts among the 200 largest countries
through 2045.

Migration is highly correlated with age, with younger populations generally having a
higher propensity to migrate. Despite this, existing models often overlook the impact of a
country’s population age structure on migration patterns. This dissertation addresses this
gap with the Migration Age Structure Index (MASI), a novel approach to overcoming limited
age-specific migration rate estimates. The MASI provides a theoretically sound approach to
population age-standardized historic and forecast net migration rates for very long term

global population forecasting.



As administrative records become more integrated into demographic estimation processes,
particularly in countries lacking population registers, the need for accurate residency imputa-
tion model has become more pressing. This dissertation develops the Bayesian Person-Place
Model (Bayes PPM), which introduces a well-defined statistical foundation for estimating
residency probabilities, addressing critical limitations associated with the current Person-
Place Model (PPM) (National Academies of Sciences, Engineering, and Medicine, 2023;
Brown et al., 2023; Rastogi & O’Hara, 2012; Morris, 2014; Keller et al., 2018). The Bayes
PPM addresses a number of specific recommendations outlined in (National Academies of

Sciences, Engineering, and Medicine, 2023) in particular.
1.2 Background

This dissertation includes three distinct but interconnected contributions to the field of
human migration forecasting and demographic estimation using administrative records.

Abel (2013a) pioneered a method to estimate the minimum number of people who must
have changed their country of residence to explain the change in migrant stocks among all
countries of the world. Azose & Raftery (2019a) extended these estimates to produce well-
calibrated pseudo-Bayes estimates of bilateral migration flows, which have been crucial for
crafting effective migration policies (Willekens, 2018). These developments enable a deeper
understanding of historic trends and were used to demonstrate critical deficiencies in existing
migration flow forecasting methods. However, this dissertation includes the first probabilistic
global migration flow forecasting method resolving these deficiencies.

The association between migration and age is long established. Rogers & Castro (1981a)
identified a consistent pattern in the age profile of out-migrants and proposed a model mi-
gration age schedule. Kupiszewski (2002) discussed differences in migration forecasts when
the sending population age-structure is ignored, while Fertig & Schmidt (2005) argued that
neglecting population age in calculating migration rates obscures the underlying population
dynamics. Kolk (2019) reviewed age-specific migration and the analogy to age-specific and

total fertility rate definitions. (Director of National Intelligence, 2021; Miinz, 2013) high-



light the need for quantitative methods accounting for changes in population age structure
to replace qualitative conjectures of what could occur. This dissertation addresses this gap.

Since World War II, demographic trends in the United States have predominantly been
derived from censuses and carefully designed surveys (F. C. Billari & Zagheni, 2017). While
censuses offer wide coverage, they are infrequent. Surveys are more timely but often suffer
from low response rates and small sample sizes. F. C. Billari & Zagheni (2017) highlight how
Big Data technologies and massive stores of nontraditional and administrative data could be
combined to close the gap. The National Academies Report on the US 2020 Census high-
lighted the successful use of administrative records (AR) to supplement census operations
and recommended further research. One significant area of such research at the US Census
Bureau is the Person-Place Model (PPM). Rastogi & O’Hara (2012) provided a foundational
assessment of AR-based enumeration in the United States, proposing a logistic model to
select the optimal person-address pair for individuals with multiple possible addresses. Mor-
ris (2014) offered one of the first comprehensive descriptions of the PPM, while Keller et
al. (2018) further refined the model. This dissertation proposes the Bayesian Person-Place
Model (Bayes PPM), which introduces a well-defined statistical foundation for estimating
these probabilities, addressing the shortcomings of the current model. The Bayes PPM is
shown to outperform extant PPM specifications in terms of accuracy and uncertainty esti-
mation, offering a more robust approach capable of supporting higher fidelity demographic
research, including intercensal population estimation and decennial census operations (Na-

tional Academies of Sciences, Engineering, and Medicine, 2023; Brown et al., 2023).
1.3 Key Contributions

This dissertation makes several significant contributions to statistical demography, particu-
larly in the areas of migration forecasting and demographic estimation.

In Chapter 2, a Bayesian hierarchical model is introduced for forecasting global bilateral
migration flows among the 200 most populous countries. This model leverages historical

data to produce well-calibrated probabilistic projections of migration flows, accounting for



uncertainty. The model’s ability to pool information across time periods and individual
flows enhances its predictive accuracy, reducing the mean absolute error by 61% compared
to existing models. This advancement provides policymakers and researchers with a more
reliable method for understanding and forecasting international migration patterns.

Chapter 3 addresses the critical gap in migration modeling by incorporating the role
of population age structure in forecasting migration flows. The Migration Age Structure
Index (MASI) is introduced as a novel method for adjusting net migration rates based on
the age distribution of the population. By accounting for the varying migration propensity
across different age groups, MASI improves the accuracy of migration forecasts, particularly
for countries with rapidly aging populations. This contribution not only refines migration
predictions but also enhances long-term demographic projections by integrating age-adjusted
net migration flows into population forecasts.

Chapter 4 develops the Bayesian Person-Place Model (Bayes PPM) to improve residency
estimation using administrative records. The Bayes PPM addresses the limitations of the
existing Person-Place Model (PPM) by providing a well-defined statistical foundation for
estimating the probability that an individual resides at a given address based on their ad-
ministrative records data. This model enhances the accuracy of demographic estimates and
the reliability of uncertainty intervals, making it particularly valuable for population estima-
tion in countries without population registers.

Collectively, these contributions advance the state of the art in migration forecasting and
demographic estimation, providing new methods to improve the accuracy and reliability of

population estimates and projections.
1.4 Organization of Dissertation

The remainder of this dissertation is organized as follows. Chapter 2 presents the Bayesian
Flow Model for forecasting global bilateral migration flows. Chapter 3 introduces the Migra-
tion Age Structure Index (MASI), a novel approach for summarizing population age dynamics

and method for adjusting net migration rates based on population age structure. Chapter 4



develops the Bayesian Person-Place Model (Bayes PPM) for improving residency estimation
using administrative records, addressing the limitations of existing models and providing a
robust statistical foundation for demographic analyses. Finally, Chapter 5 concludes the
dissertation by summarizing the contributions of the research and suggesting directions for

future work.



Chapter 2

PROBABILISTIC FORECASTS OF BILATERAL MIGRATION
FLOWS FOR 200 COUNTRIES

2.1 Introduction

We propose a method for forecasting global human migration flows. A Bayesian hierarchical
model is used to make probabilistic projections of the 39,800 bilateral migration flows among
the 200 largest countries from 2020 through 2045. The model is fit to estimates of quinquen-
nial bilateral migration flows from 1990 through 2020. We find that the model produces well
calibrated out-of-sample forecasts of bilateral flows, as well as total country-level inflows,
outflows, and net flows. The mean absolute error decreased by 61% using our method com-
pared to a leading model of international migration. Out-of-sample analysis indicates that
simple models of migration flows offer accurate projections of bilateral migration flows in
the near term. Our method matches or improves on the out-of-sample performance using
these simple deterministic alternatives, while also accurately assessing uncertainty. Finally,
we adapt a fully probabilistic population projection model to generate bilateral migration

flow forecasts by age and sex for the 200 most populous countries.

This chapter is closely based on Welch & Raftery (2022). Projected migration flow

summaries for all countries are available as supplemental material to the published article.

Recent methodological advances have made it possible to generate plausible estimates
of international migration flows at a global scale. Abel (2013a) pioneered a method to
estimate the minimum number of people who must have changed their country of residence
to explain the change in migrant stocks among all countries of the world. Azose & Raftery
(2019a) extended the minimum migration estimates to produce well calibrated pseudo-Bayes

estimates of bilateral migration flows. This was found to perform best among six methods



for estimating international migration, in the sense of having the highest correlation with
several common measures of migration (Abel & Cohen, 2019).

Accurate estimates of historic migration trends and forecasts of future trends are essen-
tial to crafting effective migration policies (Willekens, 2018), but flow forecasting method
development lags progress in flow estimation (Bijak, 2006). Gravity models use push factors
to help explain the magnitude of out-migration from a country along with pull factors to
help explain the magnitude of country-level in-migration. Recent work with these models
use estimates of migration flows from most of the world to a few wealthy countries and vice
versa to quantify the influence of push and pull factors on the magnitudes of migration flows
(Cohen et al., 2008; K. Kim & Cohen, 2010). Alternatives to the gravity model approach are
concerned with migration flow forecasting for a subset of countries or regions (Wisniowski et
al., 2015a; Raymer & Wisniowski, 2018).

We address the problem of probabilistic forecasting of international migration flows be-
tween all pairs of the most populous 200 countries. Our approach uses a Bayesian hierarchical
model. A Bayesian hierarchical model pools information across time periods and individual
flows (Gelman & Hill, 2006). This property helps compensate for the small number of periods
where migration flow estimates are typically available. The Bayesian approach also makes
it possible to encode outside information in the model, helping to reign in implausibly large
forecast variability.

This paper describes a Bayesian hierarchical model that builds on a key idea from
(Willekens & Baydar, 1986): once the overall level of migration is controlled for, spatial
distribution patterns are found to be remarkably stable. Rogers, Raymer, and colleagues
(Rogers et al., 2002; Raymer et al., 2020) used this idea to model regional or subnational
migration flows. Our approach estimates spatial interactions conditional on the country of
origin and total origin country outflows in each period. This conditional origin framework
makes it possible to capture the variability in spatial interactions across flows from the same
origin. It also yields forecasts of net migration by country that sum to zero by construction.

Out-of-sample evaluation results indicate that our model generates plausible, well-calibrated



forecasts of bilateral migration flows over a short time horizon. These accommodate the pos-
sibility of major migration shocks in the future. We use our fitted model to generate proba-
bilistic forecasts of global bilateral migration flows for quinquennial periods from 2020-2025

period to 2040-2045.

2.2 Data

BFM out-of-sample results and forecasts are based on the pseudo-Bayes estimates of flows
during five-year periods starting in 1990 and running through 2020 (Abel & Cohen, 2019;
Azose & Raftery, 2019a). The flow matrix for C' countries in the period starting at time ¢ is

0 mioe ... Micy
Mo 0 - Moot
M, = , (2.1)
mecie Mc2t --- 0

where m; ;; is the flow of individuals from country 7 to country j during the period starting
at time t. The off-diagonal entries show the total number of movers whose place of residence
at the end of the period was different than the one they had at the beginning of the period.
The diagonal entries are set to zero as we are only interested in modeling the magnitude of
migration flows.

The sum of the entries in row i, m; 4 = Y Mt is the total number of people whose
residence was in country ¢ at the start of period ¢ but was some other place at the end of
period t. This sum approximates the outflows from origin ¢ during the period. Similarly,
the sum of the entries in column j, my j; = >, m;, is the total number of people whose
residence was in country j at the end of the period but was somewhere else at the beginning
of the period. This is the total of the inflows to destination j during period ¢. The net flow
for country cis rey = mq cp — Me sy

The flow matrix can underestimate the total number of people who migrated during each



five-year period. Some people will start and finish the period with residence ¢ even though
they established multiple residences other than ¢ throughout the period. A person might
also start the period with residence 7, establish several residences throughout the period,
and reside in country j at the end of the period. The flow estimate would only capture the

change from 7 to j.

Flow estimates are available for C' = 200 countries during the six five-year periods starting
in years t € {1990, 1995, 2000, 2005, 2010, 2015}. This translates to 39,800 bilateral migration
flows observed during six periods starting in 1990 and ending in 2020. We do not address
uncertainty in the underlying estimates to generate our forecasts; however, future work might

account for such uncertainties in the underlying data.

2.3 DMethods

2.3.1 Bayesian Flow Model

We fit a Bayesian hierarchical model to all available flow estimates. The model takes ad-
vantage of three properties of the data generating process: 1) every individual must start
from one origin, 2) every individual can choose just one of (C-1) possible destinations, and 3)
the spatial distribution of migration flows remains relatively constant over time. We exploit

these three properties in the specification of the hierarchical model which is as follows:
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. ind . .
Observations {mi,.7t | i1, 0i¢ ~ Multinomial (N; 4, ;. )

7

Nt = 0i4Pir +1/2]
log 0;, ™ Normal (1 — ¢) 15 + ¢log 6141, 02)

¢ ~ Uniform (0, 1
Outflow (0.1)

11; % Normal (v, 72)
v ~ Normal (o, 100?)

g; lfl\CJI Beta (ao, bo)
\
(

J
Tijt = €XP it/ D=1 XD i je

Mg " Normal (ki , 62;)
Inflow . |
#i; ~ Normal (0, 10°)

iid
i ~ Beta (Po, q0)

where “ind” means independently distributed, “iid” means identically and independently dis-
tributed, and |z| denotes the floor of x, i.e. the largest integer smaller than x. Table 2.1

defines each term of the model.

Under this specification, the expected flow from origin i to destination j during period ¢
is

E[mz’]’t | ﬂ-z»]»t’ 627ti| = ﬂ-z’.]’tN%t ~ szjztélvtpl7t' (22)

This expected value encodes the three defining features of the generative process. Each flow
is composed of individuals who belonged to the population of the origin country at the start
of the period. Only a subset of the country’s population migrates, and that fraction for

origin country ¢ in period ¢ is d;;. Every individual leaving origin ¢ in period ¢ migrates to
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Table 2.1: Bayesian Flow Model

Integer-valued flow (data) from origin ¢ to destination j during period starting
in year ¢

Number of migrants departing origin ¢ for period starting in year t after
rounding to the nearest integer value

Period ¢t number of person-years in origin 7 and period ¢ (000s)
Out-migration rate in migrants per 1,000 person-years for origin ¢

for period starting in year ¢

Observed out-migration rate in migrants per 1,000 person-years

for origin ¢ for period starting in year ¢

Vector of destination weights among migrants with origin ¢ in period ¢
such that Ej miji. = 1 for all ¢ and ¢

Global weight on mean departure rate function

Long-term mean out-migration rate for origin ¢

Temporal variation around departure rate from origin ¢

Destination weight at time ¢ for destination j among migrants from origin ¢
Mean destination weight for j among migrants from origin ¢

Variance of destination weights j from origin ¢

Grand mean of long-term departure rates

User-specified prior for long-term departure rate grand mean
User-specified variance about the long-term departure rate grand mean
User-specified parameters for temporal variation around departure rates
User-specified parameters for destination weight variation for origin ¢
Number of countries (200)

only one destination and the distribution of destinations is stable over time; this is what the

vector m; ., encodes.

For each origin, the out-migration rate is modeled on the logarithmic scale as a weighted

average of two quantities: the logarithm of the last departure rate, logd;;—1, and the long-

term mean rate for country i, p;. Stochastic variation around log out-migration rates is

captured by ¢?. This model ensures that departure rates never drop below zero.

The mean of ; ;. represents the long-term relative tendency of migrants from origin ¢

to move to destination j. Variation about the long-term tendencies from period to period

is represented by a random intercept mixed effects model. Spatial distribution tendencies
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(mic—14+) are encoded by an over-parameterized model equivalent to the centered logratio

(clr) transformation (Aitchison, 1986), namely

clr(m; ) = log Tisjit (2.3)

1/(C-1)"
Cc-1
(Hj:l Wi,j,t)

This model provides a flexible framework that could be extended to take origin- and/or

destination-specific variables into account, e.g. colonial relationships, shared language, and
economic differences creating push /pull forces among country pairs. A sum-to-zero constraint
on k;; makes this model identifiable.

The model is implemented by Markov chain Monte Carlo (MCMC) using the R NIMBLE
software package (de Valpine et al., 2017, 2021; R Core Team, 2021). NIMBLE is designed to
sample from the posterior distribution of a Bayesian hierarchical model and is optimized for
computational efficiency; however, sampling the model remained computationally slow. We
overcame the computational challenges by splitting the model into an outflow component

and an inflow component.

The outflow component includes all parts of the model involving d;;,. We estimated
Wi, ¢, and o; by approximating ¢;, with the observed out-migration rate for origin i, d, ;.

The spatial distribution parameters, 7; ;, were estimated from the observations clr(p; ;) ~

m; jt+k
2o, Mg etk

possible to parallelize the model, reducing processing time by several orders of magnitude.

Normal(/ii’j,wﬁ j), where p; j; = for k € (0,1]. These approximations make it

Parallelized performance gains, however, make it necessary to specify a number of hyperpa-
rameters that might otherwise be estimated simultaneously with the rest of the parameters

in the model.

Prior Specification

There are several user-specified parameters in the BEM. We set the prior parameters using

empirical aggregate metrics across all flows. This preserves the information sharing benefits
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of hierarchical modeling while improving computation time by several orders of magnitude.

e g, bp: These define the prior distribution of the o;. More than 97% of the standard
deviations of logd,;; by origin are smaller than 1. Values of o; near 0 can lead to
implausibly narrow intervals for some small countries. Values of o; larger than 1
permit a few highly variable outflows to obtain implausibly massive proportions of
the population to out migrating. We therefore set ag and by so that values of o; close

to zero or above 1 are unlikely. We do this by minimizing the sum of the differences of

the 2.5% and 97.5% quantiles from Beta(ag, by) and (0.15, 0.99).

e o, ¢o: We found py and gy by minimizing the sum of the differences between the 2.5%,
and 97.5% quantiles of the Beta(pg, qo) distribution and the quantiles of the empirical

standard deviation of the means of clr(p; ;) by origin for all positive flows.

e 79: This parameter represents the amount of variation around the long term outflow
mean for each origin. We set this value equal to approximately three times the standard

deviation of the mean log origin outflow rates.

e 1io: This parameter represents the mean of long-term means of the log outflows for

each origin. We set it equal to the mean of the log origin outflow rate means.

2.3.2  Forecasting

After drawing S samples from the posterior distribution of the parameters of the BFM, we

generated probabilistic forecasts as follows:

1. Sample a departure rate for origin ¢ during period ¢ from the posterior predictive

distribution for 55? and convert it to an integer Ni(j) = round (51-(;)]%7,5) :

2. Sample an allocation vector from the posterior predictive distribution of wfs) .

3. Sample a flow vector from the density mgs)t | N 7o) Multinomial (N, ) W(S)) :

it 0 e it o e
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4. Distribute outflow counts by age group according to a Rogers-Castro migration schedule
(Rogers & Castro, 1981b) and sex according to the observed proportions present in the

population.

5. Increment ¢ and repeat until reaching the last period of the forecast.

For C countries, T periods, and S samples, this procedure leads to a C'x C'xT'x.S dimensional
array. Each flow matrix sampled using this procedure is guaranteed to yield zero total net
global migration, i.e. to ensure that the sum of inflows and the sum of outflows across
countries are equal. Furthermore, country inflows, country net flows, regional flows, and
global flows are all implicitly defined by the model.

Population projections were generated from a custom implementation of the bayesPop
R package (Sevéikové & Raftery, 2016a). Our implementation makes it possible to trace
inflows back to specific origins by age and sex for each period. Models of mortality and
fertility implemented in bayesPop make forecasts generated from our implementation bona
fide population projections based on bilateral migration flows rather than country-level net
migration.

We put thresholds on the fraction of the population leaving in any one period in order
to avoid unprecedented decreases in origin country populations. The outflow rates from
countries with one million or more people were constrained so that no more than 16% of the
population departs in any single period. Gulf Cooperation Council (GCC) member countries
(United Arab Emirates, Bahrain, Kuwait, Qatar, Oman, Saudi Arabia) were constrained so
that no more than 42% of the population departs in any single period. Finally, outflow
rates from GCC labor-supplying countries (Bangladesh, Egypt, India, Indonesia, Pakistan,
Philippines) were constrained so that no more than 3% of the population departs in any one
period. All three constraints were calculated using the flow and population data. The GCC
bounds were calculated using the maximum observed departure rate from these countries.
The non-GCC bound is equal to the 99th percentile of historic mean departure rates among

non-GCC and non-GCC labor countries.
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2.3.83  Gravity Model

We evaluated the Bayesian hierarchical model by comparing out-of-sample performance to
a gravity model of migration (K. Kim & Cohen, 2010). After removing flows with zero

migrants, we used ordinary least squares to fit the gravity model

logmi i = Po+ Prlog Py + Palog Py + P3log D
+ Bslog PSR, + B5log PSR, ¢
+ Belog IMR;; + Brlog IM R;;
+ Bglog urban, ; + Bg log urban;,
+ Biolog LA; + B111log LA;
+ P12l L; + Pr1sLL;
+ b14LB;; + p150Lij + B16COL; 5

+ Bz (t — 2000) 4 Bis (t — 2000)* + &1,

We used UN estimates of population, distance between capitals, potential support ratio,
and infant mortality ratios. All other variables were obtained from the CEPII database
(Mayer & Zignago, 2011) or were manually coded. Table 2.2 gives the definition for each

covariate in the gravity model.

2.8.4 Hurdle Model

More than half of the historic flows are zero, but the gravity model approach (Cohen et al.,
2008; K. Kim & Cohen, 2010) does not account for these migration flows explicitly. To deal
with this, we also fit a gravity-like hurdle model using a two-stage method that removes the
need to censor the data.

A hurdle model is a two-stage alternative to a zero-inflated mixture model. Hurdle models
explicitly model the generative process leading to counts equalling zero. If an observation is

greater than zero, then the hurdle is crossed and the second stage of the model is fit to the
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Table 2.2: Gravity Model Covariates

Py Population of country ¢ at the start of period ¢
PSR;, Potential support ratio for country ¢ at the start of period ¢,
i.e. the number of people aged 15-64 per person aged 65+
IMR;,; Infant mortality ratio for country ¢ at the start of period ¢
urban;; Percentage of the population living in urban settings
for country i at the start of period ¢

D, ; Distance between capitals of country ¢ and country j

LA, Land area of country ¢

LL; Land locked indicator for country ¢

LB, ; Indicator of shared land boarder between countries ¢ and j
OL;; Indicator of shared official language in countries ¢ and j
COL;; Indicator of colonial relationship between country ¢ and j
t First year of period

Eijt Variation not explained by the model

positive counts (Jackman, 2009). The gravity hurdle model with a Poisson count component

and a binomial zero component is as follows:

ind .
Mgt | mije >0~ P01sson(/\i,j,t),

ind . .
T >0 ~ Blnomlal(l,wi,j,t),
with positive count covariate matrix X!'*! and zero covariate matrix X% |

log )\i,j,t = XUHB;

1,5,

loglt Wi jt = X[(;]i’}/

2,

The mean for the positive component, J; ;;, uses the same regressors as the gravity model,
yielding estimates for the parameter vector 5 = (fo, 51, - - ., f1s)-

The mean for the zero component includes the populations P;; and P;,, the distance
between the capitals D; ;, a shared land border indicator LB; ;, and a shared official language

indicator OL; ;. Hence the parameter vector for the zero component is v = (v, 71, .-, 75)-
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Table 2.3 shows that the out-of-sample coverage for the truncated Poisson hurdle model was
quite good, but that the the prediction errors for both the gravity model and the hurdle

model were much larger on average than for the other models considered.

2.3.5 Mean Absolute Percent Error

For a total of F flows in the flow matrix M and the flow matrix estimate M, the mean
absolute percent error is defined as

— M

— (2.4)

~ 100 lm;

MAPE(M, M) = — 2

(o, 1) = 00 5 s

i ’

Normalizing the errors by the magnitude of the observed flow puts the magnitude of errors
into context. This means that the errors are measured relatively to the size of the underlying
flows. We use m; ; + 1 instead of m,; in the denominator to avoid degeneracies that arise

when flows are equal to zero.

2.4 Results

2.4.1 QOut-of-Sample Validation

We fit five competing models to estimates of bilateral migration flows for the first five periods
for which flow data were available, i.e. 1990-2015, using the data that would have been avail-
able at the start of the 2015-2020 period. We fit each model to the flow estimates calculated
using the 2015 Revision of the World Population Prospects (WPP) (United Nations. Depart-
ment of Economic and Social Affairs, 2015) and associated flow estimates (Azose & Raftery,
2019a). Those models were then used to predict the bilateral flows for the 2015-2020 period
using the most updated flow data and estimates available in 2021, including the 2019 Revi-
sion of the WPP and most recent estimates of migration flows (Abel & Cohen, 2019). We
calculated the mean absolute error (MAE) and the mean absolute percentage error (MAPE)

for all models and the prediction interval coverage for the probabilistic methods (Bijak et



18

al., 2019; Czado et al., 2009).

Table 2.3: Out-of-sample mean absolute error (MAE) in thousands of migrants per period,
mean absolute percentage error (MAPE) and 95% prediction interval coverage for models fit
to 1990-2015 flow estimates and tested on 2015-2020 flow estimates.

95% PI
Method MAE MAPE Flow In Out Net
Historic Mean Flow 1.2 139 - - - -
Persistence 1.0 79 - - - -
Gravity Model 3.0 1,565 86 77 80 99
Poisson Hurdle Model  10.0 25,649 90 66 65 48
Bayesian Flow Model 1.2 71 94 8 93 94

The MAE measures the average absolute difference between each flow forecast and the
observed flow for the 2015-2020 period. It summarizes prediction error on the same scale as
the data for all flows. The MAPE normalizes the error by the magnitude of the observed flow,
after adding 1 to both the observed and predicted flows to avoid infinite values. Normalizing
errors by the magnitude of the observed flow puts the magnitude of errors for different pairs
of countries on the same scale.

We also evaluated competing probabilistic methods by comparing their 95% prediction
interval coverages. If a probabilistic flow model is well calibrated, then the 95% prediction
intervals from a model fit to the 1990-2015 flows should include about 95% of the 2015-2020
flows. Prediction interval coverage estimates that differ from the nominal value (95% in this
case) indicate that a model may be poorly calibrated, misspecified, or both.

Table 2.3 summarizes the performance of the Bayesian Flow Model (BFM) alongside two
simple deterministic approaches, a standard gravity model, and the Poisson hurdle model,
which is a more complex gravity model (Cohen et al., 2008; K. Kim & Cohen, 2010; Jackman,
2009). Among the probabilistic models, the BFM was the best calibrated for bilateral flows,
total in-flows, total out-flows, and net migration flows. The BFM had the lowest MAPE

among the methods considered, and clearly outperformed both gravity models in terms of



19

both MAE and MAPE. Interestingly, the simple deterministic models performed similarly
to the BFM in terms of MAE and MAPE, but they fall short in that they do not produce

prediction intervals.

Absolute Error in Millions of People: « 0 @ 1 @ 2 @ 3 . 4
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Figure 2.1: Observed 2015-2020 (a) bilateral flows, (b) total country inflows, (c¢) total country
outflows, and (d) total country net flows compared to Bayesian hierarchical model median
forecasts colored by United Nations Area and sized according to the absolute error in millions
of people.

Figure 2.1(a) summarizes the distribution of observed and predicted flows for the BFM.
Points that fall along the dashed line y = x indicate perfect agreement between the single
best forecast and the observed flow. The estimated R? values from the Poisson hurdle model,
R? = 0.93, improves on the gravity model, R? = 0.83, and the BFM R? = 0.97 improves on
both. The BFM is a good model for most flows, but there are several examples where the
predicted flow leads to large errors. Examples include the flows from Venezuela to Columbia,
from Syria to Turkey, from Mexico to the United States, and from South Sudan to Uganda.
Large errors for flows originating in Venezuela and in Syria arise from major political crises
in those countries (Bahar et al., 2018; Haddad, 2011). Departures from historic norms in
the Mexico to United States flow could be partly explained by actual or perceived changes
in immigration policy by the Trump administration between 2017 and 2020 (Hoekstra &
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Orozco-Aleman, 2021). Large errors associated with South Sudan are reasonable since the
country was founded only in 2011 (Martell, 2011). These cases show that major migration
shocks can generate observations that fall far in the tail of the forecast distribution.

Figure 2.1(b)-(d) show country-level forecasts of 2015-2020 flows compared to the best
available estimates of country-level flows. Median BFM inflow forecasts for Germany (DEU)
and Turkey (TUR) were smaller than the estimated values for the 2015-2020 period. The
median BFM outflow forecast for Venezuela (VEN) was smaller than the observed outflow
while the median Syria outflow forecast was too large. Country-level inflow and outflow
forecasts implicitly define net flow forecasts. The error in Venezuela’s outflow forecast was
carried over into the net flow forecast as shown in Figure 2.1(d): the net flow was smaller
than the median forecast. This is consistent with the very large number of people that left

Venezuela during the period.

2.4.2  Forecast Fvaluation

We produce forecasts for all 39,800 flows for 2020-2045. One appeal of well-calibrated proba-
bilistic migration flow forecasts is that aggregate quantities or functions of flows lead to valid
approximations of the statistical distribution associated with the function applied to individ-
ual flow forecast trajectories. We use this fact to evaluate the BFM forecasts of country-level
inflows, outflows, net flows, and the percentage of the globe migrating. A summary of each
bilateral flow forecast is included in the Supplemental Index of Welch & Raftery (2022).

Figure 2.2 shows the estimated and forecasted number of people migrating globally in
each period. The median forecast is that the number of people migrating in 2040-2045 will
be nearly 50% larger than the number of people migrating in the 2015-2020 period. However,
much of this increase is due to the projected increase in world population. After accounting
for global population growth, the percentage of world population migrating increases from
about 1.3% in the 2015-2020 period to 1.5% in the 2040-2045 period—an increase of only
about 16%.

Table 2.4 summarizes the estimated increase in the total number of people migrating
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Table 2.4: Total global migration in millions of migrants per five year period and percentage
of the population migrating. The columns correspond to the 5th, 50th (median) and 95th
percentiles of the predictive distribution.

2040-2045 Forecast
2015-2020 5% 50% 95%

Sum of Global Flows (millions) 9 119 142 176
Percent of Population Migrating 1.3 1.3 15 1.9
180 A 1.9
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Figure 2.2: (a) Global migration flows in millions of migrants and (b) in percentage of global
population migrating during five year periods observed from 1990 through 2020 with median
forecast (solid line) and 90% prediction interval for five year periods from 2020 through 2045

around the world for the last period where data are available (2015-2020), and the last
period in the forecast (2040-2045). Growth in global migration will be driven first by the
increasing global population and to a lesser extent by growth in the out-migration rates in a
few large countries. The out-of-sample performance of the forecasts of individual flows and

aggregate measures of migration indicates that the BFM is well calibrated in the short term.

Case Study: Germany Flow Forecast Figure 2.3 shows the BFM forecasts for Germany
in millions of migrants per five year period from 2020 through 2045. Figure 2.3(a) shows
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Figure 2.3: Observations and 90% prediction interval forecasts in millions of people per five
year period for (a) total net flow, (b) total inflow, (c¢) total outflow, (d)-(f) bilateral flows
with Germany as origin in descending order by historic magnitude, (g)-(i) bilateral flows
with Germany as destination in descending order by historic magnitude.

the historic net migration rate in Germany from 1950 through 2020 along with the UN

projection of net migration from the 2019 Revision of World Population Prospects (WPP)

(United Nations. Department of Economic and Social Affairs, 2019). The UN net migration

projection falls within the 90% prediction interval constructed from joint forecasts of bilateral

flows into and out of Germany. Even though the median forecast and prediction interval
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suggest more positive net flows into Germany using the BFM, our net migration forecast
interval contains the UN’s net migration projection for all forecast periods. The BFM forecast
of net flows also appears plausible given the range of past net flows; however, the 90%
prediction intervals from the BFM indicate that net outflows from Germany are possible
over the coming years. This net outflow could occur if for example many of the migrants
who fled humanitarian crises over the last decade return to their home countries once the
humanitarian situation ends.

Figure 2.3(b) shows the range of uncertainty about the total population of Germany
generated by the net migration flow forecast through 2045. The median population forecast
using the BFM flow model is higher than the WPP 2019 projection and shows a wide range
of uncertainty due to forecast uncertainties in total outflows from Germany and large inflows
from a few countries.

Figure 2.3(c)-(d) shows the total estimated flows into and out of Germany every five years
from 1990-2020 and forecasts of flows from 2020 through 2045 implied by the BFM. The
outflow forecast effectively continues the historic pattern with relatively wide uncertainty.
The median inflow forecast moderates from a historic peak in the 2015-2020 period before
growing again through 2045. Inflow forecast patterns like this reflect a return to long-
term historic destination preferences encoded in the destination component of the model
and /or a fall in the total outflow from one or more countries from one period to the next.
Inflow forecast counts tend to increase with the increasing populations in sending country
populations.

The cumulative impacts of migration uncertainty on the age profile of the German popu-
lation by the end of the forecast period in 2040-2045 are shown in Figure 2.3(e). The median
forecast of the German age profile for people aged 0-44 remains similar to the current profile.
As a result, economic and budgetary challenges that could arise from too few working age
adults supporting people currently aged 45-65 may not be realized in the 2040-2045 period.
However, the width of the 90% prediction interval shows that this future is not a sure bet.

Figure 2.3(f)-(h) shows estimates of the largest flows into Germany from 1990-2020 and
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the BFM forecasts for those flows from 2020-2045. The median forecasts are approximately
equal to the mean of the historic flows. Flow forecasts from Turkey to Germany contribute
the largest number of migrants to the median flow forecast along with the largest degree of
uncertainty in future inflows. See the Supplemental Index of Welch & Raftery (2022) for all

country-level forecast summary plots.
2.5 Discussion

Bayesian probabilistic forecasting methods for demographic processes have become increas-
ingly widespread in the last 15 years (Bijak & Wisniowski, 2010; Alkema et al., 2011; Raftery
et al., 2013; Wisniowski et al., 2015a; Azose et al., 2016a), and here we extend this approach
to forecasting bilateral international migration flows. Our approach builds on the multiplica-
tive components model (MCM) (Raymer et al., 2020), arguments for separating the outflow
rate and spatial interaction process (Rogers et al., 2002), and the relative stability of the
spatial distribution of global flows over the past three decades (Abel et al., 2021; Willekens
& Baydar, 1986). The mean departure rate functional form is inspired by the net migration
flow model of (Azose & Raftery, 2015b), and reflects the fact that the net migration rate can
be decomposed into inflow and outflow components.

We model out-migration and spatial interaction conditionally on the origin and popu-
lation at risk of out-migration. This approach separates the magnitude of a flow from the
spatial interaction as in (Willekens & Baydar, 1986; Rogers et al., 2002; Raymer et al., 2020);
however, conditioning on the origin and population at risk is a departure from these meth-
ods. We also model spatial interactions jointly, conditional on the origin and magnitude of
outflows. This approach leads to implicit estimates of country-level inflows and net flows. It
also ensures that the magnitude of global outflows equals that of global inflows.

Spatial interaction is modeled with a centered logratio model (Aitchison, 1986). Our
spatial interaction model does not use covariates, but could accommodate covariates in esti-
mating the spatial interactions. Others have suggested the logratio model for the multinomial

likelihood model of migration flows (Raymer & Willekens, 2008). We evaluated that formula-
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tion as well, but chose the centered logratio formulation to remove the influence of a baseline
country on forecasts of destination preferences of all other countries.

One challenge to implicitly defined inflows lies in the implementation of country-level in-
migration limits. If a country implements an in-migration cap or if unconstrained forecasts
lead to implausibly dense populations at some destinations, then our forecasting approach
requires additional steps to account for these limiting factors. They could be incorporated
at the flow level using covariates in the spatial distribution component of the model, or by
iteratively rerouting outflows from each origin to alternative destinations.

It is too early to quantify the impact of the COVID-19 pandemic (Fontanet et al., 2021)
on global migration flows over the 2020-2025 period. Early indications from some parts of
the world suggest that global migration may have fallen during the 2020-2021 period due to
strict border controls (European Commission — Press release, 2021). In other places, flows
may be on track to hit historic highs despite the pandemic (Hackman & Caldwell, 2021).

The flow estimates that we used to fit the BFM rely on migrant stock estimates that
are compiled every five years (Abel & Cohen, 2019). Data generated from social media
platforms, search engine inquiries, and other digital trace data might offer alternative and
more timely sources of migrant stock estimates (Zagheni & Weber, 2012; Zagheni et al., 2014,
2017; Cesare et al., 2018; Fiorio et al., 2021; F. Billari & Zagheni, 2017; Lazer & Radford,
2017; Alexander et al., 2020). Bias-corrected migrant stock estimates derived from big data
have the potential to improve the time resolution of migration flow estimates, especially for
regional and subnational contexts where platform adaptation among the population is more
widespread. However, early applications of digital trace data used to study demographic
and public health trends suggests that additional work may be needed to resolve the signals
present in big data (Cesare et al., 2018; Ruths & Pfeffer, 2014; Lazer et al., 2014).

Large outflows from India, China, Indonesia, and several African countries have little
impact on the overall population of those countries through 2045. However, uncertainty
about the magnitude of outflows from these countries generates substantial uncertainty in

the population age distribution for people aged 0-30 in both sending and receiving countries
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by the end of the forecasting period. Also, very large outflows from India, China, Indonesia,
and populous countries in Africa are possible, and could generate very large inflows for a few
popular destinations, unless destination countries constrain the flow of migrants into their
countries.

A time invariant destination model means that the share of migrants leaving one region
for another will be relatively stable over time. An origin’s outflow rate and population size are
the main factors influencing the magnitude of outflows in the BFM. Even if departure rates
continue to follow historic patterns, the absolute number of migrants leaving high-fertility

countries or ones with currently young populations.
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Chapter 3

ACCOUNTING FOR POPULATION AGE DISTRIBUTION IN
FORECASTING MIGRATION

3.1 Introduction

Preparations for the next great demographic era are underway around the world (C. J. Kim,
2019; Director of National Intelligence, 2021). Decades of declining and then sub-replacement
fertility created a demographic dividend, where the share of the working-age population far
outweighed the share of children and older adults no longer participating in the workforce
(Bongaarts, 2009). Now the average ages of populations around the world are increasing at
the fastest rate in history (Bloom & Zucker, 2023). International migration may blunt the
impact of this dynamic, but migration alone will not fully mitigate the realities of the next
demographic era (RAND, 2005; Coleman, 2008). Accounting for past and forecast population
age structure reveals that migration may be an even less effective mitigation than currently
understood (Miinz, 2013; Lee, 2011). However, existing forecasting methods fail to account
for this eventuality, leaving the role of population age structure in migration dynamics to
imprecise qualitative conjecture.

We propose a probabilistic net migration forecasting approach that accounts for the
impacts that population age structure had on historic migration rate estimates. We use
these to generate new probabilistic population forecasts for all countries. The resulting
forecasts quantify how different the global population distribution could be after accounting
for past and projected shifts in the population age structure.

This chapter is closely related to a manuscript submitted to Demography by Welch,
Sevéikova, and Raftery.

The chapter is organized as follows. Section 3.2 reviews the existing work that is foun-
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dational to our study. Section 3.3 summarizes the data and methods used to generate age
standardized migration forecasts. This is followed by an evaluation of the age-standardized
migration method in Section 3.4. Then Section 3.5 summarizes differences between popu-
lation forecasts with and without accounting for population age structure in the migration
component of the forecasts. We conclude in Section 3.6 with a discussion of the contributions

and limitations of our approach.
3.2 Background

Rogers & Castro (1981a) identified a consistent pattern in the age profile of out-migrants and
proposed a model migration age schedule. Even though modern migration estimation and
forecasting methods use migration age schedules to account for the impact of migration on the
sending and receiving populations, population age structure is rarely an explicit consideration
in estimation or forecasting. This is reasonable over short-term forecast horizons given the
relatively slow pace of population age structure changes, but less so over longer horizons.

Kupiszewski (2002) discussed differences in migration forecasts when the sending popu-
lation age-structure is ignored. Specifically, it was argued that ignoring the limited number
of migration-age individuals in Poland and future population aging contributed to unrealis-
tically large out-migration forecasts from Poland to other European Union (EU) countries
before accession to the EU in 2004.

Fertig & Schmidt (2005) argued that neglecting population age in calculating migration
rates obscures the underlying population dynamics. They proposed an adjusted net migra-
tion rate that is calculated as the number of migrants aged 0-39 divided by the sending
country population aged 0-39. This approach reduces distortions created by the population
of older people who tend to make up a relatively small proportion of migrants, but effectively
sets older age migration to zero and ignores the age structure of the critical 0-39 age group.

Kolk (2019) reviewed age-specific migration and the analogy to age-specific and total
fertility rate definitions. It was argued that population-level measures should be adopted

for both subnational and international migration estimation. The authors outlined key chal-
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lenges to extending such methods to an international context, specifically properly accounting
for the population at risk of in-migration and differences in the definition of an international
migrant from country to country.

Skjerpen & Tegnnessen (2021) incorporate the age profiles of people from three groups of
origin countries to project Norwegian migration inflows through 2100. They find that incor-
porating origin population age structure in their models equates to a reduction of 0.1 children
per woman in the total fertility rate by 2100, compared to official Norwegian assumptions.
The authors also highlight that existing migration forecasting methods overlook the relative
stability of age structure forecasts, which should be leveraged to improve migration forecasts.

Fully probabilistic population forecasting is an active area of demographic research (e.g.
Hyndman & Booth, 2008; Raftery et al., 2012, 2014; Wisniowski et al., 2015b; Yu et al.,
2023). Azose et al. (2016b) developed a probabilistic net migration model and used it to
produce probabilistic population forecasts for all countries through 2100. Welch & Raftery
(2022) proposed a fully probabilistic population forecasting method that uses a probabilistic
model of bilateral migration flows for all countries through 2045. However, none of these
population forecasting methods systematically account for population age structure changes
in both the historic data used to fit these models and in forecasting.

Raftery & Sevéikova (2023) proposed a method for accounting for population age struc-
ture in probabilistic migration and population forecasts, and applied it to very long-term
population forecasts, to 2300, motivated by the problem of estimating the social cost of
carbon. Like us, they used net migration data, which has advantages of data availability
and analytical simplicity over methods based on more complete migration data, such as
between-country flows or in- and out-migration flows for countries. However, a problem
with this is that it does not take account of the different age distributions of in- and out-
migrants (Rogers, 1990). They addressed this issue by assuming that during periods of net
in-migration, all movement was classified as in-migration with no out-migration, and simi-
larly, net out-migration periods were treated as solely out-migration. Here we develop a new

method that avoids this unrealistic assumption while still using net migration data.
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3.3 Data & Methods

Data

The United Nations defines a long-term migrant as a person who moved to a different country
and stayed for at least one year (McAuliffe & Oucho, 2024). Recent methodological innova-
tions make it possible to estimate globally consistent, country-level total migration inflows
and outflows from Census counts of the number of people by country of birth in all countries
(Abel, 2013b; Azose & Raftery, 2019b). Abel & Cohen (2019) found that the pseudo-Bayes
method of Azose & Raftery (2019b) to estimate bilateral migration flows led to the most
accurate migration estimates among several extant methods. Unfortunately, pseudo-Bayes
migrant flow estimates over 5-year periods are available for only six 5-year periods starting in
1990 and ending in 2020 (Abel & Cohen, 2019). Estimating and forecasting bilateral migra-
tion flows has a number of advantages (Welch & Raftery, 2022), but population age structure
changes too slowly to solely rely on these estimates for long-term migration forecasting.

The United Nation’s World Population Prospects (WPP) publishes globally consistent
net migration estimates, defined as the difference between migration inflows and outflows
divided by population size, back to the 1950-1955 period (United Nations, 2022). The
pseudo-Bayes flow estimates contain more detailed information in the form of bilateral flows.
We use strengths of both data sets to develop a new combined data series.

Migration flow estimates are calculated with respect to specific revisions of the WPP.
We use WPP 2019 revision (United Nations. Department of Economic and Social Affairs,
2019) and the associated flow estimates for all analyses. The 2022 revision transitioned
from 5-year period to 1-year period estimates and forecasts (United Nations, 2022). The
2024 revision was the first to use a fully probabilistic migration forecasting model (United
Nations, 2024). We use the 2019 revision to show the differences in long-term forecasts using
the last available deterministic migration projections for 5-year periods in the WPP 2019
compared to a probabilistic migration model that ignores population age structure and one

that explicitly accounts for past and future population age structure changes.
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We fit a model, described in Section 3.3, to the 19902020 period from which both in-
migration and net migration rates can be estimated for all countries with populations of
100,000 or more. This model is then used to approximate the contribution that in-migration
made to the net migration rate prior to 1990. Our model-based approach is an efficient
solution that allows for the estimation of globally consistent age-standardized in-migration
and out-migration rates for 5-year periods starting in 1950 and running through 2020. The
successful decomposition of net migration rates into in-migration and out-migration rates is
critical to calculating migration rates adjusted for the population age structure that gave

rise to those rates.

Age Standardization of Net Migration Rates

For reasons of data availability across all countries, and analytic simplicity, the United Na-
tions (UN) uses all-age net migration as part of the basis for its population projections for
all countries (United Nations. Department of Economic and Social Affairs, 2019). The WPP
2024 (United Nations, 2024) replaced a deterministic projection net migration method with
the probabilistic approach of Azose & Raftery (2015a). However, neither the UN’s deter-
ministic approach nor the probabilistic approach of Azose & Raftery (2015a) takes account
of historic or future changes in population age structure.

We propose to modify the approach of Azose & Raftery (2015a) to account for population
age structure. We do this by creating an age-standardized version of the net migration rate.
This poses a challenge, as historical net migration data are not disaggregated by age, making
it difficult to standardize net migration rates directly. This was one of the arguments of
Rogers (1990) for not using net migration at all.

We propose a model-based approach to help address these concerns. We start by de-
veloping a method for decomposing historic net migration into in- and out-migration. This
uses a subset of the data for which estimates of both in- and out-migration are available
(i.e. 1990-2020), and uses this to estimate in- and out-migration for the entire data period

(i.e. 1950-2020). We then develop a method for age-standardizing out-migration. This turns
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out to be very simple, relying on a quantity we call the migration age structure indexz (MASI).
We extend this to in-migration, and hence to net migration. Finally we apply the probabilis-
tic forecasting method of Azose & Raftery (2015a) to the age-standardized net migration
rates, and input the resulting forecasts to the overall probabilistic population projection
method.

Table 3.1 summaries the notation required for our methods. By convention, we refer to
each period using the first year (inclusive) and the last year (exclusive). For example, the
period 2000-2005 represents the interval from January 1, 2000, to December 31, 2004, i.e.,
[2000, 2005). Also, a "+" subscript in place of an index value denotes the marginal sum over

that index.

Decomposing Historic Net Migration into In- and Out-migration

Net migration age-standardization takes place on the inflow and outflow components of the
net migration rate. We use a mixed-effects model to relate the 1990-2020 in-migration rate,
IMR; ¢, to the net migration rate, NMR, ;, for each country ¢ over these six 5-year periods,

t, from 1990 through 2020. Our mixed-effects model is defined as follows:

IMR;; = Bo; + /1 max (NMR, 4, 0) + €,

Bo.i ~ Normal (60, agetween) ,

ei ~ Normal (0,021 ) - (3.1)
This model uses a random intercept term to account for the average country-specific in-
migration rate associated with the net migration rate for each period from 1990-2020.
Country-specific intercepts, By, are drawn from a distribution with global mean, 3y. The
difference in a country’s random intercept from the global mean, (3, is determined by the
average difference from the global mean for that country in all periods. Out-migration rates
are implicitly defined by this model.

The random intercept model was fit using the linear mixed-effects model implementation
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Table 3.1: Notation for migration age-standardized migration method.

Integer-valued outflow from origin ¢ in period starting with year ¢
Integer-valued outflow from origin 4 in period starting with year ¢

of age group a—(a + 4)

Integer-valued inflow to destination ¢ in period starting with year ¢
Integer-valued net migrant flow in country 7 in period starting with year ¢
Integer-valued population of origin ¢ at the start of period ¢ for age group

a-(a +4) and sex s € {male, female}

Integer-valued population of origin 4 at the start of period ¢

Integer-valued population of origin ¢ at risk of migration over period t to ¢ + 5,
defined as Pj 45 + + — Niy

= Oi’t/Piyt,Jr,Jr. Out-migration rate for country ¢ in the period starting in year ¢
= Oi7t7a/]5¢,t7a,+. Out-migration rate for country i, period starting in

year t and age group a

=>.,OMR; ;4. Gross Migraproduction Rate (GMR) for country i and period
starting in year ¢

= i,t/f’i7t,+7+. In-migration rate for period starting in year ¢t and country ¢

= IMR;; — OMR;;. Net migration rate for country 7 and period ¢

=Pita+/ Sy Pita~. Share of population from age group a in period ¢
Reference population age distribution for country ¢ in period ¢

Reference migration age schedule normalized so that >, Rq =1

=), Ramitq. The migration age structure index (MASI), a scalar accounting
for the population and migrant age structure in the migration rate at

time t for country %

= Zi,a R,m;t.q. MASI for the world at time ¢

= OMR; ¢ X C; paseline/Ci . Age-standardized out-migration rate

=IMR;; x Chaseline / C,. Age-standardized in-migration rate

= IMR}; — OMR],;. Age-standardized net migration rate

in the Ime4 R package implementation (Bates et al., 2015). Starting with NMR,;, the

estimated mean in-migration rate is IMR;; = (o, + f1 max (NMR;;,0). The net migration

rate and estimated mean in-migration rate are then used to calculate the out-migration rate,

OMR;, = IMR;, — NMR;,.

Figure 3.1 summarizes the 1990-2020 data, model fit, and association between estimated

and actual country-level migration flow rates. Points in Figure 3.1(a) show the observed

max (NMR;+,0) on the horizontal axis and IMR;; on the vertical axis. The discontinuity

at NMR,;; = 0 reflects the fact that the in-migration rate must be non-negative. In the



34

NMR; ¢ < 0 portion of the domain, the country-specific intercept, 5y ;, of model 3.1 establishes
the minimum average magnitude of in-migration corresponding to a negative net migration
rate for that country. When NMR,,; > 0, the model in-migration rate increases from this
minimum average in-migration rate by an average of 5, per unit increase in NMR;;. The

global mean model in-migration rate is shown by the blue line in Figure 3.1(a).
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Figure 3.1: (a) Observed in-migration rates versus net migration rates for all countries
(points) with mean model (blue), LOESS line (black dashed), and country-specific models
for China (CHN, red) and Qatar (QAT, green); (b) Observed in-migration rates versus
fitted in-migration rates compared to IMR Observed=Fitted (dashed line); (c) Observed
out-migration rates versus fitted out-migration rates compared to OMR Observed=Fitted
(dashed line) for 5-year-periods from 1990-2020.

Many observations in Figure 3.1(a) are highly concentrated around some values. Locally
Estimated Scatterplot Smoothing (LOESS) is a non-parametric regression method used to

reveal underlying scatterplot trends without assuming a specific global form for the relation-
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ship (Cleveland, 1979). In this context, agreement between the LOESS line and the mean
of model (3.1) indicates that the model recovers the general trend of the observed data. In
the NMR;; < 0 portion of the domain, the similarity between the LOESS line and the 3y ;
values shows that the mean intercept term provides an accurate summary of the observed
in-migration and net migration rates. Near NMR;; = 0, however, the disagreement between
the model mean and LOESS line shows that many IMR;; observations near NMR;; = 0
could be overstated with the model mean alone. The largest LOESS line departure occurs
for large positive values of NMR; ;. This is primarily due to the influence of large positive
NMR,; ; observations for a few countries.

Finally, Figure 3.1(a) shows two examples of country-specific average association between
IMR;; and NMR; ;. The top line shows the model fit for Qatar (green), which experienced
some of the highest migration rates in the world since 1990. The bottom line shows the
model fit for China (red), a country with stable net out-migration over the same period.
These two examples underscore the importance of a model capable of accommodating the
significant variation observed between countries.

Figure 3.1(b) shows the fitted and observed IMR; ; for all countries from 1990 to 2020. The
high level of agreement between fitted and observed in-migration rates with an R? = 0.98 is
notable considering the simplicity of model (3.1). The agreement between fitted and observed
out-migration rates in Figure 3.1(c) is lower with R? = 0.91, but is still strong. Taken
together, Figures 3.1(b)-(c) show that our model-based decomposition of the net migration
rate is reasonable for the periods where net migration, in-migration, and out-migration rates
are all available. See Appendix A.2 for additional evaluations of model 3.1.

Figure 3.2 shows the observed net migration rate for 5-year periods starting in 1950 and
running through 2020 on the original scales for the United States, Germany, Turkey, and
Saudi Arabia. These countries were selected to demonstrate how our model-based approach
to estimating in- and out-migration rates compares to direct estimates of these quantities
when the net migration rate was large and positive for a sustained period (United States),

was more dynamic (Germany), experienced an abrupt departure from a stable historic norm
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(Turkey), or was generated in a Gulf Cooperation Council (GCC) member country (Bahrain,
Kuwait, Oman, Qatar, Saudi Arabia, United Arab Emirates). The in-migration and out-
migration rates from 1990 to 2020 used to estimate our model are shown in the second
and third columns (black dashed lines) along with the model-based in- and out-migration
rate estimates for all 5-year periods (solid blue lines). Model-based estimates relating net
migration rates to in- and out-migration rates are similar to the observed rates for 1990-2020.
Estimated in-migration and outflow rates prior to the 1990-1995 period appear plausible for

the periods where pseudo-Bayes estimates are available.

While the model-based decomposition is not perfect, Figure 3.2 shows that the mixed-
effects net rate decomposition approach leads to plausible estimates of in-migration and
out-migration rates. The correlation between the observed and predicted rates was over
0.97. Broad agreement between observed in-migration and out-migration rates for 1990-2020
periods suggests that net migration rates prior to 1990 can be similarly decomposed into in-
migration and out-migration rates. See Appendix A.2 for all historic net rate decomposition

plots.

Raymer et al. (2023) propose an alternative approach to decomposing net migration into
in-migration and out-migration. This method uses a fixed constant to approximate the
magnitude of net migration attributed to total in-migration and out-migration in proportion
to a country’s population. This method could also be used to decompose the net flow into
total inflow and outflow in place of model (3.1). However, model (3.1) offers a systematic
approach to specifying a quantity similar to the fixed constant used in Raymer et al. (2023),

but one that is country-specific, which our analyses suggest is needed.
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Figure 3.2: Observed net migration (left column), decomposed into in-migration (middle col-
umn), and out-migration rates (right column), on the scale of annual migrants per thousand
people, compared to mixed-effects model estimates for the United States, Germany, Turkey,
and Saudi Arabia. Solid blue lines show the model-based estimates. Dashed black lines show
the observed migration rates used for the estimation. Migration flow estimates are shown at
the midpoint of each 5-year period.
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Age Standardization of In- and Out-migration Rates

The net migration rate, NMR, ;, for country ¢ over period ¢t + 5 is defined as the difference

between the in-migration rate, IMR;;, and out-migration rate, OMR,; ;:

N; L — O;
NMR;; = IMR;; — OMR,; = == = L0

(3.2)
i,t,+,+ Pfi,t,+,+

Here, I;; denotes the total inflow count, O;, the total outflow count, and N;; = I;; — O,
the total net flow count over the period starting in year ¢. We define the denominator of
the net migration rate, ]Si,H,Jr = Pity5++ — Niy, as the population of country 7 at the end
of the period starting in year t before factoring in the change due to net migration. This
denominator specifies the population at risk of out-migration over the period.

The definition of the net migration rate shown in equation (3.2) departs from more
conventional specifications, e.g., Preston et al. (2001) definition stated in terms of person-
years. We use this net migration rate specification to estimate model parameters on the
same scale as the bayesPop probabilistic population forecasting implementation (gevéikové
& Raftery, 2016b).

Historic net migration rate estimates are not disaggregated by age for most countries,
but we aim to standardize migration rates to remove the effects of population age structure
differences among countries in the same period and within countries across periods. Mi-
gration age patterns are known to be relatively consistent over time and country of origin
(Rogers & Castro, 1981a), but, as Rogers (1990) discussed, the rate defined in equation (3.2)
obscures the influence of the sending and receiving country population age structures. A
population age-standardized net migration rate should account for the age structure of the
sending populations in both components of the net rate as the migrant age distribution and

totals are primarily linked to the origin population age structure.
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Let ;. denote the population in age group a as a proportion of the total population in

country ¢ at time ¢, namely

P
Mipa = —tbot (3.3)
Za Pi,t,a,-i—

Since the origin population of inflows to country 7 consists of every country other than ¢ in

period t, we approximate the proportion of the global population in age group a by

Foa SO yhere  Pyyoy =3 Puas and Pyoiy =3 Pua..  (34)
ot i, i\s,a

Rogers & Castro (1981a) introduced the concept of the Gross Migraproduction Rate
(GMR) for country i and period ¢, defined as G;; = >, OMR;;,, where OMR,; ; , represents
the out-migration rate for country ¢ over period ¢ and age group a. This is a measure of
overall migration that is not affected by population age distribution, similar to how the
Total Fertility Rate (TFR) is a measure of overall fertility that is independent of the age
distribution of women.

The values of OMR,; ; ./ G, +, which give the age pattern of age-specific out-migration rates,
tend to be stable over time and place, reflecting a tendency for international migration to be
largely concentrated among people aged 15-35 and their dependent children, peaking in the
twenties, as pointed out by Rogers & Castro (1981a). They also proposed a parametric model
for this pattern, the famous Rogers-Castro curve. As an approximation, we thus consider
the situation where this ratio is constant over time and space, so that OMR;;,/Gi: = R,
for all i,¢, where > R, = 1. Under this assumption, the quantity R, remains constant
across all countries and time periods, but it could be modeled using a Rogers-Castro curve
or estimated empirically.

We then have an exact result for the out-migration rate for a reference population with

a given age distribution:
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Theorem 1. Consider a population that has the same age-specific out-migration rates as

country i in period t, but a different population age distribution given by 7, ,. Then this

population has out-migration rate

Z 7T>4kt OMRl t.a
OMR;, = OMR,; , =%"° —. 3.5
bt ! Za 7Ti,t,a OMRi,t,a ( )
If both populations have the same age-specific pattern of migration rates, R,, then
) Ci
OMR;, = OMR; ;=" (3.6)

)
Cig

where Ciy =Y TiraRq is the migration age structure index (MASI).

The proof of this theorem can be found in Appendix A.1.

This indicates that one can age-standardize the out-migration rate to a given reference
population using equation (3.6). This is a remarkably simple method, since it only involves
multiplication by the MASI, C;,. The MASI involves only the population age distribution
and the migration age-pattern, R,, but not the age-specific migration rates themselves, which
cancel. This is an important feature since past age-specific migration rates are not available

for most countries.

We can age-standardize in-migration by viewing it as out-migration to country i from
the rest of the world. We approximate the age distribution of the rest of the world by the
age distribution of the world as a whole. This yields an age-standardized in-migration rate,
IMR;},. Finally, we obtain the age-standardized net migration rate as NMR;, = IMR;}, —
OMR;,.

Typically the reference population age distribution will be the distribution in a particular
year. We standardize to the age pattern of 2020, since this is the most recent census year
for many countries. To calculate the age-standardized in- and out-migration rate for period

t in terms of the 2020 population age structure, remove the population age structure effects



41

in period ¢, and scale the migration rate in terms of the 2020 reference population:

IMR}, = IMRi,t@
) Ct
OMR?, = OMR; 082020 (3.7)
it

)

where C, denotes the MASI for the world at time t.

This implies that the age-standardized net migration rate is given by NMR7}, = IMR}, —
OMR;,;. This measure places historic and forecast net migration rates in the context of
the 2020 population age structure, removing variation in net migration rates attributable
to differences in population age structure across periods. Additionally, this specification

demonstrates how to convert between age-standardized rates and historic or future rates

relative to the reference population.

After estimating historic in- and out-migration rates calculated from model (3.1), age-
standardized in-migration, out-migration, and net migration rates can be calculated for
forecasting. To estimate each model, we use total migration across both sexes, accounting for
differences in migration propensities between males and females in the forecasting procedure,
following the approach outlined in Azose et al. (2016b). While there is inherent uncertainty
in past estimates of both net migration and bilateral flows, we do not address data quality

differences across countries or unmeasured uncertainty in historical migration estimates.

Figure 3.3 summarizes the key steps to calculating the age-standardized net migration
rate for one country. The top left portion of the diagram shows the mixed effects model
(3.1) estimation using periods where inflow, outflow, and net flow estimates are all available
(dashed black lines). Model-based estimates of historic in-migration and out-migration rates
are then generated from this model (solid blue lines). The top right portion of the diagram
shows how the MASI is constructed from a Rogers-Castro-like migration age schedule and
the population age distribution at the start of each period. The bottom portion of the figure

shows how age-standardized migration rates are calculated for base year 2020.
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Figure 3.3: Age-standardized net migration rate process diagram showing the net migra-
tion rate decomposition method (top left), Migration Age Standardization Index (MASI)
calculation using a model migration age schedule and population age distribution over time
(top right) and 2020 base year age-standardized rate calculations (bottom). Migration flow
estimates are shown at the midpoint of each 5-year period.

Net Migration Rate Model

We use the resulting rates to develop a probabilistic model for age-adjusted net migration
rates. Using the above estimates of in-migration and out-migration rates, we compute the
age-standardized net migration rates, NMth, for all countries ¢ and for ¢ from 1950 through
2020, using the 2020 population age structures as the baseline population, as shown in
Section 3.3. While any baseline year is valid, the most recent population estimate is used as
the baseline. We then fit the Bayesian hierarchical model of Azose & Raftery (2015a). The

top level of this Bayesian hierarchical model for the age-standardized net migration rate for
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country ¢ in time period t is as follows.

NMRY, — p1;) = ¢ (NMRY,_; — ;) + &,
Level 1 ( ) = o o )+ i (3.8)

it % Normal (0,92)

Table 3.2 defines each term in Level 1 of the net migration rate model.

Table 3.2: Notation for Level 1 of Azose & Raftery (2015a) net migration rate model.

NMR}; Age-standardized net migration rate for country ¢ for period starting in year ¢

i Theoretical long-term average migration rate for country i

0% Autoregressive parameter for age-standardized net migration rate for country i
&it Normally distributed random deviation term

)2 Variance of random deviations for country ¢

Hyperparameter values for this model required no adjustment since the default specifica-
tions were broadly defined and our specification of the net rate is on the same scale as that
of Azose & Raftery (2015a). The full model is estimated using a Markov chain Monte Carlo
(MCMC) algorithm. This yields a sample (indexed by j € (1,...,J)) of model parameter
vectors, <ul(-j), gbgj), Q/J?(j)>, for each country i € (1,...,200).

Forecasting

The goal is to forecast migration and population probabilistically by jointly generating a
set of future migration and population trajectories. Smith et al. (2001) outline the features
distinguishing a forecast from a projection. A projection describes a future outcome based on
specific assumptions without assigning probabilities of realizing these outcomes. A forecast,
however, arises from a statistical method that includes model-based probabilities of realizing
these outcomes.

We use the same approach to forecasting fertility and mortality as the WPP 2019 (United
Nations. Department of Economic and Social Affairs, 2019). Our migration forecasting

method builds on the approaches of Azose & Raftery (2015a) and Azose et al. (2016b), with
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modifications to account for differences in population age distributions over time and across
countries. Forecasts are generated through 2100 to compare the deterministic migration
method from WPP 2019, the probabilistic age-agnostic migration method of Azose et al.
(2016b), and our probabilistic age-standardized migration method.

For each future trajectory j € {1,...,J}, we independently project the population for
each country ¢ by 5-year age group a through a + 4 and sex s for year ¢ + 5, assuming no
migration. A total of 21 age groups are included with age bins [0,5), [5,9), ..., [95,100),
[100, co). The resulting projection, pig)%’a’s, denotes a realization of the total population
that would be observed in year ¢ + 5 had no one in the population migrated in or out of
each country. This approximates the population at risk of migrating for the period t—t + 5,
stratified by age and sex.

We then independently generate an age-standardized net migration rate for the period
t-t+5, NMRZ? ), by sampling from the previously estimated Bayesian hierarchical model of
Azose & Raftery (2015a). The sampled age-standardized net migration rate is subsequently
decomposed into the age-standardized in-migration rate, IMR;(tj ), and age-standardized out-
migration rate, OMRZ(X ), using the country-specific posterior predictive mean derived from
model (3.1). Note that age-standardized coefficients for model (3.1), 5§ and ff, are esti-
mated from historical age-standardized rates (IMR* and OMR"), ensuring that all rates are
expressed on the same scale.

The mean age-standardized in-migration rate for trajectory j and country i is calculated
as

IMR;Y) = 3. + B max (NMR*@ 0) . (3.9)

R A

The corresponding out-migration rate for the period starting in year t is given by
OMR;Y = IMR; — NMR; Y. (3.10)

Age-standardized in-migration and out-migration rates then need to be converted back to

period-specific rates to calculate inflow and outflow counts corresponding to the projected
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population age structure:

IMRY) = IMR}Y x C) / Copno,
OMRE,{&) = OMRZ(tj) X C%)/Cz‘zozo' (3.11)

In-migration rates then are converted to a total inflow counts by multiplying the in-migration
rate by the total country population for trajectory j at time ¢. These inflow totals are
disaggregated by sex in proportion to the male and female population, following the approach
of Azose et al. (2016b), and by age using a Rogers-Castro-like migration age schedule. This
yields the total inflow to country ¢ in period ¢t + 5 for age group a and sex s for trajectory

70)

ita,st are calculated similarly.

Out-migration counts by age and sex, Oi(,jt)’a’s,

j, denoted

While a Rogers-Castro-like age schedule is suitable for out-migration in most countries,
the unique migration patterns in GCC countries require a different approach. In recent
decades, GCC migration has been dominated by large inflows of male migrant workers em-
ployed on temporary visas, typically lasting two years or less, with little opportunity for
long-term residency or citizenship. As these workers depart and are replaced by new ar-

rivals, the overall age structure of the population remains relatively stable despite changes

in migration volume.

To reflect this dynamic, we adjusted the migration age schedule to maintain the foreign-
worker-dominated age structure in GCC countries. Rather than applying the standard
Rogers-Castro-like model, we modified the out-migration schedule to emphasize outflows
of older working-age migrants, aligning with the temporary nature of these populations.
Specifically, the out-migration age schedule was derived as the difference between the age
distribution of the population and the normalized Rogers-Castro-like schedule, effectively

re-weighting outflows to reflect older workers leaving these countries.

This adjustment ensures that GCC migration patterns preserve the prime working-age
structure (15-65) of the migrant population, preventing the aging-in-place of large migrant-

worker cohorts. While out-migration rates have historically been much smaller than in-
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migration rates, these modifications better capture the dynamics of GCC migration and
yield more plausible forecasts of population and migration trends through 2100 compared to

using the approach used for all other countries.

Rebalancing global inflows and outflows each period was necessary to maintain global
net-zero migration. While Azose & Raftery (2015a) and Azose et al. (2016b) proposed
methods for this, their approaches do not directly apply to forecasts that generate inflow and
outflow counts for each country. Adjusting global net migration counts without specifying
the proportion allocated to inflows or outflows creates inconsistencies in the inflow and
outflow trajectories relative to the global net flow. To address this, we resolved global net-
zero deviations by adjusting country-level inflow and outflow totals in proportion to each

country’s population share of the global total.

and N

1,t,a,s

The global rebalancing procedure is as follows. Let I [ denote the j'"

i,t,a,s
inflow count and net migration count trajectories before global rebalancing, respectively, for
country ¢, period t—t+ 5, age group a—a+4, and sex s. Then the adjusted inflow and outflow

counts were calculated as

©)) 7(7) v () p'(?
[i,z‘,,a,s = ]i:‘jt’azs —w Z Nk?tvavs , 7~’(j) ’

keK keK ~ kyt,a,s
p(i)
o9, . =0 N0 ) fihas 3.12
ita,s ztas z{: k,t,a,s ~(G) ( : )
keK keK © k,t,a,s

where w = 0.5, evenly splitting the global net-zero deviations between inflows and outflows.
The index K represents two normalization groups: GCC countries and their labor-supplying

origins (Bangladesh, India, Indonesia, Philippines, Pakistan), and all other countries outside

the GCC labor corridor.

This adjustment ensures global net migration for each age group and sex equals zero, with

net migration for trajectory j in country i during t-t+5 given by N, W 10 oW As

wta,s — Tita,s i,t,a,s"

in Azose & Raftery (2015a), these adjustments led to minimal changes to the raw forecasts.
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We then recalculated the balanced age-standardized net migration rate, NMRZ? ), as

*(J) _ ]i(,]t?+,+ S $19)) Oz(,]t),+,+ ()
NMRM = T X CQOQO/Ct — T X Ci72020/0i,t s (313)
5+ 4 4, 6+5,+,+

which will be the rate jump-off for sampling in the next time period. Finally, we account for
net migration in the population projection generated at the start of the forecasting routine,

Pi(,{zr&a,s = pi(,z)+5,a,s + Niﬁ?a,m (314)

before moving to the next forecast period.

3.4 Validation

Age-standardized forecast efficacy was evaluated in terms of out-of-sample performance. Fig-
ure 3.4 shows the observed and four-period migration and population forecasts for the United
States, El Salvador, South Africa, and Saudi Arabia starting in the 2000-2005 period through
the 2015-2020 period. Forecasting methods include 1995-2000 migration rate persistence (ef-
fectively the current UN method) for every period, the age-agnostic method of Azose et al.
(2016b), and the age-standardized method described above.

Rows of the figure show the migration age structure index (MASI) ratio, i.e. the ratio
of the MASI for the period to the MASI for the baseline year 2000, net migration rate,
and population for each country, while columns correspond to the four countries. Predic-
tion intervals for both the age-agnostic and age-standardized method included the observed
population and net migration rates in all cases. Population and migration forecasts using
the age-standardized approach were as good or better than the age-agnostic forecasts by
the end of the period for all cases except in El Salvador in terms of agreement with the
observed quantities. Persistence of 1995-2000 migration rates performed especially poorly

for El Salvador and Saudi Arabia.

The selected countries illustrate the differences in migration and population forecasts with
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and without age-standardization. The United States was included for its scale of migration,
El Salvador for its rapidly aging population and high out-migration rate, South Africa for
the relatively minor contribution migration makes to its population dynamics compared to

fertility and mortality, and Saudi Arabia as a representative GCC country.
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Figure 3.4: Migration age structure index (MASI) ratio for each country (m) and the globe (m)
with base-year 2000, out-of-sample validation forecast of population (millions of people), and
age-standardized and age-agnostic net migration rate (net annual migrants per thousand), for
four countries. Forecasts use probabilistic age-standardized net migration (m), probabilistic
age-agnostic net migration (m), observed fertility, and observed mortality. Dashed lines in
each plot indicate the observed values. Solid lines indicate the median forecast. Shaded
regions show the 80% prediction interval. Migration models were fit to 1950-2000 data.
Forecasts are for the 2000-2005, 2005-2010, 2010-2015 and 2015-2020 periods. Migration
flow estimates and forecasts are shown at the midpoint of each 5-year period.
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Age-standardized and age-agnostic forecasts largely agree with one another since popula-
tion age structure differences make little impact over such a short period of time. Note that
the proportion of the migration age population increased relative to the baseline population
in El Salvador. The population aged 0-15 was the largest proportion of the population in
2000; however, the proportion of the population aged 0-15 fell during the validation period
and the large 0-15 population cohort aged into the prime migration age cohorts by the end
of the 2015-2020 period. As a result, El Salvador’s age structure ratio increased from the
2000 baseline period. The age structure ratio forecast outpaced the observed age structure
ratio for the first two periods (2000-2010), but the prediction interval contained the observed
age structure ratio for the last two periods (2010-2020).

Global age ratio forecasts closely matched the true global age structure, but country-level
population age ratio forecasts were mixed. Prediction intervals for the MASI ratio captured
all or most of the observed values for the United States and South Africa. For Saudi Arabia,
the forecast MASI ratio was lower than the true value for the first two periods but included
the observed value by the end of the forecast period. In El Salvador, the forecast MASI ratio
consistently exceeded observed values from 2000 to 2010. These discrepancies are explained
by the higher net migration observations compared to the forecasts for those countries.

Global and country-level MASI ratio values equal one for the baseline population struc-
ture (2000 in this case) by definition. When the global MASI ratio exceeds the country-level
MASTI ratio, then we expect higher in-migration using the age-standardized method compared
to the age-agnostic method. Conversely, when the country-level MASI ratio is below 1, we
expect lower net out-migration compared to the baseline period using the age-standardized
method and a model that does not account for population age structure.

The United States MASI ratio remained below both the global MASI ratio and baseline
MASI ratio throughout the forecast period. This combination should correspond to less
out-migration from the United States as the global population had a net positive supply of
migration-age people and the United States had a shrinking net positive supply of migration

age people compared to the baseline population. Indeed, the age-standardized net migration
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forecast for the United States was shifted towards higher net in-migration compared to the
age-agnostic forecast.

The forecast MASI ratios for El Salvador and South Africa exceeded both the global MASI
ratio and their respective baseline ratios, indicating that the age-standardized migration
forecast should be shifted towards more net out-migration compared to the age-agnostic
forecast. The age-standardized net migration rate was indeed more negative than the age-
agnostic migration rate for El Salvador. However, age-standardized and age-agnostic net
migration forecasts were indistinguishable for South Africa, reflecting the relatively small
share of population change attributable to migration there.

The forecast MASI ratio for Saudi Arabia exceeded the global MASI ratio and the baseline
ratio, indicating that the age-standardized migration forecast should be shifted towards
more net out-migration compared to the age-agnostic forecast if the forecasting methods
were otherwise identical. However, the age-standardized approach for GCC countries uses a
distinct methodology from all other countries, making direct comparisons to the age-agnostic
approach less relevant. Still, net migration forecasts generated from the age-standardized
method were more similar to the observed rates. Since migration is the main contributor to
population change in GCC countries, the small improvement in the age-standardized forecast
led to a substantial improvement in the population forecast compared to the age-agnostic
approach.

Multiple forecast horizons were evaluated, generating predictions one to four periods
ahead of the last observed data. Out-of-sample forecasts used the last observed population
age structure as the baseline, fit each model to data available prior to the first forecast
period, and generated forecasts for each period through the 2015-2020 period. One-period-
ahead forecasts were generated for 2000, 2005, 2010, and 2015; two-period-ahead forecasts
for 2000, 2005, and 2010; three-period-ahead forecasts for 2000 and 2005; and the four-
period-ahead forecast for 2000 only. Five-period-ahead forecasts were not evaluated as it is
not possible to fit the mixed-effects model (3.1) with only one period of in-migration and

out-migration rate data.
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We evaluated the median of the J country-specific forecasts in terms of the Mean Absolute
Error (MAE), the Log Mean Absolute Error (LMAE), and the Mean Absolute Scaled Error
(MASE). Let f;; denote the net migration rate forecast for country ¢ and period starting in

year t, and r;; the true net migration rate. The LMAE is defined as follows:

[(y) = sign(y) [log (ly| + ¢) — log ¢] with ¢ >0

sign(y) =490  y=0

-1 y<0
\

200
1

LMAE, = 200 ZZ1 [1(fie) = Urig)] - (3.15)

We used ¢ = 1. The LMAE formulation prevents large errors in a few forecasts from domi-

nating the error metric.

The MASE, recommended by Hyndman & Koehler (2006), evaluates forecast performance
in terms of the mean ratio of errors from a proposed method (numerator) and errors from a
naive method (denominator), such as persistence forecast. Denominator errors are calculated
from in-sample data, e.g. mean net migration rate errors generated from the 1950-2000 data
using the naive method, and compared to errors calculated from out-of-sample forecasts from

a proposed method, e.g. mean net migration rate forecast errors in the 2000-2020 data.

The MASE for k-period-ahead forecasts, based on T}, forecast periods starting with period

to—to + 5 and Sy in-sample periods starting in period sg—sg + 5, is defined as

1 200
200x T}, Zi:l Z{to}k |Ti,to+5(k—1) - fi,to+5(k—1)‘

MASE, = 4G
2001(5]@ Z’Lzl Z{So}k |Ti730+5k - ri,80|

(3.16)

This formula computes the ratio of average k-period ahead forecast errors for all possible
horizons k in the in-sample and out-of-sample periods. For the k& = 1 (one-period-ahead

forecasts), {fo}1 = {2000,2005,2010,2015}, T = 4, {so}; = {1950,1955,...,1990}, and
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S; = 9. For the k = 4 four-period-ahead forecast, {to}s = {2000}, T, = 1, {so}s =
{1950, 1955, ...,1975}, and Sy = 6.

Forecast calibration was evaluated in terms of 95% prediction interval coverage and aver-
age prediction half-interval width. A well-calibrated model’s 95% prediction intervals should
include approximately 95% of the true net migration rate observations. Intervals contain-
ing fewer than 95% of true values are too narrow, underestimating forecast variation, while
those containing more than 95% are too wide, overestimating variation. The prediction
half-interval width is half the difference between the upper and lower prediction interval
quantiles. Models that are accurate, well-calibrated, and have narrower half-interval widths

are preferred over those with wider intervals but similar accuracy and calibration.

Table 3.3: Mean predictive performance of different methods for net migration rate (migrants
per thousand period person years): mean absolute error (MAE), log mean absolute error
(LMAE) with ¢ = 1, mean absolute scaled error (MASE), 95% prediction interval coverage,
and mean prediction interval half-width (HW).

Method MAE LMAE MASE Cover HW
5 Years  Persistence 4.02 0.68 1.42 — —
Agnostic 3.44 0.65 1.25 93 10.47

Standardized 3.54 0.65 1.28 93 10.39

10 Years Persistence 5.33 0.88 1.63 — —
Agnostic 3.86 0.76 1.16 91 11.63
Standardized 3.93 0.77 1.17 90 11.44

15 Years Persistence 5.16 1.00 1.44 — —
Agnostic 3.49 0.83 1.10 92 12.32
Standardized 3.51 0.82 1.11 92 11.85

20 Years Persistence 4.77 1.02 1.27 — —
Agnostic 2.91 0.82 1.00 94 12.54
Standardized 2.86 0.79 0.98 94 12.04

Table 3.3 summarizes out-of-sample predictive performance of the age-standardized, age-
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agnostic, and net rate persistence methods. Errors are calculated as the difference between
the observed value and the median of 2,000 posterior predictive distribution draws. Rate
persistence uses the last observed net rate in each country as the forecast. The best score
for each method is shown in bold font.

The age-standardized and the age-agnostic model accuracy were similar across all hori-
zons, but age-standardized forecast accuracy overtook age-agnostic forecast accuracy as the
number of periods between the last observations and the forecast period increased for all
metrics. The 95% prediction interval coverages were effectively indistinguishable across all
forecast horizons, except the two-period-ahead forecast. Both methods led to slight under-
coverage compared to the 95% nominal value. However, the age-standardized prediction
interval half-widths were narrower for every forecast horizon. The similarity between the
age-agnostic and age-standardized models over short horizons is expected, as population age
structure changes gradually. Both probabilistic models outperformed the rate persistence
model in all horizons.

The age-agnostic and net rate persistence models were fit using the bayesPop R pack-
age (Sevéikové & Raftery, 2016b), while the age-standardized model was implemented using
a custom implementation of the bayesPop R package. See Appendix A.5 for software age-

standardized model implementation details.
3.5 Results

Figure 3.5 summarizes probabilistic population forecasts in four countries using the age-
agnostic migration model from Azose et al. (2016b), the population forecasts using the age-
standardized migration model, and the projections from the WPP 2019 (United Nations.
Department of Economic and Social Affairs, 2019). Columns of the figure correspond to the
same country. Rows of the figure show forecasts through 2100 for the MASI ratio, the net
migration rate, and total population.

The MASI ratios in the first row of Figure 3.5 summarize the differences in the population

age structure from the 2020 baseline for each country (green) compared to the population
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Figure 3.5: 2020 MASI ratios (top row), net migration rate as net annual migrants per thou-
sand (middle row), and probabilistic forecast of population (in millions) age-standardized
and age-agnostic (bottom row) for the United States, El Salvador, South Africa, and Saudi
Arabia. Forecasts use probabilistic net migration (m—age-standardized and m—age-agnostic),
as well as probabilistic fertility, and mortality. Migration flow estimates and forecasts are
shown at the midpoint of each 5-year period. The MASI ratio plots show the values for each
country (m) and the world (m). Solid lines in each plot indicate the observed and median
forecast. Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025
period.

age structure for the world (purple). Countries with a higher migration-age population than
the 2020 population baseline rise above 1. Countries aging faster than the world population

fall below the global index. Forecast population age structures in the United States and
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South Africa generally follow the global aging trend.

When the country-level MASI ratio is similar to the global ratio, the median net mi-
gration forecasts from the age-standardized model and age-agnostic model should be more
similar compared to countries where the country-level and global MASI ratios diverge. The
population age structures of El Salvador and Saudi Arabia are forecast to age much faster
than the global average. In these cases, the age adjustment shifts the migration forecast
towards higher net inflows.

Median net migration forecasts from both probabilistic net migration models are similar
in many countries, but long-term age-standardized net migration forecast intervals (shaded
blue regions) tend to be narrower than age-agnostic (shaded red regions) intervals. This is
due to the population age normalization step used in the age-standardized method, which
removes variation in historic net migration rates caused by differences in population age
structure before fitting the Azose & Raftery (2015a) model. Removing variation in past
net migration estimates attributable to population age structure reduces the variance in the
net migration model parameter estimates and hence the migration and population forecasts.
Prediction intervals (80%) for both probabilistic net migration models include the United
Nations’” WPP 2019 projections through 2100 for all countries shown in Figure 3.5.

Median net migration forecasts from the age-agnostic and age-standardized methods are
most similar in countries where population age indices align closely with the global index.
The United States and South Africa demonstrate this trend in Figure 3.5.

In countries with population age structures that diverge from the global norm, such as
El Salvador, the age-standardized method should produce markedly different forecasts. El
Salvador’s population is projected to age more rapidly than the global average from 2020 to
2100, resulting in a median age-standardized forecast with less net out-migration compared
to the age-agnostic model. This adjustment yields a higher population forecast for the
age-standardized model. Additionally, the age-standardized 80% prediction interval shows
greater uncertainty about whether El Salvador’s population will peak by 2100, with a higher

upper bound compared to the age-agnostic forecast.
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Figure 3.5 also shows that Saudi Arabia’s population age structure is forecast to change
about as fast as El Salvador’s compared to the 2020 baseline population age structure. Saudi
Arabia’s net migration forecast is also shifted towards higher net in-migration, but this leads
to a higher net positive migration forecast compared to the age-agnostic model. The age-
standardized net positive migration forecast is better aligned to the historic net rate data in
Saudi Arabia and the UN’s WPP 2019 net migration forecast.

Differences in Saudi Arabia’s migration and population forecast using the age-standardized
approach reflect both population age structure effects and adjustments to modeling unique
features of migration in GCC countries. These adjustments yield a substantially higher me-
dian population forecast and prediction interval. The UN WPP 2019 population forecast
falls to the bottom of the age-standardized prediction interval, compared to its position near
the upper middle of the age-agnostic model interval. Detailed forecasts for all countries are
provided in Appendix A.6.

Figure 3.6 presents past and median forecast MASI ratios for the globe and selected coun-
tries by UN region. The MASI ratio provides a concise summary of historical and forecast
population age structure dynamics. The MASI ratio contextualizes a country’s structural
migration potential relative to the reference population and global trends by weighting age
groups using a Rogers-Castro-like migration age schedule. As a result, the MASI ratio pro-
vides a more relevant measure of migration-related population age dynamics than metrics
like average age, which are less directly tied to structural migration potential, or summaries
like population pyramids, which are harder to interpret across periods and countries.

Figure 3.6 shows that the median population age structure forecasts in Western countries
align with the global aging trend. This indicates that the that the underlying force of out-
migration in Western countries will closely match the global average relative to 2020, leading
to similar net migration forecasts from the age-standardized and age-agnostic methods.

In contrast, the migration force from Latin America is projected to decline sharply in the
coming decades compared to the 2020 baseline and the global trend, resulting in higher net

migration forecasts under the age-standardized method. For some countries, such as Nigeria
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Figure 3.6: Historic and median country-level forecasts of MASI ratios for 2020 baseline by
region compared to the world.

(Africa) and Samoa (Oceania), the population age index has yet to peak, indicating that

out-migration forecasts from these countries are underestimated in the age-agnostic method.



58

Age-standardized migration forecasts result in less severe population declines in countries
facing significant demographic challenges. Figure 3.7 highlights the age index, net migra-
tion, and population forecasts for large countries expected to experience drastic population

contractions by 2100.
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Figure 3.7: 2020 base-year MASI ratios (top row), age-standardized and age-agnostic net
migration rate as net annual migrants per thousand (middle row), and probabilistic forecast
of population (in millions) age-standardized and age-agnostic (bottom row) for Singapore,
South Korea, Greece, Poland. Forecasts use probabilistic net migration (m=age-standardized
and m—age-agnostic), fertility, and mortality. Migration flow estimates and forecasts are
shown at the midpoint of each 5-year period. Age-index ratio plots show the age structure
ratios for each country (m) and world (m). Solid lines in each plot indicate the observed and
median forecast. Shaded regions show the 80% prediction interval. Forecasts start in the
2020-2025 period.
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The age-standardized forecast predicts less steep population declines compared to the age-
agnostic model, as aging populations have fewer individuals of prime migration age. The age
index indicates that the force of out-migration decreases as these countries age relative to
the global population, shifting net migration forecasts toward higher in-migration. Median
age-standardized migration forecasts align more closely with the UN’s WPP 2019 migration
and population projections than the age-agnostic forecasts.

Figure 3.8 shows the population forecast differences by 2100 for each country across three
different migration models: age-agnostic and age-standardized probabilistic forecasts and the
deterministic method from WPP 2019. Each point shows the deviation of the median age-
agnostic or age-standardized forecast from the median WPP 2019 projection, allowing for
simultaneous comparison of all three models.

Points near the origin indicate close agreement among all three methods. Points along the
horizontal dashed line indicate agreement between median age-agnostic forecast and WPP
2019 that differ from the median age-standardized forecast. Points on vertical dashed line
indicate agreement between the median age-standardized forecast and WPP 2019 that differ
from the median age-agnostic forecast. Points on diagonal dashed line, far from the origin,
indicate agreement between the median age-agnostic and age-standardized forecasts that
differ from WPP 2019. Regions bounded by the dashed lines, labeled I-VI, summarize other
forecast combinations.

Figure 3.8 shows that all three methods differ in Western Sahara (ESH). For the United
Arab Emirates (ARE) and all GCC countries, the median age-agnostic and age-standardized
methods forecasts are larger than WPP 2019, with the median age-standardized forecast
being the highest.

The age-standardized method generates fewer negative net migration trajectories than
the age-agnostic method, aligning with three decades of sustained positive net migration
dominated by foreign workers supporting rapidly expanding economies. Net migration rate
forecasts under the age-standardized approach maintain this positive trend, driving popula-

tion growth in GCC countries.
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Figure 3.8: Three-way comparison of median 2100 population forecasts using age-
standardized migration model, age-agnostic migration model, and median WPP 2019 fore-
cast. Point color indicates UN Area, point diameter indicates WPP 2019 median population
forecast size (millions), and regions I-VI show direction of forecast differences using the age-
agnostic and age-standardized migration models.

While the age-standardized forecasts are higher than the age-agnostic forecasts, the re-

sulting population age structures in most GCC countries are more plausible and closely align

with WPP 2019 projections.

See Appendix A.4 for forecast quantile documentation and Appendix A.6 for forecast

summaries of all countries.
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3.6 Discussion

The link between migration and age is well established, yet few forecasting methods explic-
itly account for overall population age structure. We propose a statistical approach that
incorporates population age structure changes into net migration forecasts for all countries,

building on and addressing key limitations of Raftery & Sevéikové (2023).

Our approach addresses several criticisms of using net migration as a unit of analysis. By
decomposing net flow rates into in-migration and out-migration rates, our model alleviates
the migration age schedule issues identified by Rogers (1990), who noted that small net
migration counts can obscure large, offsetting inflows and outflows. While net migration
remains the unit of analysis, we use historic country-specific data to estimate in- and out-

migration rates.

A bilateral migration flow model among all countries as in Welch & Raftery (2022)
eliminates theoretical challenges induced by the use of net migration rate as the unit of
analysis. However, the computational complexity of migration flow forecasting and limited

historic bilateral flow data reduce the viability of this alternative for longer-term forecasting.

Probabilistic forecasts provide a systematic approach to incorporating uncertainty, but
unexpected shocks to long-term trends can still arise without warning. Over the last decade
alone, events such as the COVID-19 pandemic, Syria’s civil war, Russia’s invasion of Ukraine,
and Venezuela’s economic collapse have disrupted long-term norms. While new demographic
patterns may emerge from these crises, their full effects should be integrated into updated
forecasts as data become available.

Our proposed methods address several limitations, though others remain for future re-
search. Using the global population age structure to normalize in-migration rates could be
refined to better reflect the age structures of the most important origins. We adopted the
global average for analytical tractability and to account for the potential evolution of migra-

tion corridors. Out-of-sample validation supports the reasonableness of this approximation.

We do not account for uncertainty in historic migration flow estimates used to calculate
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age-standardized net migration rates. The posterior predictive mean from model (3.1) was
used to decompose net migration rates into in- and out-migration rates, as using the full pos-
terior distribution added significant computational complexity without improving validation
metrics or forecasts. Additionally, we apply a standard Rogers-Castro migration age sched-
ule for non-GCC countries, which minimizes forecast uncertainty from schedule variation.
Future work could address these approximations.

Our methods build on recent advances (Azose & Raftery, 2015a), address key challenges
of using net migration as the unit of analysis (Rogers, 1990), and provide a computationally
efficient alternative to migration flow forecasting (Welch & Raftery, 2022). We also propose
a method tailored to the unique dynamics of Gulf Cooperation Council countries, offering
more accurate net flow forecasts for countries in this region. Lastly, the MASI ratio serves as
a concise measure of population age structure, capturing the pace of aging over the coming

decades.
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Chapter 4

BAYESIAN PERSON-PLACE MODEL: PROBABILISTIC
ADDRESS IMPUTATION FROM ADMINISTRATIVE DATA

4.1 Introduction

Over the past 70 years, tabulations of demographic trends in the United States have predom-
inantly been derived from censuses and carefully designed surveys (F. C. Billari & Zagheni,
2017). While censuses offer wide coverage, they are infrequent. Surveys are more timely
but often suffer from low response rates and small sample sizes. Statistical offices around
the world have begun collating data from government agencies and private data brokers to
narrow the gap between infrequent, broad-coverage census and more timely surveys (Keller
et al., 2018; National Academies of Sciences, Engineering, and Medicine, 2023).

Counties without population registers rely on surveys and population-level models be-
tween census enumerations for a number of consequential operations and services. Surveys
make longitudinal analysis challenging since different people are sampled from round to
round. Furthermore, surveys are often inadequate for demographic research among smaller
subgroups, as these groups typically constitute a smaller share of the survey sample. While
survey methodologies account for such effects, the single best estimates might be too un-
certain to be practically useful. In such cases, changes observed from period to period may

reflect variation in the estimates rather than actual changes in circumstances.

Administrative records (AR) filed by large portions of the population between censuses,
when combined with well-crafted surveys, offer a powerful third alternative. This approach
leverages the detailed responses provided by surveys alongside the broad, albeit messy,
population-scale observational records collected by state and federal agencies during the

intercensal period. To fully realize this potential, statistical models are required to establish
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relationships between these vast AR datasets and the vetted survey responses, enabling more
timely and accurate population-scale demographic measurements.

The National Academies Report on the US 2020 Census highlighted that the 2020 Census
was the first to use administrative records data to enumerate nonresponding households.
The report concluded that AR usage in supplementing census operations was a successful
innovation and recommended further research. One significant area of such research at the
US Census Bureau includes the Person-Place Model (PPM) (Keller et al., 2018; Brown et
al., 2023).

Published PPM approaches aim to impute an individual’s usual address on a particular
date based on their AR data (Brown et al., 2023). These models attempt to estimate
the probability that a residence provided in an AR filing matches the residence where the
individual would respond to a survey or census on a specified date. Over the past decade,
multiple publications and US Census technical reports have demonstrated the efficacy of
various PPM specifications (Keller et al., 2018; Murly et al., 2021; Brown et al., 2023).

Following the 2010 US Census, various PPM implementations became a critical compo-
nent of AR-based research and operations. In the 2020 Census, PPM probability estimates
were integral to a multistep algorithm determining AR data reliability for operations like
nonresponse follow-up (NRFU) (Keller et al., 2018; Murly et al., 2021). More recently,
PPM implementations have been integrated into a broader AR-based research program as
a standalone model in the Census Bureau’s Demographic Frame program (Ortman, 2024),
which establishes a universal standard data set for both operations and research. Hence,
advancements in the PPM methodology yield asymmetric benefits.

Naive alternatives to PPM modeling, such as assigning a person to their Last Observed
address, intuitively seem well-suited for modeling person-place dynamics by prioritizing the
most recent data point. However, as demonstrated by its poor performance across key
metrics (see Table 24), such simplistic methods often fail to account for the reliability of
different administrative record observations for the same person across multiple addresses.

Specifically, the Last Observed method’s inability to differentiate between the reliability



65

of various data sources or consider nuanced temporal patterns overlooks complexities of
administrative records data.

In contrast, PPMs offer a more sophisticated framework by integrating multiple data
sources and dynamically weighting their contributions based on reliability and temporal
relevance. This ability to leverage the strengths of diverse data sources while minimizing
the impact of less reliable information underscores the need for PPMs. By addressing the
limitations of simpler methods like Last Observed, PPMs provide a more robust and flexible
approach to modeling complex person-place relationships, ultimately yielding more accurate
and actionable results.

Several challenges are shared among all published PPM specifications. For example,
most people have just one possible AR address assignment. Administrative records data
for other people offer many viable candidate addresses over the same period. In either
of these two cases, it could be that none of the AR addresses are correct; however, most
PPM specifications fail to account for this outcome. Finally, published reports focus on
the accuracy of mean probabilities (i.e, point estimates) and offer no assessments of the
uncertainty around these measures.

The appeal of extant PPM specifications lies in the simplicity and ease of estimation
with off-the-shelf software. Multiple national statistics offices implemented their own PPM
approaches for AR-based operations in recent years. Both Canada and New Zealand imple-
mented a PPM for their census operations and research programs (Stats, NZ, 2019b; Yoon et
al., 2022). However, all these PPM specifications use a binary outcome variable, giving rise
to many undesirable limitations. Most critically, none of the PPM specifications are valid
statistical models—except for people with only two possible AR addresses. Current model
specifications implicitly encode an assumption that one of a person’s AR addresses is the
best match for them, but it could be that none of their AR addresses is best. In general,
approximating the AR address and census/survey match probability with a binary model
leads to invalid probability estimates, misspecified uncertainties around these estimates, and

intractable statistical inference.
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We propose the Bayesian Person-Place Model (Bayes PPM) to close these gaps. The
Bayes PPM eliminates challenges associated with extant PPM specifications. We will refer
to these specifications as the Binary PPM. The Bayes PPM also yields probability estimates
based on a well-defined statistical model that accommodates individual- and residence-level
variations, including AR address counts that vary from individual to individual. More robust
probability estimates could enable more sophisticated NRFU operations in the US 2030
Census as well as a more expansive research agenda in the US Census Bureau’s Demographic
Frame program. As more countries integrate AR data into their operations and research,
Bayes PPM offers a well-defined statistical model capable of supporting a wider range of

analyses.

Administrative records data are strictly controlled to protect privacy, which constrains
the pace of methodological advancements using such data. However, the National Academies
of Sciences, Engineering, and Medicine (2023) review of the statistical research methods
for the 2020 US Census explicitly recommends using simulated data to demonstrate the
efficacy of new statistical methods for the 2030 Census. This recommendation recognizes
that administrative records data are not collected for PPM estimation and include sources
of variation that would be otherwise minimized in a designed survey or study. Following this
recommendation, we demonstrate the Bayes PPM on simulated data. Brown et al. (2023)
includes AR data summary statistics for the data used to estimate the Binary PPM model.
We simulate a data set with characteristics consistent with the contours of this data, which

includes continuous, categorical, and indicator predictor variables.

The remaining sections are organized as follows. Section 4.2 summarizes past admin-
istrative records research in general and the most relevant discrete choice model literature
underpinning the Bayes PPM approach. Section 4.3 describes the data simulation methods.
Section 4.4 details the Bayes PPM specification. Section 4.5 summarizes Bayes PPM evalu-
ations compared to extant PPM specifications. Section 4.6 outlines our contributions to this

class of models and limitations to the Bayes PPM.
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4.2 Background

Census Person-Place Model Rastogi & O’Hara (2012) provide a foundational assess-
ment of the AR-based enumeration in the United States, particularly in light of the increasing
costs associated with NRFU operations. Building on the US Census 2000’s Statistical Ad-
ministrative Records System (StARS), this report is among the earliest to propose using a
logistic model to select the optimal person-address pair for individuals with multiple possible
addresses. This model was estimated using responses from the 2010 Census and contempo-

raneous AR data.

Morris (2014) offer one of the first comprehensive descriptions of the Binary PPM speci-
fication. However, their methodology does not employ PPM probabilities directly. Instead,
PPM probabilities serve as inputs to an algorithm that establishes a decision rule for deter-
mining the reliability of a household’s AR data for enumeration purposes. This two-model
approach mitigates the impact of any Binary PPM misspecifications, because PPM proba-
bilities serve as leading indicators for a heuristic approach. Both Morris (2014) and Rastogi
& O’Hara (2012) note that early versions of the extant PPM specifications included multi-
ple stages to account for different AR address categories, but neither offer details on these

components.

Keller et al. (2018) detail an algorithm that evaluates the feasibility of AR enumeration by
integrating results from two models: a Binary PPM specification similar to Morris (2014) and
a more sophisticated multinomial occupancy model initially outlined by Rastogi & O’Hara
(2012). Their work includes a comprehensive summary of US Census research on this topic
from 2000 to 2018, providing insightful historical context for AR-based census methodologies.
See (Mule & Keller, 2021; Murly et al., 2021, 2023) for additional details using the methods
in (Keller et al., 2018).

Brown et al. (2023) is most relevant to the Bayes PPM, as it explicitly utilizes PPM
probabilities to conduct a Simulated Census using AR data alone. This approach employs

a Binary PPM similar to the specification in Morris (2014) and Keller et al. (2018), but AR
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data and two different years of American Community Survey (ACS) responses determine
the ground truth used for model estimation instead of census responses. To address the
multinomial nature of the outcome variable, Binary PPM probability estimates for each

person-address pair are normalized to sum to one for each individual.

AR Address Imputation Outside the United States Stats, NZ (2019b) describe New
Zealand’s approach to individual-level address imputation. New Zealand adapts the two-
model approach outlined in Keller et al. (2018) for NRFU operations, including a Binary
PPM specification. Statistics New Zealand (2023) outline the Administrative Population
Census (APC), similar to the Brown et al. (2023) US Simulated Census. For an overview of
AR data’s role in Statistics New Zealand, see (Stats, NZ, 2019a; Bycroft et al., 2021).

Canada’s approach, described in Lundy (2022) and Yoon et al. (2022), implements a
Binary PPM similar to the specification outlined in Keller et al. (2018). Statistics Canada
reports that their AR-based implementation of the Simulated Census placed individuals in
the correct household 80% of the time and successfully recovered the census enumerated
household composition approximately 60% of the time. For a summary of the Binary PPM
person-level and household-level variables used by Statistics Canada, see Yoon et al. (2022).

Australia’s 2016 Census was the first time ARs were used for their census operations and
only included the Australian Address Register (Harding et al., 2022). The 2021 census sub-
sequently added person-level AR data. Australian Bureau of Statistics (2020) use AR data
to generate a total population estimate and compare these results to the official population
count, Estimated Resident Population (ERP), similar to Brown et al. (2023). Currently, AR
data play an indirect role in Australia’s census operations, but there are plans to increase the
use of AR data for a combined AR-traditional census on a small scale in 2026 and potentially
at a large scale in 2031 (Harding et al., 2022).

Elliott & Blackwell (2023) describe the United Kingdom’s use of AR data for intercensal
demographic estimation; however, AR data are not used for person- and household-level

inferences. Instead, AR data are used to estimate demographic trends aggregated over
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specified geographic units and conduct longitudinal analyses.

Nordic countries have developed the most advanced AR-based demographic estimation
infrastructure of any country in the world (Economic Commission for Europe and others,
2007; F. C. Billari & Zagheni, 2017). Denmark was the first to transition from a traditional
census to a population register-based census in 1981 (Economic Commission for Europe
and others, 2007). The register-based approach to population estimation requires limited
statistical modeling compared to countries without population registers. In countries with
population registers, modeling is primarily used to place individuals lacking any dwelling
identifiers and typically uses a rules-based method instead of statistical modeling. For ex-
ample, a person missing a dwelling identifier might be assigned to an address according to
their family associations or last known dwelling (Holmberg & Watmuff, 2023). Sweden uses
a model-based approach to predict whether a person out-migrated. In this case, a person’s
lack of AR data establishes a leading indicator that someone might have left the country
(Holmberg & Watmuff, 2023). For a summary of Sweden’s population register census opera-
tions, see Axelson et al. (2021), and for a summary of register-based census best practices in
Denmark, Finland, Norway, and Sweden, see Economic Commission for Europe and others
(2007).

Methodological research in countries that use population registers for census operations is
mainly focused on data sources, best practices for merging multiple sources, and evaluation
of merged AR data (Economic Commission for Europe and others, 2007). For AR data
integration from a statistical point of view and a concise, more recent summary of AR-based
population estimation efforts in Nordic countries, see Zhang (2012).

Economic and Social Commission for Asia and the Pacific (2022) offer an overview of
different census-taking frameworks and modern terminology. They also describe the growing
use of ARs in Asia and the Pacific, highlighting modernization efforts in four countries:
Australia, Indonesia, South Korea, and Turkey. Most are transitioning to a combined-
census approach similar to Canada’s plan for the 2031 census. Dias et al. (2016) summarize

Portugal’s work transitioning to a combined-census model similar to the one targeted by
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most other countries outlined in Economic and Social Commission for Asia and the Pacific
(2022) and Canada.

Chun et al. (2021) provide a comprehensive overview of AR research around the world,
focusing on data quality limitations rather than person-level modeling. For a detailed history

of census-taking around the world, see Skinner (2018).

Alternative AR Imputation Methods Alternative modeling approaches to the Binary
PPM are limited. Long et al. (2022) propose an innovative AR-based method and estimation
approach for timely person-level imputations of the population in Washington state. They
utilize driving license, voter, social services, and birth records to estimate the probability
that an individual continues to reside at their last observed AR address. The inclusion of
driving license data is a unique contribution to the literature that could be beneficial for state
governments; however, these data are not readily available to US federal agencies. Long et al.
(2022) note that many prior studies use AR-derived vital statistics for social science research
(pp. 254); however, these studies aim to answer well-defined health, income, and education
questions. In contrast, Long et al. (2022) aim to generate a timely snapshot of society at
the population scale that can be used to answer social science and policy questions yet to
be defined at the time of estimation. They argue that population-scale AR-based datasets
provide unique benefits that are not available from decennial census data (which are not
timely) or from the American Community Survey (ACS) microdata samples (which are not
longitudinally linked, not individual-specific, and too sparse for detailed analysis).

Dunne & Zhang (2023) propose a capture-recapture statistical model fit to multiple AR
databases as an alternative intercensal population estimation approach and census post-
enumeration survey. They use the Republic of Ireland’s driving license database and Quar-
terly National Household Survey to estimate the degree of under- or over-coverage using AR
data contained in the Person Activity Register alone. However, the method described in
Dunne & Zhang (2023) is not intended for use as an individual-level model. Instead, the

approach in Dunne & Zhang (2023) is offered as an alternative approach to estimating ag-
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gregated population counts between censuses, in contrast to the cohort component method

(Preston et al., 2001) or Hamilton-Perry method (Baker et al., 2021).

Discrete Choice Modeling The Bayes PPM is based on a discrete choice model. Discrete
choice modeling has a rich history and wide application across various disciplines. McFadden
(1973) introduces the conditional logit model, a seminal contribution to econometrics and
transportation research. This model has become a standard tool for analyzing decision-
making processes where individuals choose one option from a set of alternatives. Haghani et
al. (2021) provide a comprehensive overview of the discrete choice modeling literature and
research community. For more accessible summaries of discrete choice modeling, see Jain et
al. (1994); Train (2009); Bruch & Mare (2012); Elshiewy et al. (2017).

Hoffman & Duncan (1988) argue for broader adoption of discrete choice modeling for
demographic processes and contrast the limitations of a multinomial logistic model with the
flexibility of a discrete choice model. They highlight the benefits of parameter interpreta-
tion using a discrete choice model approach compared to an individual-focused multinomial
model—specifically, the interpretation of parameters in terms of choices of an individual
rather than the average response over a group of individuals. However, Hoffman & Duncan
(1988) is just one example that calls attention to the uneven response in the research commu-
nity. Thomas et al. (2006) propose a spatial discrete choice model for caribou environmental
preferences. The model is specified to properly estimate population- and individual-level
effects. The author describes how others have modeled the same process with independent
logistic regression models fit to specific animals and why resulting parameter estimates are
both unreliable and fail to properly estimate standard errors.

Discrete choice models have seen wider adoption in estimating individual-level migration
destination preferences (Spring et al., 2017; Kucheva, 2022). Inoa et al. (2015) use a dis-
crete choice model for residential, workplace, and employment preferences using a nested
logit model framework. See Train (2009) for an overview of individual-level discrete choice

models, of the benefits and challenges of Bayesian estimation, and the basis for individual-
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specific choice categories. Lenk (2014) provide an extensive overview of Bayesian discrete
choice model history, a high-level overview of estimation techniques, and hyperparameter
specifications.

Hoffman & Duncan (1988) note that discrete choice models assume choices are made
independently and based on a utility-maximizing process, which may not always hold true.
McFadden (1978) explicitly outline how to navigate oversimplifications caused by using the
multinomial likelihood in its simplest form. Dai (1998) evaluate the impacts of ignoring
relationships between the choice set that may be correlated with the utility an individual
might assign to that set. Hausman & McFadden (1984) and Cheng & Long (2007) discuss
practical implications of the Independence of Irrelevant Alternatives (ITA) assumption in
applied research. Bhat & Guo (2004) present a mixed spatial discrete choice model framework
for residential preferences along with a brief series of suggestions to relax IIA constraints.
Sener et al. (2011) build on this work with a more flexible model for correlations in the choice
set. Bruch & Mare (2012) discuss common approaches to navigating ITA violations, noting
that a mixed logit model is one way to handle ITA issues. Krueger et al. (2023) discuss robust
error distributions for discrete choice modeling when outliers are present.

While there are well-known limitations (Dai, 1998), discrete choice models provide a
framework flexible enough to specify a well-defined statistical Person-Place Model that avoids
more serious challenges to the existing approaches outlined in Keller et al. (2018) and Brown
et al. (2023). In particular, a valid choice set must satisfy the following conditions (Train,
2009): (1) alternatives are mutually exclusive, (2) the choice set must be exhaustive, and (3)
the number of alternatives must be finite. In the Person-Place Model context, the choice set
is either None or one AR address matches the address where a person would respond to a
census or survey. Each person has a variable number of candidate addresses, which is finite.
Hence, this choice set satisfies the three discrete choice set assumptions needed to formulate
a valid model.

Another key feature of the discrete choice model specification is that it relates explanatory

variables to the response variable without knowing the exact process that makes one “choice”



73

preferable to another (Train, 2009). This is an important property as there is no well-defined
address categorization in a Person-Place Model context. Instead, each address category is
determined by the characteristics of each AR address.

Discrete choice model theory is the basis of the Bayesian Person-Place Model (Bayes
PPM) proposed here. Restrictive category labels required for a standard multinomial logis-
tic model are eliminated with the discrete choice model framework. The Bayesian specifica-
tion avoids challenges to model estimation using a likelihood optimization approach (Train,
2009). A Bayesian specification also shares information across different AR address counts
among individuals (Gelman & Hill, 2007). This feature overcomes challenges associated with
estimating separate models for each group of people with the same number of AR addresses,

e.g., small sample size for large AR address counts.

4.3 Data

Administrative records data are tightly controlled to safeguard individuals’ privacy and to
maintain the public’s trust in the institutions serving them. These safeguards are crucial to
carrying out the missions of the institutions generating administrative records data; however,
these controls also slow the pace of research and innovation. We use publicly released data
and technical reports from the last decade to simulate data as similar as possible to the
characteristics found in real-world data. This simulated data set is then used to demonstrate
how the Bayes PPM might perform compared to published PPM specifications.

Evaluating PPM specifications with simulated data offers advantages. For example, per-
formance assessments are carried out when the true underlying data generating mechanism
is known. However, complex interdependencies found in real data are difficult to replicate.
Even with such limitations, demonstrating Bayes PPM using simulated data is consistent
with recommendations found in chapter 8 of (National Academies of Sciences, Engineering,

and Medicine, 2023). In particular, page 217 notes:

The use of artificial (simulated) populations with a variety of properties—for
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example, various relations of administrative values to true values—is a valuable
component of a comprehensive assessment of the performance of administrative
records and should be pursued. The idea is to simply make a simulated census
data set [...], and then test the performance of various models as the simulated
dataset is adjusted for various assumed properties [...]. The disadvantage is all
the assumptions one must make, but the benefit is that one knows what the true

values are for the simulation.

The remainder of this section outlines our approach to simulating a data set that shares as
many characteristics as possible with real world administrative records data used to estimate
the Binary PPM. Summary statistics from (Brown et al., 2023) and US population age and

sex data from the 2020 Census are the primary sources of data for our simulation.

4.3.1 Real-Time 2020 Administrative Record Census Simulation Features

Publicly released summary statistics of AR data are reported in Brown et al. (2023). These
include the distribution of the number of AR sources where people were observed in one
or more ARs, of the percent of AR source frequency, and of the number of AR address
candidates. Table 4.1 summarizes the AR feature summaries from (Brown et al., 2023)

needed to construct a minimally viable simulated data set.

Table 4.1: Administrative records tables adapted from Brown et al. (2023) for data simula-
tion.

Table Description

26 Distribution of Number of AR Data Sources Where AR Census People Were Observed
27 Percent of AR Census People Observed in Each AR Data Source

38 Distribution of Number of MAFIDs Per AR Census Person

The distribution of AR source counts represents how often one or more sources were
observed at the same candidate address. The distribution of AR source frequency represents

how often a particular source is observed. The number of AR address candidates represents
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how often an individual had 0-5+ candidate addresses. The joint distribution of these three
metrics is not reported in (Brown et al., 2023). However, marginal distributions were used

to estimate approximations to the joint distributions of these quantities as needed.

Number of Administrative Record Sources Table 4.2 shows the percent of people
with 1-54+ AR observations from (Brown et al., 2023) table 26. This summary determines
the simulation parameter, py, used to sample the total number of AR sources observed for

each simulated individual.

Table 4.2: Distribution of number of AR data reported in Brown et al. (2023) table 26 and
simulation probability vector pr.

Number of AR data sources Percent of people  pp

1 35.8 0.358
2 19.2 0.192
3 20.0 0.200
4 11.4 0.114
o+ 13.7 0.137

Number of Administrative Record Addresses Table 4.3 shows the distribution of
AR addresses from (Brown et al., 2023) table 38. This summary determines the simulation
parameter, p;, used to sample the total number of AR addresses observed for each individual.
Brown et al. (2023) table 38 indicates that 2.57% of people reported zero addresses; however,
only AR sources that include both a person and address identifier can be used for model
estimation. Simulation parameter p; was defined as the normalized empirical distribution of

AR address counts 1-5-+.

Selected Administrative Record Sources Table 4.4 shows the distribution of the pop-
ulation observed in a subset of the 30+ sources used in (Brown et al., 2023) table 27. We
chose a subset of these sources for both practical and technical reasons. Using a subset of

the sources summarized in (Brown et al., 2023) reduced the computational and inference
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Table 4.3: Distribution of number of addresses reported in Brown et al. (2023) table 38 and
simulation probability vector p; with max J[i] = 5 simulated addresses.

Number of addresses Percent of people  pj;

0 2.57 0.000
1 51.59 0.530
2 27.51 0.282
3 11.47 0.118
4 4.48 0.046
5+ 2.38 0.024

burdens. Furthermore, we wanted to simulate AR sources most likely to be used for the
2030 decennial Census. For example, the National Academies of Sciences, Engineering, and
Medicine (2023) report recommends eliminating data sources generated by law enforcement
agencies.

Tax agency data provide the broadest coverage and most reliable sources among multi-
ple national statistical agencies (Holmberg & Watmuff, 2023). The most frequent Internal
Revenue Service (IRS) sources, forms 1040 and 1099, were included as a result.

Some AR sources are filed by a small segment of the overall population but highly as-
sociated with the best address for members of certain subgroups. For example, the Centers
for Medicare and Medicaid (CMS) Member Enrollment Database (MEDB) should be highly
associated with the best single address for a person age 65 or older. While CMS MEDB
observations are generated by a subset of the population, this source offers an example of a
low-coverage source that might be highly predictive of a person’s single best address if filed.

Third party data sources supplement ARs generated by government agencies. Data from
third party sources may be the only available record for some individuals. Source data
characteristics associated with VSGI (a 3"¢ party data source) were included in the data
simulation as one such example.

The US Postal Service National Change of Address (NCOA) form is filed by an individual
who wants to change their mailing address. This form includes a person’s old address where

they no longer want to receive mail and their new address where they want to receive mail.
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This source was included to assess each model’s ability to resolve the association between an

infrequently filed AR source compared to more frequently observed AR sources.

Table 4.4 shows two simulation parameters derived from Brown et al. (2023) table 27.
Parameter vector pp(,) determines the probability that source s is ever observed. This
Percent in source column to was converted to independent probabilities that each source s
is observed at any AR address for an individual. Parameter vector pg(s) is an approximation
to the probability of observing one or more additional AR sources given that AR source s
was observed, i.e., 1 - Percent only source. Values of pg(s) closer to 1 indicate that AR source

s is less likely to be the only AR source for a person.

Table 4.4: Distribution of percent of people observed in each AR source from Brown et
al. (2023) table 27 and simulation probability vectors pp(s) denoting the probability that a
person is observed in AR source s and pg () denoting the probability that a person is observed
in at least one more source given that they were observed in s.

s Source Percent in source Percent source only  prs)  Pg(s)
1 IRS 1040 76.37 21.28 0.764 0.787
2 IRS 1099 60.37 4.36 0.604 0.956
3 3 Party (VSGI) 41.62 4.86 0.416 0.951
4 CMS MEDB 15.11 0.09 0.151  0.999
5 USPS NCOA 4.66 0.17 0.047 0.983

Demographic Variables The US population age and sex distribution from the 2020 Cen-
sus is used to simulate each individual’s age and sex. Population totals are reported by 5
year age group, (0 —4,5—9,...,80 — 84,85+), and sex, (female, male). These totals were

used to generate a vector of the population age and sex distribution.

In particular, let D denote the 1 x 36 dimensional categorical random defined by concate-
nating the 18 female age groups and 18 male age groups from the 2020 Census. Let pp denote
the probability distribution defined by the number of people in each sex-age group divided
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by the total population according to the 2020 US Census. Then parameter pp, definded as

Pp = {Pfemale,age group=1:18, Pmale,age group:1:18}/ E Psex, age group» (41)

sex, age group

determine the individual-level demographic attributes of simulated individuals.

4.3.2  Data Representation and Notation

Person-Place data include person-level attributes, address-level attributes, and source-specific
attributes. Encoding the interconnected relationships among all these variables poses a chal-
lenge that receives limited attention in existing descriptions of the models fit to these data.
The complexity introduced by an unambiguous data structure may have been a distrac-
tion to the main objectives and findings in past studies; however, existing descriptions of
the Person-Place data obscure Binary PPM nuances. This section outlines a well-defined

Person-Place data structure for each group of attributes.

Person, Address, and Source Indices We use index i € {1,..., N} to refer to the
unique anonymized person IDs and index j[i] € {1,..., J[i]} to refer to the unique address
th

IDs associated with person index i. The index j[i] denotes the 7' address index associated
with person i among J[i] total addresses that vary by individual. This makes the person
index ¢ interchangeable with their anonymized ID. In contrast, the anonymized address ID
is determined by the key-value pair {(, j[i]), address ID} with key (i, j[¢]) and value address

ID. This abstraction is essential to the Bayes PPM specification and implementation.

Source indices, s € {1,...,5}, are fixed and shown in Table 4.4. For example, Table
4.4 shows source index s = 1 corresponds to the IRS 1040 administrative record. The value
S denotes the total number of sources, and S = 5 in our case. Table 4.5 summarizes the

person, address, and source indices.
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Table 4.5: Person, address, and source index definition summary.

Index Definition

7 Person index with i € {1,..., N} for N total people

7] Address in position j[i| € {1,..., J[i]} among J[i] addresses for person 7

Ji] Total number of unique AR addresses for person ¢

N Total number of unique individuals

s Source index with s € {1,...,S} corresponding to the AR source for S total sources
S Total number of AR sources

Person-Level Attributes Person-level attributes include the attributes of a person that
are fixed across households and AR sources. These could include age, sex, race, birth coun-
try, or any other demographic characteristics of an individual. We simulate age and sex

demographic variables only.

The age and sex for individual ¢ are sampled from d[i] ~ Categorical(pp) and stored in the
N x 3 dimensional array with entry P, ,; = {7, age group = 5 X [(d[;] — 1) mod 18], male =
d[i] > 18}. For example, suppose d[i] = 5, then P;,,; = {i,age group = 20, male = 0}
to indicate that the individual index ¢ represents a 20-24 year old female. Similarly, if
d[i] = 30, then P,,; = {7, age group = 60, male = 1} denotes a 60-64 year old male. Table

4.6 summarizes the person-level attribute variables and data objects.

Address-Level Attributes Address-level attributes could include information about the
housing unit itself (e.g., single unit versus multifamily), occupancy status (e.g., occupied ver-
sus vacant), classification (e.g., residential versus nonresidential), or any other characteristic

about the house that does not vary on the address dimension.

We simulated a single address-level categorical variable, v[i, j[i]] ~ Categorical(py ), with
three levels for each person’s AR addresses. The simulated category v[i, j[i]] for address ID
associated with key (4, j[i]) is stored in the N x J[i] ragged array entry U, ji;. Address-level
features simulated for demonstration purposes only and not used in our analysis. Table 4.7

summarizes the person-level attribute variables and data objects.
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Table 4.6: Person-level data attribute summary.

Index Definition

1 Person index with ¢ € {1,..., N} for N total people
a Age group index a € {1,...,18} corresponding to 5 year
age groups 0 — 4,...,80 — 84,85+
l Indicator variable denoting person ¢ is female (0) or male (1)
d|i] Sex and age category for person i sampled from D
PD Observed distribution of the number of people in female age

groups 0-4,..., 80-84, 85+ followed by the number of people in male
age groups 0-4,..., 80-84, 85+ divided by the total population size
of the United States according to the 2020 Census

D Random vector of indicators over the age and sex categories
defined by the demographic characteristics of the United States
according to the 2020 US Census with dimensions 1 x 36 over
5 year age categories for females and males. Age groups include
0-4, ..., 80-84, 85+, yielding 18 female age group categories
followed by 18 male age group categories.

P;,;  Person-level array with entries ¢ denoting the person
index, a the age group, and [ an indicator variable denoting
male (1) or female (0)

Source-Level Attributes Source-level attributes could include an indicator that a person-
address pair is observed in an AR source, the number of times a person-address pair is ob-
served in an AR source, or a wide range of metrics representing temporal characteristics
of AR sources for the same person-address pair. Well-defined, interpretable source vari-
able specifications are inseparably linked all PPM specifications and subsequent statistical

inference.

We simulate AR source-specific indicator variables along with the absolute difference in
months between a person’s AR source observation and ground truth event (e.g., American
Community Survey interview date). The set of addresses for person i is determined by the
unique addresses found in their AR sources. This set defines the person-address key-value

pairs for person i. Given the person-address key value pairs for person i, the source indicator
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Table 4.7: Address-level data attribute summary.

Index Definition

1 Person index with ¢ € {1,..., N} for N total people

v[i, j[i]] Address category label for address ID associated with key (i, j[i])
PV Probability of address category 1, 2, or 3

|4 Random vector of indicators over three address categories, {1, 2, 3}
Uil Address attribute array with address category entry at key (i, j[i])

variable for source s observed at address (i, j[i]) is defined as follows.

1 if individual ¢ observed at address index (i, j[i]) for AR index s
1.(2, jli]) = (4.2)
0 otherwise.

A person-address pair can be observed in one or more of the S total AR sources. A vector
of indicator variables is used to denote the AR sources where a person was observed with
the same address index among all available sources. Person-address source indicator vectors
for the same person are arranged in a ragged array with a person-specific total number
of addresses, J[i]. We denote this ragged array as A;—i.njjij=1.J]i,s=1:5- For example, the
address index and source indicator matrix for person i over all J[i] addresses and S sources

is as follows:

AR 1 AR2 ... ARS
=1 | 1.(,1)  1(,1) ... 1g(i,1)
Aipes = jlil=2 | 11(6,2)  19(6,2) ... 1g(4,2) (4.3)
J=IA ] LG JE]) La(i, Jl]) - Ls(d, J]E]).

AR sources observed closer to a ground truth event or reference date should be more
relevant than those far before or afterwards. Let O; denote the date of a ground truth event

for person i. Let H; jjj s denote the date person ¢ was observed at address (7,7[i]) in AR
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source s no longer than 24 months prior to O; or 12 months after O; as done in Brown et al.

(2023). Then the AR source date difference in integer months corresponding to entry A; jp.s

are calculated as follows:

p
|Oi—H; jii),s] .

ml som | Aijins = 1,0i # Hi g s
i7j[i]’s = _1 lf AZ,][ZLS = 1’ O’L = HZ,][Z},S

0 otherwise.

\

(4.4)

Date differences are negatively oriented to encode the fact that an AR source observation

from the same source at a different address farther away a ground truth event should be less

relevant to selecting the most likely address—all else equal. An AR source observation in the

same month as the ground truth event is not distinguished from an observation in the month

before or after this event. This is sensible considering the precision of source observation

dates. Sources that were never filed by person 7 at address (4, j[i]) have source date differences

equaling zero. Observations in array B, ;i are simulated by randomly sampling (-24, -23,

oo, -1,1, ..., 12) for A, s = 1. Table 4.8 summarizes the source-level attribute variables

and data objects.

Table 4.8: Source-level data attribute summary.

Definition

Hl:] [’i],S
ixjlils

B; i

Person index with i € {1,..., N} for N total people
Realization of total number of unique AR addresses for
individual ¢ draw from the distribution of random variable J
Date of ground truth event for person 4

Date person i observed in AR source s at address (i, j[i])
Ragged array of indicators denoting person 4 observed

at address index (7, j[i]) in AR source s

Ragged array of negative absolute difference in months
separating person i ground truth event and AR source s
observation at address index (4, j[i])
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Response Variable The Binary PPM specification uses an indicator variable to denote
instances where a person is enumerated (i.e., “placed”) at the same address using AR source
data or a survey or census (Brown et al., 2023; Keller et al., 2018; Morris, 2014). Thus, for
person i observed at addresses (i, j[i]) with j[i] = 1,...,J[i], the response is the random

variable

1 Address ID (i, j[i]) = Address ID survey or census
Yiju = (4.5)

0 otherwise.

This response specification implicitly defines J[i] + 1 possible outcomes for person i: a match

among one of the jli] =1,..., J[i] AR addresses and no match for any address when
J[i]
> Yin=0. (4.6)
Jli=1

A Two Stage PPM models the no match or None case explicitly. Let Z; denote the
binary random variable with Z; = 1 if any of the AR source addresses for person ¢ match the
census or survey enumerated address for that person. Given Z; = 1 in stage 1, stage 2 can
be used to enumerate the portion of the population as before. The following specification

summarizes the Two Stage PPM.

1 Any AR address ID for person i matches census/survey
Stage 1: Z; = (4.7)

0 otherwise.

1 Address ID (i, j[i]) = Address ID survey or census

0 otherwise.

The final response specification encodes the None category explicitly by prepending ad-

dress index j[i] = 0 to the person-address key value pair for each individual so that the
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(i, 7[¢] = 0) key encodes the None address ID, yielding

Yioun = (1= 2;) U Y1001 (4.9)

Table 4.9 summarizes the source-level attribute variables and data objects.

Table 4.9: Response variable notation summary.

Definition

Person index with i € {1,..., N} for N total people

Realization of total number of unique AR addresses for

individual ¢ draw from the distribution of random variable J
Indicator random vector of 0Os for all j[i| € {0,..., J[i]}

except for the (i, j[i]) address ID matching the survey or census
address ID for person ¢ with Yj j;—0 = 1 when no AR address

ID match exists

Binary random variable with Z; = 1 if any AR source address 1D
of person ¢ matches the census or survey enumerated address ID for
person 1

Section 4.4 details the simulation algorithm used to populate each element of the simulated

Person-Place data set.

4.4 Methods

This section describes the algorithm used to simulate the Person-Place data set and all PPM

specifications evaluated.

4.4.1 Data Simulation Algorithm

Tables 26, 27, and 38 in (Brown et al., 2023) provide broad contours of the Person-Place

data used for estimation. Each of these tables describe a marginal distribution associated

with some aspect of the Person-Place data. We use a combination of statistical methods

and physical constraints to simulate a synthetic data set of plausible realizations aligned as
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closely as possible to the summary statistics reported in (Brown et al., 2023). The key steps

of the simulation are described below.

For personi=1,..., N:

1. Jointly sample the demographic category (i.e., age and sex) for individual i, d[i] ~

Categorical(pp), and record the results in P, ;.

2. Sample an approximation to the joint distribution of total AR source addresses per
person and total number of sources as follows. We use iterative proportional fitting
(IPF) (Riischendorf, 1995) to estimate the joint distribution of the total number of
addresses for person i, J[i] ~ Categorical(p;), and total number of sources filed, t[i] ~
Categorical(pr), when only p; and pr are known. Note that J[i] < ¢[i] by definition
since there must be at least one AR source observation for each address. This is

essential to properly initialize the estimate of the joint probability distribution, pr;.

Initialize the joint probability matrix with T = 5 rows, max J[i] = 5 columns, and

entries
N FEE S
pry(t,J) = (4.10)
0 otherwise.

Use the IPF algorithm initialized with matrix p%.; to find the closest approximation,
prJ, to the matrix with column sums p; = (0.530,0.282,0.118,0.046,0.024) and row
sums pr = (0.385,0.192,0.200,0.114,0.137). Samples from an approximation to the
joint distribution were generated via (t[i], J[i]) ~ Categorical(pry). Table 4.10 shows

the estimated prj.
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Table 4.10: Approximation to joint distribution of (T, J) (rounded).

J

1 2 3 4 5 Total
0.376  0.000 0.000 0.000 0.000 | 0.376
0.066 0.120 0.000 0.000 0.000 | 0.186
0.047 0.085 0.062 0.000 0.000 | 0.194
0.021 0.039 0.028 0.023 0.000 | 0.111
0.021 0.038 0.028 0.023 0.024 | 0.134
Total | 0.531 0.281 0.118 0.046 0.024 | 1.000

Uk W N~

The IPF algorithm must be initialized with positive values to converge to the maximum
likelihood estimate, which is not plausible in this case. The matrix of joint probabilities
using [PF in this case is only helpful to the extent that it improves agreement between
the simulated Person-Place data and the marginal summary statistics for Tables 26,
27, and 38 in (Brown et al., 2023). We evaluated the agreement between the Person-
Place data simulated by sampling 7’| J[i]. The IPF approximation outperformed the
alternatives in terms of recovering the Person-Place data summary statistics for Tables

26, 27, and 38 in (Brown et al., 2023).

. Sample the presence of each source indicator, s = 1,...,S, across any of the JJ[i
addresses. The previous step determines the distribution of the total number of AR
observations for person i given the total number of unique addresses, t[i], but makes no
distinction between multiple AR observations from the same source and observations
from unique AR sources. This step determines which of the AR sources are observed

for person i across their J[i| distinct addresses.

Table 4.4 shows the empirical probability of observing an individual in each source
(pr(s)) along with the empirical probability of observing one or more additional AR
sources given a person is observed in source s (pg(s)). These empirical probabilities

were used to estimate the distinct AR source observations and conditional probability
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of observing a person in an AR source given that they appear in another source, denoted
PFr|iG=1 (S)

We make several simplifying assumptions in this step. First, we approximate the
unique sources observed for person ¢ with the total number of AR source addresses,
J[i]. Second, if person i is under age 65 and has J[i] = 5, then we revise J[i] = 4 since
this would imply a person younger than 65 would be enrolled in Medicare Part B. If
person ¢ is over 64 with J[i] = 5, then we require CMS as one of the AR observations.
If the total number of addresses for person ¢ equals 1 (i.e., t[i{] = 1), then we sample
the source indicator in proportion to the probability of appearing in this source alone,
(i.e., 1 — pa(s)). Otherwise, we sample the J[i] distinct AR source observations in

proportion to

pr(s)/pa(s)
Zle pF(S)/pG(S)' (4.11)

pF|G:1(5) =

This step yields a 1 x S dimensional indicator vector I; . with entries

1 if source s sampled
I, = (4.12)

)

0 otherwise

denoting the which AR sources are observed at least once among person i’s J[i] distinct

addresses.

. Let A, ;s denote the array of indicator variables (initialized with Os for each person
index 7) that individual ¢ was observed at AR address ID (i, j[i]) in source s. Initialize
variable r[i] = t[i] to track the number of AR source observations remaining after the

following three-step process.

4(a) Ensure each address of person i has an AR source. For kin 1,..., J[i], draw s* by
randomly sampling the source index of I;1.¢ > 0, set A;; + = 1, and decrement

r[i] = r[i] — 1. At the end of this step, each address for person i will have exactly
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one AR source.

4(b) Distribute the second AR source for each address in order of 1 — pg(s) for each
AR address of person i if r[i] > 0 as follows. For k in 1,..., J[i], select s* from
the index of I;;.¢ > 0 with the largest 1 — pe(s), set A; s = 1, and decrement
r[i] = r[i] — 1. At the end of this step, each address for person i will have no more

than two AR sources.

4(c) Distribute the remaining AR source counts if r[i] > 0 and any A;1.5p),1.5 = 0.
In this step, we attempt to distribute the remaining r[i] sources not allocated
in the previous steps. We iterate through A, ;.;1.5 along index s = 1,...,S
to search for any AR address to allocate the remaining I; ;.¢ > 0 sources. If all
Air.gs = 1 for s in I;;.9 > 0, then we discard the remaining r[i] sources as

duplicate observations from the same AR source at the same address.

At the end of this step, the ragged array A; .),1.5 is fully populated for person ¢ with

indicators of the AR sources observed at each address.

. Now sample the date difference variables person i’s AR source observations. Let
B;1.77i,1:5 denote the ragged array of the number of months each source observation
was filed before or after a ground truth event (e.g., census or survey response). Entries

of B;1.jpi,1:5 are defined as

bijfig,s it Aijrigs =1
iglils = (4.13)
0 otherwise,

with b; i), randomly sampled from (—24,-23,...,-1,-1,-2,...,-12).

. Sample address-level covariates for each address associated with person index 7. Address-
level categorical covariates could represent a range of characterizations for a candidate

address. We randomly sample a categorical variable with three levels, (1,2,3), with
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probability vector py for each candidate residence of individual ¢ and store the results

in the vector Uj 1.7

7. Return to 1. until 7 = N.

This procedure yields four sets of predictor variables:

1. P, ,; is an individual-level predictors for age and sex of person ¢

2. A;1.p)1:s 1s an indicator matrix of address indices (rows) and AR source indices

(columns) observed for individual i

3. Bj1.jji,1:5 is a matrix of AR date differences from the target date over address indices

(rows) and AR source date differences (columns) observed for individual 4

4. U; 1.y s the address-level categorical variable vector.

4.4.2  Bayesian Person-Place Model

Unambiguous indexing is critical to the Bayes PPM specification. A key feature of the
Bayesian PPM specification is that it relates explanatory variables to the response variable
without knowing the exact process that makes one AR address category preferable to another.
Each address category is determined by the characteristics of the AR address and these
characteristics are organized so that their position in the outcome vector is aligned to the
position of the address covariates in the covariate array. This specification renders the

Bayesian PPM a flexible, well-defined statistical model. The Bayesian PPM is specified as
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follows:
KQJM | ﬂ-i,O:J[i] ~ Multinomial (1, Wi,O:J[i]) (414)
J[i]
il = eXP g/ Y eXP i (4.15)
jlil=0

S S
ni,j[i] ~ Normal (aJ[i][{j[i]zo} + Z wi,jm,sﬂs + Z mi,j[i]ﬁ’ys, 02> (416)

s=1 s=1
Bs ~ Normal (5, 10) (4.17)
(i), Bo, Vs ~ Normal (0, 102) (4.18)
o ~ Uniform(a, b) (4.19)

The Bayes PPM specification includes three sets of parameters and an overdispersion param-
eter. The intercept vector, aj.max s}, is used to estimate the association between the number
of unique AR addresses and the None address category. Parameter vector f1.¢ captures the
overall level of association between each AR source and the probability of a match at the
address where each source was observed all else equal. The condition Zle Bs = 0 makes
the model identifiable. Parameter vector 7.5 is used to estimate the rate of change from the
baseline AR association (established by f;.¢) as the negative absolute number of AR source
observation months difference approaches zero from below. The overdispersion parameter,
o, provides a mechanism to estimate variation in addition to the variance of a multinomial
likelihood. Table 4.11 describes each term of the model.

Table 4.12 shows the structure of the training data used to estimate the Bayes PPM.

Outcome Variable Simulation We generate outcomes from the Bayesian discrete choice
PPM with simulated true parameters: a;.spj, 71:5, Si:.s, and o. Table 4.13 summarizes the
parameter simulation distributions used.

Simulated aq.5 parameters were sampled from Uniform(-5, -1) distribution and sorted in

increasing order. This implies that individuals with 1-2 candidate addresses were less likely
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Table 4.11: Bayes PPM definitions.

Parameter Definition

Y; 0:(1] Indicator random vector denoting address ID (4, j[i]) matching a survey or census
address ID for person i with Y; o the None address ID category

T jli] Probability person ¢ matches address ID (3, j[i]) with Z;.][[;}]:O T4l = 1

i[i] Weight calculated from source indicator vector w ;i 1.5,
negative absolute months difference vector m; ji; s, & model parameters

Qg Ji]-specific weight associated with None category assignment

Bs Baseline association between address match and source s with Ele Bs =0

Vs Monthly rate of change from baseline association between address match
for source s

W; jli],s Indicator vector denoting that person i observed at address (4, j[i]) in source s
with wi,j[i}zo,s =0 for all 7 and s

M ji],s Integer vector of negative absolute number of months between person ¢ observed

at AR address (¢, j[i]) for source s with 0 denoting instances where person ¢
was never observed at address (7, j[i]) and with w; jj;1—0 = 0 for all i and s

J[i] Total number of unique AR addresses for individual 4
i Person index with i =1,..., N
a, b User-specified tuning parameters for overdispersion parameter

than average to have ground truth addresses that match none of the AR addresses all else
equal. Simulated ag.5 parameters were sampled from Uniform(1,3) distribution and sorted in
increasing order too. This implies that individuals with 3-5 AR addresses are less likely than
average to have ground truth addresses that match none of the AR addresses. These settings
lead to 10-20% of the population being assigned to category None. The ranges for a;.5 were
selected so that simulated (1.5 and 1.5 can overtake the magnitude of ay.5 in establishing

the probability of an address match compared to the None category.

Simulated ;.5 parameters were randomly sampled from a Truncated Normal distribution.
The truncation lower bound was 0.95 to encode the fact that an AR source observation should
always be associated with an increased probability of assignment. The upper bound was 4

to avoid having any one source completely dominate other sources.

Simulated v;.¢ parameters were randomly sampled from a Truncated Normal distribution.

The lower bound was set to 0 to allow the possibility that some sources experience little
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Table 4.12: Example Bayes PPM outcome and design matrix for five individuals, S=3 AR
sources and associated observation month differences, address-level categorical variable, and
two individual-level variables (integer age and male indicator variable).

i J[i] Y;%;J[Z’] W;.0:.70i],1:5 | M4,0:7[0),1:5 | Wi Age; Male;
[0] 0 00| 0O 0O0]O

L 1] [100—12001} 18 1
[0] 00 0/0 0 00

2 2 0 01 0/0 —-18 0|3 37 0
1 1 1 0[-2 =2 0|2
[0] 00 0/l0 o0 0 |o
0 01 0/0 =12 0 |1

3 3 1 1 1 1/-3 -8 —-13|1 66 1
0] 1 00[-1 0 0 |2
[0] 000/ 0 000

4 1] [100—12001} 2 1
[0] 0 00|l 0 0O0]O0

51 1] [100—12001} 28 0

change in their association with a person’s true address. These parameters must be positive
since they reflect the change in association between an AR observation and the negative
absolute date difference in months between observation and a ground truth event. The
upper bound was selected to avoid massive degradation of the association as the negative

absolute date difference in months grows more negative.

The overdispersion parameter, o, was sampled from a Uniform(0, 1) distribution. Large

values of o obscure the association between AR source observations and date differences.

Response vectors for each person, Yj.s;, were simulated by sampling the Bayes PPM

using the parameters shown in Table 4.13.



93

Table 4.13: Person-Place data parameter distribution summary.

Parameter Index
Parameter Distribution 1 2 3 4 )
« Uniform(—5, —1), Uniform(1, 3) -3.404 -2.241 1.640 2.015 2.887
15} Normal(1.5,3% min = 0.95, max = 4) | 2.994 3.744 1.355 2.785 2.285
v Normal(1, 3%, min = 0, max = 3) 2.079 2.341 1.465 2.108 0.373
o Uniform(0, 1) 0.398 0.398 0.398 0.398 0.398

4.4.8 FExtant Person-Place Model Specifications
Binary Person-Place Model

We use logistic regression to estimate the Binary PPM as in (Brown et al., 2023). Simulated
person- and address-level features described in Section 4.3 are translated to long format,
{Yiim, Xiji:kx ), yielding 2 individual-level (age and sex) + S AR source indicators + S
AR date differences + 1 address-level features = 3 + 25 = K total features. Table 4.14
shows the structure of the binary PPM outcome and features for S = 3 AR sources and

corresponding date differences for those sources.

Table 4.14: Example Binary PPM outcome and design matrix for five individuals, S=3 AR
sources, negative absolute month differences, two individual-level variables (integer age and
male indicator variable), and address-level categorical variable.

i Jglil Yijim Age; Male; ;UZ’]%]’L*; ] mmg]’l 5 g3 | Wil
1 1 0 18 1 1 0 0|-12 O 0 1
2 1 0 37 0 0 1 o] 0 -18 0 3
2 2 1 37 0 1 1 0| -2 2 0 2
3 1 0 66 1 1 0 0|-12 O 0 1
3 2 1 66 1 1 1 1| -3 8 -13 1
3 3 0 66 1 1 0 0| -1 0 0 2
4 1 1 2 1 1 0 0| 5 0 0 1
5 1 1 28 0 1 0 0| 5 0 0 1

The binary outcome variable and data in Table 4.14 are used to estimate probability
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P {Y;',j[i} = 1| X[ K}, which represents the probability that the respondent’s true address
is the same as the AR address j[i] for person i on a specified date. The Binary PPM is fit as
if the data are independent binary outcomes. Estimated probabilities are then normalized
by person to approximate multinomial probabilities. However, this approach is not a valid
statistical model except for J[i] = 2. This model is also not able to estimate the probability

that none of the AR addresses are a match as specified.

Logistic regression is used to estimate the strength of association between the AR sources,

AR source observation date differences, and address categories. The model is as follows

S S
logit P{Y; jiij = 1|wi 1.5, Mijia:st = o + Aypy + Z PEWi jli],s + Z e s (4.20)
s=1

s=1

Table 4.15 defines each term of this model. Though individual-level attributes are available,

they are not used in this analysis.

Table 4.15: Binary PPM model specification.

Parameter Definition

Y il Indicator variable denoting person ¢ address matches AR source address ID (3, j[i])
Wj j[i],1:S Vector of indicator variables indicating person i observed at address ID (i, j[i])

in AR source s =1,...,85
M ji],1:5 Vector of negative integer absolute date differences when person i observed

in AR source s =1, ..., 5 relative to their ground truth event
6o Binary PPM intercept parameter
AlimaxJli) ~ Binary PPM parameter vector denoting the association between total number
of AR addresses for person i, J[i], and logitP {Yi,jm’s = 1w; ji]s> mz’,jm,s}
P1:S Binary PPM parameter vector denoting the strength of association between AR
source s observation and ground truth event for logit P {Y;JM’S = 1w j,s5 mi’j[i]ﬁ}
H1:s Binary PPM parameter vector denoting the strength of association between AR

source s negative absolute difference in months between AR source s observation
and ground truth event for logitP {Yi’j[i]’s = sz’,j[i],sv mi,j[i]ﬁ}

Once fit, Binary PPM probability estimates, P {Yi,jm = 1|wi7jm,1:5,mi,j[i}71:5}, are used

to approximate multinomial probabilities by dividing each person’s estimated probabilities
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by the sum of their probabilities across all AR addresses, i.e.

P{Yi,j[i] = 1|wz‘,j[¢],1:57mi,j[i},l:s}
T 7 :
Sl P {Yig = 1w g8 mi g s}

p{Y;,j[i} = 1‘wi7j[z‘],1:5’;mi,j[i},l:S} = (421)
This approximation introduces a well known misspecification of the true multinomial proba-

bility point estimates and associated uncertainty around these point estimates (MCCullagh

& Nelder, 1989; Agresti, 2002).

The Binary PPM was fit using logistic regression as if a person-address match is an
independent binary outcome, replicating the approach described in (Brown et al., 2023;

Keller et al., 2018; Morris, 2014).

Two Stage Person-Place Model

Rastogi & O’Hara (2012) and Morris (2014) note that early versions of the Binary PPM
included multiple stages to account for different AR address categories. We specify the Two
Stage PPM to explicitly estimate the probability that none of the AR source addresses for
an individual match the address a person might list when responding to a census or survey.
While this category is implicitly encoded in the Binary PPM specification, the Two Stage
PPM estimates the probability that none match in Stage 1 and, given that a match exists,
estimates the probability that one of the AR addresses match the address one might list when
responding to a census or survey. The Two Stage PPM estimates the Stage 1 probability in
terms of individual-level attributes and Stage 2 is estimated in the same way as the Binary

PPM.

We use a simple model to demonstrate the Two Stage PPM. We simulate the strength of
the association between logit P(Z; = 1) in terms of the number of AR addresses for person i
so that larger J[7] is associated with larger logit P(Z; = 1). The total number of AR addresses

for person 1, J[i], is coded as a categorical variable with max J[i] = 5 levels in total. Stage 2
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uses the same model specification as the Binary PPM. The full Two Stage PPM is as follows.

Stage 1: logitP {Z; = 1} = &y + dp (4.22)

s S
Stage 2: logitP {Y ;i = 1|1Z; = 1} = wo + kg + Z TsWi jfil,s + Z Ysmijus  (4.23)
s=1 s=1
The Two Stage PPM is estimated from subsets of the full Person-Place data. Stage 1
is estimated at the individual-level with outcome variable Z; denoting that person i’s true
address is present in the AR source addresses. Stage 2 is estimated from the subset of Person-
Place data where each person’s true address is known to be in the AR source addresses.
Adding Stage 1 in the Two Stage PPM improves on the Binary PPM specification (explicit
estimation of the None category), but retains the binary misspecification issues of the Binary
PPM in Stage 2. When the use case calls for it, approximating a multinomial probability
at the person-level becomes more complicated. For example, suppose person i has J[i| = 2.
Then the normalized probability of matching None and addresses (i,j[i|]=1) and (i,j[i]=2) is

as follows:

(P{Zi 0} P{Yijim1 = 11Z; =1} P{Z; =1} P{Yijuy—e=1Zi=1}P{Z = 1}) |

S PV =1z=1} TRl P{Yun=1Z=1}

(4.24)
Table 4.16 defines each term of the Two Stage PPM model.
The Two Stage PPM uses logistic regression to estimate the probability that any AR

address matches simulated census/survey responses. The second stage is estimated using

the Binary PPM.

4.5 Results

All PPM model formulations were evaluated using the simulated Person-Place data with
50,000 simulated individuals and 87,594 person-address pairs. Section 4.5.1 assesses the

level of agreement between the simulated and observed data characteristics used to fit the
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Table 4.16: Two Stage PPM model specification.

Parameter Definition

Z; Binary random variable denoting true address is present in AR sources

observed for person ¢

Indicator variable denoting person i survey or census address matches AR

source address ID (i, j[i])

W j[i],1:8 Vector of indicator variables indicating person ¢ observed at address ID (i, j[4])
in AR source s =1,...,8

M jli],1:5 Vector of negative integer absolute date differences when person ¢ observed

Y il

in AR source s =1, ..., S relative to their ground truth event
wo Stage 2 PPM intercept parameter
KimaxJ[]  Stage 2 PPM parameter vector denoting the association between total number of
AR addresses for person i, J[i], and logitP {Y; ;1 s = 11 Zi = 1,w; jji),s» M jji] s }
TI.S Stage 2 PPM parameter vector denoting the strength of association between AR

source s observation and ground truth event for
logit P {Y; ji1.s = 11Zi = 1,w; jji1,6, ™ jji].s }
V1.5 Stage 2 PPM parameter vector denoting the strength of association between
AR source s negative absolute difference in months between AR source s
observation and ground truth event for logit P {YZ-J[Z-],S = 1Z; = L, w; j. s, mi,j[ﬂ,s}
00:max J[i] Stage 1 parameter vector

models. Section 4.5.2 assesses the performance of all model PPM specifications.

4.5.1 Simulated Data

Table 4.17 shows the simulated distribution of the number of AR data sources compared to
the percentage of the population observed in (Brown et al., 2023). The greatest departures
occur for the percent of the population with two and three AR sources. Our simulation led
to approximately eight percent more of the population with two AR sources compared to the
real records and approximately six percent less of the population with three AR sources. This
is sensible considering that we only simulate five AR sources where the real data include more
than thirty sources. All others were within three percentage points of the observed data.
Table 4.18 shows the simulated distribution of the number of AR data sources compared to
the percentage of the population observed in (Brown et al., 2023). The simulated percentage

of the population found in each AR source was within three percentage points for all sources
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Table 4.17: Observed distribution of number of AR data sources from (Brown et al., 2023)
table 26 compared to simulated data in percent of people.

Number of AR data sources Observed Simulated

1 38.5 37.7
2 19.2 27.5
3 20.0 14.8
4 114 8.8
5+ 13.7 11.2

except IRS 1099. Our simulation led to approximately thirteen percent less of the population
in source IRS 1099 compared to the observed data. The relative order of both the Percent
in source and Percent in source only remain unchanged, however. The percentage of the
population simulated in IRS 1040 only was more than ten percent higher in our simulation
compared to the observed data, but the share of sole AR source filings was within two
percentage points of the observed data in all other cases. This outcome is sensible since we

simulate a subset of the AR sources available in (Brown et al., 2023).

Table 4.18: Observed distribution of AR observations from (Brown et al., 2023) table 27
compared to simulated data.

Percent in source Percent in source only
s Source Observed Simulated | Observed Simulated
1 IRS 1040 76.4 79.6 21.3 31.6
2 IRS 1099 60.4 47.3 4.4 4.7
3 37 Party 41.6 38.1 4.9 3.0
4 CMS 15.1 13.5 0.1 0.2
5 NCOA 4.7 7.9 1.7 0.5

Table 4.19 shows the simulated percentage of the population with 1-5+ addresses. The
simulated distribution of the population’s address counts were all within 0.2 percentage
points of the observed data and best approximation to the observed data compared to the
other tables used for simulation.

Table 4.20 shows the simulated distribution of address counts and percentage of no AR



99

Table 4.19: Observed distribution of number of addresses from (Brown et al., 2023) table 38
compared to simulated data in percent of people.

Number of addresses Observed Simulated

1 53.0 53.2
2 28.2 28.0
3 11.8 11.7
4 4.6 4.6
5+ 24 2.5

address match (i.e., None category) in each group. Though Brown et al. (2023) does not
include an estimate of the no match rates, it was simulated to roughly increase with the

number of AR addresses.

Table 4.20: Simulated distribution of AR address count and percentage of population with
address count J[i] in AR address category None.

J[i] J[i] Distribution Percent No Match | J[i]
1 53 14
2 28 12
3 12 45
4 d 44
d 2 23
All 100 19

Tables 4.17 - 4.19 shows our simulated data resemble the real data summary statistics

published in (Brown et al., 2023)

4.5.2  Person-Place Model Performance

Well-calibated, interpretable Person-Place Model probabilities are essential to policymaking
and operational awareness. Reliability diagrams are used to assess the calibration of a prob-
abilistic model (Berrocal et al., 2008). Reliability diagrams are created by binning estimated
PPM probabilities and computing the fraction of AR address matches for each probability
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bin. If the model is well-calibrated, then the midpoint of each bin should approximate the
fraction of address matches in its bin.

Figure 4.1 shows the reliability diagram for each PPM specification and estimated R?
between the binned probability and probability bin midpoint. Binary PPM reliability dia-
grams before and after normalization are shown in the first row (a-b). We refer to Binary
PPM probabilities that are not rescaled to sum to one within an individual as the raw prob-
abilities. Binary PPM probabilities that have been rescaled to sum to one are referred to as
the normalized probabilities. Raw Binary PPM probabilities were well-calibrated except for
the bin that included probability zero. The Binary PPM assigns category None probability
zero, and this misspecification explains the departure from the y=x line near Binary PPM
probability 0. Variation in the normalized Binary PPM probabilities increased because the
normalization fails to account for people assigned the None category.

The Two Stage PPM reliability diagram is shown in Figure 4.1(c). Including the None
category in Stage 1 of the model and normalizing the estimated model probabilities as de-
scribed in Section 4.4 improves probability calibration of probabilities less than 0.5; however,
the Two Stage PPM underestimates most probabilities larger than 0.5.

The Bayes PPM reliability diagram is shown in Figure 4.1(d) and was best calibrated
among the four specifications. The Bayes PPM was fit with and without the overdispersion
parameter, o, to assess the impact of ignoring overdispersion when it is present. Figure 4.1
suggests that ignoring overdispersion leads to nearly indistinguishable calibration compared
to the more complicated implementation that properly accounted for it. However, Table 4.21
and Table 4.22 show that inference without accounting for overdisperson in the data results
in incorrect parameter estimates and inference.

Table 4.21 shows the true parameter value, posterior quantiles, and an indicator of
whether the true parameter is contained in the 90% posterior sample quantile for the Bayes
PPM implementation that includes an overdispersion parameter, o. The Bayes PPM model
successfully recovered all model parameters.

Table 4.22 summarizes the the Bayes PPM implementation results without including the
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Figure 4.1: Reliability diagram for (a) Binary PPM probabilities without normalization,
(b) Binary PPM probabilities with normalization so that the probabilities for a person sum
to one across all AR source addresses, (¢) Two Stage PPM, and (d) Bayes PPM with and
without accounting for overdispersion for max J[i] = 5 and N = 50, 000.

overdispersion parameter, o. Less than a third (7 of 15) of the 90% posterior sample quantiles
include the true Bayes PPM parameter value; however, the misspecified implementation leads
to median parameter estimates that were close to the true values. The parameter estimates

without overdispersion leads to None category estimates that are too large compared to the
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Table 4.21: Simulated Bayes PPM parameter values, Bayes PPM posterior medians, 5 and
95 percent posterior sample quantiles, and an indication of whether the simulated parameter
value is contained in the 90 percent posterior sample quantile.

Parameter Value 50% 5% 95% Recovered

Qq -3.40 -3.27 -3.43 -3.17 True
Qo -2.24 217 -2.29 -2.07 True
Qs 1.64 166 1.56 1.77 True
oy 2.02 205 193 218 True
Qs 2.89 279 264 294 True
51 299 296 286 3.09 True
Ba 3.74 3.774 3.63 3.90 True
B3 1.35 134 1.26 143 True
By 2.79 2,67 253 284 True
Bs 229 216 200 231 True
" 2.08 204 198 212 True
Yo 234 232 225 241 True
Y3 147 144 139 1.51 True
Y4 211 2.03 195 213 True
Vs 0.37 035 0.32 0.39 True
o 0.40 0.27 0.03 047 True

true values for individuals with 1-2 AR addresses (a; and ay) and too large for individuals
with 3 AR addresses («3), estimates that are too small compared to the true values for AR
sources 1-2 (1 and f33), and estimates of the change from baseline for a one month date
difference decrease that are too small for AR sources 1-3 (73 — 3). Ignoring overdisperson
(0) did not drastically change the inference or probability calibration in this case, but both
the median parameter estimates and posterior quantile estimates were impacted.

Although the Binary PPM offers a useful approximation to model-based probabilities, it
is inherently misspecified. Consequently, parameter interpretations from the Binary PPM
should be treated with caution. Due to the interpretive limitations arising from this mis-
specification, Binary PPM parameter estimates are not evaluated.

Figure 4.2 shows the Markov Chain Monte Carlo (MCMC) posterior sample trace plots

for each Bayes PPM parameter. Four chains were randomly initialized and run for a total of
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Table 4.22: Simulated Bayes PPM parameter values, Bayes PPM posterior medians without
including overdispersion parameter, 5 and 95 percent posterior sample quantiles, and an
indication of whether the simulated parameter value is contained in the 90 percent posterior
sample quantile.

Parameter Value 50% 5% 95% Recovered

Qq -3.40 -3.20 -3.28 -3.13 False
o -2.24  -2.12 -2.21 -2.03 False
Qs 1.64 163 154 1.72 True
oy 2.02 201 190 212 True
Qs 2.80 273 260 285 False
51 299 290 283 297 False
B 3.74 3.66 3.58 3.74 False
53 1.35 131 124 1.39 True
By 2.79 2.62 250 275 False
Bs 229 211 197 225 False
001 2.08 2.00 196 2.03 False
Y2 234 227 223 231 False
Y3 147 141 1.38 145 False
o 211 1.99 193 205 False
s 0.37 034 031 0.38 True

55,000 iterations. The first 5,000 iterations were discarded as burn-in. The remaining 50,000
iterations were thinned to 5,000 iterations to reduce autocorrelation. Trace plots indicate
slow mixing the overdispersion parameter, o. Potential scale reduction factors estimated
with the Gelman-Rubin Diagnostic were all smaller than 1.1 for parameters except o (1.39)
(Gelman & Rubin, 1992). The Raftery-Lewis Diagnostic indicated that the 5,000 burn-in
iterations were sufficient and that a minimum of 3,800 iterations were sufficient to estimate
the 0.025 quantile with an accuracy of 4+ 0.005 with 0.95 probability for all parameters
(Raftery & Lewis, 1992). However, the Raftery-Lewis diagnostic suggested the sampler

should be run for another 60,000 or more iterations for most parameters.
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Figure 4.2: Bayes PPM posterior parameter sample trace
plots for four randomly initialized chains. Model parame-
ters are shown on the vertical axis labels. Horizontal axes
show the iteration number in thousands of iterations af-
ter burnin and thinning. Line color denotes the chain.

Dashed black lines denote the true parameter value.
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Bayes PPM was implemented with the NIMBLE package (de Valpine et al., 2024a,b)
in R (R Core Team, 2023). Parameters «, f, and v were each sampled with independent
Random Walk Block Metropolis-Hastings samplers. All other parameters were sampled with
independent Random Walk Metropolis-Hastings samplers. Convergence, chain mixing, and
successful recovery of all other simulated parameters were improved by the non-centered pa-
rameterization for o (Papaspiliopoulos et al., 2003); however, this parameterization increased
the sampler complexity and runtime substantially. All samplers used Nimble’s default set-

tings.

Figure 4.3 summarizes the probability of selecting an individual’s true address by the
last AR observation’s number of months prior to a ground truth event such as a census
or survey response. Columns show the median (dashed colored lines) and range of the
90% probability quantiles (shaded regions) each month for the Bayes PPM, the Binary
PPM without probability normalization, and the Binary PPM with normalized probabilities
compared to the true probabilities. Probabilities are summarized by the number of AR
addresses for each person in the simulated data. The solid line shows the median of the
true probabilities by month and number of AR addresses. Vertical error bars show the
true distribution of probabilities for each group. If a model is accurate, then the median
probability (dashed line) should fall near the true probability median (grey solid line). If a
model is well-calibrated, then the range of probabilities around the median (shaded regions)

should span the true 90% quantiles for each group (vertical lines).

Figure 4.3(a) shows the distribution of the Bayes PPM probabilities matches both the
true median match probability as well as the true 5% and 95% match probability quantiles
across all time horizons. Match probabilities tended to increase as the negative absolute date

difference in the last AR observation approached zero.
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Figure 4.3: Probability of selecting an individual’s true address (vertical axis) by the number
of months prior to a ground truth event (horizontal axis) and number of AR addresses (rows)
for the (a) Bayes PPM, (b) Binary PPM, Raw, and (c) Binary PPM, Normalized. Solid gray
lines show the median true probabilities for each address number-month group. Dashed lines
show the median estimated probability for each model. Shaded regions of each plot show
the range of the 5%-95% model quantiles. Error bars denote the 5%-95% true probability
quantiles for each address number-month group.
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Figure 4.3(b) shows the distribution of the Binary PPM raw probabilities compared to the
true median match probability as well as the true 5% and 95% match probability quantiles.
The median Binary PPM probability estimate approximated the true probability medians for
all address counts and last AR observed date differences except for the two AR address case
prior to -10 months. However, upper quantiles for individuals with 1-2 addresses tended to
be underestimated using the Binary PPM raw probabilities, impacting more than 80% of the
population. Upper and lower quantiles were estimated by sampling the joint distribution of
the Binary PPM model parameters estimated on the logit scale, calculating the logit match
probability for each observation, and transforming the results back to the probability scale.
A total of 1,000 samples were used to generate the 5%, 50%, and 95% quantiles shown in
the figure.

Figure 4.3(c) shows the distribution of the Binary PPM normalized probabilities com-
pared to the true median match probability as well as the true 5% and 95% match probability
quantiles. The normalized Binary PPM probability equals 1 when there is only one address
for any AR source date difference. This result is a vast departure from the true median prob-
ability and associated uncertainty shown by the grey lines on the figure. This error affects
the majority of individuals since most (53% in Table 4.17) have just one unique AR address.
There is considerable overlap in true and estimated quantiles for all other address counts, but
the median probabilities estimated tended to be far from the median true probabilities across
all date differences. Upper and lower quantiles were estimated using the same procedure as
the raw probabilities, but quantiles were calculated after normalizing each sample to sum to

one.

Figure 4.4 shows the range of the 5%-95% probability quantiles and median probability
for individual’s true address by number of unique AR addresses for the Bayes PPM, Binary
PPM without normalization, and Binary PPM with normalization compared to the true
probabilities. Median probability estimates from the Bayes PPM and the Binary PPM
without normalization were closest to the true median probability across all address counts,

except in the case of two addresses. In this case, the Binary PPM normalized probability
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is closer to the true value than the Binary PPM raw probability but remains farther from
the true value compared to the Bayes PPM. Bayes PPM 5% and 95% quantiles were also
best aligned to the true values among the three methods. Normalized Binary PPM quantiles
and medians were worst aligned to the true median, lower, and upper quantile probabilities.
Normalized probabilities for individuals with one AR address equaled one for all quantiles,
too narrow compared to the true range, and diverged from the true median as the number
of AR addresses increased. Table 4.23 shows value of each model quantile by address count

shown in Figure 4.4.
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Figure 4.4: Probability of selecting the true address quantiles for Bayes PPM, Binary PPM
without normalization, and Binary PPM with normalization compared to the true probabil-
ities for each AR address count. Points show the median probability for each method. Lines
show 5%-95% probability quantile range.
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Table 4.23: Distribution of probabilities (as percentages) for the matched address using
the true probabilities (Truth) compared to probability quantiles estimated using the Bayes
PPM, Binary PPM without normalization, and Binary PPM with normalized probabilities
by number of AR addresses.

-1 ]2 J=3 T=1 J5
Method 5% 50% 95% [ 5% 50% 95% | 5% 50% 95% [5% 50% 95% | 5% 50% 95%
Truth 5 98 100 | 21 88 100 | 7 56 95 | 6 49 93 | 5 36 88
Bayes PPM 55 93 100 | 19 87 100 | 6 55 95 | 5 45 92 | 4 33 87

Binary PPM, Raw 61 96 99 | 16 73 96 9 46 86 7 38 81 6 28 73
Binary PPM, Norm 100 100 100 | 41 73 99 | 26 69 97 | 18 39 92 | 16 55 87

Note that two-stage model results are omitted from Figure 4.3 and Figure 4.4 to maintain
figure legibility and focus on the Binary PPM as the method of record. However, for a
basis of comparison, two-stage results are included in Figure 4.1 and Table 4.24. A more
comprehensive analysis of two-stage model results may be explored in future work.

Table 4.24 shows the in-sample accuracy, precision, recall, mean log loss (MLL), mean
Brier Score, and Mean Absolute Error (MAE) for the Bayesian PPM, Two Stage PPM,
and Binary PPM with and without normalization. Accuracy, precision, and recall were de-
termined by the maximum predicted address probability for each individual. Binary PPM
metrics were calculated using the raw and normalized probabilities. All other metrics were
calculated using the estimated probabilities for each model. Accuracy, recall, and precision
for the raw Binary PPM probabilities were calculated using a threshold value of 0.5, allowing
for no matches if no raw probability is greater than 0.5 for any of an individual’s addresses or
multiple address assignments for an individual with more than one address with raw prob-
ability greater than 0.5 to demonstrate a commonly used threshold approach to calculating
these metrics in this context. (Note that the max probability approach used for the raw
probabilities would yield the same accuracy, recall, and precision for the normalized model
since scaling does not change the probability order.) The Binary PPM assigns probability 0
to the None category, rendering MLL values equal to negative infinity. Table 4.24 also cal-
culates accuracy, precision, and recall that results from assigning individuals to the address

with the smallest absolute difference between their ground truth event and AR observations



110

(Closest in Time). The Last Observed method had the worst performance across all metrics
except total compute time. This result is noteworthy, as one might intuitively expect that
prioritizing the most recent observation would perform well. Instead, this finding highlights a
key strength of the PPM specifications: their ability to weigh different sources appropriately,

even when a more recent observation is available, thereby improving overall accuracy.

Table 4.24: In-sample accuracy, precision, recall, mean log loss (MLL), mean Brier Score,
Mean Absolute Error (MAE), and runtime in minutes for the Bayesian PPM, Two Stage
PPM, and Binary PPM with and without normalization. The 'Last Observed’ method
places a person at the address where the most recent AR was observed.

Method Accuracy Recall Precision MLL Brier MAE Time
Bayes PPM 87 83 83 -0.15  0.25 0.04 110
Bayes PPM, 0 =0 87 83 83 -0.14 024 0.04 49
Two Stage PPM 83 7 7 -0.21 034 0.15 2
Binary PPM, Norm 82 75 75 -Inf 042 0.15 2
Binary, Raw 83 67 84 -Inf  0.38 0.12 2
Last Observed 51 40 71 <1

The Bayes PPM estimated with and without accounting for overdispersion performed
best across all evaluation metrics except runtime. Accuracy, recall, and precision were nearly
indistinguishable with and without estimating the overdispersion parameter. Perturbations
around the mean probabilities induced by overdispersion in the full Bayes PPM led to slightly
worse MLL, Brier Score, and MAE estimates compared to the Bayes PPM estimated with-
out overdispersion. However, Table 4.21 and Table 4.22 show that ignoring overdispersion
in this case would yield slightly different inferences. Furthermore, recovery of the correct
uncertainty intervals around the median probability shown in Figure 4.3 and Figure 4.4 show
that including a parameter to model overdispersion was neccessary since it was present by
construction. In summary, overdispersion led to more variable probabilities around the mean
and hence contributed a wider range of errors to the MLL, Brier Score, and MAE metrics
as a result. Ignoring overdispersion might yield more concentrated probabilities around the

true value, but inferences and uncertainty around the mean were misspecified as a result.
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Including an overdispersion term is a key strategy for addressing potential violations of
the Independence of Irrelevant Alternatives (ITA) assumption in discrete choice models. This
addition enhances model flexibility by allowing for greater heterogeneity in choice probabil-
ities. However, the overdispersion term can be omitted to reduce computational complexity
if there is strong justification for the ITA assumption, such as context-specific considerations
or consistent parameter estimates obtained through alternative approaches like nested logits.

For a comprehensive discussion of these issues, see (Bruch & Mare, 2012).
4.6 Discussion

The Binary PPM and Two Stage PPM offer fast approximations to a well-defined statistical
model. However, the binary approximations currently in use are incapable of yielding valid
statistical inference or correct uncertainty intervals around these approximations. The Bayes
PPM provides one approach to overcome these limitations.

The Bayes PPM eliminates the need to normalize probabilities. Normalizing probabilities
estimated from a model that assumes independence between person-address pairs leads to
distortions in estimated probabilities. However, raw probabilities estimated from a binary
model are not interpretable at the person-level. Still, estimates of uncertainty around raw
Binary PPM probabilities are massively understated as estimated, leaving researchers and
policymakers alike with no measure of variation around point estimates. The Bayes PPM
yields the correct probability point estimates and measures of uncertainty by design (as well
as a representation of the full generative distribution). These advantages offer the potential
for deeper insights into estimates of Person-Place probabilities and lay the foundation for a
method capable of generating forecasts of probabilities with the correct levels of uncertainty.

Estimating the None category alongside specific AR addresses represents another benefit
of the Bayes PPM. We did not include individual- or house- level covariates in our model
other than the number of AR addresses observed for an individual. More sophisticated
Bayes PPM specifications could do so, however. Such specifications are possible, but could

become difficult for a broad user base to reason through. A multi-stage approach with an
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individual-level model in stage 1 with its own set of covariates could be specified to estimate
the probability that an AR address match exists. The Bayes PPM could then be used in
stage 2 to estimate the probability of the AR match given the outcome of stage 1. Such a
model would require careful derivations of the joint model implied by each stage though and
could be difficult to maintain.

Computational complexity and prior distribution tuning nuances are the primary disad-
vantages of the Bayes PPM. We demonstrated Bayes PPM with 50,000 simulated individuals,
but millions of records could be used to estimate these models. Fitting the Bayes PPM to
millions of records is not practical. It is also unlikely to be necessary unless many more co-
variates are needed to adequately estimate the AR source address match probability, leading
to ever smaller subgroups with associated interdependencies to include. A model using only
a handful of AR sources avoids these challenges and the need for sample sizes on the order of
millions for accurate estimation. Deploying the Bayes PPM for real-world use would require
an assessment of the sample size needed to effectively model probabilities for the subgroups
of interest.

We proposed the Bayes PPM to address deficiencies in the Binary PPM, but recently
developed alternatives could be used under a different formulation of the AR match use
case. For example, Long et al. (2022) propose a model to estimate the probability that an
individual remains at their last observed AR address. This approach is promising since it
effectively estimates the probability that a person remains at the last observed AR address
or not (i.e., the None category). However, there are advantages to estimating the reliability
of an AR address match and source-specific rates of decay jointly since some AR sources are
more predictive and longer-lasting than others. Such advantages should be retained.

The Bayes PPM builds on extant PPM specifications with more accurate probability
estimates, properly calibrated uncertainty intervals, and a valid model that can support
statistical inference with AR data. For a single-day-focused enumeration like the decen-
nial census, this yields more trustworthy probability estimates for operations. For broader

applications, such as expansive research programs like the Demographic Frame, the Bayes
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PPM facilitates more robust longitudinal analyses that can now include more reliable es-
timates of uncertainty across such analyses. This also applies to demographic insights for
subpopulations and smaller geographic units, which are often underrepresented or less reli-
ably captured by survey operations. Bayes PPM enhancements pave the way for more robust
demographic forecasting and policy analysis, supporting both immediate enumeration efforts
and longer-term research objectives.

Following (National Academies of Sciences, Engineering, and Medicine, 2023) recommen-
dations, we started by simulating a data set with characteristics as similar as possible to
the data used to fit the Binary PPM, generated outcomes from known parameters, and
demonstrated that our method/implementation recovered the true parameters of interest.
Our simulation shows that the Binary PPM and Two Stage PPM methods led to tractable
approximations of the full generative model, but failed to recover the characteristics of the
underlying data generating mechanism. We demonstrated the viability of a simple Bayes
PPM specification with simulated data, but a more robust evaluation with real-world data
should be carried out in the future.

There are sources of variability not fully addressed by our data simulation, particularly
differences in the timing of source data updates and the seasonality inherent in certain data
sources, such as IRS filings concentrated around April each year. While the Bayes PPM
specification accounts for the baseline association and the rate of change from this base-
line, our simulation does not explicitly model variability in the timing of source updates.
To address this in practice, predictor variable codings should be designed to align with the
least frequent update schedule among all sources. This ensures that the linear slope pa-
rameters, which capture differences in the baseline associations for source indicators, remain
comparable across all sources by operating on a consistent temporal scale.

The Binary PPM leads to a fast approximation to the mean probabilities. However,
this approximation to the data generating process leads to critical limitations that can only
be overcome by a more robust model specification. The Bayes PPM specification recov-

ers the correct probabilities, associated uncertainty, and interpretable probabilities without
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post-processing. By addressing the Binary PPM limitations and providing a more flexible
and accurate representation of the data, Bayes PPM offers one approach to more robust

demographic estimates and administrative records-based research.
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Chapter 5
CONCLUSION

5.1 Contributions to Research

This dissertation makes several contributions to statistical demography, particularly in the
areas of migration forecasting and demographic estimation.

In Chapter 2, a Bayesian hierarchical model is introduced for forecasting global bilateral
migration flows among the 200 most populous countries. This model leverages historical
data to produce well-calibrated probabilistic projections of migration flows, accounting for
uncertainty. The model’s appeal lies in its focus on the population at risk of migration,
separating outflow and inflow model components to enable parallel processing, and pooling
information among 39,800 bilateral flows to overcome the challenge of having only a few
periods of data. These insights led to improved predictive accuracy and uncertainty intervals
compared to existing models. This advancement provides policymakers and researchers with
a more reliable method for understanding and forecasting international migration patterns.

Chapter 3 addresses the critical gap in migration modeling by incorporating the role
of population age structure in forecasting migration flows. The Migration Age Structure
Index (MASI) is introduced as a novel method for adjusting net migration rates based on
the age distribution of past and future populations. By accounting for the varying migration
propensity across different age groups, the MASI offers a novel single-number summary of the
whole force of migration distribution over time. Removing variation in historic and forecast
migration rates using the MASI reduces net migration forecast uncertainty and surprisingly
showed that current projections of steep population contraction are somewhat overstated.

Chapter 4 develops the Bayesian Person-Place Model (Bayes PPM) for improving resi-

dency estimation using administrative records, addressing the limitations of existing models
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and providing a robust statistical foundation for demographic analyses. This model enhances
the accuracy of demographic estimates and the reliability of uncertainty intervals, making
it particularly valuable for population estimation in countries without population registers.
The Bayes PPM offers a much more robust model as for countries expanding their use of
administrative records to enhance intercensal population estimation, improve current sur-
vey and census operations, or even transition to an administrative record first enumeration

design for certain subgroups or writ large.

Collectively, these contributions advance the state of the art in migration forecasting and
demographic estimation, providing new methods to improve the accuracy and reliability of

population estimates and projections.

5.2 Future Work

This dissertation addresses fundamental challenges in migration forecasting and residency

imputation. Many directions, however, were left unexplored.

Migration Flow Forecasting The Bayesian Flow Model provides well-calibrated prob-
abilistic forecasts based on 5-year bilateral flow estimates among the 200 largest countries.
While these forecasts improve on the alternative methods, forecasts were generally concen-
trated around the long-term mean flow between two countries with wide uncertainty inter-
vals. This is reassuring in some ways, but the Bayesian Flow Model offered no mechanism
to integrate information within a period to sharpen the forecast. Furthermore, the Bayesian
Flow Model does not include any predictor variables to help reduce forecast uncertainty in
origin country outflow magnitudes or changes in destination country desirability or policy
changes that could increase or constrain flows. Furthermore, the 5-year intervals may prove
less helpful to near-term decisions. Future research should address these constraints as they
make forecasts more timely and better reflect regional shifts in migration propensity due to

economic, political, or environmental changes/shocks.
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Age-Standardized Migration Forecasting The age-standardized net migration fore-
casts used a single Rogers & Castro-like migration age schedule for all countries outside of
Gulf Cooperation Council (GCC) countries and calculate the MASI for inflows in terms of
the global age distribution. These are both sensible in light of the slow rate of change in
the population age structure and unknown changes in the origin country composition far
in the future. However, calculating the MASI in terms of country-specific in-migration age

schedules and the age composition of likely origin countries could offer further benefits.

Residency Imputation While the Bayesian Person-Place Model (Bayes PPM) shows
promising results using simulated data, future research should apply this model to real-world
administrative records to validate its performance in operational settings. The computational
complexity of the Bayes PPM limits its scalability when applied to large datasets. Future
work could focus on optimizing the model for use with much larger administrative record
data sets. More sophisticated model specifications should also be explored for the None
category assignment. This dissertation only focused on the probability of the None category
in terms of the number of unique administrative records addresses observed for an individual,
but higher fidelity model specifications should be explored.

These areas represent exciting opportunities for further advancing migration forecasting
and demographic estimation, contributing to more flexible policymaking tools in an increas-

ingly complex global landscape.
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Appendix A

APPENDICES TO CHAPTER 3

A.1 Proof of Theorem

Theorem 2. Consider a population that has the same age-specific out-migration rates as
country i in period t, but a different population age distribution given by 7}, ,. Then this

population has out-migration rate

OMR!, = OMR o Mipa OMPia (A.1)
we v Za T t,a OMRi,t,a . .
If both populations have the same age-specific pattern of migration rates, R,, then
) Ci
OMR;, = OMR; ;—*, (A.2)

Cz,t

where Ciy =Y Ti1alRq is the migration age structure index (MASI).

Proof. Starting from the definition of OMR, 4,

Oi

OMR,;; = =— (definition of OMR)
(RIS
Oi a pz a .
= _uba o Zubet (OMR disaggregated by age)
a Pi,t7a,+ ]Di7t,+,+
OMR; ¢,

=Gt (Multiplication by Gi’t) )

Git

X T t.a
Gig

(A.3)
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*
it

The same derivation applies to OMR;,, implying that

MR,
OMR; ¥ (A.4)

fa— .
OMR’i,t —_— G%t G X i,t,a‘
it

a

Rearranging OMR;; in terms of G;; and substituting the equation into (A.4) yields the

desired result:

OMRZ a’ﬂ';k a
2o haiba (A.5)
Za OMRi,t,aﬂ—i,t,a

OMR}, = OMR;

Multiplying (A.5) by g—z, assuming the same R, = OMR;;,/G;; in both populations, and
applying the definition of R,, we obtain
Za Raﬂ-;(,t,a Ci*,t

St = OMR (A.6)

OMR], = OMR,, e
it

as desired. This concludes the proof. O
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A.2 Historic Net Migration into In- and Out-migration Model Validation

Table A.1 presents the mean absolute error (MAE), scaled by 1,000, for in-migration rates
(IMR) and out-migration rates (OMR) across six 5-year periods. Both IMR and OMR show
the lowest MAE in the mid-range periods (1995-2000 for IMR at 3.222 and 2000-2005 for
OMR at 3.677) and the highest in 2015-2020 (8.178 for IMR and 8.151 for OMR). The
errors are similar during 2005-2015 but increase in the later periods, indicating lower model

accuracy in the last period.

Table A.1: Mixed effects model (1) mean absolute error (MAE) x 1,000 of in- and out-
migration rates for all countries over all 5-year periods.

1990-1995 1995-2000 2000-2005 2005-2010 2010-2015 2015-2020

IMR 4.806 3.222 4.138 3.542 5.431 8.178
OMR 5.547 3.294 3.677 3.542 5.434 8.151

Table A.2 presents the root mean squared error (RMSE), scaled by 1,000, for in- and out-
migration rates (IMR and OMR) across six 5-year periods. Similar to the MAE findings,
the RMSE for both IMR and OMR is lowest in the mid-range periods (1995-2000 for IMR
at 5.560 and 2005-2010 for OMR at 5.742) and highest in 2015-2020 (14.784 for IMR and
14.753 for OMR). A notable spike is observed in IMR RMSE during 2000-2005 (11.413),
while OMR also exhibits elevated values in 1990-1995 (11.949). Across most periods, OMR
tends to have slightly higher RMSE than IMR, particularly in earlier years, though the
two metrics converge in 2005-2015. Overall, the RMSE trends align closely with the MAE
results, showing lower errors in mid-range periods and higher uncertainty in the earlier and
later periods.

Figure A.1 shows the autocorrelation function (ACF) plot for the IMR residuals (IMRg; —
IMRgps) from model (1) for each country for 5-year periods during 1990-2020. While some
ACF estimates fall far from zero, none of fell beyond the 95% confidence region shown by

the blue dashed lines (approximately + 0.8). This suggests no significant autocorrelation
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Table A.2: Mixed effects model (1) root mean squared error (RMSE) x 1,000 of in- and
out-migration rates for all countries over all 5-year periods.

1990-1995 1995-2000 2000-2005 2005-2010 2010-2015 2015-2020

IMR 7.733 5.560 11.413 5.741 9.313 14.784
OMR 11.949 6.273 9.600 5.742 9.314 14.753

in the residuals at any lag, supporting the assumption of model adequacy in capturing the

temporal dynamics of IMR for all countries.
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Figure A.1: Model (1) autocorrelation function (ACF) estimates for IMR g —IMRps residuals
in each country over the 5-year periods during 1990-2020 with 95% standard error estimate
(blue dashed line) over all possible lag values. Grey horizontal dashed line denotes the
ACF=0 value.



139

Figure A.2 shows the distribution of model (1) IMR residuals against the observed net
migration rate (NMR) for 5-year periods from 1990 to 2020. Point sizes correspond to each
country’s population at the start of the period, and colors indicate United Nations (UN)
areas. Qatar (QAT) and Kuwait (KWT) consistently exhibit the largest residuals from
1990-1995 through 2010-2015, while Eritrea (ERI) stands out in the 2000-2005 period. For
2010-2020, Luxembourg (LUX) shows significant residuals, along with Iceland (ISL), Malta
(MLT), and Aruba (ABW) in 2015-2020. These outliers contribute to the higher errors
summarized in Tables A.1 and A.2 for the 20152020 period. For all other countries and
periods, IMR residuals remain close to zero across observed NMR. values.

Figure A.3 shows the distribution of model (1) IMR residuals against the observed fitted
IMR values for 5-year periods from 1990 to 2020, with point colors representing United
Nations (UN) areas. A Locally Estimated Scatterplot Smoothing (LOESS) curve, a non-
parametric regression method for revealing trends without assuming a global functional form
(Cleveland, 1979), is shown as a solid blue line in Figure A.3. The LOESS curve remains
close to zero for most countries and periods, indicating small residuals and good model
performance in these cases. However, significant deviations are observed for three Gulf
Cooperation Council (GCC) countries—Bahrain (BHR), United Arab Emirates (ARE), and
Qatar (QAT)—during the first four periods (1990-2015). These large residuals suggest that
model (1) struggled to account for departures in these GCC countries during this time frame,
despite performing well in other contexts.

Figure A.4 shows the distribution of model (1) IMR residuals for 5-year periods from
1990 to 2020 for countries in each UN area. Dashed horizontal grey lines represent IMRyg; —
IMRgps = 0. The residuals generally have a mean close to zero and appear systematic across
most regions, except for European countries during the 2015-2020 period. In this period, the
residuals for Europe show a leftward skew, indicating that fitted IMR values are substantially
larger than observed values in several European countries.

These evaluations indicate that model (1) performs well overall, with residuals for in-

migration rates (IMR) and out-migration rates (OMR) generally small and distributed
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Figure A.2: Model (1) residuals by observed net migration rate (NMReps) for 5-year periods
over 1990-2020 (first year of period shown on left vertical axis). Point sizes denote the size of
each country’s population at the start of the period. Point colors denote the United Nations

area designation. Grey horizontal dashed lines denote IMRg; — IMRgs = 0.
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around zero across most countries and periods. Both the mean absolute error (MAE) and
root mean squared error (RMSE) are lowest during the mid-range periods (1995-2000 and
2005-2010), but errors increase significantly in the earlier (1990-1995) and later periods
(2015-2020), reflecting higher model uncertainty during these times. However, notable re-
gional outliers emerge, particularly among Gulf Cooperation Council (GCC) countries, such
as Qatar, United Arab Emirates, and Bahrain, where residuals are consistently large from
1990 to 2015. Additionally, European countries exhibit leftward-skewed residuals during the
2015-2020 period, with fitted IMR values systematically exceeding observed values. While
the model captures general trends effectively, as shown by residual distributions and LOESS
curves remaining close to zero in most contexts, these regional anomalies suggest potential
unmodeled factors or structural differences that the model fails to account for in specific re-
gions and timeframes. Despite its simplicity, model (1) demonstrates robustness across most
contexts but has limitations in explaining migration patterns in certain regions or periods.

The figures on the following pages compare the IMR and OMR estimates from model (1)
for each country with the IMR and OMR values derived from the pseudo-Bayes estimates
by Abel & Cohen (2019), based on the World Population Prospects (WPP) 2019 revision
(United Nations. Department of Economic and Social Affairs, 2019). Each country has three
plots:

o (left) WPP 2019-derived NMR for 5-year periods from 1950 to 2020

e (middle) IMR values for 1990-2020 derived from Abel & Cohen (2019) and model (1)
IMR estimates for 1950-2020

e (right) OMR values for 1990-2020 derived from Abel & Cohen (2019) and model (1)
OMR estimates for 1950-2020

Dashed black lines represent the WPP 2019 observations for NMR and the pseudo-Bayes
IMR and OMR estimates from Abel & Cohen (2019). Solid blue lines indicate the IMR and
OMR estimates from model (1) for all 5-year periods between 1950 and 2020.
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Model (1) aligns closely with the estimates from Abel & Cohen (2019) when the solid blue
lines and dashed black lines overlap during 1990-2020. Deviations between the two indicate
departures from model (1) that remain unexplained. Model (1) estimates for 1950-1990 are
based solely on WPP 2019 NMR observations, as there are no corresponding 5-year IMR

and OMR values available for comparison during this earlier period.
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Figure A.5: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the

observed migration rates used for the estimation. Migration flow estimates are shown at the

midpoint of each 5-year period.
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Figure A.6: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the

observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.7: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.8: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.9: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the

observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.10: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the

midpoint of each 5-year period.
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Figure A.11: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the

midpoint of each 5-year period.
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Figure A.12: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.13: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.



154

Dem. Republic of the Congo (COD)
Net Flow Rate

Inflow Rate
1.5

Outflow Rate
1.5 1.5
1 M 1 1
1
05 SN 05 05 >
04 —=="" =S 0 0
-0.5 v V) -0.5 -0.5
_l T T ‘I T _1 T T T _1 T T T
1960 1980 2000 1960 1980 2000 1960 1980 2000
Congo (COG)
Net Flow Rate Inflow Rate Outflow Rate
0.1 o 0.1
P /, '
Pid ‘ “
0 e o 0
1960 1980 2000 1960 1980 2000 1960 1980 2000
Colombia (COL)
Net Flow Rate Inflow Rate Outflow Rate
2 2 , 2
15 15 ' 15
1 , 1 1 ,
05 i 05 05 =
0 — 0 0
-05 bbbt o -05 : : : -05 : : :
1960 1980 2000 1960 1980 2000 1960 1980 2000
Comoros (COM)
Net Flow Rate Inflow Rate Outflow Rate
0.021 0.021 0.021
0.01 0.01 /_//\// 0.01
01~ — 0 0+
\\ - _l \- --" ~ N
-0.01 ' The---- -0.01 4 ' ' ' -0.01 4 ' ' '
1960 1980 2000 1960 1980 2000 1960 1980 2000

Figure A.14: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the

observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.



Net Flow Rate

Cabo Verde (CPV)
Inflow Rate

0.04 0.04
0.02 S e
0 — — 0
—002{ NN ) -0.02
v
1960 1980 2000 1960 1980 2000
Costa Rica (CRI)
Net Flow Rate Inflow Rate
0.15 0.15
0.1 . 01
0.05 RS 0.05
01— _-- = T T 0 T T T
1960 1980 2000 1960 1980 2000
Cuba (CUB)
Net Flow Rate Inflow Rate
0.4 0.4
0.2 02 L
—/_’?-—-'—
0] - 0
-0.2 NN -02
1960 1980 2000 1960 1980 2000
Curacao (CUW)
Net Flow Rate Inflow Rate
0.02- 0.02-
0.011 0.011
01 01

1990 1995 2000 2005 2010 2015

1990 1995 2000 2005 2010 2015

155

Outflow Rate

2000

0.04
0.02

1980

1960

Outflow Rate

0.15
0.1

0.05

1960 1980 2000

Outflow Rate
0.4

0.2 -

1960 1980 2000

Outflow Rate

0.02 1 N

0.01 1

0.
1990 1995 2000 2005 2010 201t

Figure A.15: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.16: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the

observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.17: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.18: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the

observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.19: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the

midpoint of each 5-year period.
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Figure A.20: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.21: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.22: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.23: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the

midpoint of each 5-year period.
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Figure A.24: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.25: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the

midpoint of each 5-year period.
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Figure A.26: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the

midpoint of each 5-year period.
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Figure A.27: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.28: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.29: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the

midpoint of each 5-year period.
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Figure A.30: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.31: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.32: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the

midpoint of each 5-year period.
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Figure A.33: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.34: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the

midpoint of each 5-year period.
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Figure A.35: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the

observed migration rates used for the estimation. Migration flow estimates are shown at the

midpoint of each 5-year period.
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Figure A.36: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the

observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.



Net Flow Rate

Mayotte (MYT)
Inflow Rate

0.015 0.015

0.01 Y 0.01
/7 ‘\
0.005 RSN 0.005
0 see S 0
1960 1980 2000 1960 1980 2000
Namibia (NAM)
Net Flow Rate Inflow Rate
0.05 0.05 A
N
l' \\ "
0 T l' ‘-\ . - \ 0
\ N -_ \
N ’ L7
-0.05 , — , -0.05 , , ,
1960 1980 2000 1960 1980 2000
New Caledonia (NCL)
Net Flow Rate Inflow Rate
0.01 0.01
0.005 I 0.005
l»’\\[' \‘ II \.’~"

0{ . 0

1960 1980 2000

Net Flow Rate

0.1

(e

1960 1980 2000

Niger (NER)
Inflow Rate

—0.1+ T T T
1960 1980 2000

1960 1980 2000

177

Outflow Rate
0.015

0.01

0.005

1960 1980 2000

Outflow Rate

0.05

-0.05

1960 1980 2000

Outflow Rate

0.01

0.005 e

1960 1980 2000

Outflow Rate

1960 1980 2000

Figure A.37: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the

midpoint of each 5-year period.
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Figure A.38: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the

observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.39: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the

midpoint of each 5-year period.
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Figure A.40: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the

midpoint of each 5-year period.
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Figure A.41: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.42: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the

midpoint of each 5-year period.
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Figure A.43: Observed net migration (left column), decomposed into in-migration (middle

column), and out-migration rates (right column), on the scale of annual migrants per thou-

sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the

midpoint of each 5-year period.
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Figure A.44: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the

midpoint of each 5-year period.
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Figure A.45: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the

midpoint of each 5-year period.
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Figure A.46: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.47: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the

midpoint of each 5-year period.
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Figure A.48: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the

midpoint of each 5-year period.
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Figure A.49: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the

midpoint of each 5-year period.
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Figure A.50: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.51: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.52: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.53: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the
observed migration rates used for the estimation. Migration flow estimates are shown at the
midpoint of each 5-year period.
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Figure A.54: Observed net migration (left column), decomposed into in-migration (middle
column), and out-migration rates (right column), on the scale of annual migrants per thou-
sand people. Solid blue lines show the model-based estimates. Dashed black lines show the

observed migration rates used for the estimation. Migration flow estimates are shown at the

midpoint of each 5-year period.
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A.3 Forecast Summaries by United Nations Area

Figure A.55 shows the world and regional forecasts using the age-agnostic and age-standardized
migration forecast models. World forecasts of population are indistinguishable, which makes
sense as both methods use the same fertility and mortality models. Differences in the median
age-standardized migration forecasts are most pronounced in countries aging faster or more
slowly than the global average rate of aging. Furthermore, age-standardized prediction inter-
vals are generally narrower than age-agnostic intervals since variation in past net migration
rates attributable to population age structure is removed in the age-standardized forecasts.
Africa’s population forecast by the end of the century is lower under the age-standardized
model compared to the agnostic migration model. This makes sense because the force of
migration associated with population age structure in many African countries is forecast to
far exceed the global median for most of the remainder of the century. As a result, long-
term forecasts that ignore population age structure for many countries in Africa are slightly
overstated compared to the age standardized migration model. End-of-century median pop-
ulation forecasts for all other regions are higher using the age-standardized migration model.
The most pronounced differences are for Europe and North America. Age-standardized
prediction intervals for Europe and North America lie within the age-agnostic prediction
intervals. The most extreme population declines in Europe and Latin America are less likely
under the age-standardized model. Migration forecasts from the age-standardized model are
lowered by aging populations in both regions. The most extreme population growth and
decline trajectories in North America are less likely under the age-standardized model.
Table A.3 details the differences in the population forecasts using the age-standardized

and age-agnostic migration forecasting methods shown in Figure A.55.
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Figure A.55: Probabilistic forecast of population (millions of people) by region. Forecasts use
probabilistic net migration (m—=age-standardized and m—age-agnostic), fertility, and mortality.

Solid lines indicate the median forecast.

Dashed lines indicate the observed population.

Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Table A.3: Median population and net migration forecasts at the end of the century by
United Nations Area and the world using age-standardized (S) and age-agnostic (A) mi-
gration forecasting in millions of people along with the net difference (S-A) and percent

difference 100x% %.

UN Area Measure S A S-A 100x=2 %
Africa population 4142.6  4231.3 -88.7 -2.0
net migration -10.5 -6.3  -4.3 68.0
Asia population 4880.3  4806.0 74.4 2.0
net migration 0.1 -1.2 1.3 -109.0
Europe population 631.6 621.8 9.8 2.0
net migration 3.4 2.8 0.7 24.0
Latin America population 694.4 668.3  26.2 4.0
& the Caribbean  net migration 0.7 -1.4 2.1 -153.0
Northern America population 439.3 434.6 4.6 1.0
net migration 4.4 3.9 0.5 12.0
Oceania population 65.1 62.6 2.5 4.0
net migration 0.4 0.2 0.2 132.0
World population 10863.3 10884.4 -21.1 0.0
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A.4 Forecast Quantile Data

File age standardized_forecast data.csv includes net migration and population forecast

quantiles for five-year-periods starting in 2020-2025 through 2095-2100. Table A.4 sum-

marizes each column of the data set.

Table A.4: Age-standardized migration forecast quantile summary data dictionary.

country code (character) 3-digit ISO 3166 numeric country code

iso

name
year(
pop0_ 10
pop0_ 50
pop0_90
net_ 10

net 50

net 90

(character) 3-letter ISO 3166 country abbreviation

ISO 3166 country name

(integer) First year of the five-year forecast period

(numeric) 10% quantile age-standardized population forecast at the
start of the period in thousands

(numeric) 50% quantile age-standardized population forecast at the
start of the period in thousands

(numeric) 90% quantile age-standardized population forecast at the
start of the period in thousands

(numeric) 10% quantile age-standardized net migration forecast for the
period starting in year0 in thousands

(numeric) 10% quantile age-standardized net migration forecast for the
period starting in year0 in thousands

(numeric) 10% quantile age-standardized net migration forecast for the
period starting in year0 in thousands
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A.5 Age-Standardized Migration Implementation

Computer codes that implement the age-standardized migration method are available on
GitHub: https://github.com/ngwelch/migAge. Modifications to the bayesPop (éevéikové
& Raftery, 2016b) package can be found in the bayesPopAge directory of the repository.
Codes in the sre directory execute all methods described in the manuscript using a combina-
tion of bash and R (R Core Team, 2021) scripts. Age-standardized migration forecasts were
generated with restricted access fertility and mortality files to enhance comparisons to the
published WPP 2019 (United Nations. Department of Economic and Social Affairs, 2019)
population projections. To generate new forecasts, users must specify (or remove to use
default settings) references to the following bayesPopAge pop.predict function input setting
tfr.sim.dir, eOF.sim.dir, eOM.sim.dir, mighMl, migF, patterns. All other data required to exe-
cute the age-specific migration forecasting method are publically available within the WPP
2019 United Nations. Department of Economic and Social Affairs (2019) and from Abel &
Cohen (2019).


https://github.com/ngwelch/migAge
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A.6 Country-level Forecasts Through 2100

Forecast summaries through 2100 for each country are shown on the following pages. Fore-
casts for some countries were much different from the age-agnostic and /or WPP 2019 forecast.
The discussion below highlights the most extreme forecast differences and offers explanations
for the sources of the differences where necessary.

Using the Rogers & Castro-like migration age schedule rather than a net migration age
schedule approach reduced uncertainty in the population age structure for many countries,

including:
e Cape Verde

Western Sahara

Equatorial Guinea

e Reunion

All GCC countries (Bahrain, Kuwait, Oman, Qatar, Saudi Arabia, United Arab Emi-

rates).

Furthermore, age-standardized method leads to less net out-migration from Western Sa-
hara than the age-agnostic method, bringing the age-standardized forecast into line with the
WPP 2019 forecast and reducing the wide uncertainty in the age-agnostic forecast.

The age-standardized migration method led to much narrower prediction intervals for
Luxembourg compared to the age-agnostic method. Median forecasts for both the age-
agnostic and age-standardized methods are similar and slightly higher than the WPP 2019
forecast.

The Maldives 2020 population age structure bears striking similarities to the migrant
worker dominated populations of the GCC countries. Both the age-agnostic and age-standardized

methods imply that the large population of working-age males will remain in the Maldives
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and age in place, which may not be appropriate. However, the WPP 2019 forecast reverses
the large influx of migrant workers in the next period. All three methods lead to a similar
median population age distributions by 2100.

Long-term migration trends in Puerto Rico were disrupted in September 2017 by two
Category 5 hurricanes that hit the island as many weeks. The scale of damages and slow
recovery from Hurricanes Irma and Maria help explain the massive departure in 2015-2020
in Puerto Rico’s long-term net migration trend (Acosta et al., 2020; Currie, 2022). As US
citizens, Puerto Rican migration from the US Territory to other parts of the United States
presents a much lower barrier compared to international migration. The WPP 2019 forecast
suggests large net out-migration in 2015-2020 will reverse to net in-migration in 2020-2025.
Both the age-standardized and age-agnostic models indicate a much slower return to the
long-term net-migration trend.

Age-standardized migration forecasts for GCC countries indicates sustained net positive
migration through 2100 while the age-agnostic forecast has many more negative net migration
trajectories. The age-standardized forecast leads to sustained population growth in the
United Arab Emirates (ARE) and Qatar (QAT') compared to the WPP 2019 and age-agnostic
methods. Age-standardized forecasts for Bahrain (BHR), Kuwait (KWT), Oman (OMN),
and Saudi Arabia (SAU) are also higher than the other methods, but resulting population
differences by 2100 are less extreme in these cases. Population age structure in GCC countries
is universally more plausible using the age-standardized approach compared to the age-
agnostic method. The age-standardized population age structure forecast is also more similar
to the WPP 2019 forecasts in GCC countries. Sustained net positive migration in GCC
countries using the age-standardized method is consistent with the historic net positive
migration trend in those countries. Age-standardized migration forecasts continue the more
recent trend in population growth in GCC countries, but sustained population growth in
the United Arab Emirates and Qatar through 2100 suggests additional refinements to the
age-standardized forecasting method may be justified in these cases.

The migration shock in Ukraine resulting from Russia’s 2022 invasion in Ukraine fell after
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the last period of observed demographic data. All forecasts for Ukraine fail to account for
the unprecedented net out-migration due to Russia’s invasion. As of December 31, 2023,
the United Nations High Commission for Refugees estimated that approximately 6,357,100
Ukrainians sought asylum due to the war (United Nations High Commissioner for Refugees,
n.d.). This estimate alone would land Ukraine’s 2020-2025 net out migration rate around
-28.6 migrants per 1000 people annually—well below the 10% quantile forecast of -1.5. Sec-
ondary impacts such as increased mortality and lower fertility will also substantially alter
Ukraine’s population forecast. While these impacts can be integrated in future forecasts, it
is too early to account for the full scale of the war with the data currently available. Further-
more, it is impossible to anticipate the rate at which asylum seekers who fled the war zone
will return to Ukraine after the war concludes. The forecast for Ukraine will undoubtably
change drastically after reliable data from the 2020-2025 period become available.

Finally, none of these forecasts account for the effects of the global COVID-19 pan-
demic. The World Health Organization classified COVID-19 as a global pandemic on March
11, 2020 (Shiraef et al., 2021). The pandemic subsequently disrupted economic and de-
mographic norms around the world. Most international borders closed to all movement—
including migration—for most of 2020 (Shiraef et al., 2021). While migration was not pos-
sible during this time, the usual forces that motivate people to move across international
boundaries surely did not evaporate completely (Lerpold et al., 2023). The full effect of
the pandemic will emerge once 2020-2025 (and perhaps 2025-2030) data are integrated into
long-term forecasts. When the full impact of the 2020 pandemic emerges in the data, then

our methods will integrate those effects in new forecasts.
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Figure A.56: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.57: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.58: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.59: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.60: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Argentina (ARG, 32)
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Figure A.61: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Armenia (ARM, 51)
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Figure A.62: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Antigua and Barbuda (ATG, 28)
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Figure A.63: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Australia (AUS, 36)
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Figure A.64: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.65: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.66: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.67: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.68: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Benin (BEN, 204)
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Figure A.69: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Burkina Faso (BFA, 854)
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Figure A.70: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Bangladesh (BGD, 50)
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Figure A.71: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.72: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Bahrain (BHR, 48)
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Figure A.73: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Bahamas (BHS, 44)
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Figure A.74: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Bosnia and Herzegovina (BIH, 70)
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Figure A.75: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Belarus (BLR, 112)
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Figure A.76: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Belize (BLZ, 84)
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Figure A.77: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Bolivia, Plurinational State Of (BOL, 68)
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Figure A.78: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Brazil (BRA, 76)
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Figure A.79: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.



227

Barbados (BRB, 52)
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Figure A.80: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Brunei Darussalam (BRN, 96)
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Figure A.81: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Bhutan (BTN, 64)
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Figure A.82: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.



Botswana (BWA, 72)
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Figure A.83: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Central African Republic (CAF, 140)
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Figure A.84: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Canada (CAN, 124)
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Figure A.85: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Switzerland (CHE, 756)
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Figure A.86: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Chile (CHL, 152)
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Figure A.87: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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China (CHN, 156)
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Figure A.88: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Cote Dlvoire (CIV, 384)
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Figure A.89: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Cameroon (CMR, 120)
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Figure A.90: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Congo, The Democratic Republic Of The (COD, 180)
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Figure A.91: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Congo (COG, 178)
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Figure A.92: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Colombia (COL, 170)
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Figure A.93: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Comoros (COM, 174)
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Figure A.94: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Cape Verde (CPV, 132)
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Figure A.95: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.



Costa Rica (CRI, 188)
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Figure A.96: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Cuba (CUB, 192)
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Figure A.97: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Curacao (CUW, 531)
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Figure A.98: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Cyprus (CYP, 196)

.
g
O

1950 2000 2050 2100

o [

[<2] N
?.FIIIIIIIIIIIIIIIIIIO
FENNOGORBUTIIOIONN000XOO00O
A e e

101

Migration Rate
I
N
o o
(T'X.IJ'IIIIIIIIIIIIIIIIIIIO
NGO RIUTONNDI00S00
A e

1950 2000 2050 2100

=
3
L

Population

=
L

0.5

?{IIIIIIIIIIIIIIIIIIIO
FENN\OGORBUTUIOIO~NN000XOXO00O
NONONONONONONONONONO+
A A e

1950 2000 2050 2100 5 3 1 1 3 5
Year Percent of Population

Il Country Ratio [l World Ratio Il Agnostic Il Standardized Il WPP 2019

Figure A.99: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Czech Republic (CZE, 203)
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Figure A.100: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Germany (DEU, 276)
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Figure A.101: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Djibouti (DJI, 262)
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Figure A.102: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Denmark (DNK, 208)
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Figure A.103: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Dominican Republic (DOM, 214)
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Figure A.104: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Algeria (DZA, 12)
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Figure A.105: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Ecuador (ECU, 218)
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Figure A.106: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Egypt (EGY, 818)
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Figure A.107: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Eritrea (ERI, 232)
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Figure A.108: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.



Western Sahara (ESH, 732)

QO I TITITITITITITITIO

256

male female

| | F=ININOLOBBOTIINONSD00XX0O
A e e

AT I TITITITITITITITIO

151
121
g
g
2 0.9 7@@\
O
061
1950 2000 2050 2100
50
E
©
o
5 o —
g
2
=
_50-
1950 2000 2050 2100
124
g.
c
=}
£ 6
Q.
o
a
N vﬁ
0.

| 1 E=NNOOR U0 ~NS000XXX00O
A A A A

QO I TITITITITITITITIO

1950 2000 2050 2100
Year

| | F=ININOOBBOTIIOY NS00
A A e

3 1 1 3 5 7
male female
2100
3 1 1 3 5 7

Percent of Population

Il Country Ratio [l World Ratio Il Agnostic Il Standardized Il WPP 2019

Figure A.109: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Spain (ESP, 724)
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Figure A.110: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Estonia (EST, 233)
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Figure A.111: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Ethiopia (ETH, 231)
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Figure A.112: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Finland (FIN, 246)
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Figure A.113: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Fiii (FJ1, 242)
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Figure A.114: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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France (FRA, 250)
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Figure A.115: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Micronesia, Federated States Of (FSM, 583)
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Figure A.116: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Gabon (GAB, 266)
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Figure A.117: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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United Kingdom (GBR, 826)
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Figure A.118: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.



Georgia (GEO, 268)
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Figure A.119: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Ghana (GHA, 288)
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Figure A.120: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Guinea (GIN, 324)
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Figure A.121: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Guadeloupe (GLP, 312)
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Figure A.122: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Gambia (GMB, 270)
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Figure A.123: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Guinea—Bissau (GNB, 624)
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Figure A.124: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Equatorial Guinea (GNQ, 226)
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Figure A.125: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Greece (GRC, 300)
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Figure A.126: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Grenada (GRD, 308)
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Figure A.127: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Guatemala (GTM, 320)
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Figure A.128: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.129: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.



277

Guam (GUM, 316)
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Figure A.130: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.



278

Guyana (GUY, 328)
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Figure A.131: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Hong Kong (HKG, 344)
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Figure A.132: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Honduras (HND, 340)
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Figure A.133: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Croatia (HRV, 191)
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Figure A.134: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Haiti (HTI, 332)
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Figure A.135: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Hungary (HUN, 348)
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Figure A.136: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Indonesia (IDN, 360)
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Figure A.137: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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India (IND, 356)
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Figure A.138: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Ireland (IRL, 372)
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Figure A.139: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Iran, Islamic Republic Of (IRN, 364)
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Figure A.140: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Iraq (IRQ, 368)
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Figure A.141: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Iceland (ISL, 352)
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Figure A.142: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Israel (ISR, 376)
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Figure A.143: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Italy (ITA, 380)
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Figure A.144: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Jamaica (JAM, 388)
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Figure A.145: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Jordan (JOR, 400)
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Figure A.146: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.147: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Kazakhstan (KAZ, 398)
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Figure A.148: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Kenya (KEN, 404)
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Figure A.149: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Kyrgyzstan (KGZ, 417)
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Figure A.150: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Cambodia (KHM, 116)
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Figure A.151: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Kiribati (KIR, 296)
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Figure A.152: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Korea, Republic of (KOR, 410)
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Figure A.153: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.154: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Lao Peoples Democratic Republic (LAO, 418)
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Figure A.155: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Lebanon (LBN, 422)
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Figure A.156: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Liberia (LBR, 430)
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Figure A.157: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.



Libyan Arab Jamabhiriya (LBY, 434)
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Figure A.158: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Saint Lucia (LCA, 662)
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Figure A.159: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Sri Lanka (LKA, 144)
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Figure A.160: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Lesotho (LSO, 426)
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Figure A.161: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Lithuania (LTU, 440)

1.51 g +E female
1.2 —191
£ 0.9 24 ]
o 44
0.61 241
1950 2000 2050 2100 5 3 1 1 3 5
00+ 4
991 male female
10 -5 1
® —191
g —£4 ]
g —09 1
f= — | -
g o0; -~ -54 1 2050
= — 47 1
= 37 ]
1] 5
1950 2000 2050 2100 6 2 2 0 2 4 6
00+ 1
—99 1 male female
3 821
c — 421
S —64
g 2 D2 1 2100
g —291
a — B
1 =591
6 4 2 0 2 4 6

1950 2000 2050 2100
Year Percent of Population

Il Country Ratio [l World Ratio Il Agnostic Il Standardized Il WPP 2019

Figure A.162: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Luxembourg (LUX, 442)
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Figure A.163: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Latvia (LVA, 428)
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Figure A.164: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Macao (MAC, 446)
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Figure A.165: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Morocco (MAR, 504)
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Figure A.166: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Moldova, Republic of (MDA, 498)
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Figure A.167: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Madagascar (MDG, 450)
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Figure A.168: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Maldives (MDV, 462)
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Figure A.169: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Mexico (MEX, 484)
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Figure A.170: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Macedonia, the Former Yugoslav Republic Of (MKD, 807)
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Figure A.171: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.172: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Malta (MLT, 470)
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Figure A.173: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Myanmar (MMR, 104)
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Figure A.174: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Montenegro (MNE, 499)
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Figure A.175: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Mongolia (MNG, 496)
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Figure A.176: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Mozambique (MOZ, 508)
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Figure A.177: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Mauritania (MRT, 478)
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Figure A.178: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Martinique (MTQ, 474)
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Figure A.179: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Mauritius (MUS, 480)
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Figure A.180: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Malawi (MWI, 454)
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Figure A.181: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Malaysia (MYS, 458)
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Figure A.182: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Mayotte (MYT, 175)
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Figure A.183: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Namibia (NAM, 516)
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Figure A.184: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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New Caledonia (NCL, 540)
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Figure A.185: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.186: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.



334

Nigeria (NGA, 566)
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Figure A.187: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Nicaragua (NIC, 558)
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Figure A.188: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Netherlands (NLD, 528)
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Figure A.189: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Norway (NOR, 578)
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Figure A.190: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Nepal (NPL, 524)
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Figure A.191: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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New Zealand (NZL, 554)
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Figure A.192: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Oman (OMN, 512)
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Figure A.193: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Pakistan (PAK, 586)
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Figure A.194: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Panama (PAN, 591)
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Figure A.195: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Peru (PER, 604)
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Figure A.196: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Philippines (PHL, 608)
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Figure A.197: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Papua New Guinea (PNG, 598)
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Figure A.198: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Poland (POL, 616)
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Figure A.199: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Puerto Rico (PRI, 630)
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Figure A.200: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Korea, Democratic Peoples Republic Of (PRK, 408)
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Figure A.201: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Portugal (PRT, 620)
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Figure A.202: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Paraguay (PRY, 600)
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Figure A.203: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Palestinian Territory, Occupied (PSE, 275)
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Figure A.204: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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French Polynesia (PYF, 258)
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Figure A.205: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Qatar (QAT, 634)
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Figure A.206: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Reunion (REU, 638)
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Figure A.207: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Romania (ROU, 642)
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Figure A.208: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.



356

Russian Federation (RUS, 643)
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Figure A.209: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Rwanda (RWA, 646)
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Figure A.210: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.211: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Sudan (SDN, 729)
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Figure A.212: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Senegal (SEN, 686)
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Figure A.213: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Singapore (SGP, 702)
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Figure A.214: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Solomon Islands (SLB, 90)
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Figure A.215: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Sierra Leone (SLE, 694)
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Figure A.216: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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El Salvador (SLV, 222)
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Figure A.217: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Somalia (SOM, 706)
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Figure A.218: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Serbia (SRB, 688)
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Figure A.219: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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South Sudan (SSD, 728)
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Figure A.220: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Sao Tome and Principe (STP, 678)
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Figure A.221: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Suriname (SUR, 740)
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Figure A.222: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Slovakia (SVK, 703)
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Figure A.223: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Slovenia (SVN, 705)
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Figure A.224: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Sweden (SWE, 752)
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Figure A.225: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Swaziland (SWZ, 748)
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Figure A.226: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Seychelles (SYC, 690)
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Figure A.227: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Syrian Arab Republic (SYR, 760)
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Figure A.228: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Chad (TCD, 148)
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Figure A.229: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Togo (TGO, 768)
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Figure A.230: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Thailand (THA, 764)
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Figure A.231: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Tajikistan (TJK, 762)
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Figure A.232: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Turkmenistan (TKM, 795)
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Figure A.233: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Timor-Leste (TLS, 626)
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Figure A.234: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Tonga (TON, 776)
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Figure A.235: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Trinidad and Tobago (TTO, 780)
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Figure A.236: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Tunisia (TUN, 788)
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Figure A.237: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Turkey (TUR, 792)
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Figure A.238: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.



386
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Figure A.239: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.240: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.241: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Uruguay (URY, 858)
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Figure A.242: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.243: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Uzbekistan (UZB, 860)
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Figure A.244: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Saint Vincent And The Grenedines (VCT, 670)
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Figure A.245: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.246: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Virgin Islands, U.S. (VIR, 850)
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Figure A.247: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Viet Nam (VNM, 704)
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Figure A.248: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Vanuatu (VUT, 548)
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Figure A.249: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.250: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.251: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.252: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.253: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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Figure A.254: Left Column: Probabilistic forecasts of 2020 base-year Migration Age Struc-
ture Index (MASI) for each country (m) and the globe (m), age-standardized and age-agnostic
net migration rate (net annual migrants per thousand), and population (millions of people)
through 2100. Right Column: Observed and forecast population age pyramids for 2020,
2050, and 2100 using age-standardized or age-agnostic migration method. Forecasts use
probabilistic age-standardized net migration (m), probabilistic age-agnostic net migration
(m), fertility, and mortality. Solid lines in each plot indicate the observed and median fore-
casts. World Population Prospects (WPP 2019) net migration and population forecasts (m).
Shaded regions show the 80% prediction interval. Forecasts start in the 2020-2025 period.
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