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Abstract

Existing models of country-level net migration ignore the effect of population age dis-
tribution on past and projected migration rates. We propose a method to estimate and
forecast international net migration rates for the 200 most populous countries, taking
account of changes in population age structure. We use age-standardized estimates of
country-level net migration rates and in-migration rates over quinquennial periods from
1990 through 2020 to decompose past net migration rates into in-migration rates and
out-migration rates. We then recalculate historic migration rates on a scale that removes
the influence of the population age distribution. This is done by scaling past and pro-
jected migration rates in terms of a reference population and period using a quantity
we call the migration age structure index (MASI). We use a Bayesian hierarchical model
to generate joint probabilistic forecasts of net migration rates over 5-year periods for all
countries through 2100. We find that accounting for population age structure in historic
and forecast net migration rates leads to narrower prediction intervals by the end of the
century for most countries. Furthermore, accounting for population age structure leads
to less out-migration among countries with rapidly aging populations that are forecast
to contract most rapidly by the end of the century. This leads to less drastic population
declines than are forecast without accounting for population age structure.

keywords: migration, probabilistic, population, projection, forecast



1 Introduction

Preparations for the next great demographic era are underway around the world (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 work-
force (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 effec-
tive 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 account-
ing for past and projected shifts in the population age structure.

The article is organized as follows. Section 2 reviews the existing work that is foun-
dational to our study. Section 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 4. Then Section 5 summarizes differences
between population forecasts with and without accounting for population age structure
in the migration component of the forecasts. We conclude in Section 6 with a discussion
of the contributions and limitations of our approach.

2 Background

Rogers & Castro (1981) identified a consistent pattern in the age profile of out-migrants
and proposed a model migration age schedule. Even though modern migration estima-
tion 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 pop-
ulation age-structure is ignored. Specifically, it was argued that ignoring the limited num-
ber of migration-age individuals in Poland and future population aging contributed to
unrealistically 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 migra-
tion rates obscures the underlying population dynamics. They proposed an adjusted net
migration 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
challenges 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 & Tgnnessen (2021) incorporate the age profiles of people from three groups
of origin countries to project Norwegian migration inflows through 2100. They find that
incorporating 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., 2015; Yu et
al., 2023). Azose et al. (2016) 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
structure 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
similarly, 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.

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 method-
ological innovations 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, 2013; Azose & Raftery, 2019). Abel & Cohen (2019) found
that the pseudo-Bayes method of Azose & Raftery (2019) to estimate bilateral migration
flows led to the most accurate migration estimates among several extant methods. Unfor-
tunately, 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 migration 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, 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.

We fit a model, described in Section 3, to the 1990-2020 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
Nations (UN) uses all-age net migration as part of the basis for its population projections
for all countries (United Nations, 2019). The WPP 2024 (United Nations, 2024) replaced
a deterministic projection net migration method with the probabilistic approach of Azose
& Raftery (2015). However, neither the UN’s deterministic approach nor the probabilis-
tic approach of Azose & Raftery (2015) takes account of historic or future changes in
population age structure.

We propose to modify the approach of Azose & Raftery (2015) to account for pop-
ulation 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 disag-
gregated 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
developing 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 out to be very simple, relying on a quantity we call the migration
age structure index (MASI). We extend this to in-migration, and hence to net migration.
Finally we apply the probabilistic forecasting method of Azose & Raftery (2015) to the
age-standardized net migration rates, and input the resulting forecasts to the overall



probabilistic population projection method.

Table 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 ”+4” subscript in place of an index value denotes the marginal
sum over that index.

Table 1: Notation for migration age-standardized migration method.

Oi Integer-valued outflow from origin 4 in period starting with year ¢
Oita Integer-valued outflow from origin 4 in period starting with year ¢
of age group a—(a + 4)
Lt Integer-valued inflow to destination 4 in period starting with year ¢
N;y Integer-valued net migrant flow in country ¢ in period starting with year ¢
Pitas Integer-valued population of origin ¢ at the start of period t for age group

a-(a +4) and sex s € {male, female}
Pty Integer-valued population of origin ¢ at the start of period ¢

P+ Integer-valued population of origin ¢ at risk of migration over period ¢ to t + 5,
defined as P 1454+ + — Ny

OMR;; =04/ Jf’i,t7+,+. Out-migration rate for country ¢ in the period starting in year ¢

OMR; ;. = Oi7t,a/f’i7t,a7+. Out-migration rate for country ¢, period starting in
year t and age group a

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

IMR; ¢ = i,t/]52-7t,+,+. In-migration rate for period starting in year ¢t and country

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

Tit,a = ~2-71;,(174_/ Y Jsi,tﬂ#. Share of population from age group « in period ¢

Tt Reference population age distribution for country ¢ in period ¢

R, Reference migration age schedule normalized so that ) R, =1

Cit = >, Ramitqa. The migration age structure index (MASI), a scalar accounting

for the population and migrant age structure in the migration rate at
time ¢ for country i

C, = > i a RaTita. MASI for the world at time ¢

OMR;; = OMR;; X Cjpaseline/Cit- Age-standardized out-migration rate
IMR;, = IMR; 4 X Chaseline/Ct- Age-standardized in-migration rate
NMR;, = IMR;t — OMth. Age-standardized net migration rate

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 19902020 in-migration
rate, IMR;;, to the net migration rate, NMR;;, for each country ¢ over these six 5-year
periods, ¢, from 1990 through 2020. Our mixed-effects model is defined as follows:

IMR;; = Bo;i + B1 max (NMR; 1, 0) + €;4,
Bo,i ~ Normal (ﬁo, afetween) ,
i+ ~ Normal (O, Jﬁ)ithm) : (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, fy;, are drawn from a distribution with global mean, 3,. The
difference in a country’s random intercept from the global mean, 3y, 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 implementa-
tion in the Imej R package implementation (Bates et al., 2015). Starting with NMR, ;, the
estimated mean in-migration rate is IMR; ; = f;+ 1 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 1 summarizes the 1990-2020 data, model fit, and association between estimated
and actual country-level migration flow rates. Points in Figure 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 NMR,;; < 0 portion of the domain, the country-specific intercept, fy;, of model 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 (; per unit
increase in NMR; ;. The global mean model in-migration rate is shown by the blue line
in Figure 1(a).

Many observations in Figure 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
relationship (Cleveland, 1979). In this context, agreement between the LOESS line and
the mean of model (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 fy; 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;; obser-
vations 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 1(a) shows two examples of country-specific average association be-
tween 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 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?* = (.98 is notable considering the simplicity of model (1). The agreement between
fitted and observed out-migration rates in Figure 1(c) is lower with R? = 0.91, but is
still strong. Taken together, Figures 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.

Figure 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
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Figure 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.

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 (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 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



United States of America (USA)

Net Flow Rate Inflow Rate Outflow Rate
10 10
ll\
’ \\
5 ST 5
ol : : 0 : : : 0 : : :
1960 1980 2000 1960 1980 2000 1960 1980 2000
Germany (DEU)
Net Flow Rate Inflow Rate Outflow Rate
K
4 4 / 4
- . TS .
2 SN y 2 2 7
= /I AN ’ .
- Se_ 7 N
of-—" - - 0 : : : 0 : : :
1960 1980 2000 1960 1980 2000 1960 1980 2000
Turkey (TUR)
Net Flow Rate Inflow Rate Outflow Rate
3 3 3
2 2 2
RN
1 ~~
1 ! 1 1 _ ¢
! S ’
b _
/
04 —==coooo e 0 0
1960 1980 2000 1960 1980 2000 1960 1980 2000
Saudi Arabia (SAU)
Net Flow Rate Inflow Rate Outflow Rate
3 3 3
2 2 2 .
1 N PR N | 1 7N
o ----°-- s ~ 0 0
<
1960 1980 2000 1960 1980 2000 1960 1980 2000

I Model Il Observed

Figure 2: Observed net migration (left column), decomposed into in-migration (mid-
dle column), 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.

into in-migration and out-migration rates.

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 (1). However, model (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.



Age Standardization of In- and Out-migration Rates

The net migration rate, NMR, ;, for country ¢ over period ¢t-t+5 is defined as the difference
between the in-migration rate, IMR;;, and out-migration rate, OMR, ;:
N; I, — O;
NMR;; = IMR;; — OMR;y = —— = —-——*.
ity Pit++

(2)

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, ]52-7t,+,+ = P i15++ — Niy, as the population of country 7 at the
end of the period starting in year ¢ 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 (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 (Sevéikové
& Raftery, 2016).

Historic net migration rate estimates are not disaggregated by age for most coun-
tries, 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 pe-
riods. Migration age patterns are known to be relatively consistent over time and country
of origin (Rogers & Castro, 1981), but, as Rogers (1990) discussed, the rate defined in
equation (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.

Let ;1 o denote the population in age group a as a proportion of the total population
in country ¢ at time ¢, namely

Pi,t,a,-‘r (3)
Za B,t,a,+

Since the origin population of inflows to country 7 consists of every country other than ¢
in period ¢, we approximate the proportion of the global population in age group a by

T t,a =

P . . .
= ~ +’t7a7+ — —
7Tt7a ~ Where P+7t7a7+ = E Pi,t,a,s and P—i—,t,-}—,-i— = E H7t7a75 . (4)
b4+ 1,8 1,5,

Rogers & Castro (1981) introduced the concept of the Gross Migraproduction Rate
(GMR) for country i and period ¢, defined as G;; = >, OMR;;,, where OMR;;, rep-
resents the out-migration rate for country ¢ over period ¢t 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 migra-
tion to be largely concentrated among people aged 15-35 and their dependent children,
peaking in the twenties, as pointed out by Rogers & Castro (1981). They also proposed



a parametric model for this pattern, the famous Rogers-Castro curve. As an approxima-
tion, we thus consider the situation where this ratio is constant over time and space, so
that OMR; /G, = R, for all i,t, where ) R, = 1. Under this assumption, the quan-
tity 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:

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 77, ,. Then this
population has out-migration rate

Za WZt,a OMRi»tﬂ (5)
Za Tit.a OMRi,t,a ‘

OMR;, = OMR;,

If both populations have the same age-specific pattern of migration rates, R,, then

*
i?

. Cs,
OMR;, = OMR, 5", (6)
it

where C;y =Y T 1o Rq is the migration age structure index (MASI).

This indicates that one can age-standardize the out-migration rate to a given reference
population using equation (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 ¢ 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 par-
ticular year. In this article, 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 in period ¢, and scale the migration rate in terms of the
2020 reference population:

IMR?, = IMRZ-,t@
) Ct
* Ci,2020
OMR;; = OMR;,— (7)
7,t

)

where C; denotes the MASI for the world at time ¢.

This implies that the age-standardized net migration rate is given by NMR], =
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

10



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 (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. (2016). 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 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
(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: Age-standardized net migration rate process diagram showing the net migration
rate decomposition method (top left), Migration Age Standardization Index (MASI) cal-
culation 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

11



the age-standardized net migration rates, NMR;,, for all countries 7 and for ¢ from 1950
through 2020, using the 2020 population age structures as the baseline population, as
shown in Section 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
(2015). The top level of this Bayesian hierarchical model for the age-standardized net
migration rate for country ¢ in time period ¢ is as follows.

Lovel 1 { (NMR;, — 1) = 6 (NMRf, = 1) + i -

& ~ Normal (0,9?)

Table 2 defines each term in Level 1 of the net migration rate model.

Table 2: Notation for Level 1 of Azose & Raftery (2015) net migration rate model.

NMRZt Age-standardized net migration rate for country ¢ for period starting in year t

i Theoretical long-term average migration rate for country

i Autoregressive parameter for age-standardized net migration rate for country 4
&it Normally distributed random deviation term

%2 Variance of random deviations for country i

Hyperparameter values for this model required no adjustment since the default spec-
ifications were broadly defined and our specification of the net rate is on the same scale
as that of Azose & Raftery (2015). 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@, gbgj), wf(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, 2019). Our migration forecasting method builds on the approaches
of Azose & Raftery (2015) and Azose et al. (2016), with 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. (2016), and our
probabilistic age-standardized migration method.

For each future trajectory j € {1,...,J}, we independently project the population for
each country 7 by 5-year age group a through a + 4 and sex s for year t + 5, assuming no
migration. A total of 21 age groups are included with age bins [0,5), [5,9), ..., [95,100),
[100, oo). The resulting projection, lf’i(’zl&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.
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We then mdependently generate an age-standardized net migration rate for the pe-
riod t-t + 5, NMR” , by sampling from the previously estimated Bayesian hierarchical
model of Azose & Raftery (2015). 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, OMR” , using the country-specific posterior predictive
mean derived from model (1). Note that age-standardized coefficients for model (1), 55
and f7, are estimated 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 calcu-
lated as

IMRY = 87, + 3 max <NMR:(tj), 0) . 9)
The corresponding out-migration rate for the period starting in year ¢ is given by
OMR;Y) = IMR;?) — NMR; Y. (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
population age structure:

IMR;) = IMR;Y x € /Cam.
OMRY; = OMR;{ x €1} /Ci0m. )

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. (2016), and by age using a Rogers-Castro-like migration age
schedule. This yields the total inflow to country ¢ in period t—t + 5 for age grou a and
sex s for trajectory 7, denoted Ilia s+ Out-migration counts by age and sex, oY are
calculated similarly.

While a Rogers-Castro-like age schedule is suitable for out-migration in most coun-
tries, 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 employed on temporary visas, typically lasting two years or less, with little op-
portunity for long-term residency or citizenship. As these workers depart and are replaced
by new arrivals, the overall age structure of the population remains relatively stable de-
spite 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-migration rates, these modifications better capture the dynamics of GCC migra-
tion and yield more plausible forecasts of population and migration trends through 2100
compared to using the approach used for all other countries.

1,t,a,8°
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Rebalancing global inflows and outflows each period was necessary to maintain global
net-zero migration. While Azose & Raftery (2015) and Azose et al. (2016) 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 spec-
ifying 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.

The global rebalancing procedure is as follows. Let [ﬂ 0. and szs denote the ;'
inflow count and net migration count trajectories before global rebalancing, respectively,
for country 4, period t—t + 5, age group a—a + 4, and sex s. Then the adjusted inflow and
outflow counts were calculated as

O 70) P,
J _ 70 J _ uha&Ss
[z',t,a,s - [i,t,a,s —w Z Nk7t7a78 Ek p(]) ’

keK eK ~ kjt,a,s
() G v () P '(i)
Oz]t a,s Oz,Jt,a s 1 - U}) Z k?t,a,s ’—’J(j)’ (12)
keK keK Pk,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 ¢ during ¢t + 5 given by N, 0 =9

i,t,a,s i,t,a,s
Olta . As in Azose & Raftery (2015), these adjustments led to minimal changes to the
raw forecasts.
We then recalculated the balanced age-standardized net migration rate, NMRM ,

*(J) _ [z’(,Jt?+,+ S () Oz(,]t),+,+ ()
NMRM = —_— G) X Czogo/ct — | == G) X Oi’QOQ()/CLt , (13)
4,t+5,+,+ i,t4+5,4,+

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(,ﬁ—S,a,s = F)i(,ffzi-&a s Nz(zi ,a,8) (14)

before moving to the next forecast period.

4 Validation

Age-standardized forecast efficacy was evaluated in terms of out-of-sample performance.
Figure 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 (effectively the current UN method) for every period, the age-agnostic
method of Azose et al. (2016), 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
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population for each country, while columns correspond to the four countries. Prediction
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 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 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 peo-
ple), 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 mor-
tality. 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.

Age-standardized and age-agnostic forecasts largely agree with one another since pop-
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ulation 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
structure (2000 in this case) by definition. When the global MASI ratio exceeds the
country-level MASI 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 base-
line 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 sup-
ply 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 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
MASTI 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.
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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 (1) with only one period of in-migration
and out-migration rate data.

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 ¢, and 7;; the true net migration rate. The LMAE is defined as
follows:

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

1 y>0
sign(y) =<0 y=0
-1 y<0
| 20
LMAE, = 200 ; [U(fie) — U(rie)]- (15)

We used ¢ = 1. The LMAE formulation prevents large errors in a few forecasts from
dominating the error metric.

The MASE, recommended by Hyndman & Koehler (2006), evaluates forecast perfor-
mance 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 so—sg + 5, is defined as

1 200
200x T}, Zi:l Z{to}k ’Ti,to+5(k—1) - fi7t0+5(k—1)‘

MASE, = 560
2001xsk Zz‘:1 Z{so}k |7”z‘,so+5k - Ti,so|

(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), {to}1 = {2000, 2005,2010, 2015}, 71 = 4, {so}1 = {1950,1955,...,1990}, and
S1 = 9. For the k = 4 four-period-ahead forecast, {to}4 = {2000}, T}, = 1, {so}s =
{1950, 1955, ...,1975}, and Sy = 6.

Forecast calibration was evaluated in terms of 95% prediction interval coverage and
average prediction half-interval width. A well-calibrated model’s 95% prediction intervals
should include approximately 95% of the true net migration rate observations. Intervals
containing fewer than 95% of true values are too narrow, underestimating forecast varia-
tion, while those containing more than 95% are too wide, overestimating variation. The
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prediction half-interval width is half the difference between the upper and lower pre-
diction 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. Both coverage calculations are approximations

Table 3 summarizes out-of-sample predictive performance of the age-standardized,
age-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.

Table 3: Mean predictive performance of different methods for net migration rate (mi-
grants 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

The age-standardized and the age-agnostic model accuracy were similar across all
horizons, 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 undercoverage 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, 2016), while the age-standardized model was implemented
using a custom implementation of the bayesPop R package.
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5 Results

Figure 5 summarizes probabilistic population forecasts in four countries using the age-
agnostic migration model from Azose et al. (2016), the population forecasts using the age-
standardized migration model, and the projections from the WPP 2019 (United Nations,
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.
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Figure 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 ob-
served and median forecast. Shaded regions show the 80% prediction interval. Forecasts
start in the 2020-2025 period.

The MASI ratios in the first row of Figure 5 summarize the differences in the pop-
ulation age structure from the 2020 baseline for each country (green) compared to the
population 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 South Africa generally follow the global aging trend.
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When the country-level MASI ratio is similar to the global ratio, the median net
migration 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 di-
verge. 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 sim-
ilar 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) inter-
vals. 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 (2015) 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 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 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 fore-
cast 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.

Figure 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 median population forecast and prediction interval. The UN WPP 2019 popula-
tion 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.

Figure 6 presents past and median forecast MASI ratios for the globe and selected
countries 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 provides 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
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periods and countries.
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Figure 6: Historic and median country-level forecasts of MASI ratios for 2020 baseline
by region compared to the world.

Figure 6 shows that the median population age structure forecasts in Western coun-
tries 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 (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.
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Age-standardized migration forecasts result in less severe population declines in coun-
tries facing significant demographic challenges. Figure 7 highlights the age index, net
migration, and population forecasts for large countries expected to experience drastic
population contractions by 2100.

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.
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Figure 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 fore-
cast of population (in millions) age-standardized and age-agnostic (bottom row) for Sin-
gapore, 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 indi-
cate the observed and median forecast. Shaded regions show the 80% prediction interval.
Forecasts start in the 2020-2025 period.

Figure 8 shows the population forecast differences by 2100 for each country across
three different migration models: age-agnostic and age-standardized probabilistic fore-

casts and the deterministic method from WPP 2019. Each point shows the deviation
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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 fore-
cast 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.
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Figure 8: Three-way comparison of median 2100 population forecasts using age-
standardized migration model, age-agnostic migration model, and median WPP 2019
forecast. 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.

Figure 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
population growth in GCC countries.

While the age-standardized forecasts are higher than the age-agnostic forecasts, the
resulting population age structures in most GCC countries are more plausible and closely
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align with WPP 2019 projections.

6 Discussion

The link between migration and age is well established, yet few forecasting methods
explicitly 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 & Sevéikovd (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
research. 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 migration corridors. Out-of-sample validation supports the reasonableness of this ap-
proximation.

We do not account for uncertainty in historic migration flow estimates used to calcu-
late age-standardized net migration rates. The posterior predictive mean from model (1)
was used to decompose net migration rates into in- and out-migration rates, as using the
full posterior distribution added significant computational complexity without improving
validation metrics or forecasts. Additionally, we apply a standard Rogers-Castro mi-
gration age schedule 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, 2015), address key challenges
of using net migration as the unit of analysis (Rogers, 1990), and provide a computation-
ally 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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