
Building Predictive Models to Forecast
Population Trends in Ireland for 2017 - 2021

MSc Research Project

Data Analytics

Tom Fitzgerald
x16103271

School of Computing

National College of Ireland

Supervisor: Vikas Sahni

www.ncirl.ie



National College of Ireland
Project Submission Sheet – 2017/2018

School of Computing

Student Name: Tom Fitzgerald
Student ID: x16103271
Programme: Data Analytics
Year: 2018
Module: MSc Research Project
Lecturer: Vikas Sahni
Submission Due
Date:

13/08/2018

Project Title: Building Predictive Models to Forecast Population Trends in
Ireland for 2017 - 2021

Word Count: 5,070

I hereby certify that the information contained in this (my submission) is information
pertaining to research I conducted for this project. All information other than my own
contribution will be fully referenced and listed in the relevant bibliography section at the
rear of the project.

ALL internet material must be referenced in the bibliography section. Students
are encouraged to use the Harvard Referencing Standard supplied by the Library. To
use other author’s written or electronic work is illegal (plagiarism) and may result in
disciplinary action. Students may be required to undergo a viva (oral examination) if
there is suspicion about the validity of their submitted work.

Signature:

Date: 15th September 2018

PLEASE READ THE FOLLOWING INSTRUCTIONS:
1. Please attach a completed copy of this sheet to each project (including multiple copies).
2. You must ensure that you retain a HARD COPY of ALL projects, both for
your own reference and in case a project is lost or mislaid. It is not sufficient to keep
a copy on computer. Please do not bind projects or place in covers unless specifically
requested.
3. Assignments that are submitted to the Programme Coordinator office must be placed
into the assignment box located outside the office.

Office Use Only
Signature:

Date:
Penalty Applied (if
applicable):



Building Predictive Models to Forecast Population
Trends in Ireland for 2017 - 2021

Tom Fitzgerald
x16103271

MSc Research Project in Data Analytics

13th August 2018

Abstract

This research explores how to improve the accuracy of population forecasts
in Ireland. Population projections underpin strategic national policy across key
areas including infrastructure, health, education and housing. Census data shows
that net migration is a major driver of Ireland’s population trends. It has also
proven to be highly volatile and difficult to predict. This research identifies and
gathers pertinent official economic, financial, migration and demographic data, and
using a Principal Component Analysis, establishes fifteen key determinants for net
migration. These are used as inputs for an ARIMA forecasting model, which when
tested against actual historic data, outperforms previous official predictions. This
model is then extended to forecast net migration for the five-year period 2017 to
2021.

1 Introduction

Population projections underpin key strategic policy objectives for Ireland’s future al-
location of resources. Ireland’s high level strategic national planning framework, Project
Ireland 2040, sets out to shape future growth and development to the year 2040 based on
official population projections, Dept. of Housing Planning & Local Government (2018).
Likewise, the National Development Plan 2018 - 2027, Government of Ireland (2018)
sets out the investment priorities of e 116 billion over the next decade based on these
population projections. This highlights the necessity for accuracy in forecasting future
populations projections.

The background and literature review section of this paper examine recent population
trends within Ireland. This research identifies net migration as a major component behind
recent population change in Ireland and how a failure to accurately predict net migration
trends has undermined previous population projections, Timoney (2012). An exploration
of contemporary international research in this area informs the identification of some of
the key drivers behind net migration.

The methodology section outlines the approach taken to examine and forecast net
migration in Ireland. A CRISP-DM methodolgy is employed. Official data within an
Irish context is gathered for internationally established drivers of net migration.
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Furthermore, this research identifies and collates data on pertinent new candidate
predictor variables from official datasets across a range of economic, social and migratory
factors. All variables identified are analysed using a Principal Component Analysis (PCA)
factor reduction technique, which then informs a range of time series models.

The implementation section is in two stages.
Firstly, the PCA is performed upon the full set of predictor variables examined, which

determines fifteen key variables.
These fifteen variable identified in the PCA are then used as input predictor variables

for the target variable of net migration across a range of time series models.
In the evaluation section, the results of these models are compared against actual

historic data for the period 2014 to 2016. This is done across a range of established
statistical criteria for evaluating population and time series forecasts. This process clearly
demonstrates an ARIMA (0,1,0) model as the best performing model. It is then extended
to forecast future net migration within Ireland for the five-year period 2017 to 2021.

The conclusion discusses how this research addresses its aim of providing a more
accurate means of predicting future population trends for net migration. It examines the
inherent strengths and weaknesses of the approach used. Future areas and applications
that may be explored are discussed including the possibilities and benefits to be gleamed
from more granular examinations of net migration trends.

This paper and its findings were presented by the author at the European Network of
Housing Research Conference 2018, in Uppsala, Sweden, as part of the Housing Market
Dynamics workshop ,European Network for Housing Research (2018). The paper will be
published on the conference website.

1.1 Background

Net migration has played a significant role in the annual population change within Ireland
for the period from 1995 to 2016, as shown in Figure 1. This role was particularly acute
during Irelands economic boom, when at its peak in 2007, it was responsible for nearly
three quarters of the annual population change, Gilmartin (2012).

Figure 1: Annual Population Change by Component 1995 - 2016

Furthermore, not only is net migration a major component behind population change
within Ireland, but it is acknowledged as the most volatile aspect, Shaw (2007). Unlike

2



the components of natural population increase; fertility and mortality, it is less linked
to population trends, and more aligned to economic factors. Whereas historical data
on births and deaths are based on official registration systems, migration data entails
a degree of estimation and hence have a greater inherent degree of error. In fact, the
consistent historical poor estimation of population growth within Ireland has been due
to a failure to predict the net migration component, Dignan (2010).

Table 1, shows how the actual net migration figures compare to the Irish Central
Statistics Office (CSO) M1 scenario projections made in 2002, 2008 and 2013.

Table 1: Actual Versus Official Predicted Net Migration, 2002 - 2016

The composition of net migration has also seen significant change, with migrants from
the ten EU accession states in 2004 being the main driver of immigration during the eco-
nomic boom up to 2007, Barrell et al. (2007). This trend has subsequently subsided. The
volatile nature of net migration in Ireland over the period 1995 to 2016 is demonstrated
in Figure 2 below.

Figure 2: Immigration, Emigration and Net Migration in Ireland, 1995 - 2016

The time period of the graph contains the twin challenges in predicting net migration;
shifting economic circumstances and changing trends, Dignan (2010).
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It is therefore imperative for future planning to try and improve our ability to predict
future net migration, and minimise the associated uncertainty. To do so requires an
understanding of the main drivers behind it. This is a universal issue, and as such there
is a significant body of research work conducted in this area, which is discussed in the
next section, the literature review.

2 Review of Literature

Demographic projection models are a very important tool for informing policymakers
plans in key areas, including education, infrastructure, health care and housing, Dignan
(2010). As such, a great deal of research exists in this area, seeking to continuously im-
prove the prediction efforts of such models. The United Nations is at the forefront of this
research, and since 2014, they publish population projections for all nations to 2100 using
the cohort component projection model, United Nations, Department of Economic and
Social Affairs (2017). This model is also that which the CSO employ for their projections.
Both Alkema et al. (2015) and Dignan (2010) examine the areas of uncertainty across
the key components of the model.

The cohort component demographic projection model can be summarised as follows:

Projected Population = Current Population + births - deaths + net migration

Within Ireland, Census Data provides accurate data for the base population figure. In
his study, Dignan (2010) examines population projection models produced by both UK
and Irish government agencies, emphasising the uncertainty due to previous migration
projections. In a study of fifty years of official UK population predictions, Shaw (2007)
also examined this area, and notes that shorter term predictions are far less susceptible
to uncertainty, particularly in relation to migration. This research has therefore limited
its scope to net migration over a five year period, at which point new Census data will be
available to corroborate its findings. In his analysis, Dignan (2010) identifies two main
sources of uncertainty from past Irish models, changing trends and changing economic
circumstances.

The use of multiple scenarios by the CSO acknowledges the inherent uncertainty in-
volved in any attempt at population prediction. The CSO’s latest population predictions
for 2017 to 2051 (CSO, 2018) account for three future net migration scenarios; M1, M2,
and M3. M1, the high net migration projection is for net inward migration of thirty thou-
sand per annum over the period, with M2 at twenty thousand, and M3 at ten thousand,
Central Statistics Office (2018).

In their study on migration within the EU, including Ireland, Moral-pajares and
Jiménez-jiménez (2014) examine the economic pull factors which help determine the
choice of destination for migrants. The pull factors examined are; GDP per head of
population and the unemployment rate. A high GDP is shown to act as the greatest
pull factor. Data for Ireland over the period, which includes the economic recession,
shows the highest fluctuation in net migration of any of the fifteen countries studied,
highlighting how exposed the Irish economy is to international economic turbulence.
This fact is corroborated by Duffy et al. (2014) in their study which highlights the huge
part migration has played as a component in populations trends within Ireland. This is
particularly noticeable during periods of economic volatility, where migration has been
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the main factor driving population change within Ireland.
Serious consideration in this research is given to economic pull factors which are

accepted among researchers as having a major role in migration trends, including Arnott
and Chaves (2012). Indeed, Thomas Ng et al. (2008) attempt to predict population
trends in Hong Kong based solely on ten economic indicators. In a small market driven
economy like Ireland, recent history has shown that economic factors do play a major
part is determining net migration.

3 Methodology

The aim of the project was to improve population forecasts. This is to be achieved by
building a model to provide a more accurate means of predicting future net migration in
Ireland for the five-year period 2017 to 2021, than current official estimates.

The CRISP-DM methodology was used as the overarching framework for research.
This methodology is accepted as international best practice in conducting data mining
and modelling studies, Wirth (2000). The process diagram for this approach is shown
below in Figure 3.

Figure 3: CRISP-DM Process Diagram

This methodology involves six stages which are iterative, thus enabling a continuous
refinement of the model. The stages involved are: business understanding, data under-
standing, data preparation, modelling, evaluation and deployment.

The literature review forms the basis for the business understanding and initial data
understanding stages, enabling insights into the drivers behind net migration in Ireland
and elsewhere. This stage helped identify key datasets required for the project.

A further aspect of the data understanding stage and a key consideration of the study
was the availability of historic data within Ireland. In attempting to identify the key
indicator variables for net migration in Ireland, official data was gathered for a wide
range of potential candidate variables, covering migratory, social and economic factors
for the period 1995 to 2016.

This study collects data on key variables identified in previous international research
within an Irish context. Migrant data sources, such as those identified in the U.K.
by Lymperopoulou (2018) were sought for Ireland. In addition, an extensive search of
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official datasets allows for the inclusion and examination of new variables not previously
considered but shown here to be beneficial.

New datasets examined as part of this research include data published by the CSO
on the numbers employed across a range of diverse sectors within Ireland. This study
examines data pertaining to the construction, agricultural, retail, manufacturing and ser-
vice sectors. Such sectors were identified by Fitzgerald (2014), as of particular economic
relevance during the period this research examines.

Key economic variables identified by previous international research are also examined
including the unemployment rate, GDP, GNP and stock and bond market performance
indicators. For the first time, a new Irish specific measure of national economic activity is
considered; modified Gross National Income, which attempts to control for globalisation
effects that are disproportionately impacting the measurement of the size of the Irish
economy, Central Statistics Office (2017b).

Other new datasets incorporated into this study include official figures from the De-
partment of Justice on the number of asylum applicants per year, and CSO data on the
number of trips made by people arriving to and departing from Ireland to visit relatives.
The latter proving to be indicative of net migration trends.

All datasets used were identified and gathered from official national and international
organisations, including the CSO, the Irish Department of Justice, Eurostat, the OECD
and the World Bank. Each dataset was extracted as a .csv file, and collated together in
Excel.

An initial exploratory analysis of some of the variables identified in international
research shows close relationships existing within an Irish context. This is shown in
Figures 4 and 5 which explore the correlation between the unemployment rate and net
migration within Ireland, and the employment rate of foreign nationals in key sectors and
net migration.

Figure 4: Net Migrations and Unemployment Rate, Ireland 1999 - 2016
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Figure 5: Yearly change in Net Migration and Foreign Nationals employed in key sectors

The modelling stage consisted of the combination of first undertaking a PCA on the
potential predictor variables identified.

In total over thirty potential indicator variables were examined. Such a high number
of variables can prove prohibitive in conducting any analysis and may undermine the
successful application of data modelling, Donoho (2000). A recognised method employed
to handle such a scenario is a PCA, which has the objective of reducing a data set to
a more manageable size while retaining as much of the original information as possible,
Constantin (2014).

The variables identified by the PCA, were used as the input predictor variable for
the target variable net migration across a range of regression and time series models,
including the ARIMA (Auto-Regressive Integrated Moving Average) model.

The ARIMA model, also known as the Box Jenkins Model, has been shown to be
beneficial for population forecasting as they provide prediction intervals to accompany
their point forecasts, Tayman et al. (2007).

An ARIMA model is classified as an ”ARIMA (p,d,q)” model, where the three para-
meters are:

p: the number of autoregressive terms,

d: the number of nonseasonal differences needed for stationarity, and

q: the number of lagged forecast errors in the prediction equation.

In the implementation of this research, a PCA was used to reduce the number of
variables examined, while an ARIMA (0,1,0) model was used to forecast future net mi-
gration.
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4 Implementation

4.1 Principal Component Analysis

In preparing and analysing the data, and implementing the PCA factor reduction tech-
nique, IBM SPSS Statistics Version 24 was used.

The basic premise behind a PCA is the identification of clusters of variables called
components that capture the most variance possible within the dataset, Wright et al.
(2009).

The numeric nature of all variables under consideration meant that no variable was
excluded as part of this analysis. This negated the inherent limitation of a PCA in
handling non-numeric data.

To facilitate the PCA, the variables were scaled to parameters, as recommended by
Wold et al. (1987). Datasets pertaining to number of persons were scaled to a base of
000’s. Figures relating to national income indicator such as GNI and GDP were scaled
to 000’s Million Euro.

The underlying mechanics of a PCA involves a least squares method, therefore outliers
can have a direct bearing on results (Wold, 1987). As such, outlier detection tests were
performed across all variables. This involved an analysis of z-scores and boxplots for all
variables, which are established best practice for univariate outlier detection, Seo and
Gary M. Marsh (2006). A few instances of outliers were found for measures of national
income. Given that one of the key aspects of this research was its use of actual official
data for Ireland, these outliers were not removed.

The PCA was performed using a Varimax rotation method. This is the most popular
rotation method and allows for a clear, easily interpreted solution as the components
identified have a small number of large loadings, Williams (2010).

The initial step of the PCA involves identifying the number of components which
need to be considered, an approach which is based on whether they have sufficiently
large eigenvalues. Table 2 give the breakdown of the variance explained by the first six
components. The first three components capture 88.7 per cent of the total variance, with
subsequent components demonstrating increasingly diminished returns.

Component % of Variance Cumulative %

1 52.0 52.0
2 22.9 74.9
3 13.8 88.7
4 3.8 92.6
5 2.5 95.1
6 1.8 96.9

Table 2 : Principal Component Analysis : Total Variance Explained by Component

A widely accepted means of determining the number of components to retain, is based
on the visual interpretation of plotting the eigenvalues against their ordinal numbers,
known as a scree plot, Kanyongo (2005) and Costello and Osborne (2005). The number
of factors to be retained is indicated by the number of eigenvalues above the point of
inflection, that is the point at which the line changes directions.
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Figure 6, plots the eigenvalues against their associated component, highlighting the
relevance of each component. The graph shows the point of inflection at component
number four. Using the established criterion outlined, the first three components require
further investigation.

Figure 6: Principal Component Analysis : Scree Plot of Eigenvalues

The findings of the rotated component matrix where either the negative of posit-
ive correlation values were greater than .75 (highly correlated) are shown in Table 3.
Component 1, which captures 52% of total variance, shows strong positive and negative
correlations for a range of variables, including those identified in previous research, such
as indicators relating to unemployment and the construction industry.

Component 2, which captures almost 23% of the variance, consists of a range of
indicators primarily concentrated on the numbers employed in certain sectors of the
economy, while Component 3, which captured 13% of total variance, consists mainly
of national economic indicators, and persons employed in the accommodation and food
service activities.

The national economic variables identified by the PCA in Component 3 demonstrate
a high degree of multicollinearity and as such this research focuses on the new modified
Gross National Income as a predictor variable. This new measurement of national income
was recommended by the Economic Statistics Review Group and is designed to exclude
globalisation effects that are disproportionately impacting the measurement of the size
of the Irish economy, Central Statistics Office (2017b). This indicator was created due
to the widespread practice of multinational companies’ moving balance sheets to Ireland,
causing GDP to rise by more the 26% in 2016, European Commission (2018).

It is therefore selected for modelling as it has been designed to the reduce the stat-
istical noise on such indicators within Ireland due to the presence of large multinational
corporation’s profits.
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Table 3 : Principal Component Analysis : Component Loading Breakdown with
positive or negative correlation greater than .75

4.2 Time Series Modelling

SPSS Modeler was used for the time-series forecasting. SPSS Modeler allows for the
building of a range of regression and time-series forecasting models, including ARIMA
and Exponential Smoothing models. It produces statistical analysis for each model on
which performance can be compared and evaluated.

4.2.1 Training and Testing Data

Following the PCA resulting in the reduction to fifteen key predictor variables, SPSS
Modeler was used to build a range of time-series models to examine their suitability for
predicting net migration in Ireland. Data was available for all fifteen variables from 2002
to 2016, a period of fifteen years.

To build and test the model a hold-out method was employed, with the data from 2002
to 2013 used as the training data to build models, which predicted net migration for the
three-year period 2014 to 2016. This was an 80% / 20% split. Both the hold-out method
and the split ratio are consistent with recommended practice in time series forecasting
Zhang (2003). This enabled the various models performance to be tested against actual
historic data.
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4.2.2 Model Design

The design of the time series models within SPSS Modeler is shown in Figure 7 below.
This design allowed for the data to be tested across a range of time series models. A
similar design was employed for the Auto Numeric modelling.

Figure 7: SPSS Modeler Design Overview

Following an evaluation of the performance of the range of models, the best perform-
ing model was then extended using the full dataset from 2002 to 2016, to forecast net
migration for the five-year period 2017 to 2021.

5 Evaluation

5.1 Model Selection

SPSS Modeler’s Auto-Numeric modelling node supports continuous numeric range out-
comes across a range of models. A general linear regression model was determined as
producing the best predictive outcome when tested against actual net migration data for
2014 to 2016.

The Expert Modeler Time Series feature within SPSS Modeler allows for a range of
ARIMA and Exponential Smoothing Models to be compared. Of the models evaluated
using this feature, an ARIMA model with parameters (0,1,0), proved to have the greatest
accuracy against actual data for 2014 to 2016.

The results of these two models are compared in the next subsection.

5.2 Comparison

The predicted net migration forecasts for the Linear Regression Model and the ARIMA
(0,1,0) models for the period 2014 to 2016 are shown in Table 4. Actual CSO M1 scen-
ario predictions for the period, Central Statistics Office (2013) are shown alongside for
comparison.
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The ARIMA model is the only one which captures the move from negative to positive
migration in 2015. The Linear Regression Model correctly forecasts negative net migra-
tion for 2014, but predicts an increase in negative net migration for 2015, when there was
actual positive net migration. The limitations of the static CSO M1 prediction can be
seen as it fails to capture the trend over the three years, one of the main challenges in
predicting net migration identified by Dignan (2010).

Year Net Migration ARIMA Linear Regression CSO M1

2014 -8.5 -3.0 -19.6 -19
2015 5.9 12.8 -30.8 -19
2016 16.2 28.5 -3.1 -19

Table 4: Actual Versus Predicted Net Migration, 2014 - 2016 (000’s)

A statistical evaluation of the results of the two models developed as part of this
research and official forecasts was conducted.

A range of statistical measures used for evaluating time-series forecasts were employed,
including the Mean Square Error (MSE), the Root Mean Square Error (RMSE) and the
Mean Absolute Percentage Error (MAPE).

The MAPE is an internationally recognised measure used in the prediction accuracy
of population projections. MAPE has been adjudged by Swanson et al. (2000) as being
a reliable and most informative measure of forecasting error in this field.

Table 5 gives a breakdown of these findings. The ARIMA model has a lower MSE
and RMSE than both the Linear Regression model and the CSO forecast. Furthermore,
it has a lower MAPE score.

The ARIMA model also has a higher linear correlation than the other forecasts.
The findings clearly demonstrate the ARIMA model outperforming both the Linear

Regression Model and the CSO M1 forecast against all evaluation criteria.

Measure ARIMA Linear Regression CSO M1

Min Error 5.5 11.1 10.5
Max Error 12.3 36.7 35.2

MSE 76.5 613.4 656.4
RMSE -8.7 24.7 25.6
MAPE .95 2.65 1.23

Linear Correlation .99 0.51 N/A

Table 5: Comparative Analysis of Model Performance against Historic Data, 2014 - 2016

On this basis, it was chosen as the model to use to extend the forecast of net migration
to 2017 to 2021.
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5.3 Forecasting Net Migration : 2017 to 2021

For this forecast, the ARIMA model was trained with the entire dataset from 2002 to
2016. The results of this forecast are shown below in Table 6. The model predicts a
year on year increase in net migration over the period, culminating in annual positive
net migration exceeding fifty thousand people in 2021. This exceeds the current CSO,
optimistic M1 scenario, which sets inward migration at an annual rate of thirty thousand.

Year ARIMA CSO M1 CSO M2 CSO M3

2017 23.4 30.0 20.0 10.0
2018 30.6 30.0 20.0 10.0
2019 37.8 30.0 20.0 10.0
2020 45.0 30.0 20.0 10.0
2021 50.2 30.0 20.0 10.0

Table 6: Forecasted Net Migration for 2017 - 2021 (000’s)

Figure 8, shows the graph of this forecast and it’s associated upper and lower 95%
Confidence Intervals plotted against the three current CSO scenarios.

Figure 8: Forecasted Net Migration for 2017 - 2021 (000’s)

6 Conclusion and Future Work

6.1 Discussion

In seeking to improve population projections, this research focuses on the need for im-
provement in forecasting net migration. While any attempt at net migration forecasting
faces uncertainty, the methodology employed in building this model looks at improving
upon current official predictions. The results of the ARIMA model for 2014 to 2016, show
that over this period it did improve upon official estimates.

The use of a range of economic variables, identified in the PCA, enable it to better
meet one of the key challenges facing migration forecasting, economic circumstances. The
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role that economic factors play in migration flows is well established. This studies iden-
tifies certain sectors of the economy as of particular importance within an Irish context,
particularly the construction industry. This is unsurprising given its predominant role in
the Irish economic performance of recent years, Kelly (2009).

The ARIMA model also demonstrated an ability to capture the upward net migration
trend that emerged in Ireland over the period 2014 to 2016. However, in forecasting an
upward trend in net migration for the period 2017 to 2021, it cannot take into account
such one-off events as the economic uncertainty and potential change in migratory flows
associated with BREXIT. The outcome of such events are typically beyond the scope of
such models, however future studies in the area may be able to examine how these factors
affect Ireland.

While the availability of a range of economic and migrationary data within Ireland has
proved beneficial, finding datasets pertaining to potential social factors that can influence
net migration proved difficult. Within this research, the GINI index, a measure of a
nations income inequality acts as the sole social indicator within the dataset. Whereas
Moral-pajares and Jiménez-jiménez (2014), used the Migrant Integration Policy Index
(MIPEX), Huddleston (2015) as a social indicator, this data has not been updated since.

6.2 Future Work

The process established in this research can be modified to incorporate and examine
further pertinent datasets as they are identified or become available.

Future potential data sources for social factors that affect migration include the new
EU Social Scoreboard. This monitors EU member states performance across fourteen
social indicators linked to the European Pillar of Social Rights, European Commission
(2017). Also, the United Nations Happiness Index, has been collating country specific
data since 2006 for a range of social factors, United Nations (2018). These both present
excellent future opportunities to extend the scope of this research to further incorporate
social factors.

The output of this research can also be used as an important consideration across
other key policy areas, including housing. The different characteristic that new migrants
cohorts have been shown to have in relation to housing needs, including a higher usage
rate for private rented accommodation, Martin et al. (2018) may help inform future public
policy in this area.

Furthermore, with the population of Ireland getting steadily older since the 1980’s,
and the numbers over 65 years of age increasing by a fifth between Census 2011 and
Census 2016, Central Statistics Office (2017a), the requirement for replacement migration
will play an increasing role in future years. This will require more long-term strategic
thinking on the part of governments in managing future net migration, United Nations
(2001). Increased understanding of the key drivers of net migration and age-specific
migration forecasting models will help in this regard.

A key aspect of the national development plan, Project Ireland 2040 is developing a
region focused strategy for national development, Dept. of Housing Planning & Local
Government (2018). Given the clear role of net migration in this growth, there is future
scope to extend this study to examine sub-national net migration in Ireland, similar to
work done in the U.K. by Lomax et al. (2013).
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