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Abstract

This thesis develops diagnostic and visualisation methods to support the explo-

ration, modelling, and evaluation of country-level panel data in global development

research. Chapter 3 introduces wdiexplorer, an R package that provides an end-

to-end workflow for sourcing World Development Indicators data, computing group-

aware diagnostic indices, and visualising temporal dynamics across countries and

predefined group structures. The package enables identification of patterns, hetero-

geneity, and outliers in longitudinal indicators, illustrated through an application

to global air pollution data.

Building on this exploratory foundation, Chapter 4 presents principled visual-

isations for the comparison of Bayesian hierarchical model structures in the data

space and the evaluation of multiple models simultaneously. These visual tools

are designed to complement conventional numerical summaries by revealing how

alternative hierarchical specifications influence parameter distributions and uncer-

tainty. Through a case study modelling cross national mathematics trends from the

PISA (Programme for International Student Assessment) database, the proposed

approach demonstrates how visual comparison can support more transparent and

informed model selection.

The methods from Chapter 3 and 4 are then adapted and applied in Chapter 5

in a substantive analysis of global family planning indicators. Using group-aware

diagnostic indices and visual comparisons, Chapter 5 evaluates the alignment be-

tween observed survey data and model-based estimates from a Bayesian hierarchical

time-series framework used for international monitoring of family planning indica-

tors. By jointly examining observed data, modelled trajectories, and diagnostic

measures across countries and sub-regions, the analysis highlights where model es-

timates capture underlying trends and where discrepancies emerge.

Together, the contributions show how integrating structured diagnostics with
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carefully designed visualisations enhance the understanding of country-level panel

data, improve evaluation of hierarchical models, and support more transparent in-

terpretation of global development indicators.
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1
Introduction

1.1 Motivation

Country-level panel data are repeated measurements of the same variables collected

over time across multiple countries. These data are used by international organi-

sations, including the World Bank, Our World in Data, and the Organisation for

Economic Co-operation and Development, and are extensively used to support re-

search and policy analysis across a wide range of sectors, including public health,

education and finance (Yaffee, 2003; Hsiao, 2022). Exploratory analysis of country-

level panel data allows researchers to examine both changes within countries over

time as well as differences between countries (Hsiao, 2005) and visualisation plays

a vital role in supporting such analysis.

Exploratory analysis, supported by visualisation, provides a framework to exam-

ine temporal dynamics and cross-country variation in country-level panel data. It

reveals the underlying structures and identifies anomalies, heterogeneity, and other

interesting characteristics of the data, revealing features of the data that may not

be apparent from summary statistics alone (Unwin and Valero-Mora, 2018).

A range of methods and tools have been developed to support the exploratory

analysis of panel and time series data. Feature-based approaches, for example,

those developed by Hyndman and Athanasopoulos (2021), summarise time se-

ries using measures of data characteristics such as trend and seasonality, enabling

comparison of series across multiple countries. In addition, there are existing R

packages that support the exploration of time series such as tsibble Wang et al.

(2020), tsibbletalk Wang and Cook (2020), brolgar Tierney et al. (2022) pro-

viding functionalities for summarising, and exploring multiple time series simulta-
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neously. These approaches have proven valuable for understanding temporal be-

haviour across collections of series.

However, many existing methods are not designed to explore temporal pat-

terns in the context of hierarchical structures that are often present in the data.

For example, countries can be structured into meaningful groupings such as geo-

graphical regions, or income classifications. Incorporating grouping structures into

the exploratory analysis of country-level panel data could facilitate the identifica-

tion of group-level patterns, within-group differences, or countries whose temporal

behaviour deviates from their peers. This motivates the need for an exploratory

framework that integrates grouping information directly into diagnostic measures

and visualisations, which forms a central focus of this thesis.

Beyond exploratory analysis of raw data, visualisation has played a central role

in exploratory modelling analysis, that is, the investigation, interpretation, and

evaluation of statistical model outputs. There is a growing recognition of the im-

portance of visualisation throughout the entire modelling workflow, particularly for

hierarchical models. In this context, Unwin and Valero-Mora (2018) characterise

exploratory modelling analysis as the “evaluation and comparison of many models

simultaneously”, a task for which visualisation is especially well suited. Within

Bayesian analysis, the value of visualisation across all stages of the workflow, from

model development and diagnostics to the communication of results, has been well

established (Gabry et al., 2019; Gelman, 2007; Raudenbush and Bryk, 2002; Correa-

Álvarez et al., 2023).

Wickham et al. (2015) identify three complementary strategies for visualising

statistical models: (1) displaying models in data space, (2) examining and compar-

ing collections of models, and (3) exploring the process of model-fitting. Building

on these principles, this thesis develops methods and tools that advance exploratory

modelling analysis specifically for hierarchical models by enabling more structured

visualisation of model outputs in relation to their underlying grouping structures.

These approaches support the systematic exploration, comparison, and interpreta-

tion of both multilevel regression and Bayesian models, strengthening understanding

of model behaviour across levels and improving the comprehension of hierarchical

modelling.
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1.2 Thesis outline

This thesis develops and evaluates methods for analysing and visualising both

country-level panel data and outputs of hierarchical models fit to that data. It

introduces a group-informed exploratory workflow and presents visualisation prin-

ciples to enhance exploration, interpretation, and communication of both the data

and model outputs (posterior estimates, parameter and hyper-parameter estimates).

Chapter 2: Background

Chapter 2 reviews the literature relevant to the exploration and visualisation of

country-level panel data and hierarchical models. It examines established ap-

proaches for summarising, diagnosing, and visualising temporal data, as well as

methods for analysing hierarchical and Bayesian models, including commonly used

frameworks such as JAGS and brms. The chapter also reviews principles and best

practices for data visualisation.

Chapter 3: wdiexplorer: An R package for Exploratory Analysis of World

Development Indicators (WDI) Data.

Chapter 3 presents the wdiexplorer, an open source R package and demonstrates

its functionality using the PM2.5 air pollution dataset. As the acronym implies,

“World Development Indicators explorer”, wdiexplorer is primarily designed for

the exploratory analysis of country-level panel data from the World Development

Indicators (WDI) database, but it is not limited to this database as it can be used

to explore other datasets that are organised as repeated observations of the same

variables over time across multiple countries. The WDI database provides a vast

array of global development data across hundreds of countries over many decades.

However, the complexity of these datasets often pose challenges for interpreting and

identifying underlying temporal patterns across countries. To address these chal-

lenges, Chapter 3 introduces wdiexplorer, a comprehensive workflow that supports

the exploratory analysis of country-level panel data.

The development of wdiexplorer is inspired by the scagnostic (scatterplot diag-

nostics) framework (Tukey and Tukey, 1985; Wilkinson and Wills, 2008). Scagnos-

tics quantify structural features of two-dimensional scatterplots, such as outlier,

skewness, and shape, to support data exploration across a large collection of scat-
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terplot matrices and facilitate the identification of distinctive patterns Dang and

Wilkinson (2014) in unstructured two dimensional relationships. In this chapter,

we adapt the conceptual framework of scagnostics, without applying the original

measures directly, and extend it with some selected time series features from Hyn-

dman and Athanasopoulos (2021) which are already implemented in the feasts R

package alongside additional diagnostic measures suitable for panel data series.

The wdiexplorer package workflow is structured into three main stages: data

sourcing and preparation, computation of diagnostic indices, and visualisations to

support the interpretation of these indices. While existing tools like tsibbletalk

and brolgar offer time series exploration, wdiexplorer specifically addresses the

need for comprehensive exploratory analysis of country-level panel data by inte-

grating predefined grouping structures with its collection of ten diagnostic indices

and visualisation tools. This integrated approach facilitates the understanding, in-

terpretation and identification of temporal patterns, outliers and other underlying

features in country-level panel datasets.

Chapter 4: Visualisations for Exploratory Modelling Analysis of Bayesian

Hierarchical Regression Models

Chapter 4 presents visualisation principles for exploratory modelling analysis of

Bayesian hierarchical regression models. This chapter is motivated by the impor-

tance of visualisation in exploratory data analysis, which has been described as “the

evaluation and comparison of many models simultaneously” (Unwin and Valero-

Mora, 2018). Visualisation has been widely established as beneficial at all stages,

from exploratory data analysis to model development, diagnostics and communica-

tion of results (Gabry et al., 2019).

In this chapter, we propose a set of five visualisation principles designed for

displaying hierarchical model estimates in data space and for examining collec-

tions of multiple Bayesian hierarchical models through their parameter and hyper-

parameter estimates simultaneously. These principles are not limited to Bayesian

model outputs and can be applied to model outputs from other multi-level regres-

sion analyses. The proposed visualisation principles support model comparison by

highlighting information sharing and variation across hierarchical levels. Our vi-

sualisation designs give careful consideration to choices of layout, colour, ordering

and scaling to facilitate effective comparisons.
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The relevance of our visualisation principles is demonstrated by a subset of the

Programme for International Student Assessment (PISA) dataset obtained from

the Organisation for Economic Cooperation and Development (OECD) website.

Using this dataset, Chapter 4 evaluates model fits, posterior parameter and hyper-

parameter distributions, facilitates model comparison and supports informed model

choice. We also extend our visualisation principles to compare model-based predic-

tions from the selected model with observed PISA 2022 outcomes, illustrating the

importance of our visualisation design for interpreting deviations between predicted

and observed values.

Chapter 5: Using Time Series Measures to Explore Family Planning

Survey Data and Model-based Estimates

Building on the relevance of Chapters 3 and 4 to exploring panel data series, Chap-

ter 5 applies the diagnostic indices of wdiexplorer and the outlined visualisation

principles for effective visualisation of panel data and model outputs to examine the

alignment between model-based estimates and observed data using a case study on

modern contraceptive use, a key family planning indicator. The Family Planning

Estimation Model (FPEM) is a Bayesian hierarchical time series model that pro-

duces annual estimates and projections of key family planning indicators and takes

the survey observations as input. The observed data are presented as the proportion

of the population with access to modern contraceptive methods.

This chapter assesses consistency and variation between the survey data and

model-based estimates of modern contraceptive use using selected diagnostic in-

dices of wdiexplorer and the five visualisation principles proposed in the previous

chapter which are: (1) one panel per individual-level (country), (2) panel group-

ing to represent hierarchical structures, (3) the use of colour to distinguish and

compare hierarchies, (4) panel ordering to facilitate comparison, and (5) consis-

tent panel scaling for effective comparison and interpretation. The selected indices

quantify temporal variation, and trend strength in the proportion of modern contra-

ceptive use across the 85 focus countries of the FP2030 initiative, which represent

populations with significant barriers to accessing family planning services. This

supports the identification of cases where the model aligns with the observed data

and where notable deviations arise. Sub-regional groupings are incorporated as a

predefined hierarchical structure, extending the framework proposed in Chapter 3
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to support exploratory analysis. The analysis also examines the residuals using

suitable diagnostic indices of wdiexplorer and its visualisation functionalities are

used to present the residuals, data series and the model-based trends for countries

with notable deviations.

In general, Chapter 5 demonstrates how group-based exploratory diagnostics

and visualisations enhance comprehension, interpretability, and assessment of model-

based estimates. It highlights cases where the model diverges from the observed

data, particularly in the presence of abrupt changes, temporal noise, or situations

where the group-level pooling effects may not fully capture local temporal dynamics.

It also emphasises that this type of analysis can be extended to any model-based

estimates to assess their alignment with observed data.

Finally, Chapter 6 concludes the thesis with final remarks, summarises the con-

tributions made, and discusses relevant future work. Key achievements include the

creation of the wdiexplorer package for analysing temporal patterns in country-

level panel data, advancements in examining and comparing multiple hierarchical

model simultaneously using our proposed visualisation principles, and the enhance-

ment of the diagnostic indices and visualisation principles to assess the alignment

between model-based estimates and observed survey data.

1.3 Outline of the code

The computational work of this thesis is implemented across multiple repositories,

with each repository corresponding to a specific chapter. All repositories are pub-

licly available on GitHub via https://github.com/Oluwayomi-Olaitan?tab=rep

ositories, providing access to the code, documentation, and example datasets to

facilitate reproducibility and further use of the proposed methods to new datasets.

The wdiexplorer repository contains the implementation of the wdiexplorer

package. It includes scripts for all package functions, R Markdown vignettes demon-

strating example workflows for both annual and three-year interval data, and de-

tailed documentation for each functionality.

The Visualisation-for-exploratory-analysis-of-BHM repository contains the Eu-

ropean mathematics PISA dataset, scripts for data cleaning, data processing, ex-

ploratory analysis of model in data space, Bayesian hierarchical modelling, visu-

alisations for examining a collection of multiple models and the investigation of

PISA2022 predictions. Codes for each section of Chapter 4 are presented in a
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separate script.

The Using-Time-Series-Measures-to-Explore-Family-Planning-Survey-Data-and-

Model-based-Estimates repository contains the family planning datasets (survey

and model-based), along with scripts for data processing, exploratory analysis of

both datasets and residual analysis. Codes for each section of Chapter 5 are pre-

sented in a separate script.

All repositories are structured with clear documentation.

1.4 Summary of datasets

This section gives an overview of the datasets used throughout this thesis, describing

their sources, structure, and key variables.

1.4.1 The Programme from International Student Assessment (PISA) dataset

The Programme for International Student Assessment (PISA) is an international

study developed and coordinated by the Organisation for Economic Co-operation

and Development (OECD). It aims to provide policy-oriented, and internationally

comparable measures of student performance in reading, mathematics, and science

literacy for 15-year old students (Schleicher, 2019). Tests developed and mandated

by OECD are administered in three-year cycles since its initiation in 2000. The

assessment includes a 120-minute cognitive test and a 35-minute student question-

naire, which collect students’ demographic information, learning environment, and

attitudes toward learning. PISA scores are reported on a scale with a mean score

of 500 points and a standard deviation of 100 points (OECD, 2023a).

In Chapter 4, PISA mathematics scores are obtained directly from the OECD

database, and the European subset of participating countries is extracted for the

period 2003 to 2022. The 2000 PISA mathematics scores are excluded, as the first

full assessment in mathematics was conducted in 2003 (as documented by PISA).

The extracted dataset provides country-level mean PISA mathematics scores, along-

side other variables which are the grouping variables (region and income), used for

the integration of grouping structures in the analysis and visualisation presented in

Chapter 4.
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1.4.2 The PM2.5 air pollution dataset

PM2.5 is the concentration of fine particulate matter in the air with diameter of 2.5

micrometers (µm) or less (Harishkumar et al., 2020). The World Health Organisa-

tion identifies ambient air pollution, particularly PM2.5, as a major contributor to

the Global Burden of Disease (GBD), with its impacts felt most strongly by chil-

dren, older adults, and individuals with pre-existing health conditions (Woodruff

et al., 2006). Short-term exposure to PM2.5 is associated with respiratory irrita-

tion, airway inflammation, and exacerbation of asthma, while long-term exposure

increases the risk of cardiovascular disease, chronic respiratory diseases, stroke, lung

cancer, and premature mortality (Corrigan et al., 2018). To quantify population

exposure, the World Development Indicators(WDI) provide estimates of mean an-

nual exposure to PM2.5 air pollution (µg/m3), drawing on air pollution exposure

data from the GBD Study 2021 produced by the Institute for Health Metrics and

Evaluation, with coverage spanning 1990 to 2021 (The World Bank, 2025b).

The WDI (Arel-Bundock, 2025b) R package provides access to this dataset

through the indicator code EN.ATM.PM25.MC.M3. The dataset contains 13 vari-

ables, which is consistent with the standard variable structure of WDI datasets.

This dataset contains mean annual exposure to PM2.5 measured annually for each

country. A distinctive feature of the WDI data is its grouping variables, that can

be considered to form a hierarchy which makes it well suited for demonstrating the

wdiexplorer workflow. In Chapter 3, the dataset is used to illustrate the func-

tionalities of wdiexplorer, compute diagnostic indices, visualise and interpret the

results in the context of PM2.5 air pollution, mean annual exposure.

1.4.3 The family planning dataset

Progress in family planning are monitored via data collected through household sur-

veys across various key indicators (Cunningham et al., 2015). These indicators in-

clude contraceptive prevalence, which measures the proportion of women using any

contraceptive method either modern or traditional contraceptive methods. Accord-

ing to Hubacher and Trussell (2015), modern contraceptive methods include medical

products or procedures such as pills, intrauterine devices, implants, condoms, and

sterilisation, which are designed to reliably prevent pregnancy. Traditional contra-

ceptive methods include behavioural and natural approaches, such as withdrawal,

rhythm methods, douching, and folk methods. Contraceptive prevalence is defined
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as the proportion of the target population, typically women of reproductive age (15

- 49) using a specific method at a given time relative to the total population of the

same group.

Family planning survey data are publicly available through the United Nations

Population Division website (United Nations Department of Economic and Social

Affairs, Population Division, 2024). In Chapter 5, these data are accessed using the

fpemlocal R package Guranich et al. (2021), which provides observational data for

each country-year pair across key family planning indicators. For the analysis in

Chapter 5, we extract observational data on modern and traditional contraceptive

use only.
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Background

The background of the thesis is presented in this chapter, providing a clear overview

of country-level panel data, Bayesian hierarchical modelling, and existing approaches

for visualising such data and model. It also identifies gaps in the literature that

motivate this research.

2.1 Country-level Panel Data

Country-level panel data, also referred to as longitudinal data, are repeated ob-

servations for multiple countries over a defined time period. The data have two

dimensions: a spatial dimension that represents countries and a temporal dimen-

sion that represents periodic observations such as years, quarters, months or days

(Yaffee, 2003). Each observation is identified by a country and a time period, which

allows the study of both differences across countries and changes within countries

over time (Hsiao, 1985). In country-level panel, when all countries have data for

every period, the dataset is called a balanced panel, and when some countries have

missing observations, it results in an unbalanced panel (Hsiao, 2005). The data

often include time-invariant variables, which remain constant for a country over

time, such as geographic location or land area, and time-varying variables, which

change across both countries and periods, such as economic or social indicators.

Country-level panel data are sourced and maintained by a wide range of inter-

national organisations and national statistics offices. They provide comprehensive

information across economic, health, education, social, and other sectors. Among

the most frequently cited sources is the World Bank, which maintains databases

such as the World Development Indicators, the Worldwide Governance Indicators,
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Statistical Capacity Indicators, Education Statistics, Gender Statistics, and Health

National and Population Statistics (World Bank, 2026). Various United Nations

agencies also provide country-level data, including the Food and Agriculture Or-

ganisation for agricultural and food self-sufficiency statistics, United Nations Edu-

cational, Scientific and Cultural Organisation (UNESCO) also provide literacy and

education statistics (UNESCO, 2026). Health-related outcomes can be obtained

from the World Health Organisation through the Global Health Observatory and

the National Health Accounts databases (World Health Organization, 2026).

In addition to the above databases, these organisations provide Application

Programming Interfaces (APIs) and packages for accessing country-level panel data

programmatically (Warin, 2021). These APIs follow a design that allows users to

specify dimensions such as indicator codes, country codes, and time ranges to re-

trieve data in formats like JSON or XML directly from their servers. In the R

programming environment, there are packages that interface with these organisa-

tions APIs to streamline data retrieval. To retrieve data from the World Bank API,

the widely used R packages are WDI (Arel-Bundock, 2025b) and wbstats (Piburn,

2020), a more recent package that also interfaces with the World Bank API which

is wbwdi (Scheuch, 2025b). These packages enable users to download data for single

or multiple indicators across all countries or selected countries within user-defined

time periods.

There are organisations that maintain databases of secondary and standardised

country-level panel data, such as the Organisation for Economic Co-operation and

Development (OECD) (Organisation for Economic Co-operation and Development

(OECD), 2026) and Our World in Data (OWID) (Our World in Data, 2026). Both

organisations compile from national statistical offices and other global organisations

like the World Bank, WHO, and UNESCO. In some domains, the OECD collects

data directly through structured questionnaires, such as the PISA surveys. The

OECD and OWID data portals provide interactive charts and dashboards for visu-

alising indicators. Programmatic access to these resources is available through R

packages: the owidapi (Scheuch, 2025a) R package provides programmatic access

to the OWID Chart API, which hosts more than 5,000 publicly available datasets

covering global challenges such as poverty, disease, hunger, climate change, and

inequality. The OECD (Persson, 2021) R package also provides comparable func-

tionality for OECD databases, offering access to over 300 indicators across multiple

economic and social categories, with tools to explore and retrieve data (Warin,
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2021).

Data cleaning and tidying are essential steps after extracting country-level panel

data from databases, APIs, or R packages. Raw data often contain country-specific

blocks of observations recorded over multiple periods and may not be structured in a

form suitable for analysis. Cleaning involves harmonising country codes where nec-

essary and addressing missing values, while tidying involves identifying the underly-

ing variables and observational units and restructuring the dataset into a consistent

analytical format. A widely adopted standard is the tidy data format proposed by

Wickham et al. (2017), where each variable is stored in a separate column, each

observation is represented by a row, and each type of observational unit forms a

table.

In R, several packages are used to clean and tidy data. The countrycode (Arel-

Bundock et al., 2018) package is widely applied to harmonise country identifiers

across different International Organisation for Standardisation coding schemes. The

dplyr (Wickham et al., 2023) package is commonly used for data transformation

and restructuring. The tsibble (Wang et al., 2020) package extends tidy data

principles to temporal data by explicitly defining an index variable for time and

a key variable for country, enabling panel datasets to be represented as indexed

longitudinal data.

Other packages in R that focus on tidying panel data include pmdplyr and

panelr. The pmdplyr (Huntington-Klein and Khor, 2026) package extends the

tidy data workflow for panel datasets by requiring an identifier variable (country)

and a time variable (year) for panel-specific transformation. The panelr (Long,

2020) package provides functions for reshaping panel data between long and wide

formats and for preparing data for panel modelling. These packages facilitate data

cleaning, restructuring and preparation necessary for further exploratory analysis

or modelling of country-level panel data.

2.2 Bayesian Hierarchical Modelling

The hierarchical structure of country-level panel data makes it well suited for

Bayesian hierarchical models (BHMs), which can effectively handle repeated ob-

servations over time across multiple countries. BHMs account for both variation

within and between countries, resulting in more accurate model estimates. In Chap-

ter 4 of this thesis, we analyse PISA mathematics scores for European countries
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using multiple BHMs, while in Chapter 5, we use visualisation methods to explore

the estimates and projections of the family planning estimation model (FPEM), a

country-based BHM used to model family planning indicators.

BHMs provide an analytical framework for integrating information across mul-

tiple levels data (Gelman and Pardoe, 2006; Rouder et al., 2014). The models are

built on Bayesian analysis methods, which differs from the traditional frequentist

approaches that evaluate the probability of the data under fixed parameter assump-

tions. Bayesian methods, in contrast, combine prior information with observed data

to estimate the posterior distribution of parameters (McGlothlin and Viele, 2018).

BHMs have two main attributes: (1) the ability to integrate information across

multiple levels of the grouping structure of the data into the model; and (2) the use

of prior distributions to represent available information about expected values and

variability at each level of the model, even when that prior information is limited.

These priors are combined with observed data to produce estimates of underlying

effects at every level of the hierarchy.

A key feature of BHMs is their partial pooling ability, which provides a com-

promise between treating each country as entirely independent (no pooling) and

assuming all countries are identical (complete pooling). For country-level panel

data, partial pooling enables information sharing across countries, especially for

those with limited data. The estimates for countries with fewer observations are

pulled towards their group, which could be defined, for example, by geographical

region or income level, while estimates for countries with larger sample sizes rely

more on their own observed data.

Bayesian inferences are performed using computational methods. Many mod-

els use Markov Chain Monte Carlo (MCMC) techniques, such as Gibbs sampling

or Hamiltonian Monte Carlo (HMC) (Carlo, 2004; Gamerman and Lopes, 2006),

implemented in tools including Bayesian inference Using Gibbs Sampling (BUGS)

(Spiegelhalter et al., 1996), Just Another Gibbs Sampler (JAGS) (Plummer et al.,

2003), and Stan (Gelman et al., 2015). Other approaches, such as Integrated Nested

Laplace Approximation (INLA) (Martins et al., 2013), employ deterministic ap-

proximations instead of MCMC, particularly latent Gaussian models (Jreich et al.,

2022).

In R, there are packages that facilitate the estimation of BHMs using these

computational methods. JAGS is commonly accessed through the rjags (Plummer,

2025) and R2jags (Su and Yajima, 2024) packages which allow users to specify the
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2.2. BAYESIAN HIERARCHICAL MODELLING

distribution of the data at different levels of the hierarchy, parameters that represent

unknown quantities such as group-level effects, population means, and variances,

run MCMC simulations, and analyse results within the R environment. The brms

(Bürkner, 2018) package provides a high-level interface to Stan, making it easier

to fit hierarchical models using HMC. In Chapter 4 of this thesis, we employ the

computational approach of brms to analyse PISA mathematics scores for European

countries.

The brms package adopts an extended lme4 (Bates et al., 2015) formula syntax

to simplify model specification without manually writing Stan code. lme4 provides a

frequentist framework in R for fitting multilevel models to hierarchical data. One of

the key strengths of brms is its support for many model families, including Gaussian,

binomial, Poisson, and non-linear models. In addition, brms provides flexible prior

specification for model parameters and hyper-parameters, although default priors

are available. It also provides tools for model assessment and comparison such

as leave-one-out cross-validation (LOO) (Vehtari et al., 2017) and the Watanabe-

Akaike information criterion (WAIC) (Watanabe and Opper, 2010), leveraging the

loo (Vehtari et al., 2024) R package. For users less comfortable with R syntax, the

shinybrms (Weber et al., 2022) package offers a graphical user interface to simplify

model specification and analysis.

A simple example of a BHM can be specified as follows, illustrating how coun-

try and group-level parameters, as well as population-level hyper-parameters, are

modelled simultaneously:

Yct ∼ Normal(αc + βct, σ
2)

�� ��2.1

where

Yct is the observed data for individual country c at time t,

αc is the country-specific intercept,

βc is the country-specific slope, and

σ2 is the variation within countries.

With countries as the first stage of the hierarchical structure, the model is

written as:
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2.2. BAYESIAN HIERARCHICAL MODELLING

αc ∼ Normal
(
θg[c], σ

2
αg[c]

)
βc ∼ Normal(ωg[c], σ

2
βg[c]

)

θg ∼ Normal
(
µθ, σ

2
θ

)
ωg ∼ Normal

(
µω, σ

2
ω

)
�� ��2.2

where

θg is the intercept corresponding to grouping structure g (such as geographical

region or income group),

ωg is the slope corresponding to grouping structure g,

g[c] indicate the group(region or income level) associated with country c,

σ2
αg

represents the intercept variation across countries within group g,

σ2
β represents the slope variation across countries within group g,

µθ represents the overall population intercept,

µω represents the overall population slope,

σ2
θ captures the variation of the group-level intercept θg around the population

intercept µθ,

σ2
ω captures the variation of the group-level intercept ωg around the population

intercept µω.

An application that we focus on for this thesis is BHMs fit to PISA study. In

previous work the OECD applies non-Bayesian multilevel regression models that

incorporate socio-economic measures at both student and school-level to examine

how performance relates to factors such as persistence or emotional control (Schle-

icher, 2019). Goldstein (2004) further applied a two-factor multi-level model to

analyse PISA mathematics scores for France and England, to demonstrate how

complex modelling can reveal detailed and informative differences between coun-

tries than standard unidimensional approaches commonly used by the OECD. With

the two-factor multi-level model, Goldstein (2004) simultaneously accounts for mul-

tiple dimensions of student ability and the hierarchical grouping of students within

schools. In Chapter 4 of this thesis, we analysed PISA mathematics scores across

European countries using the BHM fitted with brms, while accounting for its hier-

archical grouping.

BHMs are widely used in other fields with grouped data. In medicine and
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public health, they support meta-analyses of clinical trials and studies of rare dis-

eases, where small sample sizes benefit from borrowing information across groups

(McGlothlin and Viele, 2018). In psychology and cognitive science, BHMs help

eliminate asymptotic bias in non-linear models of recognition memory and signal

detection (Rouder and Lu, 2005). In the context of this thesis, in Chapter 5 we

focus on visualisations for the model-based estimates of a BHM that has been used

in monitoring family planning progress through the Family Planning Estimation

Model (FPEM), which provides country-level estimates and projections of key fam-

ily planning indicators (Alkema et al., 2013; New et al., 2017; Cahill et al., 2018)

to support national monitoring, data review, and progress tracking toward commit-

ments such as the Family Planning 2030 initiative (FP2030) (FP2030, 2025).

2.3 Summarising Country-level Panel Data

One of the initial steps in understanding complex datasets is to summarise them

into interpretable measures that capture their key characteristics. This is especially

important for country-level panel data, which combine observations from multiple

countries over time across a range of variables. Data can be summarised numerically

through measures that describe trends, variation, correlation and observational pat-

terns. It can also be summarised graphically, using plots and visual diagnostics to

reveal patterns, outliers and clusters across countries. Together, these approaches

facilitate an overview of the overall behaviour of the data and structural behaviours

between variables and over time.

There are various methods for summarising data in different contexts. For

instance, Scagnostics (scatterplot diagnostics), originally proposed by Tukey and

Tukey (1985) and formalised by Wilkinson and Wills (2008), provide a framework

for summarising the geometric properties of two-dimensional scatterplots. These

measures are: skewed, striated, clumpy, sparse, convex, skinny, stringy, and mono-

tonic which aim to characterise the density, shape and association of point distri-

butions using proximity graphs (Wilkinson and Wills, 2008; Dang and Wilkinson,

2014). Building on this idea, Dang et al. (2012) proposed TimeSeer, a framework

for applying scagnostics in the context of time-varying data series, where multiple

variables are observed for many entities across time. It converts scatterplots into

numerical summaries, reducing the complexity of comparing large datasets while

ensuring the identification and interpretation of patterns, anomalies and other in-
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teresting characteristics of the data.

While TimeSeer Dang et al. (2012) focuses on summarising geometric relation-

ships in multivariate scatterplots over time using scagnostic measures, there are

other measures that assess the temporal behaviour of time series data such as the

Highly Comparative Time-Series Analysis framework, which represents each time

series using thousands of automatically extracted features capturing distributional

properties, autocorrelation structure, nonlinearity, and stationarity (Fulcher et al.,

2013). Other approaches include the set of time series summary measures pro-

posed by Hyndman and Athanasopoulos (2021) to characterise the temporal be-

haviour of individual series. These measures capture key features of time series

dynamics, including trend strength, seasonality strength, autocorrelation structure,

nonlinearity, and temporal variability. The set of measures proposed by Hyndman

and Athanasopoulos (2021) is implemented in the R package feasts (O’Hara-Wild

et al., 2024b) and provides a useful basis for summarising and comparing temporal

patterns across countries which has been applied in exploratory time series analysis

of country-level panel data.

In Chapter 3 of this thesis, we present ten diagnostic indices inspired by the

scagnostic framework, incorporating some of the already established time series

measures of Hyndman and Athanasopoulos (2021). This collection of indices is

designed to summarise country-level panel data by quantifying key temporal char-

acteristics such as variation, trend, shape and temporal differences both within and

across countries. Our proposed indices extend existing time series measures by

explicitly incorporates the grouping structure in country-level panel data into the

diagnostic computation, a feature not considered in the feasts measures or other

existing time series measures.

2.4 Data Visualisation

This section provides an overview of the principles of data visualisation, includ-

ing approaches for visualising country-level panel data and Bayesian hierarchical

models.
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2.4.1 Principles of Data Visualisation

History has proven that humans generally process visual information more effi-

ciently than numbers or texts (Tukey et al., 1977; Friedman, 2008). In this context,

data visualisation refers to the graphical representation of data designed to reveal

patterns, relationships and structure, thereby supporting understanding, compari-

son, and communication of datasets (Manovich, 2011). By transforming data into

visual elements, visualisation facilitates interpretation and understanding beyond

what numerical or textual representations can provide (Tukey et al., 1977; Fried-

man, 2008).

The objective of graphing is twofold: to present quantitative information vi-

sually and to support visual analysis by leveraging the human ability to detect

structure and patterns rapidly through perception rather than computation (Cleve-

land, 1985). This makes visualisation particularly effective for exploratory analysis,

as it enables the efficient presentation of large datasets and helps reveal trends,

correlations, and relationships that may remain hidden in text or numerical based

summaries (Islam and Jin, 2019).

Traditionally, data visualisation has been guided by two principles: reduction

and the use of spatial variables (Manovich, 2011). The principle of reduction in-

volves representing complex data and relationships through basic graphical elements

like points, lines, bars and other geometric shapes. The second principle prioritises

the dimensions of the data by mapping them to visual attributes such as position,

size or other encodings. These two principles form the basis of many graphical

techniques, including bar charts, line graphs, and scatterplots, which use position

and shape to represent key characteristics of the data (Kirk, 2019).

Wilkinson (2011) proposed the grammar of graphics which provides a framework

for understanding and constructing statistical graphics which treat visualisation as

a structured language rather than a collection of isolated chart types. In this frame-

work, a plot is built by combining data with aesthetic mapping, scales, coordinate

systems and layering. The grammar of graphics shifts the focus from using prede-

fined graphics templates to create graphs by mapping the variables to the visual

properties such as position, shape, and colour.

The visualisation principles described above can be implemented in practice us-

ing modern visualisation tools. In the R environment, the ggplot2 package (Wick-

ham, 2016) provides a structured way to apply these principles when constructing
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statistical graphics. ggplot2 conceptualises graphics as compositions of indepen-

dent but interrelated components of the underlying data, aesthetic mapping, scales,

colours, shapes, coordinate systems and faceting structures. Its layered approach

follows the principles of Wilkinson (2011).

Modern approaches to data visualisation extend traditional principles by in-

corporating interactivity and direct visualisation into data visualisation framework

(Cleveland and McGill, 1988; Buja et al., 1996). Interactivity and linked views

complement graphical representation by allowing users to manipulate displays, fil-

ter information, and explore multiple perspectives of the same data simultaneously

(Buja et al., 1996). Direct visualisation is visualisation without the reduction prin-

ciple. It constructs graphical representations of data using media objects such as

images or video frames, thereby preserving visual properties that may be lost when

data is reduced to basic graphical techniques. Together, these advancements im-

prove the usefulness of visualisation for data exploration and summarisation.

Similarly, for large datasets, Wills (2011) adopts the Goal-Question-Metric ap-

proach, originally from software engineering. In his words, visualisations should be

designed with a clear goal, whether exploratory (discovering new features) or pre-

sentational (communicating known features) using the following methodology: (1)

define the goal by identifying the object of study, (2) formulate questions that the

visualisation will answer (3) apply mapping by choosing the most effective visual

encodings. These ensures that visualisation designs capture the dataset of interest

and the characteristics of its variables.

2.4.2 Visualising Country-level Panel Data

In country-level panel data, visualisation provides a systematic way to assess struc-

ture by revealing similarities and differences between countries, and by examining

temporal behaviour across countries. Patterns such as trends, fluctuations and

outliers in country trajectories can be readily identified. Castellacci and Natera

(2011) describes visualisation as a quality check to verify data reliability, while re-

vealing missing values. As such, visualisation serves as a preliminary step of data

assessment and exploration prior to any statistical modelling.

Line plots offer an effective means of visualising country-level panel data. Line

plots display the data trajectory of each country over time, highlighting trends,

fluctuations, and potential anomalies (Friendly and Wainer, 2021). Box plots, the
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box and whisker plot introduced by Tukey et al. (1977), summarise distributions

across countries or years, emphasising variation and outliers, while heat maps use

colour to represent magnitudes, allowing large datasets to be inspected quickly for

patterns or unusual observations (Wilkinson, 2011; Gehlenborg and Wong, 2012).

Visualisation of country-level panel data can also be approached by representing

the data trajectory of each country over time as a continuous function rather than

as discrete observations (Hyndman and Shang, 2010). Exploratory Functional Data

Analysis adopts this perspective to examine temporal dynamics, identify trends, and

detect outliers. Common tools include line plots to display individual trajectories,

rainbow plots to highlight progression with an ordering metric, and heatmaps for

summarising magnitudes across time and countries (Qu et al., 2025). Interactive

plots further enable dynamic exploration, allowing users to navigate and compare

curves efficiently.

To manage high-dimensional functional data, robust functional principal com-

ponent analysis reduces curves into a lower-dimensional score space (Sawant et al.,

2012). Visualisations such as the functional bagplot and functional boxplot map

these scores back to the original functional space, highlighting curves, and outlying

patterns (Wang et al., 2016). Outliers can be classified as magnitude outliers, which

fall outside the typical range, or shape outliers, which deviate structurally despite

remaining within the general range (Hyndman and Shang, 2010). Additional tools,

such as outliergrams and shape-based boxplots, provide further detection of unusual

functional patterns. These methods complement classical visualisation techniques

by revealing temporal and structural dynamics that might otherwise remain hidden

in country-level panel data (Hyndman and Shang, 2010; Qu et al., 2025). Other

existing approaches for examining country-level temporal behaviour include time

path plots, which are used to visualise dynamic processes over extended periods

by tracking how variables evolve across countries and over time (Castellacci and

Natera, 2011).

A variety of R packages, beyond ggplot2, facilitate the visualisation of country-

level panel data. tsibbletalk (Wang and Cook, 2020) provides a structured frame-

work for interactive exploration of country trajectories. Crosstalk (Cheng and

Sievert, 2023) provides linked interactions across multiple plots, enabling the explo-

ration of patterns in one plot while simultaneously observing their correspondence

in other plots. Brolgar (Tierney et al., 2022) is another package designed for lon-

gitudinal data, with functionalities that offer both summarisation and visualisation
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tools that emphasise deviations, trends, and temporal dynamics across countries.

Additionally, packages such as plotly (Sievert, 2020) and ggiraph (Gohel and

Skintzos, 2025) render conventional plots interactive, enabling hovering and dy-

namic filtering of observations by country and time period.

2.4.3 Visualising Bayesian Hierarchical Models

Visualisation plays an important role in the development, assessment, and commu-

nication of hierarchical models. Graphical displays complement numerical model

summaries by facilitating the understanding of model structure, diagnosing model

fit, and interpreting complex parameter estimates (Wickham et al., 2015).

Prior work has highlighted the effectiveness of visualisation in model building,

validation, evaluation and communication, particularly for hierarchical and mul-

tilevel models (Gelman, 2007; Raudenbush and Bryk, 2002; Gabry et al., 2019).

Correa-Álvarez et al. (2023) demonstrates how visualisation is used to compare pre-

dictive performance between single-level and multilevel Bayesian logistic regression

models. Liu et al. (2021) also describe visualisation as a primary methodological

means for conveying the uncertainty inherent in predictive modelling.

According to Gelman et al. (1995), graphical inspection is central to Bayesian

model evaluation, particularly for models estimated using Markov Chain Monte

Carlo (MCMC) methods. Gelman et al. (2013), introduces trace plots to visualise

sampled parameter values across iterations, to assess convergence behaviour. To

complement trace plot, they also proposed quantitative convergence diagnostics and

posterior predictive checks to assess whether Bayesian models adequately reproduce

observed data patterns (Gelman et al., 1996).

Gabry et al. (2019) developed bayesplot to formalise Bayesian visualisation

as a core component of the Bayesian workflow. In the R environment, bayesplot

(Gabry and Mahr, 2025) provides a systematic framework for visualising parameter

estimates, uncertainty, convergence behaviour, and predictive performance. It in-

cludes trace plots, posterior predictive checks, posterior distributions and predictive

summaries, residual and quantile-quantile plots.

Another relevant R package for visualising Bayesian workflow is tidybayes

(Kay, 2023), which facilitates the extraction, summarisation, and visualisation of

Bayesian model outputs in a tidy data format. The package allows posterior esti-

mates, predictions, and uncertainty intervals to be readily extracted and formatted
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for graphical representation using ggplot2.

2.5 What’s Next?

Collectively, the preceding Sections 2.1, 2.2, 2.3, 2.4 provide the background for the

main contribution of this thesis.

Chapter 3 introduces diagnostic indices and visualisation tools for summarising

and exploring country-level panel data in the WDI context. By extending time

series measures to incorporate the grouping structure of panel data, it demonstrates

how visual diagnostics can enhance the identification and interpretation of patterns,

outliers, and temporal behaviours. The chapter also extends the silhouette concept

for cluster validation to develop visual tools for assessing group structure in both

the data and the proposed diagnostics.

Existing approaches for visualising Bayesian workflow discussed in Subsection

2.4.3 do not explicitly represent the hierarchical structure of Bayesian models in

their plots. As a result, relationships within hierarchical structures are often not

directly conveyed. This gap will be addressed in Chapter 4, where we will propose

visualisation principles that incorporate the hierarchical structure of BHMs into

the display of model outputs. Chapter 4 will demonstrate how model can be visu-

alised in data space and how multiple models can be examined collectively while

incorporating their hierarchical structure, by the display of model parameters and

hyper-parameters estimates.

Chapter 5 will demonstrate the application of the diagnostic indices from Chap-

ter 3 and the visualisation principles from 4 to explore and assess the survey data

and model-based estimates of family planning.
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3
wdiexplorer: An R package for Exploratory

Analysis of World Development Indicators

(WDI) Data.

3.1 Introduction

The World Development Indicators (WDI, “the World Bank collection of develop-

ment indicators”) (TheWorld Bank, 2025d), is a database maintained and published

by the World Bank that provides a wide range of global development data. It in-

cludes economic, social, demographic and environmental indicators, sourced from 60

international databases. The five largest sources are Education Statistics, the Atlas

of Social Protection: Indicators of Resilience and Equity, Quarterly External Debt

Statistics, the Disability Data Hub, and the World Development Indicators, with

Education Statistics contributing the highest number of indicators (7,182). These

data are standardised by the World Bank to ensure consistency across countries

and over time. While most WDI series began in 1960, coverage varies by indicator

and country, with many indicators, particularly those related to the sustainable

development goals, and renewable energy adoption, starting in the 1990s and later

years. Data are predominantly collected on an annual basis. However, the report-

ing frequency varies by indicator, with some recorded biennially or triennially, and

some at quarterly intervals.

The WDI data are structured as country-level panel data, consisting of repeated

observations of the same variables collected over time from multiple countries. This

structured and consistent format captures both changes within individual coun-
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tries and variation across countries over time. However, the underlying temporal

patterns across countries are not easily identified. To facilitate the exploration of

WDI country-level panel data, the WDI database website provides an online in-

teractive tool that allows users to visualise the temporal behaviour of data series

across countries. Despite this functionality, overlapping visuals often create com-

plexity highlighting the need for enhanced exploratory visualisation tools. Such

tools should allow users to explore data in ways that uncover hidden patterns,

identify outliers and other interesting characteristics of the data, and also enhance

better interpretation of temporal behaviours.

This chapter introduces the wdiexplorer R package, a set of tools designed to

enhance the exploratory analysis of country-level panel data of the WDI. In addition

to the country-level information of the WDI dataset, it includes predefined grouping

variables such as region, income and lending category. The wdiexplorer explicitly

incorporate these groupings into the exploration of country-level panel data. It com-

putes group-based measures that characterise panel data behaviour and produces

interactive visualisations to identify patterns, temporal dynamics and shape-based

features within and across countries. This package also helps to identify outliers and

structural variations that might otherwise remain hidden when examining countries

individually or as a global aggregate. It facilitates these by enabling comparisons

of each country with others in the same predefined group, wdiexplorer supports

a more context-aware exploration of development trends. The package is currently

available on GitHub at https://github.com/Oluwayomi-Olaitan/wdiexplorer/.

The remaining sections of this chapter are organised as follows. Section 3.2

provides an overview of the background to this study, outlining the importance of

incorporating grouping structures in country-level panel data exploration, reviewing

existing exploratory tools, and examining summaries of time series data. Section

3.3 details our methodology, which extends scagnostics concepts and some estab-

lished time series measures to exploratory analysis workflow through a collection of

diagnostic indices that characterise the key behaviours of the data series. In Sec-

tion 3.4, we describe the functions of the wdiexplorer package. The utility of the

package is illustrated using the mean annual exposure levels to ambient PM2.5 air

pollution indicator data of the WDI in Section 3.5. Finally, in Section 3.6, we con-

clude by evaluating the benefits of wdiexplorer package, as well as other related

future work.
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3.2 Background

In this section, we discuss WDI data. We highlight grouping variables present in

the data set, alongside the main indicator of interest, that can enhance meaning-

ful interpretation and comparison of country-level behavioural patterns. We also

review existing exploratory tools for analysing country-level data, with a focus on

identifying patterns, outliers, and other characteristics within the data set.

3.2.1 World Development Indicators (WDI) Data

In R, World Bank-hosted databases are accessible through several packages, includ-

ing wbstats (Piburn, 2020), WDI (Arel-Bundock, 2025b), and worldbank (Mücke,

2025), each offering slightly different approaches to sourcing and downloading the

World Bank data. This chapter focuses on the WDI package to source and down-

load data, which provides access to 22,806 indicators across 296 reporting entities.

These entities include not only countries, but also territories, regional aggregates,

and income-based aggregates. According to The World Bank (2025a), there are

currently 189 World Bank member countries along with 28 other territories with

populations over 30,000. After excluding non-country aggregates from the full list

of WDI reporting entities, 217 distinct country and territory entities remain with

individual records.

The WDI data contain additional variables that capture geographic and eco-

nomic factors of each country and territory entities. They are classified by the

World Bank into 7 geographic regions: East Asia & Pacific, Europe & Central

Asia, Latin America & Caribbean, Middle East & North Africa, North America,

South Asia, and Sub-Saharan Africa. The World Bank also divides their economies

into four income groups: low income, lower-middle income, upper-middle income,

and high income. This classification is updated annually on the 1st of July, based on

the Gross National Income (GNI) per capita from the previous calendar year. Once

assigned, a country’s income group remains fixed for the entire fiscal year until the

next update. Countries are classified into three lending categories: International

Development Association (IDA), International Bank for Reconstruction and Devel-

opment (IBRD), and Blend based on the operational policies of the World Bank.

IDA countries are low income and qualify for financial loans with low to no interest.

IBRD countries are middle-income and have access to standard market-based loans
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while Blend countries are eligible for both IDA loans and standard IBRD loans

(The World Bank, 2025c).

Given the country-level panel structure of the WDI data, the predefined group-

ing information available in the data set (region, income, and lending) groupings

provides essential information that can be utilised to enhance more meaningful com-

parisons of country behavioural patterns. Gelman (2007) highlight that grouping

structures in country-level panel data are widely recognised in both exploratory

and modelling analyses, and emphasise that overlooking grouping structures, such

as countries nested within geographic and socioeconomic groupings can lead to

oversimplified or inaccurate interpretation of the data. Explicitly accounting for in-

herent groupings facilitates the identification of meaningful patterns that might be

hidden when such structures are ignored. It also provides a clearer understanding

of group-wise patterns, highlights sources of variation, and supports the detection

of outliers. For example, interpreting Ireland’s birth rate over time is more infor-

mative when explored in relation to other European countries, where shared policy

may shape similar demographic trends, rather than comparing it to countries in

geographically and socio-economically distinct regions, like Sub-Saharan Africa or

South Asia.

Grouping structures offer two crucial comparative perspectives: understanding

countries relative to other countries in their geographical or socioeconomic groups,

and identifying group-wise patterns across levels, facilitating comparison between

groups. Guided by these perspectives, our approach to explore country-level panel

data is organised around two complementary strategies: (1) a collection of diagnos-

tic indices that characterise panel data behaviour, (2) group-informed exploration of

country-level panel data that leverage the predefined groupings of the data through

interactive visuals to capture behavioural patterns and highlight group-based fea-

tures.

3.2.2 Country-level Panel Data Exploration

Exploration of country-level panel data is the process of revealing patterns, iden-

tifying outliers and other structural behaviours among observational units across

countries and over time. Traditional approach of exploring country-level panel

data often rely on line plots of series trajectories organised by grouping variables.

However, these can become overwhelming and insufficient to capture complex tem-
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poral and group structures in large data sets. While ensemble graphics provide an

effective way to explore multiple faceted temporal data, Wang and Cook (2021)

discuss the challenges of managing such complexity during exploratory analysis,

particularly the difficulty in visualising grouping structures and temporal dynam-

ics simultaneously. To address this challenge, Wang and Cook (2021) developed

the tsibbletalk (Wang and Cook, 2020) R package, which leverage the tsibble

data structure (Wang et al., 2020) that produces a tidy format of time series and

panel data as index and key for series identification. The tsibbletalk package is

integrated with the crosstalk R package (Cheng and Sievert, 2023) that enables

filtering of data views and highlighting in html-widgets without relying on a Shiny

app, to provide linked brushing by hovering across multiple coordinated views to

make grouping structures interactive and visually explorable.

Several other R packages also provide valuable tools for exploring time series

and panel data. For example, brolgar, which also uses the tsibble data structure

to produce a tidy data series, enhances the exploration of longitudinal data by

providing tools to visualise individual trajectories in large datasets (Tierney et al.,

2022). It supports sampling, stratification, and feature-based summaries of the data

series, which facilitates the identification of unusual patterns within large data sets

of individual series.

Also, there are existing measures specifically designed to capture the tempo-

ral characteristics of time series data (e.g., Hyndman and Athanasopoulos (2021),

Henderson and Fulcher (2025)). The theft ecosystem proposed by Henderson

and Fulcher (2025) provides tools for deriving time-series features and support-

ing exploratory visual analysis of time series data. Also, the time series features

proposed by Hyndman and Athanasopoulos (2021) include summary statistics, au-

tocorrelation measures, trend and seasonal strength measures, as well as tests for

consistent behaviour over time. Such measures aim to uncover meaningful tempo-

ral behaviours and are implemented in the feasts package. feasts (O’Hara-Wild

et al., 2024b) focuses on a concise set of features proven effective in time series anal-

ysis. tsibbletalk and brolgar leverage feasts and fabletools (O’Hara-Wild

et al., 2024a) respectively to summarise the temporal features of the data series

but does not specifically address the integration of grouping structures into its ex-

ploratory workflow, limiting its ability to explore and compare patterns across and

between groups with their temporal features.

Although the WDI data do not strictly qualify as functional data, they exhibit
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comparable characteristics, consisting of observations from multiple countries over

time. Qu et al. (2024) introduced visualisation tools for functional data (which

they call “exploratory functional data analysis” or EFDA) such as rainbow plots,

functional boxplots and functional bagplots and provided techniques for outlier de-

tection and functional data clustering to detect dominant behaviours and anomalies

across curves. Functional clustering, in particular, is used to partition data based

on shared shape or magnitude features, supporting data-driven identification of

subgroups. The rainbow plot incorporates data ordering feature that colours obser-

vations based on their order, which can reflect various indices such as time or other

relevant characteristics to enhance the exploration process. However, while the Qu

et al. (2024) work supports identifying groupings and patterns based on shared

data features, it does not explicitly incorporate predefined grouping structures into

its framework. The wdiexplorer package builds on its idea of rainbow plot to

order series trajectories based on summary measures of the proposed collection of

diagnostic indices.

If we consider WDI data as scatter plots (plots of observational units versus

time) for individual countries, the idea of scagnostics (scatterplot diagnostic) (Tukey

and Tukey, 1985; Wilkinson and Wills, 2008) can be employed to highlight inter-

esting relationships within the data. Scagnostics quantify structural features of

two-dimensional scatterplots, such as outliers, skewness, and shape, which support

data exploration across large scatterplot matrices by identifying distinctive pat-

terns (Dang and Wilkinson, 2014). However, while scagnostics provide valuable

insights into the distributional and geometric characteristics of scatterplots, they

are designed for unstructured 2D relationships and do not account for structured

observational units or grouping variables that are key attributes of country-level

panel data.

The wdiexplorer package adapts the conceptual framework of scagnostics mea-

sures (whilst we do not directly apply the original scagnostics measures), incorporate

and extend their underlying principles alongside selected time series features from

Hyndman and Athanasopoulos (2021) (as implemented in the feasts package), and

additional measures tailored to panel data series. The package construct a collection

of diagnostic indices that quantify variation, trend and shape, and sequential tem-

poral structure across time series. Measures are calculated with a consideration of

grouping structures to enhance the exploratory analysis of country-level panel data.

Additionally, it refines the interactive visualisation approach used by tsibbletalk
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and incorporates the concept of colouring individual units based on their ordering,

as seen in the rainbow plot of EFDA, to enhance interactive visuals that summarise

behavioural patterns and highlight group-based features of country-level panel data

based on their metric values.

3.3 Methodology

In this section, we present our methodology, inspired by the scagnostics (scatter-

plot diagnostic) framework originated by Tukey and Tukey (1985) and formalised

by Wilkinson and Wills (2008), which provides a set of quantitative measures to

detect anomalies in density, shape, association, and other features of 2D scatter-

plots. We extend scagnostics concepts with some time series features of the feasts

package to the exploratory analysis of country-level panel data through a collection

of diagnostic indices that characterise key behaviours such as trends, variability and

similarities of the data series. In addition, considering the heterogeneity typically

present in country-level panel data, we explicitly incorporate grouping information

(e.g., geographic or socioeconomic) present in the data into the exploratory process

through static and interactive visuals.

3.3.1 A Collection of Diagnostic Indices that Characterise Panel Data Be-

haviour

Our collection of diagnostic indices are organised into three categories: (1) varia-

tion features, (2) trend and shape features, and (3) sequential temporal features.

Together, these indices characterise country-level panel data and support the iden-

tification of trends, patterns, outliers, and other potentially interesting aspects of

variation over time.

(1) Variation Features

The variation features capture the overall differences in the variable of interest

within and between groups of countries. These include an overall dissimilarity

measure for each country, a dissimilarity measure for each country relative to

its predefined group, and an assessment of how well each country fits its group.

These variation measures are formally defined below.
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• Country dissimilarity quantifies the overall dissimilarity for a country.

For each country, it is calculated as the average of the Euclidean distances

between that country and every other country.

A high dissimilarity value indicates that the series for a country differs

substantially from other countries, signalling potential outlier or unique

behaviour, while a low dissimilarity value suggests the series closely re-

sembles the behaviour of other countries in the dataset.

• Group-wise dissimilarity measures how dissimilar each country is

from others in the same group. For each country, it is calculated as

the average of the Euclidean distances between that country and every

other country in its predefined group.

• Silhouette width assess how well the series for a country fits its group

relative to other groups (Rousseeuw, 1987). For each country, it is cal-

culated by comparing the average distance to countries within its group

with the distance to the nearest neighbouring group. The silhouette

width ranges from −1 to +1.

A high silhouette width (close to +1) indicates that the country is well

aligned within its predefined group with clear separation from other

groups. A silhouette width close to 0 indicates a country lies near the

boundary between two groups, and a silhouette width close to−1 denotes

a country closer to a group other that its predefined group.

(2) Trend and Shape Features

In our exploratory analysis, trend and shape features describe how country-

level data patterns evolve and whether they deviate from smooth, or consistent

trajectories. These measures help us understand whether data changes fol-

low steady patterns or more abrupt shifts. These are measured using trend

strength, linearity, curvature and smoothness.

Trend strength, linearity, and curvature are part of the set of time series fea-

tures proposed by Hyndman and Athanasopoulos (2021) and implemented

in the feasts package (O’Hara-Wild et al., 2024b). These features are esti-

mated using a time series decomposition Cleveland et al. (1990), which takes

the form
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yt = Tt + St +Rt,

for seasonal data, and

yt = Tt +Rt,

for non-seasonal data. Tt is the smoothed trend component computed us-

ing Friedman’s SuperSmoother (Luedicke, 2015), implemented through the

stats::supsmu function (R Core Team, 2024), and Rt is a remainder compo-

nent.

• Trend strength measures the extent to which data follows a consistent

pattern over time, which could be linear or curved relative to random

fluctuations (Hyndman and Athanasopoulos, 2021). This measure, which

ranges from 0 to 1, captures how pronounced and stable the overall trend

is, distinguishing steady patterns from irregular noise. As described

by Hyndman and Athanasopoulos (2021), a data series is considered

strongly trended if Var(Rt) < Var(Tt + Rt), and weakly trended if

Var(Rt) > Var(Tt + Rt). Therefore, the strength of trend FT is defined

as

FT = max

(
0, 1− Var(Rt)

Var(Tt +Rt)

)
.

• Linearity measures how closely a series follows a straight-line pattern

over time. It assesses whether changes occur consistently without sharp

curves or bends. Following Hyndman and Athanasopoulos (2021), here

it is defined as the coefficient of the linear term from a regression fitted

to the trend component (T ) of the decomposition, where the predictors

are the first two orthogonal polynomials of the time index.

T = β0 + β1P1(t) + β2P2(t)

where;

t is the time index.

β1 is the linear term which quantifies linearity.

P1(t) is the first-degree orthogonal polynomial of t.
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β2 is the quadratic term which quantifies curvature.

P2(t) is the second-degree orthogonal polynomial of t.

A high positive linearity value (β1) indicates a strong and pronounced

increasing linear trend while a high negative linearity value indicates a

pronounced decreasing linear trend.

A low positive or negative linearity value indicates a weak trend without

a consistent directional pattern, while a β1 value close to 0 suggests the

absence of any linear trend.

• Curvaturemeasures the extent to which a series deviates from a straight-

line trend over time, capturing the presence of non-linear patterns; up-

ward or downward bends. Curvature is quantified as β2, the coefficient

of the quadratic term in a polynomial regression fitted to the trend com-

ponent of the decomposed series, where the predictors are the first two

orthogonal polynomials of the time index (Hyndman and Athanasopou-

los, 2021).

A high positive curvature value indicates that the trend of the data

series decreases and increases over time characterised by a U-shaped

pattern while a high negative curvature value indicates trend increases

to a peak and then declines over time characterised by an inverted U-

shaped pattern.

A low positive or negative curvature value suggests a weak U-shaped or

inverted U-shaped pattern respectively, that is, the trend of the data

series is not pronounced enough to be considered the dominant shape

of the non-linear trend. When the curvature value is close 0, whether

slightly positive or negative, it indicates that the trend follows a nearly

linear trajectory, with minimal or no curvature.

• Smoothness measures how steadily the data for each country evolves

over time. Here we quantify smoothness by the standard deviation of the

lagged differences. It captures the degree of fluctuation in the trajectory

of the data.

Lower smoothness values indicate a smoother, more continuous shape,

suggesting that the series evolves smoothly over time. Higher values

suggest more irregular changes.
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(3) Sequential Temporal Features

In our analysis, sequential temporal features capture the order and timing of

changes in the data series, focusing on patterns that unfold with time rather

than the overall trend. These measures reveal persistence, oscillations, and

periods of stability over time within individual series. These are: number of

crossing points, longest flat spot, and autocorrelation.

Number of crossing points and longest flat spot are features that have been

proven useful in time series analysis (Hyndman and Athanasopoulos, 2021)

and implemented in the feasts package O’Hara-Wild et al. (2024b).

• Number of crossing points count how many times a data series crosses

below or above its median value, capturing the extent of fluctuation

around the central tendency (Hyndman and Athanasopoulos, 2021).

A higher number of crossing points indicates frequent median crossings,

signifying fluctuations above and below the median over time and re-

duced stability in the data series of a country. A lower number suggests

more sustained behaviour in one direction, where the series tends to

remain on the same side of the median for extended periods.

• Longest flat spot measures the longest consecutive sequence in a

series where data points lie within a single interval. This is calculated

by dividing the data range into ten equal-sized intervals and identifying

the maximum run length of consecutive observations that fall within the

same interval (Hyndman and Athanasopoulos, 2021).

High values indicate that the series, for a given country, remains rela-

tively unchanged, reflecting strong temporal stability, while low values

suggest that the series frequently moves between different intervals.

• Autocorrelation measures the correlation between each country data

series and its one-period lagged values, capturing the strength and direc-

tion of association between lagged observations. The value of autocorre-

lation coefficient ranges from −1 to +1.

A high positive autocorrelation (close to +1) indicates strong persistence,

where increases (or decreases) tend to be followed by similar increases

(or decreases), reflecting a smooth, consistent temporal pattern in the

data series of a country. A high negative autocorrelation (close to −1)
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indicates a strong inverse relationship, where increases tend to be fol-

lowed by decreases (and vice versa), suggesting oscillating or alternating

behaviour over time. Autocorrelation values near 0 indicate little or no

linear dependence between consecutive observations.

The collection of diagnostic indices offers a structured summary of country-

level panel data, capturing its key characteristics. While each measure provides

insight on its own, their combined use with visualisation allows for a more complete

view of how countries behave over time. We developed interactive visualisations

to support the interpretation of individual metrics, combinations of metrics, or the

full collection of the diagnostic indices.

3.3.2 Static and Interactive Visuals that Summarise Behavioural Patterns and

Group-Based Features

We develop a set of visual tools that connect the collection of diagnostic indices to

the underlying data series in different ways. These facilitate clearer interpretation

of behavioural patterns of each series, within and across groups, while helping to

identify unusual or distinctive cases.

(1) The distribution plot displays the distribution of metric values, either for

all diagnostic indices or for a selected metric (one or multiple). It summarises

the variation of metric values by showing the spread and shape of their dis-

tributions. There are two versions of the distribution plot: an ungrouped

version, which shows the values of one or more metrics across all countries,

and a grouped version, which displays the distribution within each level of a

specified grouping variable.

(2) The partition plot presents metric values for individual countries grouped

by a specified grouping variable. The metric value of each country is repre-

sented by a coloured bar ordered in descending order, while a lighter-shaded

rectangular bar beneath indicates the average value of the metric at each

group-level. This plot design is inspired by the silhouette plot (Rousseeuw,

1987), which quantifies and visualises how well each observation fits its as-

signed group. It also adapts the visual idea of presenting group averages as a

shadow beneath individual values, as implemented in the flexclust package

(Dolnicar et al., 2018).
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(3) The interactive data trajectory plot displays the trajectory of the data

series for each country. It supports two modes and each mode can be ren-

dered in two versions: ungrouped and grouped versions. Both modes display

all series as uniform line plots, while the second mode highlights countries

that fall within a specified percentile of any chosen diagnostic metric val-

ues. In the ungrouped version, all countries are plotted together without

any grouping structure, and when highlighting is enabled, series representing

countries are highlighted based on whether their metric value exceed an over-

all threshold calculated by the specified percentile. In the grouped version,

data are faceted by a chosen grouping variable (e.g., geographic or economic

groupings); when highlighting is applied, countries are highlighted based on

group-specific thresholds. In both cases, the highlighted series are empha-

sised using a colour gradient mapped to the metric values and hovering over

the lines will display the correspondence country name and metric values so

that the patterns identified by the metrics can be viewed directly within the

temporal behaviour of each country for a clearer understanding of what each

metric captures.

(4) The interactive parallel coordinate plot simultaneously displays all diag-

nostic metrics, with each metric represented as a vertical axis. Each country

is shown as an interactive line that intersects all axes, with the position along

the x-axis corresponding to the diagnostic indices. To ensure comparability

across metrics, all values are normalised to a scale of 0 to 1. Exact metric

values for each country and diagnostic indices are displayed when hovering

over the lines at each axis. Similar to other plots, the interactive parallel co-

ordinate plot supports both ungrouped and grouped versions. The ungrouped

version displays all countries together as parallel lines, where lines are coloured

by a grouping variable to enhance visual distinction. In the grouped version,

parallel lines representing countries are faceted by a grouping variable, where

countries in each group level are grouped together, and each group level are

normalised to a scale of 0 to 1 to facilitate within-group comparison. A con-

sistent colour scheme is applied to both views, with countries in the same

group distinguished by unique colours.

(5) The interactive link-view of metrics and series plot displays an inter-

active visualisation that connects diagnostic indices values with their corre-
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sponding series trajectories. One panel shows a scatterplot of two selected

diagnostic indices (e.g., linearity and curvature), while the other shows the

line plot of the data series for each country. Like the other plots, it also sup-

ports both ungrouped and grouped versions. In the ungrouped version, all

countries appear in a single scatterplot and line plot panel. In the grouped

version, countries are separated into facets based on a specified grouping vari-

able (e.g., geographic or economic groupings), allowing both the scatterplot

and time series panels to reflect group-specific structures. Hovering over or se-

lecting a data point in the scatterplot highlights the corresponding trajectory

with the country name, and vice versa.

(6) The missingness plot displays a visual overview of missing data patterns

across countries and years. Countries are grouped by the levels of a specified

grouping variable, and the presence or absence of data is indicated by colour:

missing entries are shown in black, while available data points are displayed in

a light grey colour. This plot offers a structured summary of data availability,

making it easy to spot countries with complete data gaps and years with

widespread missingness.

All visualisations are built using the ggplot2 (Wickham, 2016) framework, with

additional support from the ggiraph (Gohel and Skintzos, 2025) and ggdist (Kay,

2024) packages. The ggiraph package enables interactivity, while the ggdist package

is used to present the distributions of the diagnostic metrics.

3.4 Package Structure

Our wdiexplorer package provides a set of functions designed to facilitate the effi-

cient exploration and visualisation of one indicator at a time of the World Develop-

ment Indicators (WDI) country-level panel data. It focuses on identifying patterns,

including temporal, shape-based features, outliers, and structural variations within

the data, while enabling comparisons across countries and within predefined groups.

The package functions, listed in Table 3.1, are categorised into three groups that

reflect the stages of the exploration workflow, namely data sourcing and assessing

missing data, computing diagnostic indices, and generating both static and inter-

active visualisations. Examples of the usage of all of these functions are given in

Section 3.5.
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Table 3.1: An overview of the wdiexplorer function names and their functionalities.

Function name Functionality

get_wdi_data Sources and locally stores data from the WDI
database.

plot_missing Visualises missingness in the data.
get_valid_data Extracts valid observations and reports gaps

in country and year.

compute_dissimilarity Computes Euclidean distance between pair-
wise countries.

compute_variation Computes average country dissimilarities,
group-wise dissimilarities, and silhouette
widths.

compute_trend_shape_features Computes trend strength, linearity, curvature,
and smoothness.

compute_temporal_features Computes number of crossing points, longest
flat spot, and autocorrelation.

compute_diagnostic_indices Computes all ten diagnostic indices collec-
tively.

add_group_info Adds grouping information from the WDI
data to the computed diagnostic indices.

plot_metric_distribution Visualises grouped or ungrouped distribution
plots for all or selected diagnostic indices.

plot_metric_partition Visualises metric values for each country, par-
titioned by the specified grouping variable.

plot_data_trajectories Grouped or ungrouped interactive line plots of
the series with or without metric-based high-
lighting.

plot_parallel_coords Parallel coordinate plot of all the diagnostic
indices.

plot_metric_linkview Interactive linked view of the relationship be-
tween two metrics and their associated series
trajectories by country.

3.4.1 Data functions

The get_wdi_data function sources and locally stores WDI indicators datasets one

at a time, leveraging the WDI package. During this process, the indicator variable

name is stored as a dataset attribute, which subsequent package functions use by

default as the index argument ensuring consistency while avoiding the need to
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specify the variable with the country-year data points in any WDI data repeatedly.

Country-level panel data often include missing observations and irregular time

intervals; to address this, we extend the functionality of the vis_miss function from

the naniar (Tierney and Cook, 2023) package by introducing the plot_missing

function that provides a visual summary of data availability and missingness across

countries and years. Complementing this, the get_valid_data function inspects

the dataset to identify countries and years with no valid data points. A data point

is considered invalid if its indicator value is missing, that is NA,NaN. The function

returns a valid dataset with a printed summary of excluded countries and years.

3.4.2 Diagnostic indices functions

The functions that compute the collection of diagnostic indices, introduced in Sec-

tion 3.3.1, are organised according to their respective categories: variation fea-

tures, trend and shape features and sequential temporal features. Specifically,

the compute_dissimilarity function returns the dissimilarity matrix quantify-

ing the Euclidean distance between countries computed with the daisy() function

which handles missing values. This dissimilarity matrix is used as an input to

compute_variation, which computes the average dissimilarity for each country,

the average dissimilarities between a country and every other countries in its pre-

defined group, and the silhouette width.

The function compute_trend_shape_features quantifies the directional pat-

terns and shape of each series with trend strength, linearity, curvature and smooth-

ness measures. The compute_temporal_features captures sequential temporal

features including the number of crossing points, longest flat spot and autocorrela-

tion.

compute_diagnostic_indices computes all diagnostic indices collectively.

add_group_info function adds the grouping information of the WDI data to

the output of any function that computes diagnostic indices. This collection of diag-

nostic indices offers statistical measures that characterise the behavioural patterns

as well as group-based patterns of country-level panel data.

3.4.3 Visualisation functions

The remaining functions focus on visualising the computed diagnostic indices, pro-

viding both static and interactive visualisation functions. The plot_metric_distribution
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function generates a plot that displays the distribution of diagnostic indices. The

function is flexible: it can create either an ungrouped or grouped plot version of

the distribution for the values of a single metric, a selected subset of metric, or all

the diagnostic indices collectively. When visualising a single metric, the function

produces a straightforward distribution plot, while multiple metrics are displayed

using faceting, each metric appears in its own panel, enabling clear visual compari-

son of their shapes and spreads. Within each panel, individual country-level metric

values are represented by dots. See Figure 3.4 for an example.

The plot_metric_partition function creates a layered bar plot that displays

country-level metric values, grouped by a specified variable, with individual bars

overlaid on lighter bars representing group-level averages. Each group level is dis-

tinguished by a unique colour, with the associated countries displayed accordingly,

thereby facilitating comparison both within and across groups. Figures 3.6 and 3.7

are examples of a partition plot with the silhouette width metric.

Both plot_metric_distribution and plot_metric_partition functions gen-

erate static plots because the dots in the distribution plot are not rendered interac-

tively, and the bars in the partition plot are sufficient to convey the metric values

of each country, as tracing them toward the x-axis indicates their respective values.

Additionally, the package includes three interactive visualisation functions. The

plot_data_trajectories function creates interactive line plots of the data series

over time. It supports two modes: one that displays all series uniformly, and another

that also displays the series uniformly while highlighting countries that fall within a

specified threshold of the metric values. In both cases, the function uses interactive

tooltips from the ggiraph package to display the corresponding metric values. Each

mode can be rendered in two versions: ungrouped and grouped. In the ungrouped

version, all countries are plotted together without any grouping structure, and when

highlighting is enabled, it is based on a global percentile threshold derived from the

overall metric distribution. In the grouped version, countries are grouped by a

specified variable; when highlighting is applied, the threshold is calculated within

each group separately, allowing the plot to reflect group-level variation in the metric

rather than the overall distribution. Figure 3.8 is an example of ungrouped data

trajectories plot.

The plot_parallel_coords function generates two versions of interactive par-

allel coordinates plot, where each line corresponds to a country and spans the ten

diagnostic indices. Tooltips appear when hovering over a line across the x-axis,
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displaying the corresponding country name, metric and its value for that country,

facilitating a detailed comparison across all indices. The ungrouped version colour

the lines by the specified grouping variable, while the grouped version also colour

the lines by the specified grouping variable and facet the parallel coordinates plots

by the specified grouping variable. Figure 3.12 is an example of a parallel coordinate

plot.

The plot_metric_linkview function offers an interactive dual-view display

that links the relationship between two metric values to their corresponding series

line plots, enabling exploration of how they relate to the overall data trajectories.

See Figure 3.14 for an example.

The majority of these functions accept an index argument that, by default, uses

the first variable saved as the WDI dataset attribute. A consistent colour scheme

is used across all visualisation functions to distinguish countries within the same

group, facilitating comparison within and between groups. Additionally, we adopt a

clear and descriptive naming format across all functions, aligned with their intended

purpose and the overall structure of the package. These choices improve usability

and support an intuitive workflow.

3.5 Package Workflow

In this section, we demonstrate the wdiexplorer R package workflow categorised

into three main stages, using the PM2.5 air pollution data as an example. This data

is derived from the GBD Study 2021, coordinated by the Institute for Health Met-

rics and Evaluation providing air pollution exposure estimates for nitrogen dioxide

pollution, ozone pollution, ambient particulate matter pollution, and household air

pollution. The PM2.5 air pollution dataset contains mean annual exposure levels to

ambient PM2.5, measured in micrograms per cubic meter (µg/m3).

3.5.1 Stage 1: Data Sourcing and Preparation

This initial stage of the workflow uses three core functions:

get_wdi_data, plot_missing and get_valid_data.

The get_wdi_data function sources the WDI indicator data of interest, taking

a single argument indicator, which should be a valid WDI indicator code (e.g.,
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PM2.5 air pollution data with WDI indicator code: ”EN.ATM.PM25.MC.M3”). To

find any indicator code, users can employ the WDI::WDISearch() function with a

relevant search keyword as its argument as illustrated below.

WDI::WDIsearch("air pollution")

pm_data <- get_wdi_data(indicator = "EN.ATM.PM25.MC.M3")

The dataset for any specified indicator code is a data frame with 13 variables and

is stored locally in a “wdi data” folder for easy future access. The 13 variables of

any WDI indicator dataset are described in Table 3.2 below.

Table 3.2: WDI variable names and descriptions.

Variable name Description

Country Country name.
iso2c 2-letter ISO country code.
iso3c 3-letter ISO country code.
year Calendar year representing the time index of the observation.
indicator code The variable containing values for the specified indicator code.

“In this package, this serves as the index variable”.
status Describes the nature of the reported value, whether it is actual,

estimated, or forecasted.
lastupdated Timestamp that indicates the most recent update of the indi-

cator values.
region Geographical region.
capital Name of the capital city.
longitude Geographic coordinate that measures how far east or west a

country is from the Prime Meridian.
latitude Geographic coordinate that measures how far north or south

a country is from the Equator.
income World Bank income classification.
lending World Bank lending classification.
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tibble::glimpse(pm_data)

Downloading WDI indicator:

EN.ATM.PM25.MC.M3 data using the WDI R package.

Rows: 13,910

Columns: 13

$ country <chr> "Afghanistan", "Afghanistan", "Afghanistan"...

$ iso2c <chr> "AF", "AF", "AF", "AF", "AF", "AF", "AF", "...

$ iso3c <chr> "AFG", "AFG", "AFG", "AFG", "AFG", "AFG", "...

$ year <int> 1964, 1965, 2007, 1963, 1970, 1969, 1968, 1...

$ EN.ATM.PM25.MC.M3 <dbl> NA, NA, 58.08379, NA, NA, NA, NA, NA, NA, 5...

$ status <chr> "", "", "", "", "", "", "", "", "", "", "",...

$ lastupdated <chr> "2025-07-01", "2025-07-01", "2025-07-01", "...

$ region <chr> "South Asia", "South Asia", "South Asia", "...

$ capital <chr> "Kabul", "Kabul", "Kabul", "Kabul", "Kabul"...

$ longitude <chr> "69.1761", "69.1761", "69.1761", "69.1761",...

$ latitude <chr> "34.5228", "34.5228", "34.5228", "34.5228",...

$ income <chr> "Low income", "Low income", "Low income", "...

$ lending <chr> "IDA", "IDA", "IDA", "IDA", "IDA", "IDA", "...

Once the data is sourced, an important initial step is to highlight missing entries

across countries and time periods. To facilitate this, the plot_missing function

takes two arguments: a dataset containing data for a selected WDI indicator, and

a predefined grouping variable within the dataset. It also includes an additional

argument index, which defaults to NULL and uses the first variable saved as the

WDI dataset attribute. The function produces a missingness plot that provides a

structured overview of missing data and shows its distribution over time, across

countries, and by the specified grouping variable.

The missingness plots in Figures 3.1, 3.2, 3.3 show that no data are present

from 1960 to 1989 and from 2021 to 2024. During the period 1990 to 2020, data are

available across all countries in the Middle East & North Africa, South Asia, and

Sub-Saharan Africa. In contrast, several countries in other regions have no valid

data recorded. Specifically, four countries in East Asia & Pacific, six countries in

Europe & Central Asia, and seven countries in Latin America & the Caribbean. In

total, 17 countries across these three regions have no valid data between 1990 and
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2020. These patterns of missingness are clearly captured by the plot, which provides

a structured overview across time, countries, and predefined groups (geographic or

economic groupings).

plot_missing(pm_data, group_var = "region")

The World Bank grouped countries into seven regions. To improve readability

and legibility, the missingness plots for the 185 countries were displayed across three

separate plots Figures 3.1, 3.2, 3.3: the first two plots each contain two regions,

while the third plot contains the remaining three regions. Note: the plot_missing

function presents the missingness patterns for all countries in a single plot; however,

for presentation purposes, it was divided into three separate plots.
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East Asia & Pacific

Europe & Central Asia

1960 1968 1976 1984 1992 2000 2008 2016 2024

Viet Nam
Vanuatu

Tuvalu
Tonga

Timor−Leste
Thailand

Solomon Islands
Singapore

Samoa
Philippines

Papua New Guinea
Palau

Northern Mariana Islands
New Zealand

New Caledonia
Nauru

Myanmar
Mongolia

Micronesia, Fed. Sts.
Marshall Islands

Malaysia
Macao SAR, China

Lao PDR
Korea, Rep.

Korea, Dem. Peoples Rep.
Kiribati
Japan

Indonesia
Hong Kong SAR, China

Guam
French Polynesia

Fiji
China

Cambodia
Brunei Darussalam

Australia
American Samoa

Uzbekistan
United Kingdom

Ukraine
Turkmenistan

Turkiye
Tajikistan

Switzerland
Sweden

Spain
Slovenia

Slovak Republic
Serbia

San Marino
Russian Federation

Romania
Portugal

Poland
Norway

North Macedonia
Netherlands
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 Present (42.7%) Missing (57.3%)

Figure 3.1: Missingness plot of the first two regions, providing information about
the years and countries with missing entries and the overall percentages of missing
and present data. It also shows that no data points are available during years 1960
to 1989 and 2021 to 2024.
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 Present (42.3%) Missing (57.7%)

Figure 3.2: Missingness plot of Latin America & Caribbean, and Middle East &
North Africa regions, providing information about the years and countries with
missing entries and the overall percentages of missing and present data. It also
shows that no data points are available during years 1960 to 1989 and 2021 to 2024.
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 Present (47.7%) Missing (52.3%)

Figure 3.3: Missingness plot of North America, South Asia, and Sub-Saharan Africa,
providing information about the years and countries with missing entries and the
overall percentages of missing and present data. It also shows that no data points
are available during years 1960 to 1989 and 2021 to 2024.
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To complement this visual summary, we introduce a second step: calculating the

total number of missing entries per country. This quantitative assessment mirrors

the information shown in the missingness plot and helps identify countries with

particularly high levels of missing data within their group. The following code

demonstrates this using our illustrative dataset.

index <- "EN.ATM.PM25.MC.M3"

pm_data |>

dplyr::select(country, region, year, tidyselect::all_of(index)) |>

dplyr::group_by(region, country) |>

naniar::miss_var_summary() |>

dplyr::filter(variable == index) |>

dplyr::arrange(desc(n_miss))

# A tibble: 215 × 5

# Groups: region, country [215]

country region variable n_miss pct_miss

<chr> <chr> <chr> <int> <num>

1 Aruba Latin Americ... EN.ATM.... 65 100

2 British Virgin Islands Latin Americ... EN.ATM.... 65 100

3 Cayman Islands Latin Americ... EN.ATM.... 65 100

4 Channel Islands Europe & Cen... EN.ATM.... 65 100

5 Curacao Latin Americ... EN.ATM.... 65 100

6 Faroe Islands Europe & Cen... EN.ATM.... 65 100

7 French Polynesia East Asia & ... EN.ATM.... 65 100

8 Gibraltar Europe & Cen... EN.ATM.... 65 100

9 Hong Kong SAR, China East Asia & ... EN.ATM.... 65 100

10 Isle of Man Europe & Cen... EN.ATM.... 65 100

# 205 more rows

In addition, the wdiexplorer package provides the get_valid_data function,

which reports countries with no data points as well as years for which no data are

available, and returns a tibble with the valid data for the provided WDI indicator

dataset. The function takes one argument, a dataset containing data for a selected

WDI indicator.
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get_valid_data(pm_data)

The 17 countries listed below had no available data and were excluded:

Aruba

- British Virgin Islands

- Cayman Islands

- Channel Islands

- Curacao

- Faroe Islands

- French Polynesia

- Gibraltar

- Hong Kong SAR, China

- Isle of Man

- Kosovo

- Liechtenstein

- Macao SAR, China

- New Caledonia

- Sint Maarten (Dutch part)

- St. Martin (French part)

- Turks and Caicos Islands

The 34 year(s) listed below had no available data and were excluded:

1960, 1961, 1962, 1963, 1964, 1965,

1966, 1967, 1968, 1969, 1970, 1971,

1972, 1973, 1974, 1975, 1976, 1977,

1978, 1979, 1980, 1981, 1982, 1983,

1984, 1985, 1986, 1987, 1988, 1989,

2021, 2022, 2023, 2024

The get_valid_data function is primarily used to investigate missing entries

and identify countries excluded from the indicator data. This function is executed

internally by all other functions in the wdiexplorer workflow to filter valid data

from the specified indicator data.
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3.5.2 Stage 2: Diagnostic Indices

This second stage of the workflow focuses on calculating the diagnostic indices

introduced in Section 3.3.1. They measure variation, trend and shape features,

as well as sequential temporal characteristics. There are three functions in the

wdiexplorer package which support the computation of these indices.

Variation Features

To measure variation, the function compute_dissimilarity takes one main argu-

ment, a dataset of any WDI indicator, and returns a matrix of dissimilarity values

between country pairs. The function also includes two additional arguments with

default values: index, which defaults to NULL and uses the first variable saved as

the WDI dataset attribute; and metric, which specifies the dissimilarity calculation

method and defaults to Euclidean distance.

The function compute_variation accepts two main arguments: a dataset of

any WDI indicator and a grouping variable group_var. It also includes an op-

tional dissimilarity matrix argument, diss matrix (defaulting to the output of

compute_dissimilarity. The compute_variation function returns a data frame

with country, country_avg_dist, average distance between each country and all

other countries in the data set, within_group_avg_dist, average distance between

each country and all other countries within its predefined group, and sil_width, sil-

houette widths which measure how well each country fits within its group compared

to other groups. The code below demonstrates the use of these functions:

Users can compute the dissimilarity matrix separately and pass it directly as

the diss_matrix argument into the compute_variation function as demonstrated

below or allow the function to compute it internally by specifying only the two main

arguments:

pm_diss_mat <- compute_dissimilarity(pm_data)

pm_variation <- compute_variation(

pm_data,

diss_matrix = pm_diss_mat,

group_var = "region"

)
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The output pm_variation enables the exploration of computed variation fea-

tures. It facilitates the identification of the most distinctive countries, the evaluation

of within-group differences, and the analysis of how closely aligned countries within

a group are compared to those in other groups. However, these measures are not

always intuitive to interpret on their own; they are best understood in conjunction

with the accompanying line plot, which displays the behavioural patterns over time,

offering meaningful context for comparing the trajectories of standout countries to

the rest.

# country dissimilarity average

pm_variation |>

dplyr::arrange(desc(country_avg_dist)) |>

dplyr::slice_head(n = 3)

# A tibble: 3 × 5

country group country_avg_dist within_group_avg_dist sil_width

<chr> <chr> <dbl> <dbl> <dbl>

1 Qatar Middle East ... 498. 410. -0.168

2 Niger Sub-Saharan ... 479. 408. -0.207

3 Mauritania Sub-Saharan ... 415. 345. -0.243

# within group dissimilarity average

pm_variation |>

dplyr::arrange(desc(within_group_avg_dist)) |>

dplyr::slice_head(n = 3)

# A tibble: 3 × 5

country group country_avg_dist within_group_avg_dist sil_width

<chr> <chr> <dbl> <dbl> <dbl>

1 Qatar Middle East ... 498. 410. -0.168

2 Niger Sub-Saharan ... 479. 408. -0.207

3 Mauritania Sub-Saharan ... 415. 345. -0.243

The results above show that Qatar has the highest overall average dissimilarity,

followed by Niger and Mauritania. These countries, Qatar, Niger, and Mauritania,
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not only rank highest in overall average dissimilarity but also exhibit the highest

dissimilarity relative to countries in their respective region groups.

pm_variation |>

dplyr::arrange(desc(sil_width)) |>

dplyr::slice_head(n = 3)

# A tibble: 3 × 5

country group country_avg_dist within_group_avg_dist sil_width

<chr> <chr> <dbl> <dbl> <dbl>

1 Canada North Ame... 151. 13.7 0.836

2 Bermuda North Ame... 155. 17.2 0.798

3 United States North Ame... 138. 23.0 0.695

As shown in the pm_variation result, Canada, Bermuda, and the United States

(the only countries from the North America region group with available PM2.5 air

pollution data) exhibit the highest silhouette widths, indicating that these countries

have similar PM2.5 trajectories, which are dissimilar to those in other region groups.

Trend and Shape Features

To examine trend and shape features, we implement compute_trend_shape_features,

which takes as the main argument a dataset of any WDI indicator. An additional

argument index specifies the indicator name. If index is NULL then the first variable

saved as the WDI dataset attribute is used. The function returns a data frame with

one row per country and columns for the measures trend strength, linearity,

curvature, and smoothness.

pm_trend_shape <- compute_trend_shape_features(pm_data)

The pm_trend_shape output enables the exploration of the computed trend and

shape features.
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pm_trend_shape |>

dplyr::arrange(desc(trend_strength)) |>

dplyr::slice_head(n = 3)

# A tibble: 3 × 5

country trend_strength linearity curvature smoothness

<chr> <dbl> <dbl> <dbl> <dbl>

1 Ukraine 0.996 -32.4 2.69 0.547

2 Moldova 0.995 -34.4 2.65 0.666

3 United Kingdom 0.995 -16.3 -0.217 0.329

The output above shows that Ukraine, Moldova, and the United Kingdom are

the three countries with the strongest trend strength. In this context, trend strength

measures the extent to which data follows a consistent pattern over time, whether

linear or curved.

pm_trend_shape |>

dplyr::arrange(desc(linearity)) |>

dplyr::slice(c(1, 2, dplyr::n(), dplyr::n() - 1))

# A tibble: 4 × 5

country trend_strength linearity curvature smoothness

<chr> <dbl> <dbl> <dbl> <dbl>

1 Mongolia 0.944 27.2 4.47 1.95

2 Saudi Arabia 0.810 25.5 -11.7 4.34

3 Bolivia 0.995 -116. 2.46 2.08

4 Peru 0.991 -104. -10.2 2.49

The output above lists countries with the strongest positive and negative linear

trend as represented by the linearity column, Mongolia and Saudi Arabia ex-

hibit the highest positive linearity values, and Bolivia and Peru are countries with

the highest negative linearity. A more detailed interpretation of these results is

presented in Subsection 3.5.3, where the metric values are explored in conjunction

with the trajectories of each country’s data series.

The next code segment identifies countries with extreme curvature values.
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pm_trend_shape |>

dplyr::arrange(desc(curvature)) |>

dplyr::slice(c(1, 2, dplyr::n(), dplyr::n() - 1))

# A tibble: 4 × 5

country trend_strength linearity curvature smoothness

<chr> <dbl> <dbl> <dbl> <dbl>

1 Singapore 0.970 -21.1 14.4 1.41

2 Senegal 0.575 -13.7 10.1 6.19

3 Kuwait 0.762 13.7 -17.2 4.92

4 Libya 0.713 6.78 -15.2 3.94

From the above output, Singapore and Senegal exhibit the most positive curvature

values, indicating that their series follow a U-shaped pattern. Conversely, Kuwait

and Libya exhibit the most negative curvature values, indicating a pronounced

inverted U-shaped pattern.

We proceeded to identify countries with the highest and lowest smoothness

values.

pm_trend_shape |>

dplyr::arrange(desc(smoothness)) |>

dplyr::slice(c(1, dplyr::n()))

# A tibble: 2 × 5

country trend_strength linearity curvature smoothness

<chr> <dbl> <dbl> <dbl> <dbl>

1 Niger 0.242 13.9 -9.88 8.54

2 Tuvalu 0.906 0.631 -0.596 0.144

This output shows that Niger, a country in Middle East & North Africa region,

emerges as the country with the highest smoothness value. Tuvalu, located in the

East Asia & Pacific region, has the lowest smoothness value.

Sequential Temporal Features

Lastly, to measure the sequential temporal features of the data series, we implement

a function named compute_temporal_features, which takes the same arguments
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as the other functions that calculate diagnostic indices. The function returns a

data frame where each row represents a country, and columns for the country

name, and measures of number of crossing points, longest flat spot, and

autocorrelation.

pm_temporal <- compute_temporal_features(pm_data)

We can use pm_temporal to explore the computed sequential temporal features.

pm_temporal |>

dplyr::arrange(desc(crossing_points)) |>

dplyr::slice(c(1, 2, dplyr::n(), dplyr::n() - 1))

# A tibble: 4 × 4

country crossing_points flat_spot acf

<chr> <int> <int> <dbl>

1 Gabon 10 4 0.338

2 Tunisia 10 5 0.760

3 Venezuela, RB 1 13 0.942

4 Uruguay 1 11 0.977

The code segment above shows that Gabon and Tunisia have the highest number

of crossing points. In contrast, 54 countries have only one crossing point, indicating

that these countries cross above or below their median value just once.

We proceeded to identify countries with the highest and the lowest number of

flat spot:
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pm_temporal |>

dplyr::arrange(desc(flat_spot)) |>

dplyr::slice(c(1:3, (dplyr::n() - 2):dplyr::n()))

# A tibble: 6 × 4

country crossing_points flat_spot acf

<chr> <int> <int> <dbl>

1 Kyrgyz Republic 3 18 0.909

2 United Arab Emirates 9 18 -0.00320

3 Armenia 1 17 0.934

4 Jordan 3 3 0.846

5 Rwanda 7 3 0.539

6 West Bank and Gaza 8 3 0.608

We see from this output that Kyrgyz Republic and United Arab Emirates have the

longest flat spots, characterised by long consecutive periods during which their data

series remain within an interval. In contrast, Jordan, Rwanda, and West Bank and

Gaza exhibit the shortest consecutive periods where their series remain within a

specified interval.

The next code segment investigates the acf measures in pm temporal:

pm_temporal |>

dplyr::arrange(desc(acf)) |>

dplyr::slice(c(1, dplyr::n()))

# A tibble: 2 × 4

country crossing_points flat_spot acf

<chr> <int> <int> <dbl>

1 Ukraine 1 5 0.996

2 United Arab Emirates 9 18 -0.00320

The above output shows that Ukraine has the highest autocorrelation value. United

Arab Emirates has zero autocorrelation value. United Arab Emirates has the zero

autocorrelation value and is also one of the countries with the longest flat spot. This

suggests that although the data series in United Arab Emirates contains extended

periods of minimal change reflected in its high number of longest flat spot, the
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zero autocorrelation indicates an absence of dependence between successive time

points, even when its values remain within the same interval for the longest period.

This shows that the diagnostic measures are often not informative enough when

interpreted in isolation; they become more insightful when combined with their

corresponding series trajectories as shown in Subsection 3.5.3.

The compute_diagnostic_indices function returns all diagnostic indices col-

lectively in a single data frame. The function takes two arguments: a dataset of any

WDI indicator data and a grouping variable group_var and returns a data frame

with: country; country_avg_dist, within_group_avg_dist, sil width, trend

strength, linearity, curvature, smoothness, number of crossing points, longest

flat spot, and autocorrelation measures.

pm_diagnostic_metrics <- compute_diagnostic_indices(

pm_data, group_var = "region"

)

This pm_diagnostic_metrics output can be passed directly to the plot func-

tions to generate both static and interactive visuals of the wdiexplorer package.

The add_group_info function appends the predefined grouping information

from the WDI dataset to the data frame of any computed diagnostic function out-

put. The function takes two arguments: a data frame with the calculated diagnostic

indices metric_summary; and a dataset of any WDI indicator data. This facilitates

the direct use of the resulting data frame with the plot functions to create group

versions of the visualisations.

pm_diagnostic_metrics_group <- add_group_info(

metric_summary = pm_diagnostic_metrics,

pm_data

)

3.5.3 Stage 3: Static and Interactive Visualisations

The third stage of the workflow utilises visual summaries to detect potentially in-

teresting features within panel data. Our package offers five core visualisation func-

tions, two static plot functions: plot_metric_distribution, and plot_metric_partition

and three interactive plot functions: plot_data_trajectories, plot_parallel_coords,

and plot_metric_linkview, all built on the ggplot2 (Wickham, 2016) framework
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and using ggiraph (Gohel and Skintzos, 2025) for interactivity, ggdist (Kay, 2024)

for the distribution plots and scales (Wickham et al., 2025) for managing prede-

fined group colour palettes. Each of these functions is demonstrated below.

Distribution Plot

The plot_metric_distribution function takes two main arguments: a data frame

containing the computed diagnostic indices and the predefined grouping informa-

tion metric_summary; and a variable, colour_var whose levels are mapped to dis-

tinct colours in the resulting dot plot. An optional argument, group_var, controls

whether the distribution is grouped or ungrouped. To generate the distribution plot

for specific metrics, users can pass the variable names to the metric_var argument.

The code below demonstrates how to use the plot_metric_distribution func-

tion to generate ungrouped distribution plots for all diagnostic indices.

plot_metric_distribution(

metric_summary = pm_diagnostic_metrics_group,

colour_var = "region"

)
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Figure 3.4: Distribution of diagnostic indices where each panel represents a different
metric. It shows the spread of the metric values across countries, with each dot
representing a country and coloured by region. Countries in the North America
region stand out with the lowest within-group average dissimilarity and the highest
silhouette width values.

Figure 3.4 shows the distribution of all diagnostic indices using dotplots. Each

metric is presented in a separate panel, with each dots showing the per country

metric value with dots coloured by region. The figure reveals distinct distribu-

tional patterns across the indices. For instance, country average dissimilarity and

smoothness measures are right skewed with most countries having low values. These

indicate that the majority of countries differ only minimally from one another and

tend to follow smooth, gradual changes over time (based on the smoothness mea-

sures). In contrast, trend strength and autocorrelation (acf) are left skewed, with

most countries showing high metrics values. These reveal that, in majority of the

countries, their data series exhibit persistence trends which could be linear or curved

and high correlation between successive time points. However, linearity and curva-

ture are centred around zero. Linearity (β1) value close to 0 suggests the absence of
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any linear trend and curvature (β2) value close to 0 indicates that the trend follows

a nearly linear trajectory, with minimal or no curvature. Although the plot is not

interactive and the countries corresponding to the dots centred around zero cannot

be identified, a literal interpretation suggests that the trends in some countries are

neither predominantly linear nor strongly curved.

The Figure 3.4 also highlights that the three countries in the North America re-

gion shown in magenta stand out with the lowest within-group average distance and

the highest silhouette width values. The low within-group average distance indi-

cates minimal variation among the temporal patterns of these countries, suggesting

that their PM2.5 air pollution trends are highly similar. The high silhouette width

further confirms this, as it measures how well each country fits within its group rel-

ative to other groups, higher values indicate that these countries are closely aligned

to their predefined group and distinct from others.

The code below demonstrates how to use the plot_metric_distribution func-

tion to generate grouped distribution plots for all diagnostic indices.

plot_metric_distribution(

metric_summary = pm_diagnostic_metrics_group,

colour_var = "region",

group_var = "region"

)

59



3.5. PACKAGE WORKFLOW

flat_spot acf

linearity curvature smoothness crossing_points

country_avg_dist within_group_avg_dist sil_width trend_strength

5 10 15 0.00 0.25 0.50 0.75 1.00

−120 −80 −40 0 −10 0 10 0 2 4 6 8 2.5 5.0 7.5 10.0

100 200 300 0 100 200 −1.0 −0.5 0.0 0.5 0.25 0.50 0.75 1.00

Metric Values

region
Europe & Central Asia

Sub−Saharan Africa

Latin America & Caribbean

East Asia & Pacific

Middle East & North Africa

South Asia

North America

Figure 3.5: Distribution of diagnostic indices grouped by region. Each panel dis-
plays a metric, with countries organised by region to facilitate within and between
group comparisons. The plot reveals region-specific patterns and outliers. Sub-
Saharan Africa and East Asia & Pacific regions show wider spread while North
America region are closely aligned.

Figure 3.5 shows the distribution of diagnostic indices grouped by region. As

in the ungrouped distribution plot in Figure 3.4, each panel represents a different

metric. However, while the ungrouped version presents all countries together as

individual dots in a single distribution per metric, the grouped version organises

countries by region, making it easier to compare both within and between group

metric values across regions. Across all regions, the country average dissimilarity

metric is consistently right-skewed, though Sub-Saharan Africa and Middle East &

North Africa contain notable outliers that deviate substantially from other coun-

tries in their region. A similar pattern is observed in their within-group average

dissimilarity metric. In the silhouette width panel, All countries in Latin America
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& Caribbean and Sub-Saharan Africa have negative values, suggesting that their

temporal patterns may be more aligned with countries outside their assigned groups

while the three countries in the North America region have the highest silhouette

width values. The North America region exhibit closely aligned metric values across

all diagnostic indices with minimal differences. This indicates a highly knitted re-

gion with similar temporal behaviour.

Figure 3.5 also highlights outlier countries in South Asia region where some of

the countries exhibit negative silhouette width far off from the behaviour in other

countries. Outliers are easily identified in most of the regions across metrics in

the grouped distribution plot. For example, East Asia & Pacific has the country

with the highest positive curvature value while Middle East & North Africa has

countries with the most extreme negative curvature values. In smoothness metric,

Sub-Saharan Africa has the highest smoothness values. Sub-Saharan Africa and

Middle East & North Africa exhibit broader spreads across metrics particularly in

country average dissimilarity, trend strength, curvature, smoothness and autocor-

relation (acf), reflecting substantial heterogeneity within the data series in these

regions.

Although linearity and curvature remain centred around zero in most regions

as previously seen in Figure 3.4, the ungrouped version and the grouped version

in Figure 3.5 reveals region-specific behaviours. For instance, Latin America &

Caribbean appears more left-skewed in linearity, indicating a pronounced downward

trend in most of the countries.

Partition Plot

The plot_metric_partition function takes three arguments: metric_summary,

a data frame with the calculated diagnostic indices and the grouping information,

metric_var, a variable within the data frame that contains the metric values, and

group_var naming the grouping variable. The metric_summary is the output of any

diagnostic indices functions merged with the grouping information from the WDI

data. This integration is performed using the add_group_info function, which

appends the relevant group information of each country to the metric summary. The

following code demonstrates plot_metric_partition using the silhouette width

measures of the PM2.5 air pollution data.
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plot_metric_partition(

metric_summary = pm_diagnostic_metrics_group,

metric_var = "sil_width",

group_var = "region"

)

To improve legibility, the silhouette width partition plot is presented across

Figures 3.6 and 3.7.
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Figure 3.6: Country silhouette widths, grouped by region, with the average silhou-
ette width for each region underlaid beneath the country bars.
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Figure 3.7: Country silhouette widths, grouped by region, with the average sil-
houette width for each region underlaid beneath the country bars. Countries in
Sub-Saharan Africa and East Asia & Pacific regions all exhibit negative silhouette
widths, suggesting that they do not fit well within their predefined regional group-
ings based on their data series, or that their behaviour may be more similar to
countries in other regions.
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Figures 3.6 and 3.7 present the silhouette width value for each country, parti-

tioned by their respective region groupings. Each bar represent the silhouette width

of a country, while the group-level average is underlaid beneath the country bars.

A distinct colour palette is used to differentiate region levels, with countries within

the same group sharing the same colour.

North America stands out as the region with the most closely aligned data series,

with Bermuda, Canada and the United States all exhibiting high positive close to +1

silhouette widths. This indicates that these countries behave consistently in terms of

their PM2.5 air pollution trends and differ clearly from countries in other regions. In

contrast, South Asia displays a mix of both positive and negative silhouette values.

Notably, three countries in the region exhibit highly negative values, indicating a

weaker fit within the South Asia group. A similar variation is observed in Latin

America & Caribbean, Europe & Central Asia and Middle East & North Africa,

where a few countries in these regions have slightly positive values, the majority

exhibit extreme negative values close to −1 and some close to 0 values reflecting

weak within-group similarity among countries within these regions.

Sub-Saharan Africa and East Asia & Pacific regions are characterised by uni-

formly negative silhouette widths, though with varying degree as some countries

exhibit close to −1, while some are close to 0. This reflects noticeable differences in

behaviour among countries within the same region. Figures 3.6 and 3.7 reveal that,

only countries in North America exhibit consistently similar temporal patterns,

while other regions exhibit weaker similarity with more group-wise variability.

The remaining visualisation functions are designed to produce interactive plots

with tooltips displaying the country name and their respective metric value. For

the purposes of this documentation, we provide static versions instead, while the

interactive versions are available in an online archive via a. The code examples below

demonstrate how each of these functions can be used to interpret the diagnostic

measures discussed in Section 3.5.2 in the data trajectories space.

Data Trajectories Plot

The plot_data_trajectories function generates interactive line plots. It takes

one main argument: a dataset containing data for a selected WDI indicator. It also

accepts two optional arguments, index, which defaults to NULL and uses the first

ahttps://oluwayomi-olaitan.github.io/rjournal-wdiexplorer-interactive-plots/
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variable saved as the WDI dataset attribute, and interactive, which defaults to

TRUE. By default, it generates an ungrouped interactive line plot showing country-

level trajectories. If an additional optional argument group_var is specified, the

function instead produces a grouped version of the interactive line plots of the series,

faceted by the specified grouping variable. Additional arguments metric_summary

and metric_var can be supplied to highlight the trajectories based on the specified

percentile of the metric values. metric_summary is a data frame containing the

calculated diagnostic indices alongside the grouping information, while metric_var

specifies which variable in that data frame contains the values of the metric for

highlighting.

The function also accepts a percentile argument, which defines the threshold

for highlighting countries based on their metric values. By default, percentile =

0.95, meaning the top 5% of countries based on the selected metric are interactively

emphasised with distinct colour palette. When group_var is NULL, the function

highlights countries using a global threshold across all countries. When group_var

is specified, the function produces a faceted plot grouped by the specified variable,

and countries are highlighted based on group-specific percentile thresholds rather

than a global distribution threshold.

To demonstrate the functionality of the plot_data_trajectories for high-

lighting countries based on the computed metrics, we select two diagnostic indices:

dissimilarity and linearity. We use absolute values of the linearity index to ensure

that both strong positive and strong negative are treated equally when highlighting

the top percentile.

The ungrouped and grouped data series trajectories with the top 5% countries

highlighted based on their dissimilarities. The plot_data_trajectories function

allows users to modify the axis titles and add a plot title to the data trajectories.
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# ungrouped version

plot_data_trajectories(

pm_data,

metric_summary = pm_diagnostic_metrics,

metric_var = "country_avg_dist",

interactive = FALSE

) +

ggplot2::labs(

x = "Year", y = "Annual mean PM2.5 exposure"

)
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Figure 3.8: Country line plots of PM2.5 air pollution dataset. Countries with av-
erage dissimilarity distance values below or at the 95th percentile are displayed in
grey, while countries with the top 5% average dissimilarity between itself and other
countries are highlighted using a colour gradient. Qatar and Niger, countries dis-
played in purple-blue exhibit the highest dissimilarity values. Hovering any of the
highlighted lines in the interactive version reveals the corresponding country name
and metric value.

In the interactive version of Figure 3.8 available via b, hovering over each

highlighted line displays the country name and the average dissimilarity distance

value. This plot visually complements and reinforces the earlier findings from the

bhttps://oluwayomi-olaitan.github.io/rjournal-wdiexplorer-interactive-plots/i

nteractive-plots/ungrouped_dissimilarity_plot.html
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pm variation output generated by the compute_variation function in Subsection

3.5.2. Qatar, Niger displayed in purple-blue and Mauritania displayed in reddish-

purple are the top three countries with the highest average dissimilarity distance.

As seen in Figure 3.8, these three countries also record the highest annual PM2.5

air pollution exposure levels, with Qatar leading. Qatar’s extensive oil and gas

production and large-scale construction activities likely contribute to its elevated

pollution levels and its distinctiveness relative to other countries. Ali Ahmadi et al.

(2018) identified Qatar arid climate, along with rapid industrialisation, urbanisa-

tion, and traffic emissions, as major contributing factors to its elevated PM2.5 and

PM10 pollution levels.

# grouped version

plot_data_trajectories(

pm_data,

metric_summary = pm_diagnostic_metrics_group,

metric_var = "within_group_avg_dist",

group_var = "region",

interactive = FALSE

) +

ggplot2::labs(

x = "Year", y = "Mean annual exposure of PM2.5 air pollution"

)

68



3.5. PACKAGE WORKFLOW

Sub−Saharan Africa

Middle East & North Africa North America South Asia

East Asia & Pacific Europe & Central Asia Latin America & Caribbean

1990 2000 2010 2020

1990 2000 2010 20201990 2000 2010 2020

0

30

60

90

0

30

60

90

0

30

60

90

Year

M
ea

n 
an

nu
al

 e
xp

os
ur

e 
of

 P
M

2.
5 

ai
r 

po
llu

tio
n

within_group_avg_dist
 (Top 5%)

100

200

<=95%

Figure 3.9: PM2.5 air pollution data trajectories faceted by region groupings with
group-based threshold rather than a uniform global threshold for highlighting coun-
tries with the top percentile. Qatar stood out with the highest dissimilarity values
across other countries in Middle East & North Africa while Niger, Mauritania and
Senegal are identified as countries with the highest dissimilarity within the Sub-
Saharan Africa region. Hovering any of the highlighted lines in the interactive
version reveals the corresponding country name and metric value.

The interactive version of Figure 3.9 is available online via c. Figure 3.9 shows

that within each region, countries are highlighted based on group-specific thresholds.

Qatar stands out among all other countries in Middle East & North Africa while

Niger and Mauritania stand out in Sub-Saharan Africa. This suggests that their

pollution trajectory over time are not only unusual at the global level but also

relative to other countries in their region. In the study conducted by Bauer et al.

(2019), air pollution across the African continent was found to be dominated by

Saharan dust, with biomass burning identified as a major contributor, particularly

in Central and West Africa. These natural environmental factors largely explain

the high PM2.5 air pollution levels and structural distinctiveness observed in Niger

and Mauritania.

chttps://oluwayomi-olaitan.github.io/rjournal-wdiexplorer-interactive-plots/i

nteractive-plots/grouped_dissimilarity_plot.html
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In Figure 3.8, countries highlighted based on the global threshold include Afghanistan,

Bahrain, Egypt, Arab Rep., India, Mali, Mauritania, Niger, Peru, Qatar, and Sene-

gal. However, in Figure 3.9 where countries are highlighted based on the group-

specific threshold, some of these countries are no longer highlighted, while new

ones appear within their respective regions. Notably, no countries from East Asia

& Pacific or North America region were highlighted under the global threshold,

yet region-specific highlighting reveals outliers that would otherwise be overlooked.

This shows the value of group-specific thresholds in revealing regionally unusual

temporal behaviours.

The results from the country average and within-group average dissimilarity

align with the patterns observed in the silhouette width partition plot. Countries

such as Qatar, Niger, and Mauritania were identified as outliers not only due to

their high country average and within-group average dissimilarity, they also belong

to regions that were characterised by weak similarity and within group variability.

In contrast, Bermuda, Canada and the United States, all in the North America re-

gion, exhibit high positive silhouette widths, indicating relatively strong similarity

among the countries in the group. However, the group-specific dissimilarity thresh-

old highlights United States as a country with the highest dissimilarity within the

region. Although the countries appear relatively similar, the data series for the

United States differs slightly from the data series of Bermuda and Canada. This

is also reflected in its silhouette width, which is positive but lower than the other

countries in the North America region. The alignment across these measures under-

scores the value of using multiple metrics to identify structural patterns and detect

outliers in country-level panel data.

Having introduced the chosen diagnostic indices, the code below demonstrate

how the plot_data_trajectories function can be used to highlight countries with

the strongest linear trends (positive and negative), based on the absolute value of

the linearity measure.
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pm_trend_shape <- pm_trend_shape |>

dplyr::mutate(abs_linearity = abs(linearity))

plot_data_trajectories(

pm_data,

metric_summary = pm_trend_shape,

metric_var = "abs_linearity",

percentile = 0.96,

interactive = FALSE

) +

ggplot2::labs(

x = "Year", y = "Annual mean PM2.5 exposure"

)
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Figure 3.10: Ungrouped PM2.5 air pollution data trajectories with highlighted coun-
tries based on the linearity metric values. Countries with absolute linearity values
below or at the 96th percentile are displayed in grey, while countries within the top
4% absolute linearity values are displayed using a colour gradient. All highlighted
countries have negative linear trend, indicating that the most pronounced linear
trends in the data reflect strong decline in the decomposed series. Hovering any
of the highlighted lines in the interactive version reveals the corresponding country
name and metric value.
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The interactive version of Figure 3.10 is available online at d. Bolivia, Peru

were already identified as top 2 countries with highest negative linearity value in

Subsection 3.5.2, along with other countries falling within the top 4% are high-

lighted using a colour gradient. In Figure 3.10, the highlighted countries exhibit

negative linear trend. This shows that, the most extreme linearity values (β1) of

the decomposed trend component have sustained downward trajectories. Figure 3.4

supports this as the distribution plot of the linearity metric tends to be left skewed

with majority of the countries exhibiting negative linearity values. Sicard et al.

(2023) identify that the dominating decrease in air pollution is primarily attributed

to significant reductions in emissions and the establishment and implementation of

environmental policies and legislation. According to Xu et al. (2023), The Gross

Domestic Product (GDP) per capita has influenced the shift of PM2.5 air pollution

from positive to negative in most countries by 2010, reflecting increased investment

in environmental protection and the introduction of air pollution prevention and

control bills. Figure 3.10 confirms these reductions in most countries.

pm_trend_shape_group <- add_group_info(

metric_summary = pm_trend_shape,

pm_data

)

plot_data_trajectories(

pm_data,

metric_summary = pm_trend_shape_group,

metric_var = "abs_linearity",

group_var = "region",

percentile = 0.96,

interactive = FALSE

) +

ggplot2::labs(

x = "Year", y = "Mean annual exposure of PM2.5 air pollution"

)

dhttps://oluwayomi-olaitan.github.io/rjournal-wdiexplorer-interactive-plots/i

nteractive-plots/ungrouped_linearity_plot.html
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Figure 3.11: PM2.5 air pollution data trajectories faceted by region groupings with
group-based threshold with highlighted countries based on their linearity metric
values. Countries with absolute linearity values below or at the 96th percentile
are displayed in grey, while countries within the top 4% absolute linearity values
are displayed using a colour gradient. Hovering any of the highlighted lines in the
interactive version reveals the corresponding country name and metric value.

In Figure 3.11, countries are highlighted based on a group-specific thresholds,

which reveal those exhibiting pronounced linear trends within each region. The in-

teractive version of Figure 3.11 available via e shows that in the East Asia & Pacific

region, Mongolia and Thailand are the highlighted countries. Mongolia demon-

strates a positive linear trend while Thailand exhibits a negative trend. This indi-

cates that, though the ungrouped version shows that highlighted countries within

the top 4% absolute linearity values all demonstrates negative trends, within the

East Asia & Pacific region shows otherwise. Countries falling within the 96th

percentile exhibit positive and negative trends. In Europe & Central Asia, both

Moldova and Ukraine show clear decreasing linear trends in their PM2.5 data se-

ries. Peru and Bolivia in Latin America & Caribbean, have the most pronounced

decreasing trend. The United States in North America; Maldives in South Asia;

Mauritania and Nigeria in Sub-Saharan Africa also exhibit decreasing trends. In

ehttps://oluwayomi-olaitan.github.io/rjournal-wdiexplorer-interactive-plots/i

nteractive-plots/grouped_linearity_plot.html
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contrast, Saudi Arabia in Middle East & North Africa displays an increasing linear

trend.

These observed decreasing trends in PM2.5 air pollution levels align with the

findings of Guerreiro et al. (2014), who reported substantial reductions in partic-

ulate matter emissions with significant improvements between 2000 and 2019 in

regions such as Eastern United States, Europe, Southeast China, and Japan. These

reductions are linked to strong regulatory frameworks and air quality initiatives

implemented in these areas, contributing to declining particulate matter concen-

trations. Precipitation also plays a role through wet deposition, acting as an effi-

cient mechanism for pollutant removal Xu et al. (2023). However, while significant

progress is noted in developed areas, challenges remain in developing regions, such

as India and the Middle East, where PM2.5 concentrations often continue to rise

due to the prioritisation of economic development over environmental concerns.

Parallel Coordinates Plot

The plot_parallel_coords function generates parallel coordinate plots with nor-

malised metric values to a scale of 0 to 1. It takes two main arguments, a data

frame diagnostic summary containing all diagnostic indices values alongside the

predefined grouping information, and a variable specified by colour_var in the

data frame used to assign colours to the parallel lines. If an additional optional

argument group_var is specified, the function instead produces a grouped paral-

lel coordinate plot, where metric values are normalised within each group before

plotting, and the resulting plot is faceted by the specified grouping variable. The

parallel coordinate plot is rendered interactively using ggiraph with tooltips to

display the corresponding country name, metric and metric value of each parallel

line.

# ungrouped version

plot_parallel_coords(

diagnostic_summary = pm_diagnostic_metrics_group,

colour_var = "region"

)
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Figure 3.12: Parallel coordinate plot displaying the metric values across all the
diagnostic indices. The metric values are normalised to a scale of 0 to 1. Countries
in Sub-Saharan Africa region, shown in magenta, display a wide spread across most
diagnostic indices. Hovering any parallel line in the interactive version reveals the
corresponding country name and hovering the points across the x-axis reveals the
metric name, metric value and the country name.

The interactive version of Figure 3.12 available via f displays the parallel coor-

dinates across all 10 diagnostic indices. Hovering over the x-axis, the tooltips show

the country name of each parallel line, the correspondence metric, and its metric

value. This collectively reinforce the findings presented in Subsection 3.5.2.

fhttps://oluwayomi-olaitan.github.io/rjournal-wdiexplorer-interactive-plots/i

nteractive-plots/ungrouped_parallel_plot.html
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# grouped version

plot_parallel_coords(

diagnostic_summary = pm_diagnostic_metrics_group,

colour_var = "region",

group_var = "region"

)
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Figure 3.13: Parallel coordinate plot displaying the metric values across all diag-
nostic indices grouped by region. The metric values are normalised to a scale of 0
to 1 within each group. Countries in Sub-Saharan Africa region, shown in magenta,
displays the widest spread across most diagnostic indices. Hovering any parallel
line in the interactive version reveals the corresponding country name and hovering
the points across the x-axis reveals the metric name, metric value and the country
name.

Figure 3.12 reveals that countries in North America, shown in skyblue consis-

tently recorded almost similar values, with slight difference in United States rein-

forcing earlier findings about the behavioural patterns of PM2.5 air pollution levels
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within this region, see 3.13 with its interactive version available via g. In North

America region their silhouette widths are all positive and high as seen in Figure

3.6, further supporting these findings. These countries exhibit high trend strength,

coupled with negative linearity and close to 0 curvature, indicating a clear, consis-

tent, and dominant linear decline in PM2.5 levels over time, with the United States

showing the most pronounced downward trend. Their low smoothness scores fur-

ther imply that the time series evolve gradually without abrupt changes. The data

series of each of these countries crosses its median only once, pointing to a single

shift in their series followed by sustained stability. Both Canada and the United

States exhibit 7 long flat spots, while Bermuda exhibits 5, indicating periods where

their data series remained within an interval. This is consistent with the overall

smoothness and linearity of their trends. Additionally, they all show high autocor-

relation, with the United States having the highest value, reflecting strong temporal

correlation where each series is closely related to its preceding and succeeding time

points.

The countries in Sub-Saharan Africa region, shown in magenta, display a widespread

index values. In contrast, countries in Europe & Central Asia region, represented

in darkgoldenrod, exhibit relatively uniform behaviour in most of the diagnostic

indices.

United Arab Emirates in the Middle East & North Africa region, shown in

tealgreen is another country that stands out in Figure 3.13, primarily due to its

distinctive values across several diagnostic metrics. Notably, the data series records

low values for both trend strength and autocorrelation, indicating that it exhibit

minimal to no consistent temporal pattern and successive observations are largely

independent of one another. However, it simultaneously records some of the highest

values for the number of crossing points and the longest flat spot metrics. These

suggest extended periods of stability with shifts around its median values.

Bolivia, a country in the Latin America & Caribbean region, shown in leafgreen

also emerges as a notable country that stands out in both Figures 3.12 and 3.13,

characterised by a unique combination of high trend strength, low linearity, low

crossing points, and high autocorrelation. The high trend strength indicates a

pronounced directional movement in its PM2.5 air pollution data series, while the

low linearity value confirms that this movement is a consistent linear decline. The

ghttps://oluwayomi-olaitan.github.io/rjournal-wdiexplorer-interactive-plots/i

nteractive-plots/grouped_parallel_plot.html
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low number of crossing points (to be precise 1) implies that the data series crosses

its median value once, possibly due to a sustained downward linear trend with no

subsequent directional changes. The high autocorrelation reflects strong correlation

between each series and its preceding time point. This shows that, the PM2.5 air

pollution levels over time in Bolivia follow a stable and strongly consistent downward

linear trend.

Link-view of Metrics and Series Plot

The plot_metric_linkview function creates an interactive linked dual-based vi-

sualisation that connects the diagnostic space with the corresponding data trajec-

tories. It takes three main arguments: a dataset containing data for a selected

WDI indicator, metric_summary, a data frame containing the computed diagnos-

tic indices with the predefined grouping information ; and metric_var a pair of

metric variables within the metric_summary data frame which are used to create a

scatterplot. The function also accepts an optional index argument which defaults

to NULL and the function uses the first variable stored as an attribute in the WDI

dataset. By default, the function generates an ungrouped interactive link-based

visualisation. However, if an additional optional argument group_var is specified,

the function instead produces a grouped version of the interactive dual-based vi-

sualisation of a scatterplot of two selected diagnostic metrics alongside their series

trajectories, faceted by the specified grouping variable.

# ungrouped version

plot_metric_linkview(

pm_data,

metric_summary = pm_diagnostic_metrics,

metric_var = c("linearity", "curvature")

)
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Figure 3.14: Link-based plot showing the relationship between linearity and curva-
ture metrics across all countries. Each point in the scatterplot represents a country,
and hovering a point in the interactive version reveals the corresponding trajectory
of the data series.

The interactive version of Figure 3.14 available via h simultaneously displays a

link view of the metric values and their correspondence data trajectories: one panel

displays data series line plots for all countries, while the other shows a scatterplot

of the relationship between the linearity and curvature metrics. This enables an

interactive exploration of viewing the metrics values in the data space. Hovering

over a line in the time series plot highlights the corresponding country and its scatter

point value in the other plot, and vice versa. This dynamic interaction enhances

an intuitive understanding of how temporal behaviours relate to pair of structural

features of the data, captured by the collection of diagnostic indices.

# grouped version

plot_metric_linkview(

pm_data,

metric_summary = pm_diagnostic_metrics_group,

metric_var = c("acf", "flat_spot"),

group_var = "region"

)

hhttps://oluwayomi-olaitan.github.io/rjournal-wdiexplorer-interactive-plots/i

nteractive-plots/ungrouped_linkview_plot.html
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Figure 3.15: Link-based plot showing the relationship between autocorrelation and
the longest flat spot metrics across all countries faceted by region. Each point in
the scatterplot represents a country, and hovering a point in the interactive version
reveals the corresponding trajectory of the data series in its panel.

Figure 3.15 with its interactive version available via i extends this view by in-

corporating group-level structure through faceting to the scatterplot of autocorrela-

tion and the longest flat spot metrics and data trajectories plot. In this version, the

scatterplot and data trajectories panels are faceted by region, allowing within-group

comparisons of metrics relationships and temporal behaviours. This facilitates the

identification of countries that behave differently from others within the same group,

based on both their diagnostic indices and data trajectories.

The link-view plot is highly flexible, allowing users to visualise the scatterplot

of any two selected diagnostic metrics and the data trajectories plot. Extending

this approach, a linked version of the parallel coordinates plot connected to the

trajectory plot would further enhance interpretability by enabling simultaneous

exploration of multiple metrics for each country and how they reflect in the temporal

series.

ihttps://oluwayomi-olaitan.github.io/rjournal-wdiexplorer-interactive-plots/i

nteractive-plots/grouped_linkview_plot.html
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3.6 Discussion

The primary contribution of wdiexplorer lies in enabling enhanced exploratory

analysis of country-level panel data within the R programming environment. Its

functionality specifically supports the need to analyse the temporal behaviour of

WDI data, both at the level of individual countries and across countries of the

same peer group. Furthermore, the incorporation of data grouping structures in

visually presenting the analytical results facilitates the identification of unique pat-

terns, outliers, and other interesting characteristics in temporal behaviours. This

integration reinforces a comprehensive workflow where numerical assessment and

visual representation enhance better understanding and interpretation of the data.

wdiexplorer, as the acronym implies “World Development Indicators explorer”,

is primarily designed for the exploration of WDI country-level panel data, but it is

not limited to this database. The package can also accommodate other databases

with data characterised by repeated observations of the same variables collected over

time from multiple countries passed directly into the package functions, provided

the index variable is specified across all functions that require the variable with

the country-year numerical values. In addition, the computational functions of

wdiexplorer that compute the diagnostic metrics can be integrated with a wide

range of visualisation tools. This flexibility enables users to explore the metrics

values within custom visualisations, while enabling visual exploration of the outputs

to the underlying quantitative diagnostic measures.

Several functions have been implemented in the wdiexplorer package to support

(1) data sourcing and preparation, (2) computation of the set of diagnostic indices

(3) both static and interactive visualisations. The workflow organises the package

functions into these three stages to provide a seamless and user-friendly process. As

illustrated in Section 3.5, we demonstrated how to source and prepare the data, use

the available 14 functions and interpret the results at every stage of the workflow. To

ensure comparability, all functions were applied to the PM2.5 air pollution indicator

data and interpreted accordingly. These features establish wdiexplorer as a self-

contained R package for the exploration of country-level panel data.

We provide users with practical guidance to facilitate reproducibility through

comprehensive vignettes available via https://oluwayomi-olaitan.github.io

/wdiexplorer/articles/pm_analysis.html. This vignette demonstrates how

to apply each of the 14 functions of the wdiexplorer package to explore World
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Development Indicators data. It guides users through example workflows for two

indicators: one with a complete annual dataset (PM2.5 air pollution data) and

another with missing entries and data collected triennially (PISA data). It contains

interpretations of the diagnostic indices output and demonstrates the visualisation

tools, highlighting their analytical and visualisation capabilities.

A potential direction for future work is to extend the static visualisation func-

tions to support interactivity. The current implementation of plot_metric_distribution

generates a static representation of the distribution of metric values, summarising

the variation by displaying the spread and shape of their distributions, with individ-

ual countries represented by dots. Enhancing this function with interactive capabil-

ities will enable users to hover over a point to reveal the corresponding country name

in the distribution plot. This would align the plot_metric_distribution function

with other interactive visual functions available in the wdiexplorer package.

In conclusion, the wdiexplorer package contribute to advancing a comprehen-

sive workflow for exploratory analysis of country-level panel data. By following our

step-by-step workflow, researchers and other R users can better understand their

data, identify patterns and outliers, and communicate results in the context of the

data structure more effectively.
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4
Visualisations for Exploratory Modelling

Analysis of Bayesian Hierarchical

Regression Models

4.1 Introduction

Visualisation has been a longstanding tool within statistical workflows for simpli-

fying complex concepts into comprehensible insights and plays an important role

in investigating, understanding and criticising regression models. It also plays a

key role in exploratory modelling analysis, which Unwin and Valero-Mora (2018),

described as “the evaluation and comparison of many models simultaneously”.

The importance of visualisation throughout the Bayesian analysis workflow has

been well-established by Gabry et al. (2019). They emphasise the benefits of vi-

sualisation at all stages, from exploratory data analysis to model development,

diagnostics and communication of results. They further explain that visualisation

helps sift through networks of increasingly complex models that can capture the

features and heterogeneity in the data and they state that visualisation supports

model comparison, evaluation and decision-making.

In the current chapter, we are not addressing the entire Bayesian workflow,

our goal instead is the design of visualisations for exploring parameters and hyper-

parameters across different BHMs. To date, little work has been done on visualisa-

tion in this context.

The BHM relies on a statistical modelling procedure that integrates information

across many levels, enabling simultaneous estimation of multiple model parameters
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(Gelman et al., 2013). The model possesses two essential features. Firstly, it has a

hierarchical or multi-level structure. Secondly, it uses prior distributions to reflect

available information, even if it is vague about the probable values and variability at

each hierarchical level (McGlothlin and Viele, 2018). The model uncertainties are

propagated and quantified by combining the BHM prior structure with the model

for the observed data.

The BHM is particularly valuable in situations where sparse data poses a chal-

lenge for parameter estimation (Rue and Martino, 2007). The structure enables

the leveraging of strength from group level parameters to enhance estimates at

the individual-level, resulting in more reliable and robust estimates. In addition,

the inherent shrinkage of parameter estimates, pulling estimates toward the overall

population distribution, can reduce the influence of outliers in the data.

In this chapter, via a set of visualisation principles, we specifically explore the

importance of visualisation for BHMs for gaining insights into model choice and in-

terpretation of model parameters. We follow the strategies for visualising statistical

models presented by Wickham et al. (2015), which are the display of models in data

space and examining a collection of multiple models. Our visualisation designs give

careful consideration to choices of layout, colour, ordering and scaling to facilitate

effective comparisons.

To demonstrate the relevance of our visualisation designs to a real-life dataset,

we analyse a subset of the PISA dataset, obtained from the OECD website (OECD,

2024). PISA, initiated by the OECD in 1997, provides regular and timely assess-

ments of student achievement with policy-oriented comparable indicators. The sur-

veys, conducted among 15-year-old students, assess performance in reading, math-

ematics, and scientific literacy (Harlen, 2001). Tests developed and mandated by

the OECD are administered in three-year cycles since its initiation in 2000. The

resulting comprehensive dataset offers valuable information for comparing subject

performance at continental, regional, national, and sub-national levels over time.

The multi-level nature of this dataset makes it suitable for illustrating our pro-

posed visualisation principles for exploratory modelling analysis of BHMs. For the

purpose of this analysis, models are fit to a subset of the PISA data using the

mathematics average scores for forty European countries from 2003 to 2018. PISA

2000 results in mathematics are not considered, since the first full assessment in

mathematics took place in 2003. The 2021 results were delayed to 2022 and were

not published until recently, due to the global pandemic.
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Our objective is to create visualisations that evaluate model fits, posterior pa-

rameter and hyper-parameter distributions and facilitate model comparison. We

present five principles for effective visualisation of models in data space and for

examining a collection of multiple models simultaneously. We extend the conven-

tional way of displaying model fits on the data points to arrange the individual

levels by their respective hierarchical structures, using distinct formatting, layouts,

ordering, scaling and colouring. The goal is to enhance the interpretation of model

results with respect to information sharing and to explore variations in parameter

estimates across different models and hierarchical levels.

The outline of this chapter is as follows: Section 4.2 provides an overview of

the background to this study, focusing on the governing essential strategies for

visualising statistical models as proposed by Wickham et al. (2015). Section 4.3

outlines the principles upon which our new visualisation designs are based, using

the PISA dataset for illustration, and we discuss insights gained from the PISA

analysis, facilitated by the new visualisations. In Section 4.4, we explore the most

recent year (2022) of PISA data and compare the observed estimates with model-

based predicted estimates. Finally, in Section 4.5, we conclude with an evaluation

of the potential benefits and drawbacks of our methods, as well as other related

future research.

4.2 Background

Visual representations of models offer significant value as complementary tools to

numerical summaries. In the Bayesian context, several researchers have investigated

the effectiveness of visualisation in developing, computing, validating and evaluating

statistical models (Gabry et al., 2019; Gelman, 2007; Raudenbush and Bryk, 2002;

Correa-Álvarez et al., 2023). Wickham et al. (2015) highlighted three important

strategies for visualising statistical models: (1) displaying the model in data space,

(2) examining a collection of multiple models, and (3) exploring the process of model

fitting. In this work we consider the first two strategies only, which underscore the

importance of visualisation in comprehending how a model summarises data, reacts

to parameter changes, and fits the data.

There are various conventional approaches for displaying the model in data

space. For illustration, Figure 4.1 presents a display of estimates from a model

fit to mathematics scores from the PISA dataset for 40 European countries using
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brms (Bürkner, 2018). Here, regression fits and 95% credible intervals are displayed

on the observed data, faceted by country, indicating that the linear model broadly

captures the patterns in the data and provides information on the direction of trends

for each country.
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Figure 4.1: Visualisation of PISA European mathematics scores with model fit and
95% credible intervals, showing overall trends across each country and how well the
fitted model captures the pattern in each country over time. Belarus, Bosnia &
Herzegovina and Ukraine, each with one data point and wider credible intervals,
reflecting increased posterior uncertainty inherit the common global slope, due to
the hierarchical model.
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The model equation for the displayed fit is specified in brms as:

math ∼ year + (1 + year|country)
�
 �	country model

The Bayesian model specification is presented as:

Yc,t ∼ Normal
(
αc + βct, σ

2
)

αc ∼ Normal
(
µθ, σ

2
θ

)
βc ∼ Normal

(
µω, σ

2
ω

)
�� ��4.1

where,

αc is a country specific intercept for the 40 countries in Europe,

βc is a country specific slope for the 40 countries in Europe,

σ2 is the population variation,

µθ represents the overall population intercept,

µω represents the overall population slope,

σ2
θ captures the variation of the country intercept αc around the population inter-

cept µθ,

σ2
ω captures the variation of the country intercept βc around the population inter-

cept µω.

The prior specification for the country model is as follows:

µθ ∼ Normal
(
500, 1002

)
µω ∼ Normal

(
0, 502

)
σ2
θ ∼ Truncated-t (0, 10−2, 1)T (0, )

σ2
ω ∼ Truncated-t (0, 2−2, 1)T (0, )

σ2 ∼ Truncated-t
(
30, 10−2, 1)T (0, )

)
This model leverages global parameter distributions to enhance parameter estima-

tion at the country level. Therefore, linear fits for countries with one data point

(Belarus, Bosnia & Herzegovina and Ukraine) are obtained from the global parame-

ter estimates, as can be seen in Figure 4.1. With this exception, the display provides

no insight into the hierarchical structure of the model.
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Figure 4.2: The intercept offset median and 95% credible intervals for the 40 Euro-
pean countries, showing the deviation from the global estimate. Hungary, Lithuania,
Slovakia, and Spain have little deviation from the global estimate, while 2018 PISA
mathematics performance for Macedonia and Bosnia & Herzegovina is compara-
tively low.

In hierarchical modelling, observations are structured into nested levels allowing

models to capture heterogeneity and shared characteristics across different levels of

the hierarchy. This can result in more stable and robust estimates (Gelman, 2007).

For example, countries in the PISA data could be grouped by geographical region.

Hierarchical modelling also automatically incorporates the shrinkage of parameter
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estimates (i.e., pulling parameter estimates toward the overall hierarchical distribu-

tion) and this shrinkage can reduce the influence of outliers. These characteristics

of hierarchical modelling prove particularly valuable in situations where sparse data

poses a challenge (Rue and Martino, 2007). Hence, displaying the estimates from

these types of models require showing the information sharing between the individ-

ual level and the hierarchical structures.

Parameters at a higher level of hierarchical models typically represent global

or group-level quantities, and the deviation of the individual level from the global

estimates or the group-level (hyper-parameter) estimates are the “offsets”. Figure

4.2 shows parameter offsets of the hierarchical model presented in Figure 4.1 illus-

trating the offsets of each country from the global mean. (Note that our models

are parameterised so that the intercept represents mathematics scores in 2018, the

last year used in the model fits). This conventional method of displaying offset

parameters provides insight into how each individual level moves away from the

global estimate but provides no information on the global estimate itself.

For the first strategy outlined in Wickham et al. (2015) which emphasises the

display of models in data space, Hurley et al. (2022) develops an approach aligned

with this idea by presenting a method for displaying collections of statistical mod-

els in data space to facilitate model comparison. Related to this perspective of

model to data space visualisation, slice-based visualisation techniques provide an

additional way of improving interpretability of machine learning models by display-

ing conditional model fits directly in the predictor space. In our context, these

ideas motivate the development of visualisation that support the interpretation of

hierarchical statistical models through their behaviour in the data space.

For the second strategy outlined in Wickham et al. (2015), it is advisable to

consider and visually compare multiple models. A useful tool for comparing model

coefficients is gg_coef_model() from the ggstats package (Larmarange, 2026),

which provides support for brms model fit and enables direct comparison of coeffi-

cients across multiple fitted models. one of the objectives of this work is to visually

compare a collection of multiple models. Consequently, in our context, there is

a need for visualisation tools specifically designed to present parameter estimates

from multiple hierarchical models. A simple representation in this context might

be a display in the style of Figure 4.2 but which shows intercept or slope estimates

across multiple models side-by-side.

Recent work has emphasised the importance of interpretable visualisation for

89



4.3. VISUALISATION PRINCIPLES

complex statistical models. In particular, Arel-Bundock (2025a) highlight the use

of predictions, marginal effects, and parameter summaries for model interpretation,

while Heiss (2021) and Heiss (2022) provide general frameworks for communicat-

ing hierarchical, Bayesian, and mixed-effects models using similar quantities. Al-

though these approaches primarily focus on models incorporating covariates, they

underscore the role of visualisation in improving the interpretability of hierarchical

structure. Horan et al. (2024) also demonstrate the use of spatial layouts to present

multilevel models of voting behaviour in recent UK general elections. Building on

this idea, more informative displays can be achieved by incorporating hierarchical

structure and hyper-parameter estimates directly into the visualisation of model

comparisons.

In this work, we design new visualisations for BHMs that improve on Figures

4.1 and 4.2 by incorporating hierarchical information from various levels in the

model hierarchy. In the design of these visualisations, there are various principles to

consider, for example, those described by Munzner (2014) and Wilke (2019). Both

authors highlight the need for consistency in design choices, such as uniformity of

scaling and consistency in the use of colour and formatting. Wilke (2019) emphasises

the use of multiple panels for large and complex datasets, such that the data can be

segmented based on the one or more dimensions of the data, visualised separately,

then arranged into a grid for an easy interpretation. We have adapted these design

principles to explore model estimates in data space and examine a collection of

multiple models, highlighting prominent disparities and similarities between and

within the hierarchical structures.

4.3 Visualisation Principles

In this section, we present the key principles of our visualisation approach. In

Section 4.3.1 we apply these principles to the design of a display for BHMs in data

space and in Section 4.3.2, we further apply these to the design of visualisations for

the comparison of multiple BHMs.

To illustrate our visualisation approaches, we employ the previously used sub-

set of the PISA data. We decided to consider country groupings according to

geographical regions, as defined by the World Health Organisation (WHO, 2023),

and level of income, using the World Development Indicators, provided by the

WDI (Arel-Bundock, 2025b) R package. These indicators categorised countries
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into lower-middle, upper-middle and high-income by their population, environment,

economy, global linkages, states and markets. Within the dataset under study, only

Ukraine belongs to the lower-middle income category. Consequently, we merged

both lower-middle income and upper-middle income classifications into a single

“middle-income” category, resulting in two distinct income categories: middle in-

come and high income.

We fit various BHMs to the PISA data, using the brms package, which is a

front-end for Stan (Carpenter et al., 2017).

4.3.1 Model in data space

Visualising the model in the data space requires the presentation of model estimates

alongside observed data. Ideally, this should be done in accordance with the model

structure to enhance understanding of the model fit in relation to the model spec-

ification. In hierarchical modelling, individual-level observations are nested within

higher-level groupings to account for the variability between groups and within

groups and to capture the average characteristics or influences of the groups on the

individual level. An example for the PISA data is to fit a model using a geograph-

ical (country within region) hierarchical structure. The model equation is specified

in brms as:

math ∼ year + (1 + year|region) + (1 + year|country)
�
 �	region model

with the following Bayesian model specification:

αc ∼ Normal
(
θg[c], σ

2
αg[c]

)
βc ∼ Normal

(
ωg[c], σ

2
β

)
θg ∼ Normal

(
µθ, σ

2
θ

)
ωg ∼ Normal

(
µω, σ

2
ω

)
�� ��4.2

At the top level, the region model specifies a normal likelihood for the response

variable Yc,t parameterised by αc|θg[c], µθ, σ
2
αg[c]

. The model uses regional-level dis-

tributions to enhance parameter estimation at the country level. Each observation

in the country c is assumed to vary randomly about a mean consisting of both

population-level mean θg and a random-effect component µθ. At the next level,
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the model expresses a prior belief that each group-level mean arises from a normal

distribution with a mean given by the overall mean µθ, and variance σ2
θ .

The following prior assumptions used to analyse this model are informed by

prior information from the PISA data.

µθ ∼ Normal
(
500, 1002

)
µω ∼ Normal

(
0, 502

)
σ2 ∼ Truncated-t

(
30, 10−2, 1)T (0, )

)
σ2
θ ∼ Truncated-t (30, 10−2, 1)T (0, )

σ2
ω ∼ Truncated-t (0, 2−2, 1)T (0, )

σ2
αg

∼ Truncated-t (30, 10−2, 1)T (0, )

σ2
β ∼ Truncated-t (0, 2−2, 1)T (0, )

Figure 4.3 illustrates the regional hierarchical model in data space. This figure

improves Figure 4.1 (where countries are ordered alphabetically) to order countries

according to the regional structures used in the model fitting. Here, panel layouts

and colours tailored to the regional structure of the data facilitate comparisons

within each region. This approach also displays the regional fit (as determined by

the hierarchical model hyper-parameters) superimposed on regional data, in the

first column of each row.
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4.3. VISUALISATION PRINCIPLES

We used the following principles in the design of Figure 4.3:

P1 - One panel per individual-level (unit): In Figure 4.3, like Figure 4.1,

we use one panel to display the model result in data space per country, as the

country level is the lowest level. This clearly reveals the country trends, allowing

anomalies to stand out, such as the observation for Ireland in 2009, Liechtenstein

in 2006 and Sweden in 2012. In the case of fewer countries or fewer countries per

region, visualisation designs that overlay countries could be considered.

P2 - Panel grouping to show the model’s hierarchical structure: In

the realm of hierarchical modelling, our objective is to organise all individual level

units according to the hierarchical structure of the model to facilitate comparison

between and within groups. In Figure 4.3, each region appears in a separate row.

Each panel, representing a country, is organised based on its respective geographical

region. We see that mathematics scores in Western Europe are decreasing, while

those in Southern Europe are increasing. In addition, this principle facilitates the

identification of the mixed trends across countries in Eastern and Northern Europe,

despite overall positive and negative trends in the Eastern and Northern European

regions respectively.

P3 - Colour to differentiate groups and to enable comparison: In Figure

4.3, colours are used in two ways. Within each panel, to distinctly differentiate the

direction of the model fit on observed data, negative trends are shown in red and

positive trends in blue. Colour is also used alongside position to group countries,

with labels for Western Europe in the light-green colour, Northern Europe with

lavender, Eastern Europe in steel-blue, and Southern Europe in the bisque colour.

The same region colours will be used consistently in other displays.

P4 - Panel ordering to enable model comparisons: In Figure 4.3, regions

(rows) are ordered by increasing regional slope parameter estimates. Furthermore,

within each region, countries are arranged by increasing slope. This arrangement

places Finland first in the Northern Europe group because, while it has high math-

ematics scores, these scores dropped rapidly over time. Belarus and Ukraine are

adjacent because, with one observation apiece, the slope displayed in their panels is

the overall Eastern Europe slope (slope hyper-parameter estimate for the region).

P5 - Panel scaling for effective comparisons: Ideally, in displays such

as Figure 4.3, panels would use the same scaling to facilitate comparison across

countries. However, as the range of differences in Western and Northern Europe

is small, this choice obscures trends within each country as most slopes appear
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4.3. VISUALISATION PRINCIPLES

flat in these groups. Rather than free scaling across all panels, in this case we

have opted to use the same scaling for the panels in each row and different scaling

across rows. This choice enables easy comparison of countries within each region.

However, comparison of mathematics scores across countries in different regions

requires careful inspection of the row axes.

4.3.2 Examining a collection of multiple models

Displaying the model fit by region, as seen in Figure 4.3, noticeable patterns (pos-

itive and negative trends) emerge in Eastern and Northern Europe. To identify

additional sources of variation in the dataset, we further classified countries based

on their respective geographical region and income level and introduced another

grouping structure termed “income-region”, which combines region and income as

a new variable, leading to three identified sources of heterogeneity and shared char-

acteristics (region, income and income-region) to construct hierarchical models.

For comparison purposes, we consider five linear models fit to the PISA data:

The first three models are: a non-pooled model, a country-specific hierarchical

model where country grouping provides an additional source of variation, and a two-

level hierarchical model where countries are nested in region and both region and

country are sources of variation. The non-pooled model assumes all observations

are independent, while the hierarchical models leverage group-level distributions to

enhance parameter estimation at the country level. These five models are specified

in brms as:

• Model 1

math ∼ year ∗ country
�
 �	non-pooled

with Bayesian model specifications:

Yc,t ∼ Normal
(
αc + βct, σ

2
)

αc ∼ Normal
(
500, 1002

)
βc ∼ Normal

(
0, 502

)
σ2 ∼ Truncated-t

(
30, 10−2, 1)T (0, )

)
�� ��4.3
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4.3. VISUALISATION PRINCIPLES

• Model 2

math ∼ year + (1 + year|country)
�
 �	country model

The country model specification is presented in Section 4.2 (Equation 4.1) and the

model appeared previously in Figures 4.1 and 4.2.

• Model 3

math ∼ year + (1 + year|region) + (1 + year|country)
�
 �	region model

The region hierarchical model specification is presented in Sub-section 4.3.1 (Equa-

tion 4.2) and the model was previously displayed in Figure 4.3.

The equations and model specifications for two further models (4) and (5) are

the same as (3), except with the grouping variable region replaced by income and

income-region respectively.

We chose the intercept and slope parameters to summarise and interpret the

model results while examining a collection of multiple models simultaneously. Re-

call, our models are parameterised so that the intercept represents mathematics

scores in 2018. In Figure 4.4, we display the median and 80%, 95% credible in-

tervals of the intercept for each country alongside their respective hyper-parameter

distributions from models (1) to (5). Similarly, Figure 4.5 presents the slope es-

timates. Comparing the estimates from various models highlights the shrinkage

effects.

In Figure 4.4 and Figure 4.5, each model is represented by a vertical axis, with

country-level estimates shown in darker shades and hierarchical (hyper-parameter)

distributions in lighter shades alongside. Countries are represented by separate

panels, carefully arranged by the map layout following the regional structure, with

labels coloured to differentiate income categories. The panels are individually scaled

due to the variation in estimates across countries, facilitating comparison of models

within each country.
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4.3. VISUALISATION PRINCIPLES

The principles P1–P5 were also used in the design of our Figures 4.4 and 4.5:

P1 - One panel per individual-level (unit): As in Figure 4.3, one panel per

country is used in Figures 4.4 and 4.5. Hence, each panel represents the country

intercept/slope parameter distribution respectively using median, 80% and 95%

credible intervals as distribution summaries. Models are arranged along the hor-

izontal axis, in order of model (1) to (5). The country estimates are connected

using a horizontal dashed line to differentiate them from the estimates from the

higher-level groups.

P2 - Panel layout to show the model’s hierarchical structure: Rather

than arranging the countries by region as in Figure 4.3, we use a rough geographical

map layout to arrange country panels, so that countries in the same region group

are positioned nearby.

P3 - Colour to differentiate groups and to enable comparison: Figures

4.4 and 4.5 use colours in a number of ways: (1) to differentiate region groups and

income groups, (2) to distinguish each model fit. The same region colour scheme

used in Figure 4.3 was employed and colour is further used for the country label to

indicate the income level, high income in black and middle income in magenta. Note

that the middle income countries are mostly grouped together on the right hand

side. In addition, we use one colour per model fit. Within each panel of Figures 4.4

and 4.5, the hierarchical structure parameter estimates (hyper-parameter) for the

hierarchical models (2) to (5) are shown in a lighter shade positioned beside each

model’s parameter estimates. For model (2), the global intercept and slope distri-

butions are in lightpurple, while lightblue, brown and darkgoldenrod are similarly

used for models 3, 4 and 5.

P4 - Panel ordering to enable model comparisons: Within the panels of

Figures 4.4 and 4.5, models are ordered from (1) to (5), going from the simplest

non-pooled model (1), followed by the country-specific one-level hierarchical model

(2), then the region hierarchical model (3) with two levels (country in region), and

models (4) and (5) also with two levels (country in income and country in income-

region) respectively.

P5 - Panel scaling for effective comparisons: In Figure 4.4, our main goal

is to compare the intercept distributions from the five models within each country.

Similarly, Figure 4.5 for the slopes. Therefore, we use free scaling across all panels,

so that differences across the distributions for the models are visible in each of the

countries.
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4.3. VISUALISATION PRINCIPLES

The principles 1–5 underlying our visualisations are straightforward and aim to

visualise model estimates that align closely with the model specification. Ideally,

this means being able to compare estimates both within and across various hier-

archical structures and to interpret these estimates while considering the effect of

information sharing.

4.3.3 Insights from PISA model visualisations

Here, we will highlight key insights from the visualisations of PISA models in Figures

4.3, 4.4 and 4.5.

The structured arrangement of Figure 4.3 (showing model (3)), and the use

of colours to indicate the direction of trends, promotes pattern recognition across

countries, such that similar trends and disparities can be identified within the re-

gional groups that govern the hierarchical structure of the model. For instance, the

Eastern European countries Czechia, Slovakia and Hungary exhibit negative trends

despite the overall positive trend in the region. Likewise in Northern Europe, Es-

tonia, Norway and Latvia demonstrate positive trends over time notwithstanding

the negative regional trend.

Within each row of Figure 4.3, countries are ordered by increasing slope, so we

can easily identify countries with the most and the least decline in the region. In

Western Europe, Netherlands and Belgium have a high rate of decline. Finland

had the highest PISA score in 2003, but has the steepest decline across Northern

European countries and indeed overall, though this last assessment is made more

difficult by the different vertical axis scaling across the rows. Similarly, Albania is

notable for its low initial PISA scores and by far the highest rate of improvement

across the years.

Next we move to Figures 4.4 and 4.5, which compare five different PISA models.

For all countries, there is little variation in the country intercept estimates (cor-

responding to PISA performance in 2018; Figure 4.4) across the four hierarchical

models (2–5), even though the estimates for the groups depend on the choice of

hierarchical model (see for example the group estimates for the Southern Europe

middle income countries, whose labels have magenta text and bisque background).

However, comparing the non-pooled model (1), we see that for Albania pooling pro-

duces a notable reduction in the intercept estimate, while for Finland and Iceland,

pooling produces a small increase in the intercept estimate.
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4.4. INVESTIGATING PISA 2022 PREDICTIONS

Looking at the slopes in Figure 4.5, pooling produces a notable reduction in

the slope estimate for Albania and Macedonia, and small increases for Finland and

Iceland. The non-pooled fit produces a practically zero slope estimate for Liechten-

stein, while the hierarchical models estimate a reduction of about 0.5 per year. For

most countries, slope estimates and credible intervals are not affected much by the

choice of hierarchical model. There are some small differences in slope estimates

evident for the middle income Eastern European countries Belarus and Ukraine,

with the income model in brown giving higher slope estimates. This discrepancy

is not surprising as these countries have just one observation apiece. For the other

country with just one observation Bosnia & Herzegovina, the slope estimates are

remarkably stable across models, though with a high-level of uncertainty across all

models.

4.4 Investigating PISA 2022 Predictions

Recall that all model results displayed previously were based on PISA results up to

2018. It will be interesting to compare model-based predictions for 2022 with the

the observed data available from the most recent PISA survey in 2022 a. A compar-

ison of models 2–5 via leave-one-out cross-validation (LOO-CV Vehtari et al., 2024)

shows little difference between models, agreeing with our findings from the visual-

isations of Figures 4.4 and 4.5. Therefore, we chose the richest hierarchical model

for this investigation, which is the income-region model (5). In ideal circumstances

this comparison could be used to assess the model’s predictive accuracy. However,

as we anticipate PISA results have been negatively impacted by COVID-19, this

comparison will instead allow us to compare the level of impact across countries.

aThe PISA test was originally due to be conducted in the year 2021 but was delayed by
one year because of the COVID-19 pandemic. The exceptional circumstances throughout this
period, including lock-downs and school closures in many countries, which led to the difficulties
in collecting some data OECD (2023b).
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Figure 4.6: Differences between observed PISA maths data for 2022 and predictions
from the income-region model (5), alongside 80%, and 95% credible intervals. Note
that Luxembourg, Liechtenstein, Belarus, Russia, and Bosnia & Herzegovina did
not participate in the PISA 2022 survey.

In Figure 4.6, we present the prediction error (observed - predicted) with the

102



4.5. DISCUSSION

50%, 80%, and 95% prediction intervals for the 35 out of 40 European countries

that participated in the PISA 2022 survey. We arrange countries by their respective

income-region group, order countries within each group according to their increasing

prediction error and utilise the same region and income colour schemes as proposed

in Section 4.3 to distinctly label the income-region groups.

In all countries the PISA 2022 values are lower than predicted. The country

with by far the biggest drop is Albania, and in fact this 2022 score has wiped out

all of the gains achieved since 2009. A possible reason for this decline, in addition to

COVID-19, is that Albania experienced a strong earthquake in 2019 which caused

damage to infrastructure, including schools and houses. It is also evident that PISA

mathematics scores for middle income countries showed higher decline than those

in high-income countries, suggesting that high-income countries were in a better

position to mitigate the effect of COVID-19 on the school system.

4.5 Discussion

We have presented new visualisations and proposed informative principles for dis-

playing hierarchical model estimates according to the strategies outlined by Wick-

ham et al. (2015). The principles in Section 4.3.1 focused on the display of model

results in the data space to provide an in-depth examination of the model fit in re-

lation to the hierarchical structure of the model. We utilised layout, scales, colours,

point sizes, and line types, to differentiate and emphasise patterns and to facilitate

comparisons. The same principles (Section 4.3.2) offer a systematic approach for ex-

amining a collection of multiple models, facilitating comparisons of parameter and

hyper-parameter distributions across models with different hierarchical structures.

In Section 4.3.3, we demonstrated that the new visualisations led us to identify

countries with similar performance and those with unusual performance in PISA

mathematics results. In this case study, the choice of hierarchical model is not

crucial. For most countries, there is little to choose between models 2–5, except

for a few countries with very little data. Applying the same visualisation principles

in Section 4.4 to compare PISA 2022 mathematics results with model predictions

established that across all countries, 2022 results were lower than expected (likely

due to COVID-19), drastically so in the case of Albania, though overall, high income

countries were less impacted.

The model fits and summaries presented in this chapter utilised the following
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R packages, brms (Bürkner, 2018), dplyr (Wickham et al., 2023), and tidybayes

(Kay, 2023). The visualisations were obtained using the following R packages,

ggplot2 (Wickham, 2016), ggragged (Marttila, 2023), ggdist (Kay, 2024), and

geofacet (Hafen, 2024), all available from the Comprehensive R Archive Network

(CRAN) at https://cran.r-project.org/. The ggragged R package is designed

for creating arrays where rows can have different lengths and can be manipulated

to suit desired arrangements, as in Figure 4.3. The ggdist R package is designed

to present distributions and uncertainty, as seen in Figures 4.4 and 4.5. The pack-

age displays the median intercept and slope respectively along with their credible

intervals using point intervals. The geofacet R package is designed for creating

spatial visuals in a clear and comprehensible manner by arranging panels to mimic

the geographical map layout, as in Figures 4.4 and 4.5.

The new visualisation designs are simple, flexible, adaptable and can be applied

to non-Bayesian models, to models that fit relationships beyond linear regression,

and to models with a richer hierarchical structure. In our illustrative example there

are 40 countries under study, having a larger number of individual levels might result

in clutter, which could be mitigated by selecting a smaller number of individual units

for detailed examination. The visualisations presented used layouts based on spatial

positioning of countries in Figures 4.4 and 4.5. However, in other applications these

model comparison visualisations could use layouts based on groups such as those

in Figure 4.3. We acknowledge that displaying hierarchical structures richer and

more complex than those illustrated here could be challenging, but the principles

described in 4.3.2 should provide helpful guidance.

For future work, these visualisation principles could be extended to richer hi-

erarchical PISA models with covariates, most of the existing model visualisation

literature (e.g., Heiss (2021); Heiss (2022)) focuses on models that include covari-

ates, where interpretation is based on predictions, marginal effects, and parameter

summaries. An additional extension would be to visualise the joint distribution of

intercept and slope estimates in the context of hierarchical model structures, which

would provide further insight into parameter uncertainty and correlation structure.

Providing an R package that allows users to select and visualise relevant model

parameters would also be a useful addition.

In conclusion, our principles for visualising hierarchical model estimates provide

a comprehensive and insightful approach to understanding complex model struc-

tures. By following our step-by-step principles, researchers can achieve a clearer
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understanding of hierarchical structures present in the data, and communicate re-

sults more effectively. Despite potential challenges, such as managing large numbers

of individual levels and hierarchical structures, our approach remains highly valu-

able for examining and comparing hierarchical models. Through these visualisation

principles, we contribute to advancing the field of hierarchical modelling, offering

tools and insights that can be adapted to a wide range of research contexts.
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5
Using Time Series Measures to Explore

Family Planning Survey Data and

Model-based Estimates

5.1 Introduction

The right of any individual to decide freely and responsibly on the number and

spacing of their children has long been recognised as a fundamental human right

(Bracke, 2022) and is central to improving lives and building equitable societies

(United Nations, Department of Economic and Social Affairs, Population Divi-

sion, 2019). This positions improvements to family planning as a cornerstone of

progress as reflected in Sustainable Development Goal indicator 3.7.1: “Proportion

of women who have their need for family planning satisfied with modern methods”.

Family planning is therefore a key global development priority, integral to repro-

ductive health services and broader socio-economic development (Bracke, 2022). A

range of family planning programmes operate at both global and national levels

to expand access to reproductive health services, strengthen health systems, and

promote informed contraceptive choice. Among these initiatives is Family Planning

2030 (FP2030) FP2030 (2025), which supports the global commitment to achieving

universal access to family planning by 2030.

FP2030 evolved from the FP2020 initiative, launched at the 2012 London Sum-

mit on family planning with a vision tagged “120 by 20” numeric vision, which

sought to enable 120 million additional women and girls access to modern contra-

ception by 2020 (Hardee and Jordan, 2021). As the FP2020 initiative concluded
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in 2020, it gave way to FP2030 with a broader vision to promote the right of

women and girls to lead healthy lives and make informed choices about contracep-

tion (FP2030, 2025). This is an initiative that is closely aligned with the global

commitment of universal access to sexual and reproductive health under SDG 3.7.

Despite the global commitment to family planning, progress varies widely across

countries and regions, partly due to differences in access, program implementation,

and socio-demographic factors (Kuang and Brodsky, 2016). To monitor family

planning progress, data are collected through household surveys such as, the De-

mographic and Health Survey(DHS), Performance Monitoring for Actions(PMA),

UNICEF Multiple Indicator Cluster Surveys (MICS), national surveys, and other

surveys (United Nations, Department of Economic and Social Affairs, Population

Division, 2019). These household surveys are typically conducted every 3 to 5 years,

resulting in temporal gaps of up to 6 years for certain countries. In some rare cases,

national surveys are conducted annually or semi-annually (Cahill et al., 2021).

Temporal gaps in large-scale survey data make consistent monitoring of family

planning progress challenging. To address this limitation, the Family Planning Es-

timation Model (FPEM) was developed (Alkema et al., 2013; Cahill et al., 2018).

FPEM produces annual survey-informed estimates and projections for key family

planning indicators using Bayesian hierarchical time series inference. Where sur-

vey data are available, the model interpolates estimates and it projects estimates

for data gaps between infrequent survey observations. FPEM employs Bayesian

hierarchical inference to share information across hierarchical structures, countries

nested in subregions, subregions in regions, and regions within the global level. The

model estimates are smoothed by design, because they tend to reflect the hierar-

chical overall behaviour, which makes it important to explore how these modelled

trends align with the underlying survey observations.

This chapter examines the extent to which modelled estimates from FPEM

align with the underlying survey data, using selected diagnostic indices from the

wdiexplorer package of 3. These indices are time series measures designed to quan-

tify variation, trend, shape and sequential temporal features of country-level panel

data. By using wdiexplorer to jointly analyse the survey observations and the

corresponding modelled trajectories, as well as evaluating the residuals, the anal-

ysis identifies where the model aligns with the observed data and where notable

differences arise. This facilitates the identification and comparison of temporal be-

haviours of the data and the associated model trends, enhancing understanding of
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patterns in modern contraceptive use across countries. All analyses and visualisa-

tions presented in this chapter are fully reproducible and available on GitHub at

https://github.com/Oluwayomi-Olaitan/Family-Planning-Exploratory-Ana

lysis.

The remaining sections of this chapter are organised as follows. Section 5.2

provides background to the study, outlining the family planning survey data, the

model-based estimates, and the wdiexplorer methodology. Section 5.3 describes

the data processing steps for the survey dataset and the dataset of estimates and

presents an initial visualisation of the survey data. Section 5.4 introduces the

exploratory analysis of the survey data and model-based estimates using selected

wdiexplorer diagnostic indices. Section 5.5 presents the residual-based exploratory

analysis. Finally, Section 5.6 concludes with the findings, benefits of assessing how

well the model-based trends align with the underlying survey observations, the

limitations of the diagnostic indices in the context of family planning data, and

directions for future work.

5.2 Background

In this section, we discuss the family planning survey data, the model-based esti-

mates, and our wdiexplorer methodology. The survey and model-based data were

sourced from the UNPD, while wdiexplorer offers a workflow with time-series di-

agnostic measures and visualisation tools for exploring these measures to identify

patterns, outliers, and other notable features.

5.2.1 Family Planning Survey Data

According to Hubacher and Trussell (2015), modern contraceptive methods include

medical products or procedures such as pills, intrauterine devices, implants, con-

doms, and sterilisation, which are designed to reliably prevent pregnancy. Tradi-

tional contraceptive methods include behavioural and natural approaches, such as

withdrawal, rhythm methods, douching, and folk methods. The prevalence of either

modern or traditional contraceptive methods is defined as the proportion of the tar-

get population, typically women of reproductive age (15 - 49) using that method at

a given time relative to the total population of the same group. These proportions

(prevalence of modern and traditional contraceptive use) are the primary variables
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of interest for our analysis.

These proportions alongside other demographic variables are captured through

family planning surveys. A collation of family planning survey data is organised

and maintained by the UNPD in the World Contraceptive Use database (United

Nations Department of Economic and Social Affairs, Population Division, 2024)

and updated annually, providing country-level observations of family planning indi-

cators to support the monitoring of family planning progress. The dataset provides

survey observations of contraceptive use (modern and traditional) and unmet need,

obtained from nationally representative household surveys, including Demographic

and Health Surveys (DHS), UNICEF Multiple Indicator Cluster Surveys (MICS),

Performance Monitoring for Action (PMA), Reproductive Health Surveys, Contra-

ceptive Prevalence Surveys (CPS), national surveys, and other sources (Cahill et al.,

2018).

The dataset spans 197 countries, including Taiwan and Kosovo, which are not

universally recognised as sovereign nations, and covers 1950 to 2021, although cov-

erage and completeness vary across countries, time, and indicators. Survey obser-

vations are disaggregated by data series type, capturing the survey source, union

status, indicating whether individuals are married/in a union or not, alongside other

demographic characteristics and measures of observation uncertainty in the form of

standard errors.

5.2.2 Family Planning Model-based Estimates

The Family Planning Estimation Model (FPEM) is a Bayesian hierarchical time

series model used by the UNPD to generate annual estimates and projections of

key family planning indicators (Alkema et al., 2013; Cahill et al., 2018) using sur-

vey data as input. The model leverages the Bayesian inference framework, where

country-level estimates are informed by subregional, regional, and global trends.

This structure allows reliable projections even in countries with sparse data, as

information is effectively borrowed from nested hierarchical levels. Its structure

consists of a process model that captures long-term changes in contraceptive preva-

lence through logistic growth curves reflecting the realistic assumption that growth

accelerates at intermediate levels of use and slows as prevalence reaches saturation

(Alkema et al., 2013; Cahill et al., 2018).

FPEM serves as the core family planning estimation framework within the
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UNPD, providing projections for family planning indicators and is implemented in

the family planning estimation tool for country-level use, available in the R pack-

age fpemlocal (Guranich et al., 2021). While FPEM is central, there are other

methodologies employed to complement it in assessing program inputs and impact

and setting strategic targets.

The model estimates of family planning indicators are available on the UNPD

website (United Nations Department of Economic and Social Affairs, Population

Division, 2024) and the dataset contains estimates from 1970 to 2030. There are

estimates for 14 indicator levels, with both numerical counts and percentages for

contraceptive prevalence, demand for family planning, and unmet need, classified

by method type (any, modern, traditional). Each record is associated with a Lo-

cationID, corresponding to the division numeric code and Location, country name,

with Time representing the year. The dataset also includes Variant that captures

the estimates and their credible intervals, by 95% lower bound, 80% lower bound,

median estimate, 80% upper bound, and 95% upper bound. It contains the Age

range information, Categories, with 3 population groups (“All women”, “Married

or in a union women”, and “Unmarried women”), and Estimate method which in-

dicates whether the estimate is interpolated for observed data periods or projected

for periods without data.

These model-based annual estimates serve as a dataset to monitor progress

toward global family planning goals, such as the FP2030 initiative, and other key

family planning targets. The dataset provides consistent and comparable estimates

across countries, sub-regions, and regions over time.

5.2.3 wdiexplorer: Time Series Diagnostic Measures

To assess and explore the family planning survey data related to contraceptive use

and corresponding model-based annual estimates generated by FPEM, we apply

our wdiexplorer R package to these two datasets. wdiexplorer is a time se-

ries exploratory tool originally designed for exploratory analysis of country-level

panel data of the World Development Indicators (WDI), as the name implies. It

can also be applied to any dataset formatted as repeated observations over time

and across countries. The package provides a structured workflow for data explo-

ration through diagnostic indices and visualisation tools. By explicitly incorporat-

ing predefined grouping structures, such as geographical region, income, or other
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categories, wdiexplorer facilitates the identification of patterns, outliers, and vari-

ations within and across group levels, as well as temporal and shape-based features.

In wdiexplorer, we use a three-stage process designed for the exploratory anal-

ysis of country-level panel data. The first stage involves obtaining data from the

WDI, or another source, and assessing its completeness and validity. This stage

uses visual summaries to assess data availability and missingness across countries

and years, grouping countries by a predefined variable to compare patterns within

and across groups. The second stage computes a set of ten diagnostic indices that

quantify key characteristics of the data series. Inspired by the scagnostics frame-

work (Tukey and Tukey, 1985; Wilkinson and Wills, 2008) and some established

time series features (Hyndman and Athanasopoulos, 2021), these indices capture

variation, shape and trend, and sequential temporal behaviours of the data. The

final stage utilises visual tools to identify outliers, patterns, potentially interesting

features and to support interpretation of the diagnostic indices.

The wdiexplorer package was originally designed for exploratory analysis of

WDI data, one indicator at a time. We adapt some of the diagnostic indices and

visualisation tools of wdiexplorer to demonstrate how it can also be used to assess

consistency, variation, and comparison between observed data and model-based es-

timates of any country-level panel data. Using family planning survey observations

and the corresponding modelled estimates as an example, we show how different

functionalities of the package are used depending on whether the focus is on explor-

ing the data and model outputs or the residuals.

The selected diagnostic indices for exploring the family planning datasets are

silhouette width and trend strength. Silhouette width (Rousseeuw, 1987) is typi-

cally used in cluster analysis to assess the performance of groups obtained from a

clustering procedure. Here, we use it to assess a predefined grouping of countries.

It evaluates how well a country’s data aligns with its predefined group compared

to other groups. It is computed by comparing the average distance to countries

within the same group against the distance to the closest neighbouring group. The

silhouette width ranges from −1 to +1. A value near +1 indicates that the country

is well aligned within its assigned group, while a value close to −1 suggests the

country is closer to an alternative group. Silhouette width in our context quantifies

the degree to which the contraceptive use pattern of each country align with its

sub-region in both the survey data and the modelled output.

Trend strength quantifies the extent to which a data series follows a consistent
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pattern over time, which could be linear or curved, relative to random fluctuations.

The trend strength is defined as the ratio of the variance of the remainder compo-

nent (Rt) to the variance of the combined sum of the trend and remainder compo-

nents (Tt + Rt) from a time series decomposition (Hyndman and Athanasopoulos,

2021). The value ranges from 0 to 1 expressed in proportions, distinguishing smooth

patterns from irregular noise.

To assess model fit, we use the diagnostic indices linearity and curvature to

analyse the model residuals. Linearity measures how closely a series follows a

straight-line pattern over time. It assesses whether changes occur consistently with-

out sharp curves or bends while curvature measures the extent to which a series

deviates from a straight-line trend over time, capturing the presence of non-linear

patterns; upward or downward bends. Linearity is quantified as β1, the coefficient

of the linear term and curvature is quantified as β2, the coefficient of the quadratic

term in a polynomial regression fitted to the trend component of the decomposed

series, where the predictors are the first two orthogonal polynomials of the time

index (Hyndman and Athanasopoulos, 2021). If the model perfectly captures the

patterns in the data, the residuals for each country should behave randomly, and

the corresponding linearity and curvature metrics should be zero or close to zero.

Other diagnostic measures of wdiexplorer are: country average dissimilarity,

within group average dissimilarity, smoothness, number of crossing points, longest

flat spot and autocorrelation. These measures are less suitable for the family plan-

ning datasets for several reasons. The infrequent nature of the survey data with

intervals of 3–5 years limits the comparability of temporal measures such as the

number of crossing points or longest flat spot with the model-based annual esti-

mates. Silhouette width and trend strength diagnostic measures are considered

most suitable for capturing the behaviour of family planning data. We proceed to

explore these two datasets, compare their diagnostic measures, and examine pat-

terns in the residuals using linearity and curvature indices.

5.3 Preliminary Data Exploration

5.3.1 Data Processing

The family planning datasets were processed to align with the requirements of the

wdiexplorer workflow, which expects a single observation per country-year pair.
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Survey data on contraceptive use and other family planning indicators were collected

from multiple survey types. In 41 countries, there are multiple survey observations

per country-year pairs. To address this, a yearly observation is obtained from

the surveys prioritised in the following order: DHS first, followed by MICS, PMA

surveys, national surveys, and other sources.

We prioritise survey types in this order because DHS is generally considered the

most reliable and widely comparable, serving as a global survey for health data.

Analyses using FPEM have demonstrated that the random errors associated with

non-DHS data are greater than those associated with DHS data (Alkema et al.,

2013). MICS and PMA follow because they are also nationally representative and

rigorous, while national surveys and other sources are used only when higher-priority

data are unavailable, acknowledging their potentially greater measurement error

and variability. Despite prioritising survey types to obtain one observation per

country–year pair, 16 country-year pairs across 12 countries have two observations

of the same survey type. For each country-year pair with two observations for

the same survey type, the mean of the proportions was computed and used as the

representative value for such pair.

For the analysis, we select the 85 focus countries of the FP2030 initiative, pre-

viously identified as the 69 priority countries of FP2020. These countries were

characterised as focus countries because they represent populations with significant

barriers to accessing family planning services and have the largest gaps in meeting

demand for modern contraception (United Nations, Department of Economic and

Social Affairs, Population Division, 2019). Many are located in Western, Eastern

Africa and South-Central Asia, predominantly identified by their socioeconomic sta-

tus, consisting of low and lower-middle income countries. Table A.1 (see Appendix)

presents the 85 focus countries along with the total number of surveys conducted

and the year of the most recent survey. The dataset spans five world regions, with

Africa having the largest number of countries (48) across five sub-regions, and Eu-

rope having the fewest, with only one country in Eastern Europe.

We further limited the dataset for this analysis to survey observations from

1990 through the most recent available survey year. Prior to 1990, family planning

programs were primarily focused on reducing fertility and population growth, and

the corresponding survey data reflect these early program goals rather than the

rights-based perspective on reproductive health and well-being (RamaRao and Jain,

2015). We also limited the analysis to the population of women who are married
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or in a union. This group is often referred to as Married/In-Union Women of

Reproductive Age (Cahill et al., 2020).

5.3.2 Visualisation of Family Planning Survey Data

Chapter 4 outlined five principles for effective visualisation of panel data: (1) one

panel per individual-level (country), (2) panel grouping to represent hierarchical

structures, (3) the use of colour to distinguish and compare hierarchies, (4) panel

ordering to facilitate comparison, and (5) consistent panel scaling for effective com-

parison and interpretation. These principles guided our preliminary exploration of

the family planning survey data. We applied them by constructing stacked plots of

modern and traditional contraceptive use, with each panel representing a country.

The panels were grouped according to the UNPD sub-regional classifications and

ordered by their average total contraceptive use (modern + traditional) for their

most recent survey year. Countries within each sub-region were ordered by their

total contraceptive use for the most recent survey year. We maintained consistent

panel scaling to ensure that the differences between countries were meaningfully

represented.
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Figure 5.1: Stacked bar plot of modern and traditional contraceptive use across
countries in the top nine sub-regions. Countries are grouped by sub-region, with
sub-regions ordered by their average total (modern + traditional) contraceptive use
in the most recent year and countries within sub-regions are also ordered accord-
ingly. Central America sub-region has the highest total contraceptive use.
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Figure 5.2: Stacked bar plot of modern and traditional contraceptive use across
countries in the remaining seven sub-regions. Sub-regions and countries are ordered
by average total contraceptive use in the most recent year. Polynesia has the lowest
total contraceptive use.
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Figures 5.1 and 5.2 present the proportions of modern and traditional contracep-

tive use among FP2030 focus countries. Figure 5.1 displays the top nine sub-regions

with forty countries ordering sub-regions by their average total (modern + tradi-

tional) contraceptive use in the most recent year and countries within sub-regions

are also ordered according to their average total (modern + traditional) contracep-

tive use in the most recent year. Figure 5.2 displays the remaining seven sub-regions

with forty-five countries ordering sub-regions by their average total (modern + tra-

ditional) contraceptive use in the most recent year and countries within sub-regions

are also ordered accordingly.

At the sub-regional level, Central America records the highest average contra-

ceptive use, followed by South America and Eastern Europe. South America and

Eastern Europe are each represented by a single FP2030 focus country, Bolivia and

Ukraine, respectively. There are noticeable differences in total contraceptive use

within and across sub-regions. In the Eastern Asia subregion there are just two

FP2030 focus countries, the Democratic People’s Republic of Korea and Mongo-

lia, both of which have high total contraceptive use. In South-Eastern Asia, a few

countries exhibit consistently high total contraceptive use, with Vietnam being the

highest. In South-Central Asia, Iran records the highest total contraceptive use in

its most recent survey year. Likewise, Morocco in Northern Africa, Zimbabwe in

Eastern Africa record the highest total contraceptive use in their most recent survey

year.

Figure 5.1 also reveals variation in survey frequency across countries, as recorded

in Table A.1 (see Appendix). Vietnam, Indonesia, and Philippines, countries in

South-Eastern Asia, display the longest periods of annually recorded survey data.

This indicates that the total number of surveys conducted in these countries between

1990 to 2021 exceeds that of any other FP2030 focus country. In contrast, some

countries exhibit only short periods of annual data collection. For example, Lesotho

has annual survey data between 2000 and 2002 only. Other countries, particularly

countries in Central America and Melanesia sub-regions, show consistent gaps of

3 to 5 years between surveys. Beyond variation in survey frequency, Figures 5.1

and 5.2 show that some sub-regions include only a single FP2030 focus country, as

the sole population in the sub-region facing significant barriers to accessing family

planning services: Bolivia in South America, Ukraine in Eastern Europe, Haiti in

Caribbean, Kiribati in Micronesia and Samoa in Polynesia.

Generally, in Figures 5.1 and 5.2, the bar plot reveal that modern contraceptive
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use accounts for a larger share of total contraceptive use than traditional meth-

ods. However, exceptions are observed in some countries where the proportion

of traditional contraceptive use is higher. For example, the proportion of tradi-

tional contraceptive use was higher in Bolivia during its first survey year (1993),

likewise all survey years in Somalia, a country in Eastern Africa. Similar pattern

occurs in initial survey years across countries in Middle Africa sub-region, as well

as some survey years in countries of the Western Africa sub-region. This pattern is

consistent with findings reported by United Nations, Department of Economic and

Social Affairs, Population Division (2019) which indicate that some countries report

higher proportion of traditional contraceptive use over modern revealing barriers to

accessing family planning services.

According to the results of United Nations, Department of Economic and So-

cial Affairs, Population Division (2019), the median prevalence of modern contra-

ceptive use among women of reproductive age (15–49 years) in 2019 was 44.3%

(95% uncertainty interval: 42.1 – 47.0%). Traditional methods accounted for ap-

proximately 4.2% of use, calculated as the difference between overall contraceptive

prevalence (48.5%) and modern methods. Marquez et al. (2018) also emphasised

that modern contraceptive methods are more reliable than traditional methods and

are positioned higher in the hierarchy of contraceptive effectiveness. Backed by

these findings, the subsequent analysis focuses on modern contraceptive use.

5.4 Diagnostic Indices of Survey Data and Model-

based Estimates

FPEM relies on hierarchical Bayesian inference, which allows the model to share

information across countries, sub-regions, regions and globally. The model produces

smoothed estimates, and the hierarchical structure is especially useful where sparse

data poses a challenge. We assess not only how well the Bayesian model captures

the temporal and variational patterns observed in the survey data, but also where

hierarchical pooling influences the estimates. Using diagnostic measures such as

trend strength and silhouette width from the collection of diagnostic indices of

the wdiexplorer package, as described in Subsection 5.2.3, we compare survey

data and model-based estimates, and identify countries where deviations are most

pronounced, highlighting contexts in which the model hierarchy has a substantive
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impact.

5.4.1 Trend Strength Measure

Trend strength is one of the diagnostic indices of the wdiexplorer, under the cate-

gory of trend and shape features. It quantifies the degree to which a series follows a

consistent temporal pattern, whether linear or non-linear, relative to random fluc-

tuations. Trend strength is the proportion of variance in the data explained by the

variance of the remainder component of a decomposed time series relative to the

variance of the sum of the smoothed trend component and the remainder compo-

nent (Hyndman and Athanasopoulos, 2021). A series is considered to have a strong

trend when the variance of the remainder component is small relative to the total

variance. A weakly trended series has a large remainder variance, reflecting greater

irregular fluctuations.

To evaluate the strength of trends in the family planning survey data and model-

based estimates, we calculate trend strength of each country in both datasets using

the wdiexplorer package. These metrics were compared by calculating the ratio

of model to survey trend strength.

We present a scatterplot of the model to survey trend strength ratio versus the

survey data trend strength for each of the 85 FP2030 focus countries in Figure 5.3.
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Figure 5.3: Comparison of trend strengths in survey data and model-based estimates
across countries. Each point represents the ratio of model-based to survey trend
strength plotted against the survey trend strength for a country. All countries have
ratios above 1, indicating that the model-based trends are stronger than the survey
trends. Labelled points correspond to countries with extreme ratios of model-based
to survey trends strength. Hovering any point in the interactive version reveals the
corresponding country name, its survey and model trend strength.

Figure 5.3 shows that across all 85 focus countries, the trend strength ratio

exceeds 1, indicating that the model-based trend strength is stronger than that

derived directly from survey data. This pattern is consistent with the smoothing

effect of FPEM. Smoothing increases apparent trend strength because it removes

short-term noise and measurement error, borrows information from neighbouring

time points to reinforce consistency, assumes gradual continuous change rather than

abrupt shifts, and down-weights outliers; together these effects suppress variability

in the raw data and make the underlying long-term pattern appear clearer, more

consistent, and stronger than it does in the observed data points. Labelled points

correspond to the top ten countries with the largest ratios, pointing to cases where

the model estimates differ most from the observed survey trends. We further exam-
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ine these countries by comparing their survey data points with their corresponding

model-based trends.
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Figure 5.4: Survey data trajectories and model-based trends for the top 10 countries
with the largest ratios of model-based to survey trend strength. Each panel presents
the survey observations and corresponding model trajectory of a country, ordered by
their ratios. Belize shows the highest ratio, reflecting a dip in its 2006 smoothed out
by the model. Similarly, Comoros exhibits a sharp spike in 2000, with an observed
proportion of modern contraceptive use far higher than other years.

For the 10 countries with the largest deviations, Figure 5.4 displays their sur-

vey data points alongside the corresponding model-based trends over time. Each

country is represented by a separate panel, and countries are ordered in descending

order of the ratio value. We ensure panel-specific scaling to accurately present the

fluctuations in data points and trends for each country. Figure 5.4 illustrates how

FPEM smooths survey fluctuations in the top 10 countries with the highest ratios.

The smoothed curves are designed to highlight the underlying signal by filtering

out some of the noise in the data. That makes the model based long-term trends

look stronger and clearer than they appear in the raw observed data.

All 10 countries have trend strength values calculated from the modelled esti-

mates that are very close to 1, as one might expect. The differing ratios reflect

variation in the trend strength of the observed data. Belize has a very low trend

measurement for the survey observations, and its panel shows that the proportion

of modern contraceptive use decreased substantially in 2006 compared to previous

years, followed by higher values in subsequent surveys (2011 and 2015). This dip
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in the survey data is weakly captured in the model-based trend, as the model as-

sumes gradual, continuous change over time rather than abrupt shifts. Comoros

has a similarly low trend measurement for the survey observations, but based on

just three observations, where the middle one is unusually large.

Other countries with high ratios, namely Tajikistan, Ukraine, Lebanon, and

South Sudan, have sparse data, which does not follow a consistent upward or down-

ward trend. In Somalia, the fitted trend exhibits bias and lies consistently below

the observed survey points. In Figure 5.2, Somalia exhibits the lowest proportion

of modern contraceptive use across all survey years, both within its sub-region and

relative to other sub-regions. Given this persistent deviation, one might expect the

model-based trend to be partially pulled toward the sub-regional pattern, but the

trend remains low, due to the influence of the low survey values.

The high trend scores for the models relative to the surveys across the 10 coun-

tries are attributed to FPEM including temporal smoothing and information sharing

across countries within its hierarchical structure. Note also, while we rank survey

types and select the data point from the highest-ranked type for each country-year

during our survey data processing, FPEM uses all available survey types to gen-

erate model estimates. Together, these modelling choices reduce the influence of

survey noise, resulting in smoother trajectories and stronger apparent trends in the

model-based estimates compared with the survey data.

5.4.2 Silhouette Width Measure

Silhouette width is an output of the silhouette analysis and is one of the variation

features offered by wdiexplorer. It quantifies how well a data series align with its

assigned group relative to other groups (Rousseeuw, 1987). The silhouette value

ranges from −1 to +1, where a value approaching +1 indicates that a country is

well-aligned within its group and clearly separated from other groups, a value near

0 suggests a country is not clearly separated from other groups, and a value near

−1 indicates that the data trajectory of a country is closer to those of a different

group.

Silhouette analyses for both the survey and model-based estimates were con-

ducted using the complete family planning dataset for all participating countries.

We calculated dissimilarities for all 185 countries, capturing the distance of each

country to all others as well as its distance to countries within its sub-region. These
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dissimilarities formed the basis for computing the silhouette width. Although the

analysis draws on the complete family planning dataset available from the UNPD

website, the partition plots display only FP2030 focus countries with more than one

country in their sub-region. Sub-regions with only a single FP2030 country were

excluded in the partition plot.

Figures 5.5 and 5.6 are the partition plots of survey data and model-based

estimates silhouette widths respectively. The partition plot is produced by one of

the visualisation functions of the wdiexplorer and displays diagnostic metrics for

each country while accounting for predefined groupings, here sub-regions used by

FPEM. Each country metric value is represented by a coloured bar over a lighter-

shaded rectangular bar indicating the group average, allowing easy comparison of

silhouette widths of countries within their group.

Silhouette widths highlight how closely countries follow the patterns of their

assigned groups and reveal meaningful within-group deviations. However, when a

country exhibits behaviour that diverges from that of other countries in the group,

average dissimilarity for the group increases, which can influence the relative align-

ment of countries within the group. This pattern illustrates how outlier countries

can pull the group average dissimilarity, affecting the alignment of the majority

of countries within the group. A silhouette analysis based on median rather than

average dissimilarity may be more appropriate for our context, but we have not

investigated this.
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Figure 5.5: Silhouette widths of the survey data across the FP2030 focus coun-
tries, grouped by sub-region excluding sub-regions with only one country. Each
bar represents the silhouette width of its corresponding country, while the light-
shaded rectangular bars indicate the average silhouette width for each sub-region.
Sub-regions are ordered by their average silhouette width, and countries within the
same group are ordered accordingly with the same colour to facilitate visual dis-
tinction within groups. All sub-regions except Melanesia exhibit negative group
average silhouette width.
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Figure 5.5 displays the silhouette widths for the survey data of the 85 FP2030

focus countries, grouped by sub-region. Haiti, Ukraine, Kiribati, Bolivia, and Samoa

are excluded from the partition plot because they are the only FP2030 country

in their sub-region, leaving no other focus countries for comparison. Note, other

countries do exist in their sub-regions in the complete family planning dataset used

to compute the silhouette analysis, as reported in Table A.2 (see Appendix A).

Sub-regions are arranged in descending order of their average silhouette widths,

and within sub-regions, countries are ordered by decreasing silhouette widths.

Melanesia, a sub-region in the Oceania region, is the only sub-region with a

positive average silhouette width. In this sub-region, Figure 5.2 shows that the three

FP2030 focus countries consistently exhibit proportions of modern contraceptive use

within a similar range across all survey years, although Vanuatu displays slightly

higher levels than the other two countries. This overall similarity is reflected in their

comparable and positive silhouette widths. Papua New Guinea with only three data

points as reported in Table A.1 (see Appendix A) has a relatively high silhouette

width of 0.74 and Solomon Islands, with two data points, has a silhouette width

of 0.66. Vanuatu has a silhouette width of 0, because none of its surveys were

conducted in the same years as those of other 5 countries in the Melanesia sub-

region. (Recall that the complete dataset is used for the silhouette analysis). The

group average silhouette width in this sub-region also reflects the observed low

within group dissimilarity with positive average group silhouette width.

In Central America sub-region, the focus countries consistently exhibit propor-

tions of modern contraceptive use within a similar pattern across survey years,

see Figure 5.1. However, the silhouette widths shown in Figure 5.5 do not reflect

this observation. This is explained by differences in survey years across countries.

Survey observations were conducted in different years, and in this sub-region, only

a few surveys were conducted in the same year. As a result, dissimilarities for

some country pairs were computed using only one or, at most, two common survey

years. Silhouette widths in this sub-region are estimated solely on the years where

both countries have recorded observations, which may not adequately capture the

observed overall similarity.

Eastern Asia has the lowest average group silhouette width, with two of our

focus countries exhibiting high negative silhouette widths. In Middle Africa, the

Democratic Republic of Congo and Chad show positive silhouette widths, whereas

other countries in the sub-region have negative values, with São Tomé and Pŕıncipe
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exhibiting the lowest. In Southern Africa, Botswana has an extreme negative sil-

houette width, indicating that its trajectory of modern contraceptive use is distinct

from all other countries in the sub region.

The influence of an outlier country is seen across most sub-regions. For example,

in South-Eastern Asia, Timor-Leste exhibits the lowest proportion of modern con-

traceptive use, as shown in Figure 5.1. Its silhouette width, which quantifies how

closely a country follows the patterns in its assigned group, indicates that Timor-

Leste has the lowest value, reflecting its minimal alignment with the South-Eastern

Asia sub-region (Figure 5.5). This extreme deviation contributes to an increased

group average dissimilarity, reflecting the influence of an outlying country. A sim-

ilar effect is observed in Sudan within the Northern Africa sub-region, where its

contraceptive use is the least compared to the neighbouring countries, resulting in

low silhouette width and higher group average dissimilarity.

In Western Africa, Cabo Verde has the highest proportion of modern contracep-

tive use across its survey years relative to other countries in the sub-region. Its low

silhouette width indicates that it is the least aligned country within the Western

Africa sub-region, thereby contributing to a negative group average silhouette width

and thus higher overall group dissimilarity. By contrast, several countries within

a similar range of proportions of modern contraceptive use in Western Africa sub-

region, namely Benin, Guinea-Bissau, and Mauritania exhibit positive silhouette

widths, demonstrating better alignment.

Overall, most countries exhibit strongly negative silhouette widths. In the lit-

eral interpretation of silhouette width, these values indicate that the data series

trajectories of these countries are more similar to countries outside their assigned

sub-regions than to those within. Several factors may contribute to these deviations.

Firstly, we observed in Figures 5.1 and 5.2 that there is high variation in contra-

ceptive use within each subregion. Furthermore, as discussed above, the presence

of outlier countries can affect group alignment. In addition, family planning survey

data were collected at irregular intervals, and because dissimilarities are computed

only between observations from the same year, silhouette widths are estimated us-

ing dissimilarities of only those years where both countries in a pair have recorded

observations. These inconsistencies could have amplified negative silhouette widths

and weaken the alignment of countries within their sub-region.
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Figure 5.6: Silhouette widths of the model-based estimates across the 85 FP2030 fo-
cus countries, grouped by sub-region excluding sub-regions with only a single coun-
try. Sub-regions are ordered by their average silhouette width. Countries within
the same sub-region share the same bar and axis text colour to facilitate visual
distinction within groups. All sub-regions have negative average silhouette widths,
except Melanesia and Southern Africa with positive average silhouette widths.
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Figure 5.6 is the partition plot of the model-based estimates dataset for the 85

focus countries, excluding the 5 countries that are the only country in their sub-

regions. Figure 5.6 shows that all countries in the Melanesia sub-region exhibit

positive silhouette widths as seen in Figure 5.5. Notably, Vanuatu now has a sil-

houette value; in the survey partition plot of Figure 5.5, it lacked a value because

the survey years of its observations did not match the survey years of the other

countries in the sub-region. With FPEM generating annual estimates, this is no

longer an issue.

Southern Africa shows a relatively small positive average silhouette width, with

Botswana as the only country exhibiting a negative value, whereas in Figure 5.5,

all countries exhibit negative silhouette widths. This reflects how the use of model-

based annual estimates from FPEM, which enables consistent year-to-year com-

parisons across countries, can result in more robust silhouette widths that better

represent alignment within this sub-region. In Western Africa, Cabo Verde stands

out with an extremely low silhouette width. This pattern was also evident in Fig-

ure 5.5, as Cabo Verde is the only focus country in the Western Africa sub-region

with a high uptake on modern contraception. Similarly, Yemen stands out among

Western Asia countries with an extremely low silhouette width, though this was

not apparent in Figure 5.5. Looking back at Figure 5.2, we see that Yemen has by

far the lowest contraceptive use in its sub region.

Other sub-regions including Central America, South-Central Asia, South-Eastern

Asia, Eastern Africa, Eastern Asia, and Northern Africa are dominated by coun-

tries with moderate to strongly negative silhouette widths. This same pattern was

observed in the survey-based silhouette width as seen in Figure 5.5.

In Figure 5.5, countries in the Western Asia sub-region show negative silhouette

widths, with an average group width of −0.61. The model-based estimates in Figure

5.6 present a slightly different picture: while Jordan and Yemen remain negative,

other countries exhibit positive (though close to zero) silhouette widths, with an

average group width of −0.06. This comparison highlights how the annual model-

based estimates of FPEM adjust the alignment of countries within the sub-region

relative to the survey-based data. Building on this, we compared the silhouette

widths from the model-based estimates with those from the survey data to assess

how well the model reproduces the patterns observed in the survey and to highlight

cases with high differences in their values.
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Figure 5.7: Comparison of silhouette widths between survey data and model-based
estimates across countries. Each point represents the model-based silhouette width
plotted against the survey silhouette width of a country. The diagonal line rep-
resents the identity line. Countries are coloured by sub-region to facilitate the
identification of within group patterns. The labelled points correspond to the top
three countries with the largest absolute differences between the two metrics and
three other countries with the highest positive survey silhouette width. Countries
represented by points close to the diagonal have similar silhouette widths in both
the survey and model-based estimates. Hovering any point in the interactive ver-
sion reveals the corresponding country name, its survey and model-based silhouette
widths.

Figure 5.7 presents the scatterplot of model-based silhouette widths against the

survey silhouette width for each country. The labelled countries are positioned far

away from the diagonal line and their observations and model-based trends are

shown in more detail in Figure 5.8.

Generally, we would expect model-based silhouette values to be bigger than

those calculated from the survey data. This is due to the effect of smoothing, which

flattens out local discrepancies and also the influence of the Bayesian hierarchical
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framework which borrows strength in modelling trajectories within sub-regions.

Consequently, most of the points in Figure 5.7 are above the diagonal line. The three

labelled countries in Figure 5.7 (Burkina Faso and Senegal in Western Africa, and

Jordan in Western Asia) with model-based silhouette widths considerably higher

than values from the survey data would consequently appear to benefit a lot from

the effects of modelling, even though their model-based silhouette values are still

near zero. To further examine the large differences in their silhouette widths, we

compare the survey data trajectories to the corresponding model-based trends of

the labelled countries.
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Figure 5.8: Survey data trajectories and model-based trends for the labelled coun-
tries with high absolute differences between model-based and survey silhouette
widths in Figure 5.7. The labelled countries are presented along the other countries
in their sub-region to compare their data series and model trends. Sub-regions are
ordered by their silhouette width. Labelled countries are uniquely highlighted by
distinct colours while the model trajectory of other countries in their sub-region
are presented in grey colour. Countries in Western Africa have higher model-based
silhouette width, while countries in Melanesia have higher survey silhouette width.
Survey and model-based silhouette widths for each labelled country are presented
in their panel. Hovering any line in the interactive version reveals the corresponding
country name, and its survey and model silhouette widths.

Figure 5.8 also labels three countries with unusually high survey-based silhouette

width, relative to those from the model trajectories. These are the three countries

with the highest silhouette width in Figure 5.5, and their observations and trends

are shown in Figure 5.8. As noted previously and as shown in Figure 5.7, the
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two Melanesia countries (Papua New Guinea and Solomon Islands) have just a few

survey observations and so the survey-based distances and thus silhouette widths

are unreliable. The third country, DR Congo based on its survey silhouette value

is the most middling country in Middle Africa, which is consistent with Figures 5.1

and 5.2. The drop in silhouette value for its model trajectory is likely explained by

the fact that the smooth remains flat between 2000 and 2014, unlike other Middle

Africa countries.

The comparison of survey and model-based trend strengths and silhouette widths

highlights the influence of the Bayesian hierarchical framework and the time series

modelling in FPEM, which smooths country trajectories. The low silhouette values

for the observed data reflects the fact that most of the sub-regions have quite a lot

of variation across their observed data trajectories. The silhouette values calculated

from the model are somewhat higher. This analysis suggests that a grouping struc-

ture other than sub-region might be more informative for family planning modelling.

To further strengthen our exploratory analysis, we analysed the residuals between

the model estimates and survey observations.

5.5 Exploratory Residual Analysis of the Survey and

Model-based Family Planning Datasets

To further compare how the model-based estimates of modern contraceptive use

differs from the survey data, we analyse the residuals using two selected diagnostic

indices of the wdiexplorer as discussed in Subsection 5.2.3. We compute the

linearity and curvature of the residuals for each country. If the model captures the

patterns in the data trajectories, the residuals should appear as random fluctuations

around the zero line, with linearity and curvature values close to zero. When

the residuals instead show some patterns, such as consistent upward or downward

movements or fluctuations over time, it indicates that the fitted model has not fully

captured important structure in the data.

Linearity is one of the diagnostic indices implemented in the wdiexplorer. It

measures the overall direction of a data series over time. When applied to the

residuals of the family planning datasets, this measure evaluates how closely the

residuals follow a straight-line pattern. The linearity value is obtained as the coef-

ficient of the linear term (β1) in an orthogonal polynomial regression fitted to the
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smoothed trend component of the decomposed series. Positive values indicate an

increasing linear pattern in the residuals, while negative values indicate a decreasing

pattern. Because residuals from a well-fitting model should resemble random noise,

we expect minimal to no linear structure, with linearity values near zero.

The curvature feature implemented in the wdiexplorer measures how much

a series bends away from a straight-line pattern over time, capturing non-linear

movements such as gradual upward or downward curves (U- shaped and the inverted

U-shaped). It is computed as the coefficient of the quadratic term of an orthogonal

polynomial regression fitted to the trend component of the decomposed residuals

(Hyndman and Athanasopoulos, 2021). As with linearity, residuals that behave like

random noise should have curvature values close to zero.

To examine the linearity and curvature of the residuals in the family planning

datasets, we present a scatterplot of these two metrics in Figure 5.9. Most countries

cluster near zero for both metrics. The labelled points indicate countries where

either linearity or curvature deviates much from the expected random behaviour.
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Figure 5.9: A scatterplot of residual curvature against linearity from the FP survey
and model-based datasets, with each point representing a country and coloured by
sub-region. It assesses whether linear or non-linear patterns remain in the resid-
uals of each country. Most countries are around the vertical and horizontal lines
indicating zero and near-zero curvature or linearity values. The labelled points cor-
respond to countries with slight unexplained variation between the survey and the
model-based estimates. Each panel presents the curvature and linearity values of
its country. Hovering any point in the interactive version reveals the corresponding
country name, the curvature and linearity of its residuals.

Figure 5.9 shows that the model performs well for most countries. The residuals

cluster close to zero on both the linearity and curvature axes, indicating little evi-

dence of systematic linear or non-linear structure in the unexplained variation. A

small number of countries, which are labelled in the plot, fall somewhat farther from

zero, although these deviations are not large, they show a higher absolute linearity

or curvature relative to other countries. For example, Mongolia has a curvature

value of −0.042 and a linearity value of −0.022, illustrating modest fluctuations

in its residual pattern. In contrast, Bhutan has a curvature value of zero, while

its linearity deviates noticeably from zero, suggesting a linear residual structure.

Figure 5.10 further examines these residual patterns.

Figure 5.10 presents residual trajectories, a superimposed quadratic fit, the data
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series and model trends for the labelled countries from Figure 5.9. Burkina Faso is

also included: although the residuals analysis indicates good model fit, it stood out

in earlier analysis of silhouette widths for the survey and model-based trends. This

inclusion illustrates a situation where strong diagnostic from residuals coexist with

atypical trend-strength measures.
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Figure 5.10: Labelled countries with non-zero curvature and linearity residual
scores. The top panels show the residual trajectories and a superimposed quadratic
fit of each country while the bottom panels display their survey data and corre-
sponding model trends, illustrating the extent to which the model captures the
patterns in each labelled country.

In Figure 5.10, residuals are shown in the top tow and the observed data with the

model-based trends in the bottom row, with countries ordered consistently across

rows. Bhutan has by far the largest linearity measure, which upon inspection is due

to the substantial improvement in contraceptive use in 2010, which is not captured

by the model. Upon investigation, earlier surveys in Bhutan, were based on national

surveys, whereas the 2010 observation comes from a Multiple Indicator Cluster

Survey. While the analysis allows for observations from different surveys and FPEM

uses all surveys observations, the sudden spike was not captured by the model. In

Afghanistan, the residuals exhibit a linearity of 0.043 and a curvature of −0.019.

The observed proportion of modern contraceptive use in 2000 is substantially lower

than in other survey years, resulting in a large negative residual for this year.

Similarly, in 2010, where the observed value is relatively high, the model exhibits

a slight bias, which may be attributed to its hierarchical pooling effect. Together,
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these deviations account for the observed upward followed by downward pattern in

the residuals, as captured by the linearity and curvature measures.

In Pakistan, the linearity and curvature values capture the discrepancy in the

model fit over the period 2003–2012, as reflected in the residuals. Survey observa-

tions during this period show sudden increases and decreases in the proportion of

modern contraceptive use, which do not follow a consistent temporal pattern. The

time-series component of FPEM assumes smooth and continuous change rather than

abrupt shifts; as a result, short-term fluctuations are smoothed in the model-based

trends, giving rise to U-shaped residual trajectories. This behaviour is reflected in

the residual curvature value of 0.016, while the observed dip between 2003 and 2005

is indicated by the negative linearity value of −0.049, corresponding to a downward

bias in the model during these years.

Afghanistan, Bhutan, and Pakistan, all belonging to the same sub-region, ex-

hibit notable discrepancies that warrant further investigation of the South-Central

Asia sub-region. Across these countries and the other countries examined above,

residual analysis highlights discrepancies between model-based trends and survey

observations.

Somalia, a country not included in Figure 5.10 shows a downward-biased model

prediction, with the fitted trend consistently lying below the observed survey points

as shown in Figure 5.4. This downward bias is reflected in the residuals, which

though positive are all small in magnitude, resulting in negligible linearity and

curvature measures.

These findings establish the importance of exploring the observed data, the

model-based trends, and the residuals to better understand the temporal patterns,

diagnose where and investigate how well the model captures the observed patterns.

5.6 Conclusion

This study explored survey data and FPEM-based estimates of modern contracep-

tive prevalence using time series diagnostic indices implemented in the wdiexplorer

package. Recognising that FPEM estimates are inherently smoothed, we assessed

how well the model captures observed temporal patterns of modern contraceptive

use across the 85 focus countries of the FP2030 initiative. By evaluating how well

model trends reflect the underlying survey observations and the heterogeneity of

family planning trajectories across countries and sub-regions, this study provides
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insight into the temporal dynamics of the proportions of modern contraceptive use

across the 85 FP2030 focus countries and highlight where discrepancies between

model-based estimates and survey observations are most pronounced, with visuali-

sation serving as a key tool. Visualisation is central to the analysis, enabling direct

comparison of relatively sparse survey observations with annual modelled trajecto-

ries and facilitating the interpretation of diagnostic measures at both country and

sub-regional levels.

Across the 85 focus countries, the selected diagnostic indices: silhouette width,

trend strength, linearity and curvature indicate that FPEM generally captures long-

term trends in modern contraceptive use data. Deviations from the survey data are

most pronounced in countries and years exhibiting abrupt changes. For example,

in Belize and Comoros, the model assumes gradual, continuous change over time

rather than the sudden shifts observed in the data. In Somalia, while one would

expect the model-based trend to partially align with the sub-regional patterns, it

consistently falls below the observed survey points. Residual analysis highlights

these discrepancies, providing a detailed view of where and how the model diverges

from the observed data. Other countries with notable discrepancies, Afghanistan,

Bhutan, and Pakistan, all belonging to the same sub-region, suggest that a group-

ing structure other than sub-region may improve the modelling of family planning

trends.

This analysis is subject to limitations arising from the structure of the family

planning survey data. These data are country-level survey observations obtained

from multiple nationally representative household surveys, sometimes resulting in

multiple observations per survey year and often temporal gaps of up to 6 years.

The wdiexplorer package is developed to explore country-level panel data with

one observation per country-year pair. Also, infrequent temporal gaps make several

diagnostic measures of wdiexplorer unsuitable for capturing temporal behaviour

in the proportion of modern contraceptive use. While silhouette width was consid-

ered appropriate, it poses a challenge. Dissimilarity-based measures are sensitive

to temporal gaps, and could distort group-level alignment. One possible way to

address this limitation is to estimate missing survey data points using linear inter-

polation prior to calculating dissimilarities. In addition, this analysis uses the mean

dissimilarity of country pairs to quantify country-level dissimilarity; however, this

measure can be sensitive to extreme distance values, an alternative approach would

be the use of median instead of the mean in silhouette analysis, which may provide
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a more robust interpretation of group-level patterns in the data.

In conclusion, this study demonstrates that combining time series diagnostic

indices with visualisation offers a framework for evaluating how well model-based

estimates align with observations. This analysis confirms that FPEM-based esti-

mates generally capture long-term trends in modern contraceptive use data across

the 85 FP2030 focus countries, while also highlighting specific countries and periods

where the model diverges from observed data, particularly in cases of abrupt changes

or where sub-regional grouping may not fully capture local dynamics. By identify-

ing these discrepancies, this approach not only provides insight into the temporal

patterns of family planning trajectories but also points to opportunities for refining

hierarchical modelling strategies. Despite limitations arising from sparse and un-

evenly spaced survey data, the integration of diagnostic measures and visualisation

enables a nuanced assessment of model performance.
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6
Conclusion

This thesis has introduced significant contributions to the exploration and visualisa-

tion of country-level panel data and hierarchical model outputs. Through Chapters

3, 4, and 5, we have highlighted the importance of incorporating predefined group-

ing structures into data and model exploration and visualisation. Our main con-

tributions are diagnostic measures for multiple time series, and carefully designed

strategies for constructing rich and informative visualisations.

Chapter 3 introduced wdiexplorer, a new R package that supports a workflow

for exploring country-level panel data based on time series diagnostic measures and

visualisation tools. The primary aim of wdiexplorer is to reveal temporal pat-

terns, trends, outliers and other important structural features of panel data. The

package extends scagnostics concepts by incorporating existing feature-based time

series indices. These diagnostic indices capture variation features, trend dynamics,

shape and sequential temporal characteristics of the data series. wdiexplorer also

uses silhouette analysis for assessing patterns between and within groups, by incor-

porating grouping structures into diagnostic calculations. The indices are used to

draw attention to potentially interesting countries in the visualisations of country-

level panel data, and to identify countries for further investigation. Although the

name wdiexplorer originates from demonstrating the package functionality using

the WDI data, the workflow is not restricted to WDI data. The package is ap-

plicable to any country-level panel dataset of repeated measurements of the same

variables collected over time across multiple countries.

While this development of wdiexplorer represents an advancement in time

series diagnostic measures by exploring data series within the hierarchical struc-

tures present in the data, future research could extend the package functionality

139



to include an interactive Shiny application, which would allow users with little to

no knowledge of the R programming language to explore country-level panel data.

Also, the set of diagnostic indices could be extended to capture additional features

and more complex temporal behaviours, such as those offered by Henderson and

Fulcher (2025). Another possible extension to the diagnostic measures could be

the use of classical and robust principal component analysis for anomaly detec-

tion in hierarchical time series, building on recent developments in functional data

analysis by Hyndman and Shang (2010); Fisch et al. (2024). The use of principal

component analysis for dimensionality reduction could be integrated with the diag-

nostic indices of wdiexplorer, which incorporate the hierarchical structure of the

data into their computation, to preserve hierarchical heterogeneity while detecting

outlying countries.

Chapter 4 presented new visualisations and proposed informative principles for

displaying hierarchical model estimates. Our visualisations provide an in-depth

examination of model fit in relation to the hierarchical structure of the data. It

also support the examination of multiple models simultaneously to understand how

individual-level units (countries) respond to hierarchical groupings and how group-

ing choices influence posterior estimates. This is inspired by the strategies outlined

by Wickham et al. (2015) for visualising statistical models. For the visualisation

principles, we utilised layout, scales, colours, and line types, to differentiate and

emphasise patterns and to facilitate comparisons across model outputs.

The proposed visualisations were illustrated using the outputs of five Bayesian

hierarchical models fitted to PISA European mathematics scores, demonstrating

their relevance for interpreting complex hierarchical model structures. The vi-

sualisation designs are simple, flexible, and adaptable, and can be extended to

non-Bayesian models, models capturing non-linear relationships, and models with

more complex hierarchical structures. By applying our step-by-step principles, re-

searchers can gain a clearer understanding of hierarchical structures present in the

data, how it influence model output, and communicate results more effectively. This

contribution advances the visualisation of hierarchical models and offers adaptable

tools that can be applied across a wide range of research fields.

Future work could explore the design of visualisation for joint distributions of

model parameters in the context of hierarchical models. Additionally, it could be

further extended to compare posterior parameter and hyper-parameter estimates

across different Bayesian computational methods. For example, hierarchical mod-
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els could be fitted using software such as JAGS and BRMS with the same model

specifications and likelihoods to compare their estimates and also assess how indi-

vidual units respond to information sharing under different computational imple-

mentations. Beyond its current use, these visualisation could then be extended to

compare model outputs across different computational methods. A notable lim-

itation of the work is that it would be difficult to extend the visualisations to

accommodate comparisons across more than two hierarchical structures simultane-

ously. Currently, the strip background colour of each panel represents the regional

grouping, while the strip text indicates the income level of each country.

Building on the work in Chapters 3 and 4, Chapter 5 presented a new case

study that utilised some of the diagnostic indices of wdiexplorer, alongside the

visualisation principles proposed in Chapter 4 to explore survey data and Family

Planning Model-based estimates of modern contraceptive prevalence. The rationale

was to evaluate how well model trends reflect the underlying survey observations and

the heterogeneity of family planning trajectories across countries and sub-regions

and to highlight where discrepancies between model-based estimates and survey

observations are most pronounced.

Future work could extend the application of wdiexplorer to develop diagnos-

tic methods that can handle missing or irregularly spaced observations, as was the

case with the family planning survey data. For instance, techniques such as linear

interpolation or other imputation approaches could be used to fill gaps in the data,

enabling the indices to provide more reliable evaluations of model fit and reveal pat-

terns that might otherwise be hidden. Another complementary approach would be

to design alternative dissimilarity measures for comparing country-level time series

when observations are sparse or unevenly spaced. Currently, dissimilarities can only

be computed at time points where both countries have data, which limits the ability

to assess similarity across the full temporal range. Developing methods that can

accommodate infrequent or incomplete time series would improve the effectiveness

and flexibility of country-level panel data diagnostic analyses.

Also, family planning surveys are collected from multiple survey types such

as Demographic Health Survey, UNICEF Multiple Indicator Cluster Surveys, Per-

formance Monitoring for Action, Reproductive Health Surveys, national surveys,

and other sources, which sometimes yield multiple data points per year. However,

wdiexplorer is designed to accommodate a single observation per country-year. In

Chapter 5, we handled this by ranking the family planning survey types by global
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reliability and comparability, and only the observation for the highest-ranked survey

type was selected for each country-year. This was a limitation, because model-based

estimates generated using all available survey data were compared with survey ob-

servations from the highest-ranked survey type. A possible direction for future work

would be to extend the diagnostic measures of wdiexplorer to handle multiple ob-

servations per country-year.

In assessing how well model trends capture underlying survey observations and

heterogeneity in the data, alternative hierarchical structures could be considered.

In the FPEM, projections for family planning indicators among the married or

in-union women are modelled by nesting countries within sub-regions, sub-regions

within regions, and regions within continents. For projections of family planning

indicators among unmarried populations, which we didn’t focus on for this project,

models are fitted using combinations of sexual activity and geographical region as

grouping variables. Future research could explore additional grouping structures to

assess model alignment with survey observations.

Reproducibility has been a key consideration throughout this thesis. All data

processing, model fitting, and visualisation workflows have been fully documented,

with codes and analyses well structured to facilitate replication. The wdiexplorer

package provides a systematic step-by-step workflow, with each stage of the work-

flow carefully described for ease of understanding and adaptation to new datasets. It

contains two vignettes, one using an annual dataset and another a triennial dataset,

to demonstrate its functionality across different temporal intervals datasets. Each

project organised as chapters of this thesis has a separate GitHub repository con-

taining a detailed README file that describe the content and purpose of each

script. Scripts are clearly labelled in accordance with the sections of their re-

spective chapters. Additionally, all scripts, data, visualisation codes, and outputs

associated with each analysis presented in this thesis have been organised for sub-

mission alongside each manuscript, enabling verification of results. The emphasis

on reproducibility strengthens adaptation and extension of these methods in future

research.

In conclusion, this thesis has made valuable contributions to the exploration and

visualisation of country-level panel data and hierarchical model outputs. Through

the development of the wdiexplorer R package, country-level panel data can be

explored using time series diagnostic indices within the context of the predefined

hierarchical structures present in the data, enabling examination of patterns, trends,
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shape features, outliers, and other temporal characteristics. The five proposed

visualisation principles extend beyond standard numerical summaries, providing a

clear and structured way to present hierarchical model outputs, which represents

a significant step forward in advancing the use of visualisation in the Bayesian

workflow. These contributions, wdiexplorer R package and visualisation principles

developed in this thesis not only facilitate detailed exploration and visualisation

of country-level panel data and hierarchical model outputs but also aim to equip

others with flexible and reproducible workflows for understanding and interpreting

country-level panel data.
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A
Appendix A: Using Time Series Measures

to Explore Family Planning Survey Data

and Model-based Estimates

A.1 Preliminary Data Exploration

Table A.1: Summary of surveys for family planning focus

countries

Country Sub Region Number of Surveys Recent Survey

Afghanistan South-Central Asia 8 2018

Algeria Northern Africa 7 2018

Angola Middle Africa 4 2015

Bangladesh South-Central Asia 13 2019

Belize Central America 5 2015

Benin Western Africa 6 2017

Bhutan South-Central Asia 4 2010

Bolivia South America 6 2016

Botswana Southern Africa 2 2017

Burkina Faso Western Africa 11 2020

Burundi Eastern Africa 7 2016

Cabo Verde Western Africa 3 2018

Continued on next page
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Table continued from previous page

Country Sub Region Number of Surveys Recent Survey

Cambodia South-Eastern Asia 6 2014

Cameroon Middle Africa 7 2018

Central African Republic Middle Africa 5 2018

Chad Middle Africa 6 2019

Comoros Eastern Africa 3 2012

Congo Middle Africa 3 2014

Côte d’Ivoire Western Africa 8 2020

DPR Korea Eastern Asia 8 2017

DR Congo Middle Africa 6 2017

Djibouti Eastern Africa 3 2012

Egypt Northern Africa 10 2014

El Salvador Central America 5 2014

Eritrea Eastern Africa 3 2010

Ethiopia Eastern Africa 12 2020

Gambia Western Africa 7 2019

Ghana Western Africa 13 2017

Guinea Western Africa 6 2018

Guinea-Bissau Western Africa 5 2018

Haiti Caribbean 5 2016

Honduras Central America 6 2019

India South-Central Asia 8 2019

Indonesia South-Eastern Asia 25 2018

Iran South-Central Asia 9 2010

Jordan Western Asia 7 2017

Kenya Eastern Africa 11 2020

Kiribati Micronesia 2 2018

Kyrgyzstan South-Central Asia 5 2018

Lao PDR South-Eastern Asia 5 2017

Lebanon Western Asia 4 2009

Lesotho Southern Africa 9 2018

Liberia Western Africa 4 2019

Continued on next page
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Table continued from previous page

Country Sub Region Number of Surveys Recent Survey

Madagascar Eastern Africa 9 2020

Malawi Eastern Africa 9 2019

Mali Western Africa 7 2018

Mauritania Western Africa 6 2019

Mongolia Eastern Asia 9 2018

Morocco Northern Africa 6 2018

Mozambique Eastern Africa 6 2015

Myanmar South-Eastern Asia 6 2015

Namibia Southern Africa 4 2013

Nepal South-Central Asia 10 2019

Nicaragua Central America 5 2011

Niger Western Africa 10 2021

Nigeria Western Africa 12 2018

Pakistan South-Central Asia 11 2018

Papua New Guinea Melanesia 3 2016

Philippines South-Eastern Asia 17 2017

Rwanda Eastern Africa 8 2019

Samoa Polynesia 4 2019

Sao Tome and Principe Middle Africa 5 2019

Senegal Western Africa 12 2019

Sierra Leone Western Africa 8 2019

Solomon Islands Melanesia 2 2015

Somalia Eastern Africa 4 2018

South Sudan Eastern Africa 4 2015

Sri Lanka South-Central Asia 4 2016

State of Palestine Western Asia 6 2019

Sudan Northern Africa 5 2014

Swaziland Southern Africa 5 2014

Syrian Arab Republic Western Asia 4 2009

Tajikistan South-Central Asia 5 2017

Tanzania Eastern Africa 8 2015

Continued on next page
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Table continued from previous page

Country Sub Region Number of Surveys Recent Survey

Timor-Leste South-Eastern Asia 8 2016

Togo Western Africa 6 2017

Tunisia Northern Africa 6 2018

Uganda Eastern Africa 12 2021

Ukraine Eastern Europe 4 2012

Uzbekistan South-Central Asia 4 2006

Vanuatu Melanesia 3 2013

Vietnam South-Eastern Asia 21 2020

Yemen Western Asia 5 2013

Zambia Eastern Africa 6 2018

Zimbabwe Eastern Africa 7 2015

Table A.2: A tabular representation of the total number of countries in each sub-
region, grouped by FP2030 focus country status.

Sub region Number of FP2030 countries Others
Eastern Africa 16 2
Western Africa 16 0

South-Central Asia 11 3
Middle Africa 7 2

South-Eastern Asia 7 3
Northern Africa 5 6
Western Asia 5 11

Central America 4 4
Southern Africa 4 1

Melanesia 3 3
Eastern Asia 2 5
Caribbean 1 11

Eastern Europe 1 9
Micronesia 1 4
Polynesia 1 3

South America 1 11
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