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Abstract  
Aim: This thesis conducts a data-driven, population-level investigation into risk factors 

of early-life vulnerabilities using linked routine administrative data, integrated and 
harmonised with health, education and socio-economic records. 

Method: The primary areas of vulnerability examined in this thesis include low birth 

weight, low school readiness, living in deprived areas, exposure to domestic abuse, early 
alcohol use, injury risk and mental health challenges. Data-driven models using 
advanced statistical methods (logistic regression, negative binomial regression, Cox 
hazard regression) and machine learning techniques (feature selection and decision 
trees) are employed to identify significant risk factors and their association with 
vulnerabilities. The Wales Electronic Cohort for Children Phase 4 has been established 
through this research, compiling health, education and social care data of children born 
or growing up in Wales.   

Results: Consistent risk factors for low birth weight, low school readiness or poor 

academic outcomes include children living in deprivation, and poor maternal mental and 
physical health. Lifestyle issues such as maternal smoking, clinically significant alcohol 
use and substance abuse within families further exacerbate these vulnerabilities. 
Results reveal that children at risk of adverse outcomes, including early alcohol use and 
domestic abuse exposure, have fewer routine primary care contacts and more frequent 
emergency healthcare interactions, indicating neglect and challenging family 
circumstances for these children.  

Conclusion: The findings demonstrate that data-driven methods can identify the signs 

of neglect and the associated vulnerable population from linked routine data early on in 
their life. This research has led to nine published papers, contributing to a strong 
evidence base for policies and practices aimed at improving the life chances of 
disadvantaged children and shaping their life trajectories.   
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Chapter1: Introduction 

Background 
The existing literature contains a significant body of work on the concept of ‘vulnerability’ 
(1). People with a greater risk of exposure to adversity, and their capacity to assess and 
mitigate it, are linked with conditions of vulnerability (2). In early life, individuals are 
dependent on the care (parental, family-level, societal) provided to them for survival and 
development; thus, a lack of care and support exacerbates their early-life vulnerability 
(3). This makes early-life vulnerability a multifaceted issue that is influenced by several 
factors, including health, socio-economic status and environmental conditions. These 
vulnerabilities often have a detrimental impact on children, potentially causing 
irreversible damage in areas such as physical health, emotional wellbeing, cognitive 
development and social skills. The early-life represents a critical developmental period, 
described as ‘brain writing’ (4), where experiences shape a child’s future. Addressing 
these vulnerabilities and implementing mitigation strategies is crucial for preventing the 
long-term adverse consequences (5) and improving life trajectories. Investing in the 
mitigation of early-life’s vulnerabilities can reduce the long-term social burden (6) while 
empowering marginalised and low-income families by providing them with necessary 
support and access to resources (7). This is critical for building a more just and equitable 
society. Early interventions not only improve developmental outcomes for disadvantaged 
children but also enhance parenting practices, leading to better overall outcomes.  

In this thesis, I have conducted a data-driven exploration of linked routine administrative 
data to uncover risk factors associated with early-life vulnerabilities in children. The 
vulnerability indicators studied here are developed using linked routine data, and they 
include low birth weight (defined as birth weight < 2500 g), low school readiness (failure 
to succeed in the foundation phase), living in deprived areas (the most deprived areas as 
measured by the Multiple Deprivation Indicator), exposure to domestic abuse (indicated 
by police reports), early alcohol use (self-reported alcohol use or alcohol-related health 
conditions), injury risk (records of severe injury in routine healthcare data), mental health 
challenges, and the risk of over-diagnosis (as reported in primary care data). The risk of 
developing any of the above-mentioned vulnerable conditions often leads to severe 
adverse health and wellbeing outcomes and contributes to the public health burden. 
Addressing the contributing risk factors of these vulnerabilities has been a priority for the 
Welsh Government and Public Health Wales (PHW). This research is part of the 
'Vulnerability Profiling Programme' with PHW Rhondda Cynon Taf and aligns with the 
early-life’s priorities of the Welsh Government. 

Addressing these vulnerabilities requires a holistic understanding of their determinants 
and the complex interplay between various influences. Data science, particularly 
through the use of linked routine administrative data, builds a unique framework to 
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analyse these factors longitudinally, uncover patterns, generate actionable insights and 
reveal the stories behind the data (8,9). This thesis integrates linked administrative data 
with advanced analytical techniques to explore childhood disadvantage. This research 
accumulates routinely collected administrative data from diverse sources, including 
health, education and social care, to identify modifiable risk factors and propose 
targeted interventions. The findings contribute to a growing body of evidence (10,11) 
supporting data-driven approaches in health and social care research, highlighting the 
necessity of early identification and intervention in mitigating childhood vulnerabilities. 
By utilising linked administrative data, this research not only enhances the existing 
understanding of childhood disadvantage but also equips policymakers and 
practitioners with evidence-based strategies to drive meaningful change (12–14).  

This thesis is presented as a PhD by publication and includes nine peer-reviewed papers 
that collectively address key aspects of childhood vulnerability. Data science methods 
are utilised as tools to delve into the modifiable risk factors associated with these 
vulnerabilities. This thesis comprises of nine chapters. Chapters two to eight focus on 
seven published journal papers which form the main body of this thesis. Each chapter 
discusses the area of vulnerability addressed in the respective paper, the types of data 
used to build the research framework, the application of data science methods, including 
data linking, processing, harmonisation, for analysing the data. Each chapter also 
highlights the implications of the work and outlines my contributions to the research 
papers. Two other published papers are included in the Appendix, to highlight their 
contribution and relevance in the field of data science in health and social care research. 

Methodological approaches 
The identification of vulnerabilities using data science methods requires a 
multidisciplinary approach, incorporating knowledge of data processing and 
administration, statistics, advanced data modelling techniques and domain expertise 
(15).  

Secure anonymised information linkage databank 

The research was conducted using the Secure Anonymised Information Linkage (SAIL) 
Databank platform, located within the Medical School at Swansea University (16). SAIL is 
a rich and trusted repository of data, enabling comprehensive population-level studies 
while ensuring data privacy. Using double-encrypted anonymised person-level 
identifiers, known as Anonymised Linking Fields (ALF), SAIL removes identifiable and 
disclosive information from the data it holds. This process facilitates the longitudinal 
data linkage across diverse datasets while prioritising data privacy. Currently, SAIL holds 
over 10 billion anonymised, person-based data records, making it a significant repository 
of health and administrative data, supported by robust data governance practices. The 
integration of these extensive datasets supports a wide range of research initiatives 
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aimed at addressing public health and social issues. Ultimately, it contributes to 
improving health and social care outcomes and inform evidence-based policy decision 
making (17–20).  

Secondary use of administrative data 

In this thesis, all the accumulated research work leverages the secondary utilisation of 
administrative data. The large volume of data collected from numerous sources at 
different time points offers immense potential for secondary analysis,  supporting health 
and social care research and decision-making policy (21). Life-course research 
elucidates the impact of social, economic and environmental influences on individuals’ 
lives (22), focusing on their experiences and transitions of individuals throughout life. The 
secondary use of administrative data in life-course research involves repurposing 
datasets that were originally collected for other purposes. This approach reduces the 
time and cost of data collection while enabling the analysis of long-term trends and 
patterns. Such longitudinal data helps monitor changes in individuals' lives, identify 
causal relationships and better understand the dynamics of life transitions (23–25).  

WECC phase 4 

By using existing administrative datasets from the SAIL Databank across multiple 
domains, including health, education, social care, demographic and area-level 
information, and linking them anonymously using ALF, my research has built a platform 
known as the Wales Electronic Cohort for Children (WECC Phase 4). The previous three 
stages contained separate cohorts of children in Wales focussing on specific child 
health-related research questions; however, in Phase 4, I have developed a framework 
rather than just a single cohort of children associated with early-life vulnerability. WECC 
Phase 4 supports the longitudinal follow-up of a nationally representative cohort, 
facilitating the exploration of risk factors associated with the vulnerabilities of 
disadvantaged children during their early-life stages. Thus, WECC Phase 4 offers a more 
comprehensive and flexible research framework than the previous cohorts and this 
significantly improves data utilisation. This innovative platform enables me and other 
researchers at Swansea University to conduct comprehensive analyses of 
vulnerabilities. Since this data is available in the SAIL Databank, it can also be accessed 
by external research groups upon request, opening opportunities for future collaboration. 
The WECC Phase 4 platform has already secured funding for further studies. WECC 
Phase 4 has utilised the datasets mentioned in the table 1 (16): 

Table 1: List of datasets from SAIL to build WECC Phase 4 

Dataset Name Coverage Summary 
Emergency Department Dataset 
(EDDS) 

2009-2024 Daily version of Emergency Department 
Dataset. 

Patient Episode Dataset for 
Wales (PEDW) 

1995-2024 The database contains all inpatient and day 
case activity undertaken in NHS Wales plus 
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data on Welsh residents treated in English 
Trusts. 

Welsh Longitudinal General 
Practice Dataset (WLGP) - Welsh 
Primary Care 

2000-2021 Attendance and clinical information for all 
general practice interactions includes 
patients’ symptoms, investigations, 
diagnoses, prescribed medication and 
referrals to tertiary care. 

Substance Misuse Dataset 
(SMDS) 

2014-2024 The Substance Misuse Data Set captures 
data relating to all individuals (clients), 
both young persons and adults, presenting 
for substance misuse treatment in Wales. 

Annual District Death Extract 
(ADDE) 

1996-2024 Register of all deaths relating to Welsh 
residents, including those that died out of 
Wales 

National Community Child 
Health Database (NCCHD) 

1989-2024 The Child Health System in Wales includes 
birth registration and monitoring of child 
health examinations and immunisations. 

Welsh Demographic Service 
Dataset (WDSD) 

1990-2024 Register of all individuals registered with a 
Welsh GP, includes individuals anonymised 
address and practice history. 

Education Wales (EDUW) 2004-2021 Schools and Pupil data for Wales which 
covers state funded learning centres. 

Millennium Cohort Study 
Dataset (MCSD) 

2000-2013 The Millennium Cohort Study (MCS), which 
began in 2000, is conducted by the Centre 
for Longitudinal Studies (CLS). 

Public Protection Notification 
(PPN) dataset 

2015-2020 PPN DASH data form South Wales Police 

Tagged Electronic Cohort Cymru  Derived dataset 
Children and Family Court 
Advisory and Support Service 
(CAFCASS) 

2001-2024 CAFCASS (Children and Family Court 
Advisory and Support Service) Wales 
Family Justice dataset. 

Lifelong Learning Wales Record 
(LLWR) 

2017-2020 Statistics on learners in post-16 education 
and training, excluding those at schools but 
including those at Further Education 
Institutions, other Work-based Learning 
providers and Community Learning 
provision collected via the Welsh 
Government’s Lifelong 

Looked After Children Adoption 
(LACA) 

1999-2021 Information about looked after children. 
Includes specifics on adoption, and details 
of adopters including ethnicity. 

Maternity Indicators Dataset 
(MIDS) 

2014-2024 The Maternity Indicators Data Set captures 
data relating to the woman at initial 
assessment and to mother and baby (or 
babies) for all births. This relates to initial 
assessment and birth activity undertaken in 
Wales only. 

 

Longitudinal data linkage 

To build a holistic understanding of the risk factors associated with early-life 
vulnerabilities, it is important to incorporate diverse resources such as health records, 
socio-economic data, family and environmental factors and demographic information. 
Consequently, data linkage has become an integral component of this research, enabling 
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the creation of a comprehensive dataset for studying vulnerable populations. Linking 
administrative data from diverse sources offers valuable opportunities to explore the 
multifaceted determinants of vulnerability (26). Population-level data linkage facilitates 
the identification of at-risk groups at both community and family levels by combining 
health, socio-economic and environmental influences that contribute to early-life 
vulnerabilities (27). This approach supports the development and improvement of 
targeted intervention and support plans. Since this research focuses on vulnerabilities in 
early-life, incorporating longitudinal data was essential to follow the study population 
since birth till adolescence. Data linkage enabled longitudinal analysis (28) allowing the 
measurement of risk factors' effects over time. 

Data harmonisation and data cleaning 

The research included in this thesis has significantly relied on the harmonisation of data 
from diverse sources, which enhances data comparability and compatibility (29). Data 
harmonisation improved the overall quality of the datasets and the research, increased 
the study population size and enhanced the generalisability of the findings (30,31). In 
addition to data harmonisation, data cleaning has been an integral component of all 
analyses conducted under this thesis. Since the research utilised real-world, routinely 
collected data, data cleaning was essential to identify and eliminate discrepancies, 
errors and anomalies inherent in such datasets. The process involved detecting outliers, 
inliers and unexpected patterns, as well as resolving issues such as erroneous data 
entries, inconsistencies and missing data. Erroneous data were removed, inaccurate 
values were corrected with validated replacements and missing data were handled using 
appropriate imputation methods. 

Analysing data for vulnerability profiling  

In the context of early-life vulnerability profiling, data analysis provides critical insights 
into the demographics of at-risk populations, including children and their families, by 
examining factors such as ethnicity, gender, socio-economic status and geographic 
location (32–34). These insights are instrumental in developing effective, targeted 
intervention plans for those in need. By employing a combination of traditional statistical 
models and machine learning approaches, a comprehensive understanding of the risk 
factors associated with early vulnerabilities can be achieved. Data analysis has revealed 
interaction patterns between these risk factors (35,36). However, the contributing nature 
of these factors is often complex, involving combinations of risks leading to vulnerability, 
such as health factors along with socio-economic deprivation (37,38), warranting further 
investigation.  

While focusing on traditional statistical methods, the research conducted in this thesis 
has primarily utilised survival and regression models to investigate the association 
between the risk factors and the outcome. Survival analysis is used to measure the time 
until the event of interest occurs (39,40). Kaplan-Meier Estimator is used to visualise the 
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probability of an event occurring over time, this method has been used to evaluate the 
effectiveness of an intervention program (41). Regression analysis explores relationships 
between dependent outcome variables and independent exposure variables. For an 
outcome variable that has a continuous value, linear regression is used by fitting a linear  
equation (42), whereas for a binary outcome variables, logistic regression (LR) is used 
(43). One study used linear regression to investigate the association between child 
psychosocial problems and parental stress during the pandemic, with psychosocial 
problems measured via the Strengths and Difficulties Questionnaire (SDQ) and Parental 
Stress Scale (44). Similarly, another study used linear models to identify risk factors for 
poverty vulnerability, where poverty vulnerability levels were recorded as continuous 
variables (45). LR has been widely applied to examine childhood vulnerabilities by 
exploring associations between risk factors and binary outcomes, such as whether a 
vulnerability is present or absent (46–48). 

In addition to traditional statistical methods, machine learning approaches such as 
feature selection and classification models are rapidly emerging in the field of health and 
social care research to gain data-driven insights. These advanced techniques effectively 
analyse complex datasets, uncovering patterns and relationships that may not be 
immediately apparent through conventional methods. The integration of machine 
learning supports personalised interventions tailored to individual needs. Feature 
selection identifies the most relevant risk factors, reducing data dimensionality, 
improving computational efficiency and enhancing interpretability (49,50). Supervised 
machine learning methods, such as classification models, are applicable for categorical 
outcome variables and can determine whether a child is at risk of vulnerability. This 
research primarily focuses on decision tree (DT) and LR models to adopt data-driven 
approaches for identifying vulnerabilities. 

Main findings and my contributions 

Main body: Data-driven approaches to investigate early-life vulnerability 

I have served as the first author on six papers, including one as a joint first author and 
have made significant contributions as a co-author on three additional papers included 
in this thesis. My involvement in these research works, has encompassed all stages of 
the research process, including data accumulation, preparation, analysis and writing. 
Each paper has been published in top-quartile journals and cited by other peer-reviewed 
articles. 

The central theme of the research presented in this thesis focuses on data-driven 
approaches for studying childhood vulnerabilities since birth. It establishes a robust 
methodological framework that employs data science techniques to identify early-life 
vulnerabilities and the key risk factors contributing to them. All papers were developed 
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within the framework of WECC Phase 4, a platform which I have established and is 
dedicated to life-course research on early-life vulnerabilities. 

Collectively, this body of work has deepened the understanding of childhood 
vulnerabilities and provides actionable insights to inform future interventions aimed at 
supporting at-risk populations. Each of the subsequent chapters are dedicated to 
discussion of individual papers included in the thesis. 

Supplementary paper 1: Evidence of the strength of data science 
approaches 

The paper titled "Record linkage to enhance consented cohort and routinely collected 
health data from a UK birth cohort" is one of my published journal articles included in this 
thesis as supplementary work. It highlights the importance and relevance of the 
methodological approach implemented in this paper. By integrating the richness of 
longitudinal cohort data with the extensive nature of routinely collected administrative 
data, this study demonstrates the potential of linked datasets in investigating childhood 
health vulnerabilities.  

Anonymously linked data from consenting participants of the Millennium Cohort Study 
(MCS) in Wales and Scotland, combined with their primary and secondary healthcare 
records, facilitated research into key health conditions, including obesity, asthma, 
infections, immunisations and injuries in children.  This study provides a comprehensive 
description of data accumulation and linkage across multiple datasets (both cohort and 
routine) from two countries. It also compares the demographics of the populations in 
Wales and Scotland, identifying both similarities and differences that informed the 
design of subsequent research focused on childhood health vulnerabilities. The study 
achieved a very high linkage matching rate (above 92%) for participants in both Wales and 
Scotland with their administrative health data. Additionally, the paper addresses 
challenges encountered during the study, such as delays in data acquisition, ensuring 
appropriate anonymised linkage and variations in health data between the two countries. 
These challenges were effectively managed by implementing harmonisation process. 
While linking cohort data to routine health data presents complexities, it also offers 
significant research benefits. The key contributions of this work can be summarised as 
follows: 

a) expanding research capacity through the integration of wider datasets. 

b) providing valuable insights into public health concerns. 

c) optimising resources by utilising existing data. 

d) highlighting the ethical considerations of using consented and anonymised data 

e) contributing to evidence-based policy decisions.  
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Overall, the findings underscore the potential of linked data to inform public health 
policies to improve health outcomes, particularly for vulnerable children. As one of the 
lead researchers on this project, I was responsible for data linkage, harmonisation and 
analysis of the data related to injury (thoroughly described in Chapter 7). I also 
contributed significantly to developing this research article as second author, which was 
published in the International Journal of Population Data Science and has since been 
cited by thirteen other research papers, as noted in Google Scholar. 

Supplementary paper 2: Future direction of the methodological 
approaches 

While data science methods are increasingly applied in health and social care research, 
text mining is rapidly gaining popularity in this field (51). Although this thesis primarily 
focuses on structured administrative data, it also acknowledges the growing importance 
of unstructured free-text data in healthcare and its potential to  advance health and 
social care research (52). To illustrate the advancements in data science methods for 
handling unstructured data, this thesis includes one of my published journal articles, 
"The Effect COVID Has Had on the Wants and Needs of Children in Terms of Play: Text 
Mining the Qualitative Response of the Happen Primary School Survey with 20,000 
Children in Wales, UK, between 2016 and 2021" as supplementary work.  

This paper implements text mining methods to evaluate open-ended survey responses 
regarding children's play and the changes in these responses over time, both pre- and 
post-COVID lockdown. The survey captured children's feedback on improvements in 
their local areas, particularly in relation to their activities and play. By employing text 
mining techniques, we identified common themes from the free-text data, including a) 
time to play; b) space to play; c) permission to play; d) recommendations; and e) 
wellbeing outcomes. The text mining algorithms enabled the identification of the most 
frequently used words in children’s responses, which were then mapped to key themes. 

This paper demonstrates how text mining can extract meaningful insights from 
unstructured data patterns, providing valuable contributions to the development of 
intervention strategies for children’s wellbeing. I developed the text mining algorithms 
used in this study and significantly contributed to the manuscript for publication. 

Impact of my research works 
My research involved accumulating routine administrative data from various sources and 
establishing the WECC Phase 4 platform within the SAIL Databank. The platform 
facilitates research pertaining to vulnerability profiling by utilising population-level data 
for Wales. WECC Phase 4 has been instrumental in securing research grants that has 
shaped my present research and will continue to guide its future trajectory. 
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The papers included in this thesis address various childhood vulnerabilities since birth, 
aligning with one of Public Health Wales’s key priorities. My findings have been shared 
with them as a pilot study for vulnerability profiling. This collaboration highlights the 
relevance of my research and contributes to ongoing efforts to address early-life 
vulnerabilities in the region. 

Conclusion 
This introductory chapter has laid the foundation for the relevance and importance of 
applying data science methods to investigate the risk factors associated with early-life 
vulnerabilities. The following chapters will focus on each vulnerability in detail, from birth 
to adolescence, and will explore life-course research utilising data science methods on 
administrative data.  
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Chapter 2: Weighting of risk factors for low birth weight: a 
linked routine data cohort study in Wales, UK 

Critical summary 

Background 

Low birth weight (LBW) is a significant indicator of childhood vulnerability, associated 
with long-term health and developmental challenges. The study ‘Weighting of risk factors 
for low birth weight: a linked routine data cohort study in Wales, UK’, published in BMJ 
Open, explores modifiable risk factors for LBW using linked routine administrative data. 
By integrating routinely collected administrative datasets, the study demonstrates the 
potential of data science to address early-life vulnerabilities, particularly among 
disadvantaged populations. 

Utilisation of administrative data 

This study brought together numerous routinely collected administrative datasets from 
various sources, including health and social care, to build a nationally representative 
cohort of children born in Wales between 1st January 1998 and 31st December 2018, 
forming the foundation of the research. A literature review conducted in the early stages 
identified explanatory variables that establish plausible causal links to LBW and are 
potentially modifiable at a population level. These variables span a wide spectrum,  
including maternal physical health (such as diabetes, anaemia, intake of vitamin D and 
folic acid supplements through prescription), mental health (such as depression, 
antidepressant medication, anxiety, serious mental illness e.g. bipolar disorder, 
schizophrenia), childbirth-related factors (such as maternal age, gestational age, child’s 
birth weight, gender and birth order of the child), maternal lifestyle (such as smoking, 
alcohol and other substance use) socio-economic conditions (such as deprivation), 
living environment (such as living area) and records of domestic violence. In this study, 
data on maternal physical health, mental health, lifestyle factors and records of 
domestic violence were collected from the pregnancy period. The pregnancy period was 
identified as the nine months prior to the child’s birth. A dataset was built that contained 
all the necessary risk factors by linking numerous administrative datasets to acquire the 
required variables. Consequently, anonymised data linkages were performed at the 
population level across National Community Child Health Database (NCCHD), Maternity 
Indicators Dataset (MIDS), Patient Episode Dataset for Wales (PEDW), Welsh 
Longitudinal General Practice (WLGP), Welsh Demographic Service (WDS) and Public 
Protection Notification (PPN) datasets. This process involved data harmonisation and 
thorough cleaning to ensure consistency and accuracy, facilitating the framework for 
analysis of the linked data. Data harmonisation was particularly important for variables 
like maternal smoking, as it was available from three different sources. A cleaned and 
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harmonised variable for maternal smoking during pregnancy, using data from the 
NCCHD, MIDS and WLGP datasets, was derived. While harmonising the variable, I 
ensured that similar codes were used for similar categories across the datasets (like 
'smoker', 'non-smoker' and 'ex-smoker'). This consistency in coding was crucial for 
accurate comparisons across the datasets. When it came to conflicting records, a 
precedence rule was applied. In cases of inconsistency or missing values in one 
database, I prioritised the data in the following order: MIDS, then NCCHD and finally 
WLGP. This prioritisation was based on the coverage, consistency and nature of data 
collection for each database. In the MIDS, the information was recorded by health visitors 
during the women's pregnancies. This approach not only enhances the robustness of the 
findings but also allows for a more holistic examination of various risk factors that may 
influence LBW. 

Application of data science methods 

This study employed two different statistical approaches: a traditional multivariable 
logistic regression (MLR) model and machine learning classification model using DTs. 
Both methods are capable of handling large volumes of data and revealing hidden 
relationships between the explanatory and outcome variables. The MLR model quantifies 
the odds ratios associated with various risk factors, while the DT model visually 
represents the most significant predictors of LBW. 

The MLR is a statistical method suited for predicting binary outcomes (e.g. LBW = yes/no) 
based on one or more independent variables (risk factors) (53). The odds ratios estimated 
by the MLR model indicate the strength and direction of the relationships, helping to 
identify the relative importance of each factor in contributing to LBW (54). This 
quantification is essential for public health interventions, as it enables policymakers to 
prioritise resources and strategies based on the most significant risk factors. 
Additionally, MLR simplifies interpretation and facilitates hypothesis testing. 

In contrast, the DT model effectively handles complex and non-linear relationships 
between independent and outcome variables. DTs provide a clear, visual representation 
of the decision-making process, enhancing the interpretability and communication of 
findings to stakeholders, including healthcare providers and policymakers (55). This 
model excels in identifying subgroups at higher risk for LBW by segmenting the data 
based on predictor values, revealing insights that may be obscured in traditional 
regression analyses (56).  

Integrating these two approaches provides a comprehensive, data-driven understanding 
of LBW from the linked datasets. By applying these methods, I identified a range of 
modifiable risk factors, including maternal health conditions, lifestyle choices and socio-
economic deprivation. The findings highlight the importance of addressing these factors 
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to reduce LBW prevalence and improve health outcomes for disadvantaged children and 
their families. 

Early-life vulnerability profiling 

The paper's emphasis on profiling early-life vulnerability is particularly important, as this 
can lead to several detrimental effects on individuals, including impaired cognitive 
development, disability and poor academic achievement. By identifying the risk factors 
associated with LBW, the study contributes to a broader understanding of the 
vulnerabilities faced by disadvantaged children from the outset of life. The findings 
suggest that interventions aimed at improving maternal health, promoting healthy 
lifestyles and addressing socio-economic disparities could have a significant impact on 
reducing LBW and its associated risks. 

Moreover, the research highlights the need for targeted public health strategies that 
address the unique challenges faced by disadvantaged families. By profiling these 
vulnerabilities, the study establishes a foundation for developing tailored interventions 
that can effectively support at-risk populations. 
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ABSTRACT
Objective  Globally, 20 million children are born with 
a birth weight below 2500 g every year, which is 
considered as a low birthweight (LBW) baby. This study 
investigates the contribution of modifiable risk factors 
in a nationally representative Welsh e-cohort of children 
and their mothers to inform opportunities to reduce LBW 
prevalence.
Design  A longitudinal cohort study based on anonymously 
linked, routinely collected multiple administrative data 
sets.
Participants  The cohort, (N=693 377) comprising of 
children born between 1 January 1998 and 31 December 
2018 in Wales, was selected from the National Community 
Child Health Database.
Outcome measures  The risk factors associated with 
a binary LBW (outcome) variable were investigated with 
multivariable logistic regression (MLR) and decision tree 
(DT) models.
Results  The MLR model showed that non-singleton 
children had the highest risk of LBW (adjusted OR 21.74 
(95% CI 21.09 to 22.40)), followed by pregnancy interval 
less than 1 year (2.92 (95% CI 2.70 to 3.15)), maternal 
physical and mental health conditions including diabetes 
(2.03 (1.81 to 2.28)), anaemia (1.26 (95% CI 1.16 to 1.36)), 
depression (1.58 (95% CI 1.43 to 1.75)), serious mental 
illness (1.46 (95% CI 1.04 to 2.05)), anxiety (1.22 (95% 
CI 1.08 to 1.38)) and use of antidepressant medication 
during pregnancy (1.92 (95% CI 1.20 to 3.07)). Additional 
maternal risk factors include smoking (1.80 (95% CI 1.76 
to 1.84)), alcohol-related hospital admission (1.60 (95% 
CI 1.30 to 1.97)), substance misuse (1.35 (95% CI 1.29 
to 1.41)) and evidence of domestic abuse (1.98 (95% CI 
1.39 to 2.81)). Living in less deprived area has lower risk 
of LBW (0.70 (95% CI 0.67 to 0.72)). The most important 
risk factors from the DT models include maternal factors 
such as smoking, maternal weight, substance misuse 
record, maternal age along with deprivation—Welsh Index 
of Multiple Deprivation score, pregnancy interval and birth 
order of the child.
Conclusion  Resources to reduce the prevalence of LBW 
should focus on improving maternal health, reducing 
preterm births, increasing awareness of what is a 
sufficient pregnancy interval, and to provide adequate 
support for mothers’ mental health and well-being.

INTRODUCTION
The WHO defines low birth weight (LBW) as 
infants weighing less than 2500 g (5.5 pounds) 
irrespective of gestational age.1 2 Latest figures 
show that each year around 53 000 live births 
(6.9%) are identified as LBW in the UK.3 LBW 
is the result of intrauterine growth restriction 
(less than 10th centile of weight for sex and 
gestational age), prematurity (gestational 
age less than 37 weeks) or a combination 
of both.4 LBW can impair the baby’s cogni-
tive development and lead to developmental 
disabilities and poor academic achievement.5 
Furthermore, LBW significantly increases 
the risk of perinatal and neonatal mortality 
and longstanding morbidity in early and 
later life.6 While there has been a reduction 
in mortality among preterm infants in the 
last two decades, the incidence of preterm 
birth has increased in many developed coun-
tries.6–8 The increase is also associated with 
preterm delivery of multiple pregnancies, 

STRENGTHS AND LIMITATIONS OF THIS STUDY
	⇒ This study has built an e-cohort using data-linkage 
across multiple routinely collected administrative 
data sets to investigate the risk factors of low birth 
weight (LBW) for the population of Wales.

	⇒ The study has investigated the modifiable risk fac-
tors of LBW in a holistic framework by linking prima-
ry and secondary care physical and mental health, 
socio-demographic and pregnancy-related routine 
data including police record for a nationally repre-
sentative sample.

	⇒ This study undertook two different statistical ap-
proaches (regression analysis and data-driven ma-
chine learning algorithm) which is a strength of the 
study.

	⇒ This work was unable to include any important risk 
factors which were not recorded in the healthcare 
system or any conditions which were undiagnosed 
hence that did not result in the system.
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with medically indicated preterm birth 10 times more 
likely in multiple pregnancies than singleton births.9 To 
address the global burden of LBW, the 65th World Health 
Assembly Resolution 65.6 endorsed a comprehensive 
implementation plan to achieve a 30% reduction in LBW 
by 2025.1 A study conducted on the birth data from 148 
countries of 195 United Nations’ member states indicated 
that there had been a 2.9% reduction in the LBW preva-
lence in 2015, compared with 2000 worldwide. However, 
there has not been any change in the LBW prevalence in 
high-income regions (including Europe) and the prog-
ress is slower than required to meet the WHO LBW target 
by 2025.10

Existing research has found factors linked with 
mothers, such as age, high deprivation and low academic 
qualification, are associated with increased odds of 
LBW.11 12 Modifiable risk factors for LBW include inter-
pregnancy interval,13 maternal physical14–17 and mental 
health18 19 and environmental exposures during preg-
nancy.20 Studies have also shown numerous health 
behaviours such as smoking,21 22 alcohol intake (in which 
there is a dose-response relationship with LBW)23 and/
or illicit drug use24 during pregnancy are modifiable risk 
factors of LBW. Indirect (negative maternal behaviours, 
inadequate nutrition or prenatal care and increased 
stress) or direct (physical assault, sexual trauma) expe-
rience of intimate partner abuse during pregnancy can 
lead to adverse infant outcomes including LBW.25 26

It is important to gain an understanding of these 
risk factors, particularly modifiable risk factors, so that 
resources and interventions can be scheduled effec-
tively. Moreover, the wide range of risk factors cannot 
be addressed in isolation. Most of the risk factors that 
are strongly independently associated with LBW are 
correlated. This study aimed to understand the contribu-
tions of risk factors to the burden of LBW for the popu-
lation of Wales, using traditional statistical methods and 
supervised machine learning models.

METHOD
Participants and linkage
The linked data cohort (N=693 377) comprised of chil-
dren born in Wales between 1 January 1998 and 31 
December 2018. The study population was identified 
in the National Community Child Health Database 
(NCCHD), which is a local Child Health System database 
held by the National Health Service. The participants 
were linked to the Wales-wide administrative register, the 
Wales Demographic Service (WDS) dataset. Linkage was 
undertaken using an anonymised encrypted linkage key, 
the anonymised linking field, in the Secure Anonymised 
Information Linkage (SAIL) Databank.27 WDS provided 
the anonymised residential linking fields, which is an 
encrypted residential address and its corresponding lower 
super output area (LSOA, small geographical areas with 
a population of approximately 1500) when the child was 
born. LSOA was linked with the Welsh Index of Multiple 

Deprivation (WIMD) 2014, which is a measure of relative 
deprivation. The participants flow diagram is displayed in 
figure 1.

Explanatory variables
A literature review was conducted at the beginning of the 
study to identify the explanatory variables associated with 
LBW. A study by Johnson et al was identified3 and this 
provided the framework on which the current study was 
developed. The literature review selected:
1.	 Any published systematic reviews since 2013 which fo-

cused on risk factors identified in Johnson et al.
2.	 Any published systematic reviews since 2010 for all ad-

ditional risk factors not identified in Johnson et al.
This study therefore considered a wide range of 

explanatory and confounding variables that have a plau-
sible causal link to LBW and are potentially modifiable 
at a population level. The literature review to select the 
explanatory variables has been described in a online 
supplemental document Supplementary document. 
In the current study, modifiable risk factors identified 
from the literature have been derived from routinely 
collected electronic datasets to build a Welsh e-cohort of 
the children. The maternal variables related to a child-
birth (maternal age, gestational age, child’s birth weight, 
gender and birth order of the child) were obtained from 
NCCHD and maternal indicator database (MID). The 
variables for maternal physical (such as diabetes, anaemia, 
intake of vitamin D and folic acid supplement through 
prescription) and mental (depression, antidepressant 
medication, anxiety, serious mental illness such as bipolar 
disorder, schizophrenia) health during pregnancy were 
obtained from primary care Welsh Longitudinal General 
Practice (WLGP) and hospital admissions dataset known 
as the Patient Episode Database in Wales (PEDW). The 
record of physical assault linked with mothers during 
pregnancy was obtained from PEDW. The substance 
misuse database provided the information on individ-
uals receiving treatment for alcohol and other substance 
misuse in Wales. Mothers’ who were presenting in this 
database during pregnancy were considered in the study. 
Area type (urban/rural) and local authority (LA) under 
which they lived during the pregnancy and their overall 
and physical environment quantified in the WIMD were 

Figure 1  Participants flow diagram.
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included in this study. A cleaned and harmonised variable 
of maternal smoking during pregnancy was created based 
on the data obtained from NCCHD, MID and WLGP 
datasets. The other derived maternal variables include 
multiple birth flag (to distinguish between singleton and 
non-singleton), pregnancy interval and maternal weight. 
The description of the explanatory variables and their 
sources have been described in online supplemental 
table 1.

A subset of the study population (participants from 
Rhondda, Cynon, Taf, born between June 2016 and 2018) 
was linked with the Public Protection Notification (PPN) 
dataset to investigate the impact of the PPN during preg-
nancy along with other existing risk factors on the risk of 
LBW.28 PPN is an information sharing system, completed 
by police officers that compiles incidents of domestic 
abuse, stalking or harassment. The current study received 
PPN data from South Wales Police for residents of South 
Wales LA Rhondda, Cynon, Taf.

Outcome variable
A binary variable was created using the birth weight vari-
able obtained from NCCHD.

	► LBW=birth weight <2500.
	► Not LBW=birth weight ≥2500.

Statistical analysis
It is known that gestational age is highly correlated with 
LBW. However, as the gestational age is only obtained 
at the point of birth, making it a non-modifiable risk 
factor, this study has not considered it as a predictor vari-
able. The models were stratified by the multiple birth as 
this is one of the main predictors of LBW. The missing 
records in the birthweight variable were removed from 
the analysis. Since there was around 15% missing data in 
the maternal weight variable, the variable was imputed 
by the simple random imputation method.29 The missing 
data in the other explanatory variables (less than 10%) 
were recorded as ‘Unknown’. The birth record for still-
birth and pregnancy interval of less than 22 weeks (as 
that is the minimum duration for a considerable gesta-
tion period) were also not considered for the statistical 
analysis. Data preparation including data linkage and 
data cleaning for this analysis was done on SAIL DB2 
SQL platform. All statistical analyses were performed in 
R V.4.0.3.

The statistical analysis of the current study was carried 
out using two statistical approaches: (a) building a holistic 
regression model to investigate the association between 
the risk factors and LBW and (b) building a predictive 
model using a supervised classification method. Both 
methods were capable of handling binary outcome vari-
ables. The models that were developed by the above-
mentioned methods were built independently, however 
they both were informed by the same dataset. This 
enabled us to evaluate and validate the findings of the 
models and helped to gain insight on the generalisability 
of the findings.

Logistic regression
A multivariable logistic regression (MLR) model was 
developed to identify the most important risk factors asso-
ciated with LBW. The MLR model was built on the overall 
study population (whole Wales dataset) to examine the 
associations between all the explanatory and outcome 
variables. The holistic model considering all the risk 
factors identified from literature review and selected or 
derived from routine data includes maternal physical 
and mental health during pregnancy, maternal smoking, 
alcohol and other substance misuse record, maternal 
age, maternal weight, pregnancy interval, living area, 
LA and deprivation—WIMD score. The MLR model also 
included the birth order of the child and the multiple 
birth flag. The birth order highlights the sequential birth 
position of the child for a mother, and it does not vary 
among the children who were non-singleton in the same 
family (please see online supplemental table 1), hence, 
they were considered as independent variables in the 
model and their association with the outcome variable 
was investigated in the MLR model. The importance and 
significance of the risk factors have been evaluated and 
presented with their adjusted OR (aOR) and 95% CI.

Decision tree
A supervised machine learning classifier—decision tree 
(DT) model was developed to build a risk profile for 
LBW and test its predictive performance. Classification 
tree—DT models were constructed using RPART (Recur-
sive Partitioning And Regression Trees) packages in 
R.30 31 The algorithm recursively partitions the data into 
multiple subspaces to obtain the homogeneous final 
subspace of predictor variables. For DT, the whole Wales 
data except for Rhondda, Cynon, Taf, was used to train 
the model and prediction performance was evaluated on 
a test dataset which consisted of a sample of participants 
from the LA of Rhondda, Cynon, Taf. This LA was chosen 
because it had one of the highest rates of LBW in Wales 
and is an area which would benefit most from an accurate 
prediction model.

A separate data linkage was undertaken with a subset 
of the study population which was linked to the mother’s 
domestic abuse record from PPN dataset (the latter was 
only available for Rhonda, Cynon, Taf). Another adjusted 
MLR model was developed on this linked data to investi-
gate the risk association for LBW.

Patient and public involvement
No patient involved.

RESULTS
The study population consisted of 693 377 children 
of which 54 214 were from Rhondda, Cynon, Taf, 
and 639 163 were from other LAs. The children from 
Rhondda, Cynon, Taf, which was later used as a test set 
for DT were well representative of the Welsh population 
(see online supplemental table 2). In the overall study 
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population, 51.26% were boys, 96.92% were singleton 
and 90.38% children were born full-term (gestational age 
between 37 and 42 weeks). 49.85% of the children were 
born as the first child in the family. Mothers of 0.48% chil-
dren were admitted to hospital for diabetes and 0.09% 
had a general practitioner (GP) visit for diabetes, 1.27% 
had depression, 1.52% with anxiety and 0.02% were on 
antidepressant medication during pregnancy. There were 
1.26% and 21.51% children whose mothers had alcohol-
related substance misuse and smoking records during 
pregnancy, respectively. The average maternal age at birth 
of child and maternal weight was 28 years and 70.82 kg 
(after imputation), respectively, and 63.68% of them were 
living in densely populated urban areas. Overall, 7.1% 
(8.26% in test set and 7% in other LAs) of children were 
born as LBW.

Factors associated with LBW: MLR results
Non-singleton children were at almost 22 times higher 
risk of LBW than singleton children (aOR—21.74 (95% 
CI 21.09 to 22.40)). Mothers with diabetes-related GP 
visits (2.03 (95% CI 1.81 to 2.28)) and hospital admission 
records of anaemia (1.26 (95% CI 1.16 to 1.36)) during 
pregnancy were at very high risk of having LBW children. 
Poor mental health during pregnancy such as severe 
depression (1.58 (95% CI 1.43 to 1.75)), serious mental 
illness (1.46 (95% CI 1.04 to 2.05)), severe anxiety (1.22 
(95% CI 1.08 to 1.38)) and antidepressant medications 
(1.92 (95% CI 1.20 to 3.07)) were risk factors for LBW. 
The other highly significant modifiable risk factors linked 
with pregnant mothers include maternal smoking (1.80 
(95% CI 1.76 to 1.84)), alcohol-related hospital admis-
sions (1.60 (95% CI 1.30 to 1.97)) and any substance 
misuse (alcohol/other drugs) (1.35 (95% CI 1.29 to 
1.41)) during pregnancy. Higher maternal age was also 
associated with the risk of LBW. Though maternal age 
less than 19 was significantly associated with the risk of 
LBW in the univariable model, after adjusting all the 
other explanatory variables, this did not remain as a risk 
factor of LBW. The first child born was at higher risk of 
LBW than subsequent births, The odds of LBW for the 
second child was 0.59 (95% CI 0.57 to 0.60) compared 
with the first child. Mothers living in the least deprived 
and rural areas during pregnancy were at lower risk of 
having LBW children than others living in more deprived 
and urban areas. The statistically significant risk factors 
with their aOR and CI have been visualised and described 
in figure 2 and online supplemental table 3.

Finding from the linked PPN data model
A data set of 5854 mothers were obtained from the PPN 
data linkage. Those who had a PPN call during preg-
nancy, 18% of them had an LBW child and those who 
did not have a PPN call, 8.7% of them had an LBW child 
(see table 1). Mothers with a PPN call during pregnancy 
had almost two times higher risk of having LBW babies 
(1.98 (95% CI 1.39 to 2.81)) than mothers without PPN 

call after adjusting for confounding factors (see online 
supplemental figure 1).

Predictive DT model
Since LBW were disproportionately more prevalent in 
non-singleton children (5.61% singleton vs 53.91% of the 
non-singleton children were LBW) (online supplemental 
table 4), two separate predictive models using DTs were 
developed.

Singleton children
There were 619 458 observations in the training model. 
The most important risk factors selected by the DT algo-
rithm to develop the final tree were maternal smoking, 
maternal weight, pregnancy interval, birth order, maternal 
substance misuse record (any), maternal age, deprivation—
WIMD score, maternal substance misuse record (other 
drug) and maternal substance misuse record (alcohol). 
Online supplemental figure 2 depicts the final tree with 
the branches including the final 33 terminal nodes. For 
example, the model would predict an LBW baby if (a) 
maternal smoking is positive (eg, mum smokes during 
pregnancy) and (b) maternal weight less than 60 kg. The 
number of women in this category who had an LBW child 
is 73% (see terminal node 4 in online supplemental figure 
2) and risk profile was found in 7% of the training model 
population (eg, 7% of pregnant women were smokers who 
weighed less than 60 kg during pregnancy).

The test data was built on the 52 583 singleton children, 
which is 7.82% of the total singleton children in this study. 
The model performance is explained in a confusion 
matrix with 60.54% accuracy, 60.41% sensitivity, 60.55% 
specificity, 9.68% positive predictive values and 95.63% 
negative predictive value (see tables 2,3).

Non-singleton children
There were 19 705 children in the non-singleton training 
subset. The variables selected to generate the tree by the 
DT algorithm in the importance order were pregnancy 
interval, birth order, maternal weight, maternal age, gender, 
deprivation—WIMD score, maternal smoking, living area, 
deprivation—WIMD (environment) score and maternal 
substance misuse record (any). Online supplemental figure 
3 depicts the final tree with the branches including the final 
29 terminal nodes. For example, the model would predict 
an LBW baby if (a) this is the first child or pregnancy 
interval is either above 10 years or less than 1 year and (b) 
maternal weight less than 60 kg (terminal node 4).

The test set was built on the 1631 non-singleton chil-
dren, which is 7.64% of the total non-singleton children 
in this study. The model performance was measured as 
58.74% accuracy, 68.71% sensitivity, 41.09% specificity, 
67.36% positive predictive values and 42.61% negative 
predictive value (see tables 2,3).

DISCUSSION
Among the overall study population in Wales 7.1% was 
LBW between 1998 and 2018. Global trend of LBW is 
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around 7.0% in both 2000 and 2015 for the developed 
regions (Europe, North America, Australia), which is 
consistent with our finding.2 Findings from the Office 

for National Statistics state a combined English and 
Welsh rate of LBW of 7.0% in 2016, unchanged from 
2011.32 Our findings show that LBW is strongly associ-
ated with non-singleton pregnancy, and maternal health 
which includes a short pregnancy interval, non-optimal 
maternal body weight (eg, low, or high weight), maternal 
smoking, diabetes, anaemia, mental illness and living in 
a deprived urban area and exposed to domestic abuse 
during pregnancy.

Figure 2  Significant factors associated with the risk low birth weight among the overall study population. GP, general 
practitioner; LA, local authority; PEDW, Patient Episode Database in Wales; WIMD, Welsh Index of Multiple Deprivation.

Table 1  Distribution of LBW and nLBW children for the 
subset who were linked with mother’s PPN record during 
pregnancy

PPN record during pregnancy n=5854

No
  

 � nLBW 5074 91.3%

 � LBW 485 8.7%

Yes
  

 � nLBW 241 82%

 � LBW 53 18%

LBW, low birth weight; nLBW, not LBW; PPN, public protection 
notification.

Table 2  Confusion matrix/two by two table of the decision 
tree (singleton and non-singleton) models

Prediction

Reference
(singleton)
n=52 583

Reference
(non-singleton)
n=1631

LBW nLBW LBW nLBW

LBW 2077 (TP) 19 389 (FP) 716 (TP) 347 (FP)
nLBW 1361 (FN) 29 756 (TN) 326 (FN) 242 (TN)

FN, False Negative; FP, False Positive; LBW, low birth weight; 
nLBW, not LBW; TN, True Negative; TP, True Positive .
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The findings of short and long pregnancy intervals 
being associated with increased odds of LBW has been 
reported previously.13 However, Regan et al highlighted 
that several studies examining long interpregnancy inter-
vals are prone to measurement error because miscar-
riages and abortions within this time period are difficult 
to capture. Hence the authors suggest that caution should 
be exercised when interpreting these findings.33 
Regarding the association of short-pregnancy inter-
vals with increased odds of LBW, studies using matched 
controlled designs have argued that this association may 
be weaker than previously thought,33 34 especially when 
adjusting for factors such as gestational diabetes, pre-
pregnancy obesity, parity and other familial factors.35 The 
current study has included diabetes and maternal weight 
along with pregnancy interval in the analysis. In terms 
of putting this evidence in context, when considering 
advice over pregnancy intervals, it will be important to 
consider all the available evidence including the impact 
of pregnancy interval on preterm birth and maternal 
outcomes.36 Among the modifiable risk factors for LBW 
identified in this study, smoking during pregnancy is 
significantly and consistently important. A number of 
reviews have been carried out in the field of interventions 
to reduce smoking in pregnancy and this suggest that 
psychosocial interventions (counselling, feedback and 
incentives) appear to be effective at supporting women 
to stop smoking in pregnancy which, in turn, can reduce 
the proportion of babies born with LBW.37 However, they 
argue that the context of the intervention needs to be 
given consideration and that while evidence exists for 
potentially effective interventions which could be piloted 
through delivery of programmes locally, efforts should 
also be directed at population wide strategies to reduce 
smoking uptake in young women. This may be especially 
important given the clear difficulties experienced by 
pregnant women to give up smoking.37 With regards to 
our finding of maternal mental health affecting the risk 
of LBW, both severe depression and anxiety were associ-
ated with an increased odds of LBW in our study.38

The study undertook two statistical methods; (a) 
regression and (b) supervised classification model with 
the aim that the regression model would identify the risk 
factors with highest association/OR but not frequently 
observed factors at the population level for, for example, 
only 0.09% mothers had diabetes-related GP visit during 
pregnancy, and they had two times higher risk of having 
a LBW child (2.03 (95% CI 1.81 to 2.28)). However, the 

DT models consider the number of people affected by 
the risk factor rather than just strength of association, 
hence capable of identifying the factors at a population 
level (such as smoking, deprivation score) that can result 
in higher risk of LBW.

There are similarities between the findings of our DT 
models and existing literature using machine learning 
to predict LBW, for example, urban living, higher depri-
vation and poorer families are at higher risk of LBW.39 
The incidence of LBW in this current work is lower than 
another research using machine learning to predict LBW, 
for example, Loreto et al has an incidence of 13.45% 
in work that builds over 60 different machine learning 
models,40 Ahmadi et al assess logistic regression and 
random forests in a cohort with LBW rate of 9.5%.41 The 
smaller number of active cases in the dataset the more 
difficult it is to build a prediction model for, particularly 
without a set of highly associated input variables. In this 
study, the singleton DT model correctly predicted 60.41% 
of all the true positive cases. However, the low posi-
tive predictive value of 9.68% indicates that the model 
assigned a false positive ‘LBW’ classification for 89.32% 
cases. This model only includes singleton children and 
since non-singleton pregnancies are highly associated 
with LBW, removing this variable from the model has 
lessened its predictive capability. This is evidenced by the 
significantly improved positive predictive value (67.36%) 
for the non-singleton model (table 3). Previous machine 
learning models appear to show better prediction as they 
included non-singleton, gestational age (which is in terms 
of temporal association highly associated with LBW but 
occurs at the same time as the LBW can be measured) and 
pre-eclampsia in the third trimester. Also, the differences 
in the proportion of LBW cases, the variables used and 
the cohort sizes in various other studies alter the ability of 
the model, hence direct comparison of machine learning 
models across studies can become difficult.

The strength of this study lies in using a wide spec-
trum of routinely collected nationally representative 
administrative data sets of all births in Wales across a 
large time. This is a very first of its kind study in Wales 
and adds novelty in the research field of LBW. However, 
this work can only identify the more severe cases which 
are recorded in the healthcare system, and undiagnosed 
cases that did not result in the system will be missed which 
is a limitation of this work. Since the study was developed 
on the linked routine data, the limitation of the routine 
data was encountered in this study, for example, though 

Table 3  Prediction model performance (n=52 583 singleton, n=1631 non-singleton from test set)

 
Accuracy Sensitivity Specificity Positive predictive value Negative predictive value

DT singleton model 60.54% 60.41% 60.55% 09.68% 95.63%
DT non-singleton model 58.74% 68.71% 41.09% 67.36% 42.61%

DT, decision tree.
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the maternal weight variable came from two different 
sources, data was missing for many participants which was 
addressed by imputation methods. Also, this study was 
unable to capture lifestyle factors (diet, physical activity, 
stress, emotional state) which can be important in deter-
mining LBW.42 43

The two different models (MLR and DT) used in this 
study have very similar findings suggesting that factors 
which are common and so are predictive (using DT 
methods) such as maternal smoking status and maternal 
weight could be targeted to address population-level risk 
of LBW. Factors which have a strong association with 
LBW (using regression analysis), such as a mother with 
diabetes or mother on antidepressants as having plausible 
causal link to LBW, can be addressed to reduce individual 
risk for that mother/child.

CONCLUSION
This study suggests that the most important factors to 
reduce the risk of LBW are to address multiple birth 
(eg, in assisted reproduction practices), addressing 
factors associated with preterm births (previous history 
of preterm birth), addressing maternal health such as 
reducing smoking, investment in maternal mental health, 
addressing substance use (alcohol/drugs), treating 
underlying health conditions (diabetes/anaemia) and 
promoting planning of pregnancy to give an adequate 
pregnancy interval and healthy weight of mother espe-
cially for those in deprived urban areas.
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My input 
As the lead researcher for the ‘Vulnerability Profiling’ project and WECC Phase 4, I 
developed the research plan, including conducting the literature review and finalising the 
covariates and their sources from routine administrative data. After preparing the core 
dataset, I meticulously cleaned the linked routine data to ensure it was ready for analysis. 
I constructed the MLR and DT models using the R software package and SQL on the IBM 
DB2 platform within the SAIL Databank environment. The findings were presented in a 
journal paper I authored. 

Impact 
• This article has been published in The BMJ Open (impact factor 2.4, cite score 4.4, 

acceptance rate 36%). 
• The paper has been cited in seven other published works as mentioned by google 

scholar. 
• The findings have been utilised as the outcome of the pilot program ‘Vulnerability 

Profiling’ conducted by Public Health Wales’, serving as the foundation for their 
future research and initiatives 

• The findings of the paper have been disseminated as a Data Insight report across 
the UK. 

• The paper received extensive international media coverage, including  
1. Media Xpress (https://medicalxpress.com/news/2023-02-factors-birth-

weight.html), USA  
2. Newswise (https://www.newswise.com/articles/new-study-identifies-risk 

factors-associated-with-low-birthweights), USA  
3. ScienceDaily 

(https://www.sciencedaily.com/releases/2023/02/230215143326.htm ), 
USA  

4. News-Medical.net (https://www.news-
medical.net/news/20230215/Researchers-gain-deeper-understanding-
of-risk factors-associated-with-low-birthweights.aspx), Australia.  

5. Archynewsy (https://www.archynewsy.com/low-birth-weight-these-are-
the-causes/ ), USA  

6. Italia Salute.it (https://www.italiasalute.it/6886/I-fattori-di-rischio-per-
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factors-that-can-reduce-the-risk-of-low-birth-weight/#google_vignette ), 
USA 

• I was interviewed by That’s TV and the segment aired on February 17th 2023 on 
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Conclusion 
The findings from this chapter highlight the profound impact of maternal health and 
socio-economic factors on birth outcomes. LBW is not only a health concern at birth but 
has long-term consequences for childhood development and educational attainment. 
Understanding the broader implications of LBW is crucial for informing policies aimed at 
reducing health disparities and improving child outcomes. By utilising routine 
administrative data, this study provides robust evidence to support targeted 
interventions that enhance maternal health services and prenatal care programs. I have 
established the relevance of my work and its contribution to population health and social 
care research. The impact of early-life health factors extends beyond infancy and 
childhood into academic performance and long-term educational success. The next 
chapter delves into school readiness, examining how birth-related vulnerabilities, socio-
economic conditions and health factors contribute to disparities in educational 
attainment.   
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Chapter 3: Factors associated with low school 
readiness, a linked health and education data study in 
Wales, UK 

Critical summary 

Background 

As children grow older, they prepare to enter school, where school readiness 
encompasses cognitive, social and emotional preparedness. Research has established 
the detrimental effects of low school readiness, which can significantly increase a child's 
vulnerability and impact future outcomes (5,57). Identifying the risk factors associated 
with low school readiness is therefore a priority for public health systems and early-life 
policy approaches in the UK, as it helps reduce the burden on public health. The paper, 
‘Factors associated with low school readiness, a linked health and education data study 
in Wales, UK’ published in PLOS One, aims to develop a comprehensive understanding 
of the risk factors contributing to low school readiness by utilising linked administrative 
data. 

Utilisation of administrative data 

The existing literature on identifying risk factors associated with low school readiness has 
primarily concentrated on survey-based data collection methods (58–60). However, 
acquiring survey data is often costly and resource-intensive, requiring significant 
financial and logistical investments (61). Additionally, such methods face challenges 
including sampling bias (which may fail to represent the general population) (62), recall 
bias (due to inaccurate self-reported information) (63), limited depth of data and 
temporal constraints (64).  

In response to these challenges, this study adopts a novel approach to measuring school 
readiness using routine data. This study, the first of its kind, has built a linked routine data 
framework for a nationally representative population sample. By utilising data collected 
through standard educational assessments and administrative records, this method not 
only reduces costs associated with conducting a survey-based research work but also 
minimises the risk of selection and recall biases. Furthermore, it enhances the feasibility 
of large-scale research and provides a more accessible means of identifying risk factors 
to improve school readiness outcomes.  

• Outcome variable: In this study, school readiness was assessed using the Pre16 
Education Attainment dataset, which comprises routine administrative data. A 
binary Foundation Phase Indicator was created to measure school readiness for 
children aged 6 or 7. This indicator reflects whether a child has achieved at least 
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the expected level 5 or higher in early learning goals across three areas: i) personal 
and social development, wellbeing and cultural diversity; ii) language, literacy and 
communication skills in English/Welsh; and iii) mathematical development.  

• Risk factors: All risk factors identified through the literature review were derived 
from routinely collected administrative data. These include socio-economic 
deprivation (from WDS), the child’s birth information (from NCCHD), both child 
and maternal physical and mental health data (from EDDS, PEDW and WLGP). 
Additionally, maternal lifestyle factors were sourced from PEDW, WLGP and SMD.  

The use of anonymised data linkage through the ALF facilitated the integration of these 
datasets, effectively connecting each child with their maternal and family records. This 
comprehensive approach enabled the longitudinal tracking of the study population from 
birth through their foundation phase, enhancing both the robustness and relevance of 
the findings. By leveraging extensive, linked administrative data, this study addresses 
critical gaps in understanding school readiness. The findings provide valuable insights 
into the predictors of low school readiness, offering evidence that can inform future 
policy and practice to better support children and families. 

Application of data science methods 

The introduction of this thesis outlines a methodological framework that integrates data 
science with traditional statistical models and data-driven machine learning 
approaches. The primary objective of this research is to identify the most significant risk 
factors associated with low school readiness. While existing studies have developed 
models to investigate the predictors of low school readiness, they have often been 
constrained by the absence of granular level maternal and child health records (65,66). 
The lack of these critical data points can compromise the accuracy and reliability of the 
findings, limiting the ability to draw meaningful conclusions about the factors influencing 
school readiness. To address this limitation, the present study employs multivariable LR 
models and DT models using a robust routine dataset with more granular level exposure 
data. This approach aims to provide a more nuanced understanding of the predictors of 
low school readiness. The use of MLR enables the simultaneous examination of multiple 
risk factors, providing insights into their relative contributions to school readiness 
outcomes. Meanwhile, DT models provide a visual representation of the decision-making 
process, highlighting the most significant predictors and their interactions. By combining 
these approaches, this research enhances the validity of its findings and facilitates the 
identification of targeted interventions to effectively address the identified risk factors. 

Early-life vulnerability profiling 

This research paper aims to make significant contributions to the field of early-life 
vulnerability profiling by developing a linked data approach that integrates numerous 
administrative datasets. This methodology enables a more comprehensive 
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understanding of the factors contributing to low school readiness, which is essential for 
developing effective interventions.  

This study provides a holistic understanding of the vulnerability profile of the children 
who are at high risk of low school readiness. A key contribution of the study is the 
identification of modifiable risk factors associated with low school readiness. The 
findings emphasise the critical roles of demographic factors, socio-economic status, 
maternal health and early-life experiences in determining a child's readiness for school. 
It suggests that deprivation is one of the main risk factors for low school readiness even 
after adjusting for maternal and child’s health. Results showed that boys and those with 
poor school attendance, are at greater risk of low school readiness. Additionally, the 
study highlights the importance of supporting families dealing with learning difficulties 
and illnesses, such as epilepsy, to further help with a child's school readiness. Overall, 
these efforts could strengthen lifelong learning foundations and reduce educational 
inequalities. 

This work provides a novel holistic perspective on school readiness and the results align 
with existing literature. For instance, in the thesis published in 2024, Amanda Sanz 
demonstrated that the socio-economic background of children significantly influences 
their academic and cognitive development (67). Similarly, quantitative and qualitative 
research works conducted by Belkacem et al. (2024), Mensah et al. (2010) and Puha et 
al. (2016) highlight the substantial impact of maternal physical and mental health during 
and after pregnancy on a child’s cognitive developmental outcomes (68–70). Mensah et 
al. used MCSD data to establish maternal physical health as a positive predictor of child’s 
learning development, even after adjusting for maternal psychological distress (69). A 
systematic review conducted by Phua et al. suggested that positive maternal mental 
health contributes to children’s overall development (70). While existing literature often 
investigates risk factors in isolation, for example, considering maternal health as a 
predictor of child development, maternal lifestyle factors (substance use and alcohol 
consumption), or area-level deprivation, a systematic and holistic understanding of the 
combination of these risk factors were mostly unavailable in previous studies. This work 
addresses these gaps and adds to the novel contribution of the research. The present 
study employs a robust statistical framework, utilising MLR to investigate the 
associations between risk factors and school readiness outcomes. This approach 
enables the simultaneous examination of multiple risk factors, providing insights into 
their relative contributions. Additionally, DT models further enhance the analysis by 
visually representing the hierarchical risk factor clusters and identifying the most 
common and significant predictors. The findings have profound implications for 
policymakers and practitioners in early-life education and public health. The study 
underscores the necessity of targeted interventions that address the identified risk 
factors, particularly among vulnerable populations.   
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Abstract

Background

School readiness is a measure of a child’s cognitive, social, and emotional readiness to

begin formal schooling. Children with low school readiness need additional support from

schools for learning, developing required social and academic skills, and catching-up with

their school-ready peers. This study aims to identify the most significant risk factors associ-

ated with low school readiness using linked routine data for children in Wales.

Method

This was a longitudinal cohort study using linked data. The cohort comprises of children who

completed the Foundation Phase assessment between 2012 and 2018. Individuals were

identified by linking Welsh Demographic Service and Pre16 Education Attainment datasets.

School readiness was assessed via the binary outcome of the Foundation Phase assess-

ment (achieved/not achieved). This study used multivariable logistic regression model and a

decision tree to identify and weight the most important risk factors associated with low

school readiness.

Results

In order of importance, logistic regression identified maternal learning difficulties (adjusted

odds ratio 5.35(95% confidence interval 3.97–7.22)), childhood epilepsy (2.95(2.39–3.66)),

very low birth weight (2.24(1.86–2.70), being a boy (2.11(2.04–2.19)), being on free school

meals (1.85(1.78–1.93)), living in the most deprived areas (1.67(1.57–1.77)), maternal

death (1.47(1.09–1.98)), and maternal diabetes (1.46(1.23–1.78)) as factors associated

with low school readiness. Using a decision tree, eligibility for free school meals, being a

boy, absence/low attendance at school, being born late in the academic year, being a low

birthweight child, and not being breastfed were factors which were associated with low

school readiness.
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Conclusion

This work suggests that public health interventions focusing on children who are: boys, living

in deprived areas, have poor early years attendance, have parents with learning difficulties,

have parents with an illness or have illnesses themselves, would make the most difference

to school readiness in the population.

Introduction

Background

Early childhood education shapes the direction of a child’s development, enhances their ability

to learn in the school environment and strengthens their foundation for lifelong learning [1,2].

School readiness encompasses cognitive, social, and emotional aspects and indicates if a child

can achieve at an appropriate level in formal school. School readiness is also a determinant of

health and wellbeing over the life course [3,4]. It is strongly linked to the pre-school environ-

ment, and it indicates the acquisition of the necessary social skills, emotional skills, knowledge,

and attitude to effectively engage and learn in school. School readiness is defined by a child’s

physical well-being and motor development (e.g., co-ordination, fine motor-skills), social and

emotional development (co-operation, empathy, and the ability to express their emotion),

approaches towards learning (enthusiasm, curiosity, temperament), language and communi-

cation (listening and speaking), basic knowledge (essential vocabulary and numbers) and cog-

nitive skills (problem solving) [4].

A review of published literature on the risk factors associated with school readiness indicates

that area-level characteristics, parental demography, and parental and child health conditions

play a significant role in school readiness. Factors associated with higher school readiness

include higher levels of child care provision in the area where the child is brought up [5,6], liv-

ing in private housing [7], the mother’s age (between late twenties or thirties) [7,8], breastfeed-

ing (higher rates and longer duration) [7,9], dual parent households, a nurturing parenting style

[7,10] and parents with good physical [10,11] and mental health [7,9,10]. Similarly, good physi-

cal health of the child (being born at term and a healthy birth weight) [12,13] is also associated

with higher school readiness. Conversely, low access to childcare, higher levels of unemploy-

ment (area and family level), living in social housing, exposure to poor environment such as

damp, maternal heavy drinking behaviours [14], mother who smoked during pregnancy [5,12],

teenage mothers or older mothers (35+ years) and parents with poor physical health (hyperten-

sion, diabetes), poor mental health, single parent or step-parent families, low expectations by

the parent for the child, preterm or low birth weight child, and poor health of the child are also

associated with low school readiness [6,7]. An Australian data linkage study conducted by Chit-

tleborough et al, identified a group of predictors (such as maternal age, smoking during preg-

nancy, parity, marital status, and both parents’ occupation and gender) which were capable to

identify the children at risk of developmental vulnerability at school entry [15].

Since being school ready is associated with many positive outcomes, improving school

readiness is a necessary strategy for economic development and social mobility [16]. If chil-

dren are not school ready, it can take many years for them to catch up with their peers, if ever,

[17,18] and therefore contribute to widening inequalities. School readiness has been identified

as a key public health concern in a recent review of UK public health systems and policy

approaches to early child development [19]. It is very challenging to identify the right individu-

als (children and families) who are at risk in order to provide the necessary support [20].
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Therefore, identifying the most significant risk factors is a priority in closing the gap in chil-

dren’s school readiness and improving outcomes for children. Studies have shown that routine

data obtained during a child’s birth can help to identify the children and the families at risk of

poor development [21,22]. A framework using routinely collected administrative data can

inform the appropriate supporting agencies to provide adequate help and support to the most

vulnerable of the society.

Objective

The aim of the study is to identify and weight the most significant risk factors of low school

readiness using linked routine data for children in Wales. This work also examined the risk

factors which were clustered together and build a vulnerability profile of the children who are

at risk of low school readiness. The factors which are associated with school readiness are

examined using; a) traditional statistical methods (multivariable logistic regression model, to

observe the highly associated risk factors) and b) data driven supervised machine learning clas-

sification algorithm (decision tree, to measure the commonly observed and prevalent risk fac-

tors at the population level). In a logistic regression model, the log-odds for low school

readiness as a linear combination of explanatory variables and confounders have been investi-

gated. On the other hand, the decision tree model, based on recursive partitioning, highlights

the statistically significant hierarchically clustered features for low school readiness and cap-

tures complex relationship between the risk factors and low school readiness. The hierar-

chically clustered features from the decision tree and the risk factors identified from the

logistic model are important to cross-validate the set of overlapping risk factors and serves to

strengthen the importance of the findings. These risk factors will inform the development of a

profiling model by identifying the socio-economic and physical and mental health barriers

that the child and/or their families face, which may impact the child’s ability to meet the devel-

opmental milestones necessary to progress effectively through the early years. The primary

focus of the model is to build a holistic understanding of the most significant risk factors of the

low school readiness which can inform the necessary support system required for the individu-

als and families at highest need and make more efficient use of the resources.

Methods

Sample selection and data linkage

In this cohort study, the study population was derived by linking the Welsh Demographic Ser-

vice (WDS) dataset (administrative dataset about individuals in Wales that use NHS services)

and the Pre16 Education Attainment dataset (individual-level administrative data relating to

the education system in Wales). The study population consists of children who completed

Foundation Phase (a statutory curriculum for children aged 3–7 years) [23] between 2012 and

2018. The data linkage was done using an encrypted key known as Anonymised Linking Fields

(ALF) in the Secure Anonymised Information Linkage (SAIL) Databank [24,25]. Residential

Anonymised Linking Fields (RALFs) are an encrypted residential address available in WDS

dataset, which is also linked with a smaller geographical unit known as lower super output

area (LSOA). Using ALFs, RALFs and LSOA the study population were anonymously linked

with the individuals living with the child in the same household during the child’s Foundation

Phase [26]. Children without valid and continuous RALFs and primary care records in Welsh

Longitudinal General Practice (WLGP) dataset in SAIL until their completion of Foundation

Phase were not included in the study to ensure the complete coverage of exposure and out-

come data during the study period. The study population was linked with the National Com-

munity Child Health Database (NCCHD) to obtain birth and maternal records during
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childbirth. Records with missing maternal identifiers and mothers with no primary care record

in WLGP dataset were not included in the study. The flow diagram of the selection of the

study population is presented in Fig 1.

Risk factors from routine data

The selection of risk factors associated with low school readiness has been informed by the lit-

erature review undertaken at the inception of the study. The risk factors had been selected

from the routinely collected electronic administrative and health datasets and this provided

the framework upon which the current study was developed. The literature review focused on

observational studies including case controls, cohort studies and studies using linked routine

data with the primary or secondary outcomes examining school readiness. Depending on the

strength of association (Odds Ratio) between the risk factors and low school readiness a list of

risk factors were prepared, and their analogous variables were created or selected from linked

routine data. The literature review to select the risk factors and how these were mapped with

routine data, have been described in a Supplementary document (Appendix 1 in S1 File and

Appendix 2 in S1 File). General demography and birth-related variables including gender,

Fig 1. Flow diagram of the study population.

https://doi.org/10.1371/journal.pone.0273596.g001
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gestational age, birth weight, breastfeeding, mode of delivery (caesarean section/assisted deliv-

ery/natural delivery) and maternal age at childbirth were obtained from NCCHD. The multiple

birth (singleton/non-singleton) flag was derived using week of birth of the child, encrypted

maternal identifier and the birth order of the children. To identify the children who lost their

mother before the Foundation Phase, a binary variable was derived. Maternal physical health

(diabetes, cancer, anaemia, hypertension, learning difficulty) and mental health (depression,

anxiety, serious mental illness, medication related to anxiety/depression) related primary and

secondary care records during and after pregnancy until Foundation Phase were obtained from

WLGP and hospital admission dataset—Patient Episode database in Wales (PEDW). The Sub-

stance Misuse Database (SMD) was used to populate information on the mothers’ alcohol or

other substance abuse related record during the study period. Any coded READ and ICD10

codes related to substance misuse on WLGP and PEDW dataset were also considered in this

study. Mothers’ alcohol related hospital admission records were obtained from PEDW. Mater-

nal smoking during and after pregnancy were obtained from WLGP, smoking related READ

code mentioned on the dataset during the study period were considered to build the variable.

The record of physical assault related hospital admissions of mothers during or post pregnancy

was obtained from PEDW. The hospital admission and GP records of the children for epilepsy,

asthma, diabetes, ear infections, and eye infections were considered as a measure of child health

conditions. Any emergency hospital admission and any accident and emergency (A&E) atten-

dance of the study population between birth and Foundation Phase were obtained from PEDW

and Emergency Department dataset (EDDS). READ code version 2 and ICD10 codes have

been used to identify the health records from WLGP and PEDW dataset (see Appendix 3 in

S1 File). Any coded diagnosis of the above-mentioned physical and mental health conditions

for mother and child during their GP visit (obtained from WLGP) or hospital admission

(obtained from PEDW) were considered in this study. The children’s age at the completion of

their Foundation Phase and the total number of days they were absent in the school in early

years (e.g., nursery) were obtained from Pre16 Education Attainment dataset. Household char-

acteristics such as living in a single adult household, total number of adults, and total number of

other children in the household were derived from the WDS dataset. In this study the eligibility

for free school meals (FSM) during Foundation Phase was used to measure the family-level dep-

rivation of the study population. The area-level deprivation was measured by the Welsh Index

of Multiple Deprivation (WIMD) 2014 which provides a measure of the relative deprivation in

Wales linked to LSOA [27]. The local authorities and the type of local area (urban/rural) where

the children were brought up during Foundation Phase were included in the study.

School readiness from routine data

The binary Foundation Phase Indicator variable was obtained from the Pre16 Education

Attainment dataset and was used as a measure of school readiness from the routine data in the

current study. The National Curriculum assess school readiness using the Foundation Phase

Indicator at the end of early year foundation stage where the child would be at the age of 6 or

7. The Foundation Phase Indicator represents whether the child has achieved at least the

expected level 5 or above in the early stage learning goals in the following areas;—i) personal

and social development, well-being and cultural diversity, ii) language, literacy, and communi-

cation skills–English/Welsh and iii) mathematical development [28]. In this study a binary var-

iable has been derived based on the Foundation Phase Indicator record as a measure of school

readiness from routine data.

• Low school readiness = Not achieved Foundation Phase
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• School readiness = Achieved Foundation Phase

Statistical analysis

A multivariable logistic regression model was first developed to identify and weight the most

important risk factors associated with school readiness. Next, we built a data driven machined

learning classifier model using decision tree to investigate the most commonly observed risk

factors at the population level. Since the children with learning difficulties or special educa-

tional needs tend to have a much higher risk of low school readiness, they were removed from

the models. Data preparation including data linkage was performed on DB2 SQL platform and

the statistical analysis was done in R version 4.0.3.

Logistic regression. To identify the most important risk factors associated with low

school readiness we used multivariable logistic regression. Variables included gender, gesta-

tional age, birthweight, breastfeeding, caesarean section, multiple birth, maternal age, maternal

death before Foundation Phase, maternal physical and mental health, child physical (epilepsy,

asthma, diabetes, ear, and eye) and mental health conditions (depression, anxiety), free school

meal uptake, local area status and number of adults and children living in the same household.

The significant risk factors of low school readiness are presented with their adjusted Odds

Ratio (aOR) and 95% confidence interval (CI).

Decision tree. A classification tree–decision tree algorithms were developed using

RPART (Recursive Partitioning And Regression Trees) packages in R [29,30]. The algorithm

repeatedly partitions the data into multiple sub-spaces to reach the homogeneous end sub-

space, hence it is called recursive partitioning. For decision trees, the data for one representa-

tive local authority was removed from the dataset and used as the testing dataset to validate the

model performance and examine generalisability within areas of Wales.

Results

Overall sample characteristics

The study population consisted of 142,955 children (training dataset: 128,222, testing dataset:

14,733) who completed Foundation Phase between 2012 and 2018 in Wales (see Table 1).

14.32% (Training dataset: 14.15%, Testing dataset: 15.75%) children did not achieve in Foun-

dation Phase. The study population consisted of 51.24% boys, 42.87% were not breastfed and

24.83% were born via caesarean section. 8.33% were born to mothers aged below 19, 0.14% of

mothers had learning difficulties and 0.23% lost their mother before their Foundation Phase

assessment. There were 0.1% mothers who had an alcohol related hospital admission, 0.36%

with substance abuse and 14.63% had a smoking record in WLGP during pregnancy. 0.64% of

children had an epilepsy related GP visit, 0.46% had a hospital admission record for epilepsy.

3.30% and 4.54% children were admitted to hospital for asthma and ear infection respectively

before they completed Foundation Phase. 56.37% of children had at least one emergency hos-

pital admission and 66.4% had A&E records anytime between birth and Foundation Phase.

0.90% of children (Training dataset: 0.88%, Testing dataset 1.07%) were diagnosed with a

learning difficulty. 22.05% of children were in single adult households, 19.57% were eligible

for FSM and 25.66% lived in most deprived area measured by WIMD. Overall characteristics

of the study population have been described in Table 1.

Logistic regression results. Significant risk factors associated with low school readiness

included: maternal learning difficulty (aOR (95% CI): 5.35 (3.97–7.22)), child epilepsy (2.95

(2.39–3.66)), having a very low birthweight (2.24 (1.86–2.70)), boys (2.11 (2.04–2.19)), being

eligible for FSM (1.85 (1.78–1.93)), being extremely preterm (1.41 (1.04–1.91)), living in the
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Table 1. Characteristics of the study population.

Variables Overall (n = 142,955) Training dataset

(n = 128,222)

Testing dataset (n = 14,733)

Gender

Girl 69,703 48.76% 62,420 48.68% 7,283 49.43%

Boy 73,252 51.24% 65,802 51.32% 7,450 50.57%

Gestational age

Extremely pre-term: <28 weeks 358 0.25% 319 0.25% 39 0.26%

Very pre-term: 28–31 1,173 0.82% 1,017 0.79% 156 1.06%

Pre-term: 32–36 8,434 5.90% 7,524 5.87% 910 6.18%

Term: 37–42 131,249 91.81% 117,708 91.80% 13,541 91.91%

Late term: 43–45 899 0.63% 849 0.66% 50 0.34%

Unknown/NULL 842 0.59% 805 0.63% 37 0.25%

Birth weight

Very low: <1500 g 1,454 1.02% 1,295 1.0% 159 1.08%

Low: 1500-<2500 8,185 5.73% 7,207 5.6% 978 6.64%

Normal: 2500-<4000g 115,844 81.04% 103,767 80.9% 12,077 81.97%

High: 4000-5000g 16,802 11.75% 15,320 11.9% 1,482 10.06%

Unknown 670 0.47% 633 0.5% 37 0.25%

Breastfeeding

No 61,287 42.87% 54,838 42.77% 6,449 43.77%

Yes 73,988 51.76% 66,037 51.50% 7,951 53.97%

Unknown 7,680 5.37% 7,347 5.73% 333 2.26%

C-section birth

35,489 24.83% 31,275 24.39% 4,214 28.60%

Multiple birth

Non-singleton 3,922 2.74% 3,546 2.77% 376 2.55%

Maternal age

Less than 19 11,910 8.33% 10,416 8.12% 1,494 10.14%

20–24 32,384 22.65% 28,598 22.30% 3,786 25.70%

25–29 39,356 27.53% 35,093 27.37% 4,263 28.94%

30–34 35,840 25.07% 32,534 25.37% 3,306 22.44%

35 and above 23,458 16.41% 21,574 16.83% 1,884 12.79%

Unknown 7 0.00% 7 0.01%

Death of mother before Foundation Phase

327 0.23% 286 0.22% 41 0.28%

Diabetes PEDW (mother)

1,462 1.02% 1,308 1.02% 154 1.05%

Diabetes GP (mother)

1,367 0.96% 1231 0.96% 136 0.92%

Cancer PEDW (mother)

1,192 0.83% 1,097 0.86% 95 0.64%

Cancer GP (mother)

1,037 0.73% 947 0.74% 90 0.61%

Anaemia PEDW (mother)

7,317 5.12% 6,799 5.30% 518 3.52%

Anaemia GP (mother)

15,680 10.97% 14,340 11.18% 1,340 9.10%

Hypertension GP (mother)

(Continued)
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Table 1. (Continued)

Variables Overall (n = 142,955) Training dataset

(n = 128,222)

Testing dataset (n = 14,733)

2,599 1.82% 2,330 1.82% 269 1.83%

Learning Difficulty GP (mother)

205 0.14% 182 0.14% 23 0.16%

Depression PEDW (mother)

5,179 3.62% 4,648 3.62% 531 3.60%

Depression GP (mother)

29,332 20.52% 26,060 20.32% 3,272 22.21%

Anxiety PEDW (mother)

2,913 2.04% 2,626 2.05% 287 1.95%

Anxiety GP (mother)

30,278 21.18% 26,916 20.99% 3,362 22.82%

Anti-Depression/anxiety medication (mother)

396 0.28% 359 0.28% 37 0.25%

Serious Mental Illness PEDW (mother)

710 0.50% 624 0.49% 86 0.58%

Serious Mental Illness GP (mother)

776 0.54% 676 0.53% 100 0.68%

Alcohol PEDW (mother)

During pregnancy 137 0.10% 129 0.10% 8 0.05%

After pregnancy 1,362 0.95% 1,232 0.96% 130 0.88%

Smoking GP (mother)

During pregnancy 20,913 14.63% 18,720 14.60% 2,193 14.88%

After pregnancy 37,142 25.98% 33,477 26.11% 3,665 24.88%

Substance misuse (any) SMD (mother)

During pregnancy 167 0.12% 149 0.12% 18 0.12%

After pregnancy 2,084 1.46% 1,823 1.42% 261 1.77%

Substance misuse (other drug) PEDW (mother)

During pregnancy 272 0.19% 249 0.19% 23 0.16%

After pregnancy 1,355 0.95% 1,233 0.96% 122 0.83%

Substance misuse (other drug) GP (mother)

During pregnancy 511 0.36% 459 0.36% 52 0.35%

After pregnancy 1,917 1.34% 1,705 1.33% 212 1.44%

Assault PEDW (mother)

572 0.40% 514 0.40% 58 0.39%

Diabetes PEDW (child)

212 0.15% 184 0.14% 28 0.19%

Diabetes GP (child)

199 0.14% 178 0.14% 21 0.14%

Epilepsy PEDW (child)

652 0.46% 554 0.43% 98 0.67%

Epilepsy GP (child)

916 0.64% 816 0.64% 100 0.68%

Asthma PEDW (child)

4,719 3.30% 4249 3.31% 470 3.19%

Asthma GP (child)

55,001 38.47% 49,468 38.58% 5,533 37.56%

(Continued)
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most deprived area (1.67 (1.57–1.77)), not being breastfed (1.25 (1.21–1.30)), maternal death

(1.47 (1.09–1.98)), maternal diabetes (1.46 (1.23–1.78)), smoking in pregnancy (1.36 (1.30–

1.43)), child hospital admissions/illness for asthma (1.12 (1.03–1.22)), ear (1.36 (1.26–1.45))

and eye problems (1.30 (1.18–1.42)), single adult household (1.08 (1.04–1.12)), living with

more than 3 children (1.63 (1.52–1.75)) in the household. The risk factors with their OR and

upper and lower CI are presented in Table 2.

Table 1. (Continued)

Variables Overall (n = 142,955) Training dataset

(n = 128,222)

Testing dataset (n = 14,733)

Ear PEDW (child)

6,493 4.54% 5870 4.58% 623 4.23%

Eye PEDW (child)

3,836 2.68% 3432 2.68% 404 2.74%

Any emergency hospital admission (child)

80,588 56.37% 71282 55.59% 9306 63.16%

Any A&E attendance (child)

94,924 66.40% 84818 66.15% 10106 68.59%

Learning Difficulty (child)

1,290 0.90% 1132 0.88% 158 1.07%

Low School readiness

Did not achieve Foundation Phase 20,468 14.32% 18,148 14.15% 2,320 15.75%

Free school meal

27,971 19.57% 24,587 19.18% 3,384 22.97%

WIMD 2014—overall

1 (most deprived) 36,682 25.66% 32,237 25.14% 4,445 30.17%

2 30,647 21.44% 25,862 20.17% 4,785 32.48%

3 26,486 18.53% 24,531 19.13% 1,955 13.27%

4 22,283 15.59% 21,020 16.39% 1,263 8.57%

5 (least deprived) 26,857 18.79% 24,572 19.16% 2,285 15.51%

Local area—urban/rural

Rural town 22,578 15.79% 18,592 14.50% 3,986 27.05%

Rural village 13,494 9.44% 13,418 10.46% 76 0.52%

Urban city and town 106,883 74.77% 96,212 75.04% 10,671 72.43%

No of adult in the household

1 31,524 22.05% 27809 21.69% 3,715 25.22%

2 83,698 58.55% 75271 58.70% 8,427 57.20%

3 17,360 12.14% 15656 12.21% 1,704 11.57%

4 or above 10,373 7.26% 9486 7.40% 887 6.02%

No of children in the household (excluding the cohort member)

0 23,706 16.58% 21,005 16.38% 2,701 18.33%

1 67,693 47.35% 60,491 47.18% 7,202 48.88%

2 33,989 23.78% 30,720 23.96% 3,269 22.19%

3 11,714 8.19% 10,614 8.28% 1,100 7.47%

4 or above 5,853 4.09% 5,392 4.21% 461 3.13%

Descriptive statistics of the study population stratified by their school readiness has been included as a supplementary file (please see Appendix 4 in S1 File).

https://doi.org/10.1371/journal.pone.0273596.t001
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Result from decision tree

The training model consisted of 127,090 individuals who lived in Wales (excluding testing

dataset). The most important variables in the model were: FSM, gender (boy), number of

school absences, child’s age while completing Foundation Phase, children with any emergency

hospital admission, children with any A&E attendance, children with asthma, low birth

weight, maternal substance misuse related GP record, maternal substance misuse related hos-

pital admission, not being breastfed, children with ear problems and number of children in the

household (higher number). The final decision tree model has been shown in Fig 2. Here are

some case studies of the branches described in the decision tree model.

1. IF children are eligible for FSM (higher family level deprivation) -> Gender- Boys -> Total

number of absent sessions more than 102 THEN the probability of Failed is 73% (terminal

node 31)

2. IF children are not eligible for FSM (lower family level deprivation) -> Gender- Boys ->

Younger in academic year ->Total number of absent sessions more than 82 THEN they are

more likely to be Failed (terminal node 95).

3. IF children are eligible for FSM (higher family level deprivation) -> Gender- Girls -> Total

number of absent sessions more than 84 THEN they are more likely to be Failed (terminal

node 55).

4. IF children are eligible for FSM (higher family level deprivation) -> Gender- Boys ->

Younger in academic year -> Low birth weight baby -> Not breastfed THEN they are

more likely to be Failed (terminal node 119).

5. IF children are not eligible for FSM (lower family level deprivation) -> Gender- Girls

THEN they are more likely to be Achieved (terminal node 4).

6. IF children are not eligible for FSM (lower family level deprivation) -> Gender- Girls ->

Total number of absent sessions more than 41 THEN they are more likely to be Achieved

(terminal node 10).

There were 14,575 children in the testing dataset. The model performance has been

explained with the help of a confusion matrix. The model achieves 85.21% accuracy, 4.94%

sensitivity, 99.37% specificity, 58.06% positive predictive values and 85.56% negative predictive

value and 15% prevalence (see Tables 3 and 4).

Discussion

This study investigated the risk factors associated with low school readiness and developed two

holistic models on a national level routine data framework. Here the multivariable regression

model helped to identify the risk factors with the highest association/Odds Ratio but might not

be common or frequently observed on a population level, the decision tree on the other hand

contributed to identify the most important and common/frequent risk factors. Infrequent but

highly associated events/factors which affect a child’s school readiness include if the mother

has a learning disability (0.14%), the child has epilepsy (0.64%) or is born extremely low birth

weight (1%). However, there were also factors which were both highly associated and common

such as being a boy (51%), where the odds of not being school ready is 2.11 than a girl (aOR

more than twice that of girls), family level deprivation (eligible for FSM) which includes 19.5%

of children, doubles the risk that they will not be school ready (aOR: 1.85). Low school atten-

dance in early years (e.g., nursery) is associated with being 2% less likely to be school ready for

every day missed in nursery.
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Table 2. Logistic regression model to identify the risk factors associated with low school readiness.

Variable name OR Lower CI Upper CI P value

Gender

Boy 2.11 2.04 2.19 0.00000

Gestational age (between 22 and 45)

Extremely pre-term: <28 weeks 1.41 1.04 1.91 0.02527

Very pre-term: 28–31 0.98 0.81 1.19 0.87621

Pre-term: 32–36 1.03 0.96 1.11 0.40224

Late term: 43–45 1.18 0.98 1.43 0.08157

Unknown/NULL 0.95 0.75 1.20 0.65316

Birth weight (BW) (max 5000)

Very low: <1500 g 2.24 1.86 2.70 0.00000

Low: 1500–<2500g 1.55 1.44 1.67 0.00000

High: 4000–5000g 0.85 0.80 0.90 0.00000

Unknown 1.01 0.77 1.33 0.93332

Breastfeeding

No 1.25 1.21 1.30 0.00000

Unknown 1.29 1.19 1.39 0.00000

C-section birth

1.00 0.96 1.04 0.97489

Multiple birth

Non-singleton 0.94 0.84 1.04 0.20643

Maternal age (between 10 and 65)

Less than 19 1.22 1.14 1.30 0.00000

20–24 1.14 1.09 1.20 0.00000

25–29 1.05 1.00 1.10 0.04689

35 and above 1.11 1.05 1.17 0.00035

Unknown 1.64 0.26 10.14 0.59509

Death of mother

1.47 1.09 1.98 0.01154

Diabetes PEDW (mother)

1.00 0.84 1.19 0.99550

Diabetes GP (mother)

1.46 1.23 1.74 0.00002

Cancer PEDW (mother)

0.99 0.74 1.33 0.95178

Cancer GP (mother)

0.81 0.59 1.12 0.20313

Anaemia PEDW (mother)

0.94 0.87 1.02 0.12312

Anaemia GP (mother)

1.00 0.95 1.05 0.87589

Hypertension GP (mother)

1.02 0.91 1.16 0.69703

Learning Difficulty GP (mother)

5.35 3.97 7.22 0.00000

Depression PEDW (mother)

1.06 0.98 1.15 0.13704

Depression GP (mother)

(Continued)
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Table 2. (Continued)

Variable name OR Lower CI Upper CI P value

1.13 1.09 1.18 0.00000

Anxiety PEDW (mother)

1.06 0.95 1.18 0.28780

Anxiety GP (mother)

0.98 0.94 1.02 0.30464

Anti Dep medication (mother)

0.89 0.67 1.18 0.41647

Serious Mental Illness PEDW (mother)

1.00 0.81 1.24 0.97260

Serious Mental Illness GP (mother)

1.00 0.82 1.23 0.97759

Alcohol PEDW (mother)

During pregnancy 1.44 0.97 2.13 0.07261

After pregnancy 0.98 0.84 1.13 0.74478

Smoking GP (mother)

During pregnancy 1.36 1.30 1.43 0.00000

After pregnancy 1.29 1.24 1.34 0.00000

Substance misuse (any) SMD (mother)

During pregnancy 1.00 0.67 1.49 0.99571

After pregnancy 1.17 1.03 1.32 0.01335

Substance misuse (other drug) PEDW (mother)

During pregnancy 1.35 1.00 1.81 0.04916

After pregnancy 1.05 0.90 1.22 0.52958

Substance misuse (other drug) GP (mother)

During pregnancy 1.31 1.04 1.64 0.02336

After pregnancy 1.05 0.93 1.20 0.42067

Assault PEDW (mother)

1.07 0.87 1.32 0.53618

Diabetes PEDW (child)

1.43 0.54 3.79 0.46615

Diabetes GP (child)

0.58 0.21 1.60 0.29455

Epilepsy PEDW (child)

2.09 1.62 2.71 0.00000

Epilepsy GP (child)

2.95 2.39 3.66 0.00000

Asthma PEDW (child)

1.12 1.03 1.22 0.00837

Asthma GP (child)

0.91 0.88 0.95 0.00000

Ear PEDW (child)

1.36 1.26 1.45 0.00000

Eye PEDW (child)

1.30 1.18 1.42 0.00000

Any emergency hospital admission (child)

1.09 1.05 1.13 1.09

Any A&E attendance (child)

(Continued)
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Table 2. (Continued)

Variable name OR Lower CI Upper CI P value

1.02 0.98 1.06 1.02

Free school meal

1.85 1.78 1.93 0.00000

Local authority

Blaenau Gwent 1.00 0.87 1.14 0.95948

Bridgend 0.86 0.75 0.98 0.02302

Caerphilly 1.14 1.01 1.28 0.04063

Cardiff 1

Carmarthenshire 1.28 1.12 1.47 0.00032

Ceredigion 1.13 0.94 1.35 0.19523

Conwy 1.70 1.47 1.97 0.00000

Denbighshire 1.10 0.93 1.28 0.25936

Flintshire 1.27 1.10 1.46 0.00095

Gwynedd 1.26 1.09 1.46 0.00162

Isle of Anglesey 1.13 0.97 1.31 0.12881

Merthyr Tydfil 1.09 0.94 1.27 0.26314

Monmouthshire 1.08 0.89 1.30 0.44402

Neath Port Talbot 1.62 1.43 1.84 0.00000

Newport 0.79 0.69 0.91 0.00118

Pembrokeshire 1.12 0.95 1.33 0.17595

Powys 1.05 0.88 1.25 0.59866

Rhondda Cynon Taff 1.23 1.09 1.39 0.00078

Swansea 1.49 1.32 1.68 0.00000

Torfaen 0.96 0.83 1.12 0.62127

Vale of Glamorgan 1.02 0.88 1.17 0.81997

Wrexham 1.22 1.06 1.39 0.00419

WIMD 2014—overallf

1 (most deprived) 1.67 1.57 1.77 0.00000

2 1.52 1.43 1.62 0.00000

3 1.37 1.29 1.46 0.00000

4 1.28 1.19 1.37 0.00000

Local area—urban/rural

Rural town 1.08 1.03 1.13 0.00277

Rural village 1.20 1.12 1.29 0.00000

No of adult in the household

1 1.08 1.04 1.12 0.00028

3 1.16 1.10 1.22 0.00000

4 or above 1.17 1.10 1.24 0.00000

No of children in the household (excluding the cohort member)

0 1.08 1.03 1.13 0.00220

2 1.21 1.16 1.26 0.00000

3 1.43 1.35 1.52 0.00000

4 or above 1.63 1.52 1.75 0.00000

Child’s age in the academic year

0.31 0.30 0.33 0.00000

School session absences

1.02 1.02 1.02 0.00000

(Continued)
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The findings from our study suggest that rising poverty and the cost-of-living crisis are

likely to result in lower school readiness and lower educational attainment. This will put a

strain on school resources as children enter school [31]. Children in family and area-level dep-

rivation are at higher risk of not being school ready. This finding is consistent with the existing

literature [7,15]. Boys being disadvantaged compared to girls has been noted in other research

[32]. In fact, it is suggested that family instability (separation, divorce, second families) affects

boys more than girls, with a lack of a male influence impacting on behavioural difficulties [32]

and that recent population increases in family instability can help explain a trend in lower

attainment for boys at all levels. In addition, existing research clearly demonstrates that depri-

vation is a strong predictor of low school readiness [9,33]. Various indicators of deprivation

such as parental employment, lower parental educational attainment, lower income, less time

with the child, poorer play/local area facilities have been identified as significantly linked with

low school readiness [7]. Our findings such as the significant association between living in

family level (eligibility for FSM) and area level (most deprived WIMD) deprivation and higher

chance not to be school ready are along the similar lines reported in the literature [9,34,35].

Hence, it is suggested that pre-school investment [35] and free childcare can overcome some

of the risk factors associated with deprivation.

In this study, the decision tree model highlighted the risk factors which are clustered

together e.g., boys living in household level deprivation and higher absences in school are at

high risk of low school readiness. Similarly, girls who are often missing school are at risk of not

being school ready. It also showed that children who are not breastfed, having ear infection

and younger in academic year than their peers will more likely be not school ready. The

branches of clustered risk factors are used to examine the determinants of low school readi-

ness. These most significant risk factors can contribute to understand the profile of the

Table 2. (Continued)

Variable name OR Lower CI Upper CI P value

Unauthorised absences

1.00 0.99 1.00 0.00064

https://doi.org/10.1371/journal.pone.0273596.t002

Fig 2. Decision tree for the children without learning difficulty.

https://doi.org/10.1371/journal.pone.0273596.g002

PLOS ONE Identifying risk factors of low school readiness

PLOS ONE | https://doi.org/10.1371/journal.pone.0273596 December 11, 2023 14 / 19

https://doi.org/10.1371/journal.pone.0273596.t002
https://doi.org/10.1371/journal.pone.0273596.g002
https://doi.org/10.1371/journal.pone.0273596


vulnerable children and their families and help to improve the decision making at policy level

which will support children to overcome the odds and have a better start in life.

This work has been developed as part of the Early Years Vulnerability Profiling Pilot. This

will enable the Health Board and local authority to plan how the Early Years Vulnerability Pro-

file can be used to inform better targeting of prevention and early intervention to children and

their families up to the age of seven years to enable better outcomes for health, well-being, edu-

cation, and social skills. The clustered risk factors can be used to understand what is associated

with as determinants of low school readiness at population level. This can contribute to

informed decision making at policy level that supports the children to have best start in life.

Strengths and limitations

This study is based on linked data for an entire country over a 6-year period. This provides a

wider range of risk factors from routine administrative data at a national level which can be

addressed to improve outcomes for children who are exposed to inequalities and disadvan-

tages from early life. It can contribute to breaking a cycle of disadvantage for children by help-

ing to identify where and how to target early years interventions designed to improve school

readiness. There is evidence that routinely collected data observed during perinatal period can

contribute to improve child’s development at early years [15,21]. A linked population level

database can facilitate a holistic investigation of the complex factors associated with the low

school readiness. Longitudinal data linkage allows the capturing of the developmental trajec-

tory of the individual child from school foundation phase and health visitor records. Combing

this with maternal physical and mental health records can only strengthen the power of the

analysis, as it is proved that maternal health and wellbeing is one of the biggest predictors of

child’s development and wellbeing (Improving school readiness Creating a better start for Lon-
don). If all these information can be available at an early stage to the policy makers from school

and health visitors report, this can directly contribute to identify the most vulnerable children

and their families at a very early stage and can help to build necessary intervention and support

plans for them when it’s most needed.

However, it can only examine factors which are recorded using routine data. Important fac-

tors such as parenting style, time spent with the child reading, playing, and interacting cannot

be captured with this data but would be important factors associated with school readiness.

Another limitation of the study is that it only included the children who were in Wales during

the entire study period and were removed if the children moved out of Wales as we were unable

to capture their exposure records. However, this would not lead to any selection issues (please

Table 3. Confusion matrix/two by two table of the DT model.

Prediction Reference

(Children without learning difficulty)

n = 14,575

Did not achieve (P) Achieved (N)

Did not achieve(P) 108 (TP) 78 (FP)

Achieved (N) 2,078 (FN) 12,311 (TN)

https://doi.org/10.1371/journal.pone.0273596.t003

Table 4. Prediction model performance (n = 14,575 children from Rhondda Cynon Taff).

Accuracy Sensitivity Specificity Positive Predictive Value Negative Predictive Value Prevalence

Decision Tree 85.21% 4.94% 99.37% 58.06% 85.56% 15%

https://doi.org/10.1371/journal.pone.0273596.t004
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see Appendix 5 in S1 File) since these were arbitrary and independent events and does not lead

to or is not linked with low school readiness. The study has identified a cluster of socioeco-

nomic, health and household level risk factors leading to low school readiness and establishing a

direct causal pathway of the modifiable risk factors is beyond the scope of the study.

A major strength of the study is that it incorporated data from birth till they enter their for-

mal school to build the model to identify the risk factors of low school readiness, hence these

findings can be helpful to identify the children at risk of low school readiness before they start

their schooling as many of these factors are present in the first years of life (gender, depriva-

tion, gestational age, parental health) and so those at risk can be supported through access to

childcare, parenting support and supporting breastfeeding. In addition, the school readiness

for local children coming to a school can be predicted and this means schools can have the

necessary resources in place to help the specific catchment of children coming to their school.

Conclusion

This study highlighted a vulnerability profile of the children who are at higher risk of low school

readiness by identifying the group of risk factors which are clustered together. The findings sug-

gest that earlier intervention (access to childcare, mother/baby groups, community activities, par-

enting interventions) could help to improve the outcomes for children who are at a high risk of

low school readiness. This is especially true in deprived areas with low access to childcare and

where there are child or adult health problems. It has been observed that intervention pro-

grammes like Flying Start has positive effects on the children living in deprivation including

improved school attendance and better educational outcomes than their peers who are in similar

condition but not under Flying Start programme [36]. This work suggests that interventions

which focused on boys in deprived areas, encourage or facilitated attendance in nursery in the

early years, investment in early years childcare and promoting breastfeeding would have a signifi-

cant impact on school readiness. Interventions such as parenting programmes which supported

families with parental learning difficulties, support when there is parental or child illness (e.g.,

community tutoring volunteer programmes) especially for epilepsy would make a significant dif-

ference for the child’s readiness for school. This could positively influence a child’s life trajectory

by strengthening foundations for lifelong learning, improving health and wellbeing outcomes

throughout the life-course, and reducing education and developmental inequalities that persist.
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harmonisation across these datasets to prepare the final dataset for analysis. Utilising 
the R software package and SQL, I constructed the LR and DT models. Beyond data 
preparation and analysis, I also authored and published this journal article as both the 
first author and corresponding author. 

Impact 
• This article has been published in PLOS One in 2023. 
• The paper has been cited in four other published works. 
• The findings have also been utilised as the outcome of the pilot program 

‘Vulnerability Profiling’ conducted by Public Health Wales, serving as the 
foundation for their future research and initiatives 

• The findings of the school readiness paper have been reported as a Data Insight 
report across the UK. 

Conclusion 
School readiness is a critical milestone in a child's developmental trajectory, and 
disparities in preparedness at school entry can have long-lasting effects on academic 
performance and life opportunities. This chapter highlights the key role of socio-
economic conditions, early health status and early-life interventions in shaping 
educational outcomes. The findings suggest that policies aimed at reducing inequalities 
in early-life education and providing targeted support to children at risk of low school 
readiness could help mitigate long-term disparities in learning and development.  
Educational preparedness is one aspect of childhood vulnerability. The next chapter 
shifts focus to understanding how local area deprivation influences life chances for 
children growing up in poverty in Wales. By integrating health, education and social care 
data, this study provides insight into the role of community-level factors in shaping child 
outcomes and resilience. 
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Chapter 4: How does the local area deprivation 
influence life chances for children in poverty in Wales: A 
record linkage cohort study 

Critical summary 

Background 

Living in poverty, both at the family and area-levels, has a profoundly detrimental impact 
on a child's development. Townsend et al, in their study has established a clear 
correlation between health inequalities within the population and regional disparities in 
socio-economic conditions in North of England (71). Their findings also emphasises the 
detrimental effect of regional disparities in wealth on the health outcome of the 
population. A systematic review conducted by Visser K et al., highlighted the effects of 
neighbourhood deprivation on young people's wellbeing and  mental health (72). They 
primarily included 30 studies (including UK, USA and Europe) in their review which 
measured deprivation in the form of neighbourhood socio-economic indicators 
(neighbourhood average/median income, employment rates, educational levels). 
However, they also highlighted the fact that these effects remain largely underexplored. 
In Wales, the influence of local area deprivation on child development has not been 
thoroughly investigated. This study, titled 'How Does Local Area Deprivation Influence 
Life Chances for Children in Poverty in Wales: A Record Linkage Cohort Study,' is the first 
of its kind to examine how local area conditions affect children living in poverty in Wales 
and contribute to their strength to overcome the odds using solely routine data.  

Utilisation of administrative data 

This longitudinal record linkage study combined routine administrative datasets, 
including Pre 16 Education data in Wales, WDS (a Wales-wide administrative register for 
all individuals with a general practitioner), WLGP (primary care records in the Welsh 
Longitudinal General Practice) and PEDW (secondary care health records) within the 
SAIL Databank platform. For this study, a nationally representative cohort of children was 
constructed using the anonymised and encrypted person-based identifier ALF, enabling 
follow-up through to their Key Stage 4 (KS4) attainments. This research utilised free 
school meal (FSM) eligibility as a proxy measure of family level disadvantage, derived 
from routine data (73). Additionally, the Welsh Index of Multiple Deprivation (WIMD) 2011 
(74) was used as an indicator of local area-level deprivation. The study successfully 
developed an outcome variable known as the Profile to Leave Poverty (PLP), which serves 
as an indicator of a child’s likelihood of overcoming the adverse outcomes associated 
with poverty. This resilience profile for children was constructed using four key markers: 
a) achieving KS4, b) absence of a mental health condition, c) no substance misuse and 



60 
 

d) no record of alcohol abuse in routine healthcare data. This study investigated how, 
despite growing up in poverty, these children developed a resilience profile characterised 
by educational attainment, no development of mental health conditions and no signs of 
risk-taking behaviours. 

In this study, the population comprised of children who completed their age 16 exams 
(Key Stage 4 (KS4)) between 2009 and 2016 and had a valid Free School Meal (FSM) record 
(binary variable) available in the Pre-16 Education data in Wales. The children who did not 
have a continuous residential record in Wales between the ages of six months and KS4 
exams were removed from the study to ensure complete coverage of the data. The 
outcome data (PLP), including mental health records, alcohol records and substance 
misuse data, were obtained for study participants aged between 11 and KS4. The 
exposure data including the residential records (including WIMD) were obtained when 
the children completed their KS4 exams. Previous house moves were not considered in 
this study due to the complex nature of the data, which has been acknowledged as a 
limitation of the study. 

The novelty of this study lies in its ability to utilise linked routine administrative data to 
create a comprehensive framework for investigating the area-level impact on children in 
poverty within a nationally representative population in Wales. This approach not only 
enhances the robustness of the findings but also provides a nuanced understanding of 
the characteristics of supportive neighbourhoods that enable children to overcome 
vulnerabilities. My work also emphasises the reusability of the data, as the database and 
the resilience variable are available inside SAIL for future use. 

Application of data science methods 

In this paper, stepwise LR was implemented to evaluate the area-level factors 
contributing to children's resilience, particularly among those living in poverty. This 
methodological approach facilitated the selection of the most relevant covariates 
associated with the outcome variable, PLP, based on their statistical significance, 
employing a data-driven model that strengthens the robustness of the findings. The 
stepwise LR model effectively managed multiple predictors while controlling for 
confounding variables. This method enabled the assessment of the relationships 
between local area deprivation and its various components, including income, 
employment, health, environment, safety and access to neighbourhood services. 
Additionally, it examined their impact on child outcomes, such as mental health, 
academic achievement and substance misuse. By employing this rigorous analytical 
approach, the study enhances the validity of the findings, providing a clearer 
understanding of how different factors interact and contribute to a child's resilience. The 
finding of this work highlights the importance of adopting a multifaceted perspective on 
deprivation when developing interventions aimed at improving the life chances of 
children in poverty. 
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Early-life vulnerability profiling 

This research aimed to make a significant contribution to the field of early-life 
vulnerability profiling by investigating the complex dynamics between local area 
characteristics and a child's overall outcomes. This research question has been one of 
the priorities of the Welsh Government's Early Years programme, Administrative Data 
Research (ADR), Wales, and understanding this dynamics is essential for developing 
targeted interventions that can mitigate the adverse effects of poverty and promote 
equitable opportunities for all children. The study’s important findings highlighted 
specific neighbourhood characteristics, such as community safety, area income and 
accessibility to local services. These factors play a crucial role in helping children 
overcome the adverse impacts of poverty. For instance, neighbourhoods with higher 
levels of community safety provide a secure environment that fosters emotional 
wellbeing and stability, allowing children to thrive. Furthermore, areas with higher income 
levels often offer better educational resources and opportunities, which can significantly 
enhance children's academic performance and social development. The study also 
highlighted the necessity of better connectivity within communities. Children with 
access to supportive community resources, such as healthcare, recreational facilities 
and mentorship programs, are better equipped to navigate challenges and build 
resilience. By leveraging existing data, this research provides valuable insights into the 
factors that contribute to resilience in children facing adversity, informing targeted 
interventions and policy decisions aimed at improving life chances for disadvantaged 
youth. 
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A B S T R A C T   

Objectives: Children growing up in poverty are less likely to achieve in school and more likely to experience 
mental health problems. This study examined factors in the local area that can help a child overcome the 
negative impact of poverty. 
Design: A longitudinal record linkage retrospective cohort study. 
Participants: This study included 159,131 children who lived in Wales and completed their age 16 exams (Key 
Stage 4 (KS4)) between 2009 and 2016. Free School Meal (FSM) provision was used as an indicator of household- 
level deprivation. Area-level deprivation was measured using the Welsh Index of Multiple Deprivation (WIMD) 
2011. An encrypted unique Anonymous Linking Field was used to link the children with their health- and 
educational records. 
Outcome measures: The outcome variable ‘Profile to Leave Poverty’ (PLP) was constructed based on successful 
completion of age 16 exams, no mental health condition, no substance and alcohol misuse records in routine 
data. Logistic regression with stepwise model selection was used to investigate the association between local area 
deprivation and the outcome variable. 
Results: 22% of children on FSM achieved PLP compared to 54.9% of non-FSM children. FSM Children from least 
deprived areas were significantly more likely to achieve PLP (adjusted odds ratio (aOR) - 2.20 (1.93, 2.51)) than 
FSM children from most deprived areas. FSM children, living in areas with higher community safety, higher 
relative income, higher access to services, were more likely to achieve PLP than their peers. 
Conclusion: The findings indicate that community-level improvements such as increasing safety, connectivity and 
employment might help in child’s education attainment, mental health and reduce risk taking behaviours.   

1. Introduction 

Latest figures suggest that in 2020, 29.3% of children aged between 
0 and 19 are living in poverty (i.e. family income below 60% of the 
median income) in Wales, which is a 1% rise compare to the previous 
year (Observatory, n.d.). Living in persistent poverty has a detrimental 
impact on child health, cognitive and behavioural outcomes (Wickham 
et al., 2016). Child poverty has caused an unprecedented increase in 
infant mortality in recent years in the UK (Taylor-Robinson et al., 2019). 
After a steady fall in the last decade (post-2010), the child poverty rate 
has also now started to increase in the UK (Joyce, 2014; Taylor-Robinson 
et al., 2019). In the post-recession recovery period (i.e. since 2008) 

inequality increased because of disproportionately slow recovery for 
low-income families (Beatty & Fothergill, 2016; Cribb et al., 2018). This 
is due to real-term cuts in benefits, increasing housing costs and 
restricted possibilities to improve income from work (e.g. due to salary 
reductions, freeze in promotions) (Lambie-Mumford & Green, 2017). As 
a result, of all children living in relative poverty, the majority are from 
working families as opposed to workless households (Vizard et al., 
2019). Currently 67% of the children in relative poverty are living in 
households where at least one person is working (Welsh Government, 
2019b). A report from End Child Poverty carried out by Loughborough 
University has shown that child poverty is disproportionately rising in 
the UK’s most impoverished areas (Loughborough, 2019). The report 

* Corresponding author. National Centre for Population Health and Wellbeing Research, Swansea University Medical School, Wales, SA2 8PP, UK. 
E-mail address: (A. Bandyopadhyay).  

Contents lists available at ScienceDirect 

SSM - Population Health 

journal homepage: www.elsevier.com/locate/ssmph 

https://doi.org/10.1016/j.ssmph.2023.101370 
Received 3 October 2022; Received in revised form 16 February 2023; Accepted 18 February 2023   

www.sciencedirect.com/science/journal/23528273
https://www.elsevier.com/locate/ssmph
https://doi.org/10.1016/j.ssmph.2023.101370
https://doi.org/10.1016/j.ssmph.2023.101370
https://doi.org/10.1016/j.ssmph.2023.101370
http://creativecommons.org/licenses/by-nc-nd/4.0/


SSM - Population Health 22 (2023) 101370

2

shows that in some parts of Wales, children from deprived families are 
six times more likely to grow up in poverty than their neighbours if they 
are living in less deprived areas. The latest report from the Welsh Index 
of Multiple Deprivation (WIMD) 2019 from Welsh Government high
lighted ‘deep-rooted’ deprivation by highlighting the areas in Wales 
which have remained as the top most deprived areas for more than last 
15 years, which indicates a lack of social mobility in most of these areas 
(Welsh Government, 2019a). 

A child growing up in a deprived area implies that they are more 
likely to be provided with insufficient educational support, lack of rec
reational space (no safe park or playground) and receive poor quality 
childcare and health support (Galster et al., 2007). This has numerous 
inevitable long-term consequences such as poorer mental and physical 
health, lower school achievement, and worse outcomes in adulthood 
(Featherstone et al., 2019; Galster et al., 2007; Wickham et al., 2016; 
Wood, 2003). Another study has found that the children in deprived area 
are at higher risk of early alcohol use (Bandyopadhyay et al., 2022) and 
early onset of alcohol use increases the risk of alcohol dependence and 
other illicit drug use in later life (Hingson et al., 2006). Children living in 
deprived neighbourhoods are less likely to complete high school and 
achieve higher educational attainment. This creates a significant dif
ference in their earning levels in later life compared to their peers 
(Galster et al., 2007). Local areas with community safety issues often 
restrict children from after-school outdoor activities and increases their 
sedentary behaviours. This significantly contributes to childhood 
obesity amongst children living in poor neighbourhoods (Cecil-Karb & 
Grogan-Kaylor, 2009). Family- and area level disadvantageous 
socio-economic conditions often lead to teenage pregnancy (Penma
n-Aguilar et al., 2013), which is significantly associated with adverse 

health outcomes and social consequences (Cook & Cameron, 2017). 
Although growing up in a deprived family and local area increase the 

risk of adverse consequences in their life, some children are more able to 
beat the odds than their peers despite coming from disadvantage, and 
show resilience (Sattler & Gershoff, 2019). Studies have investigated 
various factors that can be linked with overcoming odds, such as moving 
to a more affluent area in early childhood (Chetty et al., 2016), living in 
an area with better access to green space (Flouri et al., 2014), safer 
community areas so that parents allow and encourage their children to 
be involved in outdoor physical activity (Veitch et al., 2013), and 
neighbourhood safety that enhances collective socialisation (Marco & 
Vernon-Feagans, 2013; Minh et al., 2017). Though such evidence is 
fragmented, it indicates that improvement of the quality, facility and 
environment of the local area can help the children to build resilience 
and overcome adversity. Hence it is necessary to develop a holistic un
derstanding of neighbourhoods and prioritise the various aspects of a 
local area which can help children and their parents to improve their life 
and overcome poverty. 

Family level deprivation as a key indicator of child’s poor develop
ment has been discussed in literature, but this study focuses on whether 
a local area level improvement can moderate this relationship. This 
study investigates the socio-economic determinants of a local area that 
are associated with the resilience in children using a linked routine data 
framework. The aim of the study is to develop a holistic understanding 
of various aspects of a local area which contribute to the resilience of the 
children and can help children to improve their life. This study has used 
the deprivation index WIMD 2011 to identify concentrations and vari
ations of several domains of deprivation for small areas in Wales and its 
impact on children (n = 159,131). This work has developed a profile of 

Fig. 1. Participants consort diagram (based on Free School Meal eligibility).  
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children showing resilience despite family level deprivation based on 
factors which have significant association with improving their lives and 
overcoming poverty. This has been modelled as ‘Profile to Leave 
Poverty’ (PLP) and it has been derived based on four major components 
(education, mental health, alcohol, and substance misuse). The findings 
of the study can provide important insights for targeted policy devel
opment and intervention. 

2. Method 

2.1. Sample 

The study population was comprised of children who completed 
their age 16 exams (Key Stage 4 (KS4)), between 2009 and 2016 and had 
a valid Free School Meal (FSM) record (eligible or not eligible). The 
selected children were either born or resident of Wales until they 
completed KS4. The participants were derived by linking Wales De
mographic Service Dataset (WDSD) (a Wales-wide administrative reg
ister for all individuals with a general practitioner (GP)) and education 
datasets. Data linkage was performed with the help of an anonymised 
encrypted linkage key known as Anonymous Linking Field (ALF) pro
vided by trusted third party in the Secure Anonymous Information 
Linkage (SAIL) databank platform at Swansea University (Ford et al., 
2009; Lyons et al., 2009). To enable individuals living in the same 
household to be anonymously linked, Residential Anonymous Linking 
Field (RALFs) were created by encrypting individual’s address identi
fiers for the study period (Johnson et al., 2021). The children who did 
not have a continuous residential record (valid RALF) in WDSD between 
age six months and KS4 exam (to ensure they lived in Wales throughout 
the childhood, and we had valid measures of exposures) and primary 
care record in Welsh Longitudinal General Practice (WLGP) dataset 
between age 11 and KS4 (when the outcome variable was observed) 
were excluded from the analysis to ensure the complete data coverage 
and follow-up period. A detailed participants flow diagram of the study 
population is provided in Fig. 1. 

2.2. Exposure variables 

In this study local area deprivation was measured by using WIMD 
2011 (Welsh Government, 2011) which is the official measure of relative 
deprivation for small areas in Wales. Lower layer Super Output Areas 
(LSOA) are the geographic units used to define small areas in Wales and 
England. There were 1896 LSOAs in Wales and WIMD 2011 ranked all 
LSOAs (1 most deprived to 1896 least deprived). The study used WIMD 
2011 as this was timely with the study period. In this study, individual’s 
residential identifier RALF was linked to LSOAs, which are linked with 
WIMD rank aggregated into a quintile scale where a lower value denotes 
greater deprivation. Considering the statistical significance of the cate
gories with respect to the study population and the interpretability of the 
findings, the study considered WIMD aggregated into a quintile scale 
instead of by decile. Along with overall WIMD rank, component scores 
for WIMD domains such as income, community safety, health, access to 
services, physical environment, housing, but not education have been 
considered as main exposure variables. For individuals, household level 
deprivation has been measured by FSM eligibility at KS4 (Taylor, 2018). 

2.3. Covariates 

The other covariates that were included in the study are - living in 
urban or rural area, number of adults and number of children in the 
household, living with someone who had depression (diagnosis and/or 
medication), any household member diagnosed with serious mental 
illness such as schizophrenia, bipolar disorder (for ICD10 and Read 
codes see Supplementary material Codes 1), household member who 
had an alcohol related hospitalisation record (for ICD10 codes see 
Supplementary material Codes 2) and whether the child needs special 

education support. Since the study builds a cohort of children who are 
completing KS4 between 2009 and 2016, hence to adjust the effect of 
different academic years, their KS4 assessment year (Exam Year) has 
been considered in the analysis. 

2.4. Outcome variable 

The study aimed to build a profile that can contribute to the resil
ience of the children. ‘Profile to Leave Poverty’ (PLP) is an indicator of 
overcoming poverty at the transition between adolescent and early 
adulthood. The resilience profile of the children known (PLP) has been 
developed with the four major components such as: a) poor educational 
attainment, b) developing mental health condition, c) early alcohol use, 
and d) early substance misuse. The existing literature has already shown 
the significant association between poverty and these four major com
ponents. It has been identified that the children living poverty are more 
likely to be affected by these four risk factors which will have several 
detrimental impacts on their later life (this has been discussed in the 
introduction section). Hence, the study developed a resilience profile by 
adding all four components where there are positive outcome from all 
four factors. The PLP has been derived based on the following four cri
terions –  

a. Achieved KS4: If they have successfully completed L2EWM (level 2 
English/Welsh Maths– A* to C in 5 GCSE subjects including Maths 
and English/Welsh)  

b. No mental health condition: They have no records of the following 
conditions - Attention Deficit Hyperactive Disorder, Conduct Disor
der, Depression, Serious Mental Illness, Self-harm between age 11 
and KS4 assessment  

c. No substance misuse: They have no substance misuse record between 
age 11 and KS4 assessment  

d. No alcohol abuse: They have no alcohol related records between age 
11 and KS4 assessment 

The children who satisfied all four above-mentioned conditions were 
considered as ‘achieved’ PLP. Those who did not satisfy one of the 
conditions were considered as ‘not achieved’ PLP, i.e. 

PLP ‘achieved’ = KS4 achieved AND No mental health condition 
record AND No substance misuse record AND No alcohol abuse 
record 

PLP ‘not achieved’ = KS4 not achieved OR mental health condition 
record OR substance misuse record OR alcohol abuse record 

The study population has been linked with relevant education data to 
obtain the KS4 record. Mental health, substance misuse and alcohol 
records were derived from hospital admissions dataset known as Patient 
Episode database in Wales (PEDW), primary care dataset known Welsh 
Longitudinal General Practice (WLGP) and substance misuse dataset. 
ICD-10 codes used in PEDW indicate hospital admission due to mental 
health conditions, substance misuse and alcohol whilst GP-recorded 
Read codes highlight diagnosis and medication associated with mental 
health conditions, substance misuse and alcohol in primary care health 
system. ICD-10 and Read codes are mentioned the Supplementary ma
terial Codes 3, 4 & 5. 

2.5. Statistical analysis 

The study primarily aimed to investigate the association between the 
resilience profile PLP derived by the study and the local area deprivation 
measured by WIMD among the children living in high household-level 
deprivation (FSM children). The current study, however, also investi
gated a similar association among the non-FSM children group, hence 
FSM-stratified analysis was performed. A supplementary analysis has 
discussed the interaction between FSM eligibility and WIMD. This study 
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examined if a child’s potential to leave poverty can be moderated by 
improvements in their in local built environment. This is measured by 
examining the association of the domains of WIMD (e.g. income, com
munity safety, health, access to services, physical environment, housing) 
on a child’s outcome in order to develop insight into the factors that best 
influence the child’s trajectory. Logistic regression models were used to 
determine the association between local area deprivation measured by 
WIMD and achieving PLP amongst the children in Wales. The logistic 
regressor was augmented with stepwise bidirectional (forward and 
backward) search for optimal model selection (Burnham & Anderson, 
2003). This method determines the best model with the minimum 
Akaike Information Criterion (AIC) and least significant features are 
excluded at each iteration step. The study has confirmed that there is no 
major concern around the high degree of correlation between predictor 
variables in the regression models by multicollinearity test (see Sup
plementary material collinearity test). Along with the explanatory var
iables, the stepwise logistic regression models have been adjusted for 
other covariates – such as exam year, gender, urban/rural classification 
of the living area, number of adults in the household, number of children 
in the household, living with someone who had an alcohol problem, 
living with someone who had depression, living with someone who had 
serious mental illness, child’s special education need requirement – as 
these factors are also associated with the outcome variable. The odds 
ratio calculated with this adjustment has been reported throughout this 
work. The statistical significance of the explanatory variables and 
covariates have been interpreted by the p value less than 0.05. The data 
preparation including extraction, cleaning and linkage was performed in 
Structured Query Language (SQL) on an IBM DB2 platform and analyses 
were performed in the R statistical language version 3.3.2 (R Core Team, 
2018). 

Table 1 
Characteristics of study population by FSM eligibility.   

FSM Non-FSM Difference (95% 
CI) 

N =
24,148 

% N =
134,983 

%  

Gender 
Boy 12,175 50.4 68,704 50.9  
Girl 11,973 49.6 66,279 49.1 0.5(-0.2, 1.2) 

Living area 
Urban 18,829 78.0 92,749 68.7 9.3(8.7, 9.8) 
Rural 5319 22.0 42,234 31.3  

Number of adults in the household 
1 7062 29.2 17,639 13.1 16.2(15.6, 16.8) 
2 9058 37.5 63,682 47.2 − 9.7 (− 10.3, 

− 9.0) 
3 and above 8028 33.2 53,662 39.8 − 6.5 (− 7.2, − 5.9) 

Number of other children in the household 
0 7079 29.3 57,438 42.6 − 13.2 (− 13.9, 

− 12.6) 
1 7557 31.3 50,774 37.6 − 6.3 (− 7.0, − 5.7) 
2 5036 20.9 18,878 14.0 6.9 (6.3, 7.4) 
3 and above 4476 18.5 7893 5.8 12.7 (12.2, 13.2) 

Living with someone who had alcohol problem 
No 21,499 89.0 129,874 96.2  
Yes 2649 11.0 5109 3.8 7.2 (6.8, 7.6) 

Living with someone who had depression 
No 8865 36.7 81255 60.2  
Yes 15283 63.3 53728 39.8 23.5(22.8, 24.1) 

Living with someone who had serious mental illness 
No 23,035 95.4 133,371 98.8  
Yes 1113 4.6 1612 1.2 3.4 (3.2, 3.7) 

Exam year 
2009 2804 11.6 17,661 13.1 − 1.5(-1.9, − 1) 
2010 2943 12.2 17,686 13.1 − 0.9, (− 1.4, 

− 0.5) 
2011 3125 12.9 17,247 12.8 .2(-0.3, 0.6) 
2012 3039 12.6 16,779 12.4 .2(-0.3, 0.6) 
2013 3428 14.2 17,511 13.0 1.2(0.8, 1.7) 
2014 3110 12.9 16,836 12.5 0.4(-0.1, 0.9) 
2015 2938 12.2 15,958 11.8 0.3(-0.1, 0.8) 
2016 2761 11.4 15,305 11.3 0.1(-0.3, 0.5) 

Special Education Need 
No 15,338 63.5 111,206 82.4  
Yes 8810 36.5 23,777 17.6 18.9 (18.3, 19.5)  

Overall Welsh Index of Multiple Deprivation (WIMD) 
1 (Most 

deprived) 
11,395 47.2 26,004 19.3 27.9(27.3, 28.6) 

2 5891 24.4 26,724 19.8 4.6(4, 5.2) 
3 3678 15.2 27,481 20.4 − 5.1(-5.6, − 4.6) 
4 1865 7.7 24,686 18.3 − 10.6(-11, − 10.2) 
5 (Least 

deprived) 
1319 5.5 30,088 22.3 − 16.8(17.2, 

− 16.5) 

Income WIMD 
1 (Most 

deprived) 
11,439 47.4 25,539 18.9 28.5(27.8, 29.1) 

2 6071 25.1 27,613 20.5 4.7(4.1, 5.3) 
3 3599 14.9 27,105 20.1 − 5.2(-5.7, − 4.7) 
4 2018 8.4 26,627 19.7 − 11.4(-11.8, − 11) 
5 (Least 

deprived) 
1021 4.2 28,099 20.8 − 16.6(-16.9, 

− 16.3) 

Health WIMD 
1 (Most 

deprived) 
10,173 42.1 26,465 19.6 22.5(21.9, 23.2) 

2 6359 26.3 27,836 20.6 5.7 (5.1, 6.3) 
3 3963 16.4 27,315 20.2 − 3.8(-4.3, − 3.3) 
4 2281 9.4 25,830 19.1 − 9.7(-10.1, − 9.3) 
5 (Least 

deprived) 
1372 5.7 27,537 20.4 − 14.7(-15.1, 

− 14.4)  

Table 1 (continued )  

FSM Non-FSM Difference (95% 
CI) 

N =
24,148 

% N =
134,983 

%  

Access to service WIMD 
1 (Most 

deprived) 
1834 7.6 23,492 17.4 − 9.8(-10.2, − 9.4) 

2 3926 16.3 30,234 22.4 − 6.1(-6.7, − 5.6) 
3 6206 25.7 28,194 20.9 4.8(4.2, 5.4) 
4 6640 27.5 28,758 21.3 6.2(5.6, 6.8) 
5 (Least 

deprived) 
5542 23.0 24,305 18.0 4.9(4.4, 5.5) 

Community safety WIMD 
1 (Most 

deprived) 
9828 40.7 24,835 18.4 22.3(21.7, 23.0) 

2 6293 26.1 27,291 20.2 5.8(5.3, 6.4) 
3 4386 18.2 27,722 20.5 − 2.4(-2.9, − 1.8) 
4 2429 10.1 28,324 21.0 − 10.9(-11.4, 

− 10.5) 
5 (Least 

deprived) 
1212 5.0 26,811 19.9 − 14.8(15.2, 14.5) 

Physical environment WIMD 
1 (Most 

deprived) 
5501 22.8 26,282 19.5 3.3(2.7, 3.9) 

2 4786 19.8 28,204 20.9 − 1.1(-1.6, − 0.5) 
3 4866 20.2 28,320 21.0 − 0.8(-1.4, − 0.3) 
4 4256 17.6 25,648 19.0 − 1.4(-1.9, − 0.9) 
5 (Least 

deprived) 
4739 19.6 26,529 19.7 0.0(-0.6, 0.5) 

Housing WIMD 
1 (Most 

deprived) 
6185 25.6 22,805 16.9 8.7(8.1, 9.3) 

2 5422 22.5 25,205 18.7 3.8(3.2, 4.4) 
3 5338 22.1 26,437 19.6 2.5(2, 3.1) 
4 4756 19.7 27,487 20.4 − 0.7(-1.2, − 0.1) 
5 (Least 

deprived) 
2447 10.1 33,049 24.5 − 14.4(-14.8, 

− 13.9)  
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2.6Ethical approval 

This study was approved by the SAIL Databank independent Infor
mation Governance Review Panel (IGRP) (project number 0916 – WECC 
Phase 4). 

3. Results 

Characteristics of the study population by family level poverty as 
assessed using FSM are presented in Table 1. Those receiving FSM were 
more likely (compared to non-FSM) to live in a single parent household 
(29.2% compared to 13.1%, respectively), live with 3 or more other 
children (18.5% compared to 5.8%, respectively) in the same household 
or to have special educational needs (36.5% compared to 17.6%). They 
were also more likely to live with a household member who had an 
alcohol problem (11% compared to 3.8%), depression (63.3% compared 
to 39.8%), or a serious mental illness (4.6% compared to 1.2%). 

3.1. Outcomes for children on FSM 

There were 22% FSM children who achieved PLP compared to 54.9% 
of non-FSM children (difference: 32.9% (95%CI: 32.3%, 33.5%)). Where 
children who did not achieve PLP this was mainly due to them not 
achieving KS4 (75.1% of children on FSM) and due to having a mental 
health condition (11% of FSM children) (see Table 2). The distribution 
of children for each component of the PLP across all WIMDs has been 

Table 2 
Breakdown of achieving PLP outcome variable.   

FSM Non-FSM Difference (95%CI) 

N =
24,148 

% N =
134,983 

%  

PLP 
achieved 5311 22.0 74060 54.9 − 32.9 (− 33.5, 

− 32.3) 
not 

achieved 
18837 78.0 60923 45.1   

KS4 not achieved: 
Achieved 6005 24.9 79083 58.6 − 33.7 (− 33.1,– 

34.3) 
Not 

achieved 
18143 75.1 55900 41.4  

Alcohol record 
No 22645 93.8 129441 95.9 − 2.1 (− 2.5, − 1.8) 
yes 1503 6.2 5542 4.1  

Substance misuse record 
No 23709 98.2 134130 99.4 − 1.2 (− 1.4, − 1.0) 
yes 439 1.8 853 0.6  

Any mental health condition 
No 21487 89.0 128172 95.0 − 6.0 (− 6.4, − 5.6) 
yes 2661 11.0 6811 5.0   

Fig. 2. The percentage of the children (FSM and non-FSM) for each component of the outcome variable PLP across all WIMDs.  
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presented in Fig. 2. 

3.2. Factors associated with achieving PLP for children who are on Free 
School Meals 

Children who lived in a deprived household (based on FSM eligi
bility) but in the least deprived areas were significantly more likely to 
achieve PLP (adjusted odds ratio (aOR) 2.20 (1.93, 2.51)) compared to 
FSM children from the most deprived areas. Living in a household 
containing less than 3 children, and not living with someone with an 
alcohol problem or depression were also associated with achieving PLP 
for children living in high individual-level socio-economic deprivation 
(see Table 3). For FSM children gender, number of adult household 
members and living with someone who had serious mental illness were 
not as significantly associated with the outcome variable, as a result 
bidirectional model removed them in the iteration steps. 

Supplementary work was conducted to investigate the association 
between WIMD and PLP components individually. It shows that poor 
children in least deprived areas are doing significantly better in educa
tion (aOR for achieving KS4 is 2.53 (2.23, 2.88)) than those living in 
most deprived areas. However, the trend is not similar for mental health, 
substance misuse and alcohol problems (see Supplementary Material 
Table 1). 

3.3. Factors associated with achieving PLP for children who are not on 
Free School Meals 

Like FSM children, non-FSM children who were living in the least 
deprived areas were also significantly more likely to achieve PLP (aOR 
3.47 (3.34, 3.61)) compared to children living in deprived areas. Non- 
FSM girls were doing better than boys. The other most statistically sig
nificant factors that support these children to achieve were - not living in 
a single adult household, living with another child in the household and 
not living with someone with alcohol and mental health conditions. 

The supplementary work (Supplementary Material Table 1) showed 
that non-FSM children living in least deprived areas were doing signif
icantly better in all components of PLP than their peers from the most 
deprived areas, aOR for achieving KS4 is 3.91 (3.76, 4.06), aOR for not 
having mental health problems is 1.30 (1.21, 1.41), aOR for having 
substance misuse and alcohol problems is 1.21 (1.12, 1.32). 

3.4. The impact of different aspects of area on achieving PLP for children 
on FSM 

Children who were on FSM and living in deprived areas were 
significantly less likely to achieve PLP than children who were on FSM 
but living in less deprived areas (18.32% compared to 34.54%) (see 
Fig. 3). This figure suggests that despite household-level deprivation, 
children are able to achieve PLP if they are living in more affluent areas. 
The area components that made the most difference to children’s 
achievement were higher community safety (1.95 times more likely to 
achieve for FSM children living in the safest areas compared to the least 
safe areas), higher relative income in the area (e.g. fewer people on 
benefits and more people in work, 1.61 times more likely to achieve if 
living in the highest income area compared to the lowest), and relatively 
higher access to services (1.26 times more likely to achieve if living in 
areas with high access to services compared to those with low access to 
services). After adjusting for WIMD domains children from urban areas 
were more likely to achieve compared to children from rural areas (see 
Table 4). Area characteristics that did not impact on achieving PLP 
included general health of people in the area or physical environment (e. 
g., pollution levels). Figs. 4 and 5 graphically depicts the significant 
indicators that were associated with achieving PLP for both FSM and 
non-FSM children. 

3.5. Interaction between FSM and overall WIMD 

Supplementary analysis describes the interaction between FSM 
eligibility and overall area-level deprivation as measured by WIMD 
(Supplementary Material Tables 2 and 3). The interaction model showed 
that FSM children in the least deprived areas were significantly more 
likely to achieve PLP than FSM children from the most deprived areas 
(aOR – 2.19 (1.92–2.50)). It also showed that FSM children living in the 
most deprived areas were less likely to achieve PLP than non-FSM 
children from similar areas. 

4. Discussion 

This study found that the area in which children grow up has an 
important impact on their developmental outcomes, especially at 
school, suggesting a neighbourhood effect on education irrespective or 
parental educational attainment (McDool, 2017). Previous research 

Table 3 
Logistic regression model of the association between overall WIMD and 
achieving PLP for the FSM and non-FSM children.  

Variables FSM children non - FSM children 

OR Lower 
CI 

Upper 
CI 

OR Lower 
CI 

Upper 
CI 

Overall WIMD 
1(Most 

deprived) 
1.00   1.00   

2 1.27 1.17 1.38 1.40 1.35 1.45 
3 1.46 1.32 1.60 1.88 1.81 1.95 
4 1.76 1.56 1.98 2.34 2.25 2.44 
5 (Least 

deprived) 
2.20 1.93 2.51 3.47 3.34 3.61 

Exam year 
2009 1.00   1.00   
2010 1.14 0.99 1.32 1.17 1.12 1.22 
2011 1.29 1.12 1.49 1.23 1.18 1.29 
2012 1.44 1.26 1.66 1.28 1.22 1.34 
2013 1.67 1.46 1.91 1.44 1.37 1.50 
2014 1.93 1.69 2.22 1.67 1.60 1.75 
2015 2.31 2.01 2.65 1.93 1.84 2.03 
2016 2.86 2.50 3.28 2.21 2.10 2.32 

Gender 
Boys –   1.00   
Girls –   1.06 1.03 1.08 

Living area 
Urban 1.00   1.00   
Rural 0.94 0.87 1.02 1.04 1.02 1.07 

Number of adults in the household 
1 –   1.00   
2 –   1.48 1.43 1.53 
3 and above –   1.28 1.23 1.33 

Number of children in the household 
0 1.00   1.00   
1 0.99 0.91 1.08 1.09 1.06 1.12 
2 0.95 0.86 1.04 0.94 0.90 0.97 
3 and above 0.88 0.80 0.98 0.79 0.75 0.83 

Living with someone who had alcohol problem 
No 1.00   1.00   
Yes 0.77 0.68 0.86 0.62 0.58 0.66 

Living with someone who had depression 
No 1.00   1.00   
Yes 0.88 0.82 0.94 0.69 0.67 0.71 

Living with someone who had serious mental illness 
No –   1.00   
Yes –   0.89 0.80 1.00 

Special Education Need 
No 1.00   1.00   
Yes 0.12 0.11 0.13 0.14 0.14 0.15 

*Intercept for FSM model: 0.27(0.23, 0.30) and non-FSM model: 0.54(0.51, 
0.57). 
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suggested a relatively small association between neighbourhood effects 
and educational attainment and that family background is more of a 
factor (Gibbons, 2002). However, the findings from our study suggest 
that area level improvements have a positive impact on the outcome of 
the children, and it can moderate the effect of household level depri
vation (Figs. 2 and 3). This trend is significant even after adjusting for 
other household-level factors (Tables 3 and 4). This study highlights 
specific aspects of neighbourhood characteristics e.g. community safety, 
area income and connectivity, which impact on children overcoming 
negative aspects of poverty. In terms of community safety, previous 
studies have showed that children are more able to undertake outdoor 
physical activity if they are living in a safer place and this directly 
contributes to their resilience (Flouri et al., 2014; Veitch et al., 2013). 
Other evidence indicates that concerns over community safety are a 
growing reason for dissatisfaction with green spaces (Welsh Govern
ment, 2018). Residents of deprived areas are more likely to report 
poorer safety in green spaces and visit them less frequently (Jones et al., 
2009) with potential indirect consequences for physical development of 
children. Living in an area which feels unsafe due to high crime levels, 
has a detrimental effect on residents in general (Foster et al., 2013), 
hence living in an area with minimal crime risk becomes beneficial for 
child development. Evidence-based measures that improve area safely 
include neighbourhood watch, street lighting, CCTV, hotspots policing 
and alley gating (Crime Reduction Toolkit | College of Policing). In 
addition, this study also found that good access to services such as public 
transport, food shops, schools, leisure centres and health services are 
important aspects of the local area that helps children who are in 
poverty to achieve PLP in their life. There has been evidence that chil
dren living in an area with good access to services in day-to-day life has a 
positive influence on their overall development (Christian et al., 2015). 
An area with good public transport and good social connectivity is an 
advantageous environment for the children. This might explain why 
children in rural areas are less likely to achieve PLP than children in 
urban areas. The Income domain of WIMD reflects the proportion of the 
people who are living in the area who are claiming income-related 
benefits and qualitative evidence indicates that poverty also has an ef
fect on children’s experiences at school (Horgan, 2007). This study 
found that children who are in poverty (indicated by eligibility for FSM) 
do better when living in an area where fewer people are claiming ben
efits (e.g., less income-related deprivation in the area). This is also 
supported by a previous study which shows that if children in poverty 
have relocated to a less poor areas at an early stage, there is a decrease in 
the risk of adverse consequences in later life (Chetty et al., 2016). If the 
social norm is to be in employment this may make it also the ‘norm’ for 
children to remain in education or seek employment. The additional 

analysis conducted by the study found that the effect of local area on the 
child’s educational attainment is clearer than its effect on child’s mental 
health or alcohol or substance misuse, particularly for the children in 
household level deprivation (FSM children). This indicates that mental 
health and substance misuse might be more associated with individual 
level deprivation and factors within the family rather than local area and 
where are education is strongly associated with area level factors. This 
complex relationship needs further investigation. 

This study brings together anonymously linked, routinely collected 
administrative datasets to build a nationally representative cohort of 
children and followed the study population longitudinally since birth till 
they complete KS4. This linked routine data framework facilitates the 
record linkage for the study population across health, education, and 
household level data. This is a major strength of the current study as this 
helps to overcome the limitations of selection and recall bias which are 
persistent in survey data. Also, data such as WIMD score, education 
record, FSM eligibility that were used to build the models in the study 
are available to government and policy-making bodies, hence these 
models can be exploited for developing intervention plans. However, the 
limitation of the study can be explained as this study uses person-level 
data to identify possible impact of non-income-based factors on child 
development and education outcomes. Aside from proxies for child 
poverty, such as FSM eligibility, the results indicate the effects of com
munity safety, higher relative income, and access to services in an area 
on children’s ability to achieve PLP. In doing so this study utilises small- 
area level measures from WIMD which are linked to ONS census geog
raphies. ONS census geographies are designed to maintain best practice 
is disclosure controls for UK census data and therefore necessarily mask 
household-level variations in WIMD characteristics. This will introduce 
an ecological inference fallacy where aggregated data were used as a 
basis for individuals to make an inference (Hsieh, 2016). 
Aggregated-level data may not necessarily always be a true reflection of 
an individual; hence this can be a limitation of the study. However, the 
findings highlight the impact of broader area-related factors on child 
development in conjunction with a family level deprivation measure 
(FSM). Additionally, there is a need for multilevel modelling at various 
levels such as – LSOA, household and school, which would help to 
investigate the association of various granular area-level factors on a 
child’s PLP profile. More than 20% of eligible children did not have a full 
GP record between age 11–16, so were excluded from the study. Also, 
those who did not have a continuous record in SAIL (WDSD dataset) 
from age 6 months were excluded. These children may have different 
characteristics of those included in the study and we cannot extrapolate 
to children who may have moved in or out of Wales in their early life, 
and the impact this has on achieving PLP, this might introduce a 

Fig. 3. The percentage of the children (FSM and non-FSM) who are achieving PLP across all area level deprivation scores.  
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selection bias in the study. In some cases, there is the possibility that 
people may select areas, such as those performing well academically 
may move to be closer to good schools/libraries and that it is the people 
who chose the area rather than the influence of the area that impacts on 
education outcomes. 

In summary, children who grow up in poverty but have achieved PLP 
as defined by; achieving qualifications at age 16 and do not have a 
mental health diagnosis or substance misuse (including alcohol) prob
lems, are those who live in an area with good community safety, have 
good public transport and access to services and live in an area where 
people are employed rather than on benefits. The findings of the study 
are indicative of the fact that intervention in various aspects of a local 
area such as improving safety, connectivity and more people at work 
might help local children to achieve PLP in terms of education, mental 
health and reducing risk-taking behaviours (alcohol/drug use). 

Ethical approval 

This study was approved by the SAIL Databank independent Infor
mation Governance Review Panel (IGRP) (project number 0916 – WECC 
Phase 4). 
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This research has been carried out as part of the ADR Wales pro
gramme of work. The ADR Wales programme of work is aligned to the 
priority themes as identified in the Welsh Government’s national strat
egy: Prosperity for All. ADR Wales brings together data science experts 
at Swansea University Medical School, staff from the Wales Institute of 
Social and Economic Research, Data and Methods (WISERD) at Cardiff 
University and specialist teams within the Welsh Government to develop 
new evidence which supports Prosperity for All by using the SAIL 
Databank at Swansea University, to link and analyse anonymised data. 
ADR Wales is part of the Economic and Social Research Council (part of 
UK Research and Innovation) funded ADR UK (grant ES/S007393/1). 

This work was also supported by the National Centre for Population 
Health and Well-Being Research (NCPHWR) which is funded by Health 
and Care Research Wales. This work was supported by Health Data 
Research UK which receives its funding from HDR UK Ltd (NIWA1) 

Table 4 
Logistic regression model of the association between WIMD components and 
achieving PLP for the FSM and non-FSM children.  

Variables FSM children non-FSM children  

OR Lower 
CI 

Upper 
CI 

OR Lower 
CI 

Upper 
CI 

Income WIMD 
1(Most 

deprived) 
1.00   1.00   

2 1.00 0.91 1.11 1.22 1.17 1.27 
3 1.19 1.04 1.36 1.39 1.32 1.46 
4 1.39 1.16 1.67 1.70 1.60 1.81 
5 (Least 

deprived) 
1.61 1.26 2.05 2.14 1.99 2.31 

Health WIMD 
1(Most 

deprived) 
1.00   1.00   

2 1.02 0.94 1.12 1.06 1.02 1.10 
3 1.11 0.99 1.25 1.12 1.07 1.17 
4 0.96 0.82 1.12 1.06 1.01 1.12 
5 (Least 

deprived) 
0.89 0.73 1.09 1.12 1.05 1.18 

Access to service WIMD 
1 (Most 

deprived) 
1.00   1.00   

2 0.97 0.83 1.13 0.92 0.88 0.96 
3 1.05 0.90 1.22 0.94 0.90 0.98 
4 1.03 0.88 1.20 0.97 0.92 1.01 
5 (Least 

deprived) 
1.26 1.07 1.48 1.09 1.03 1.15 

Community safety WIMD 
1 (Most 

deprived) 
1.00   1.00   

2 1.16 1.05 1.27 1.11 1.07 1.16 
3 1.37 1.22 1.54 1.24 1.18 1.30 
4 1.47 1.25 1.72 1.38 1.30 1.46 
5 (Least 

deprived) 
1.95 1.57 2.42 1.69 1.58 1.81 

Physical environment WIMD 
1 (Most 

deprived) 
–   1.00   

2 –   1.02 0.98 1.06 
3 –   0.97 0.93 1.00 
4 –   0.98 0.94 1.02 
5 (Least 

deprived) 
–   0.98 0.95 1.02 

Housing WIMD 
1 (Most 

deprived) 
–   1.00   

2 –   1.04 1.00 1.08 
3 –   1.06 1.02 1.11 
4 –   1.10 1.06 1.15 
5 (Least 

deprived) 
–   1.17 1.11 1.23 

Exam Year 
2009 1.00   1.00   
2010 1.13 0.98 1.31 1.17 1.12 1.23 
2011 1.29 1.12 1.48 1.24 1.18 1.30 
2012 1.44 1.25 1.65 1.29 1.23 1.35 
2013 1.66 1.45 1.90 1.44 1.38 1.51 
2014 1.94 1.69 2.23 1.68 1.60 1.76 
2015 2.31 2.01 2.65 1.94 1.85 2.03 
2016 2.83 2.47 3.25 2.21 2.11 2.32 

Gender 
Boys –   1.00   
Girls –   1.06 1.03 1.08 
Living area       
Urban 1.00   1.00   
Rural 0.88 0.81 0.96 0.94 0.91 0.97 

Number of adults in the household 
1 –   1.00   
2 –   1.47 1.41 1.52  

Table 4 (continued ) 

Variables FSM children non-FSM children  

OR Lower 
CI 

Upper 
CI 

OR Lower 
CI 

Upper 
CI 

3 and above    1.27 1.22 1.31 

Number of children in the household 
0 1.00   1.00   
1 1.00 0.92 1.08 1.09 1.06 1.12 
2 0.96 0.87 1.05 0.94 0.91 0.97 
3 and above 0.89 0.81 0.99 0.79 0.75 0.83 

Living with someone who had alcohol problem 
No 1.00   1.00   
Yes 0.77 0.69 0.86 0.63 0.59 0.67 

Living with someone who had depression 
No 1.00   1.00   
Yes 0.88 0.82 0.94 0.70 0.68 0.71 

Living with someone who had serious mental illness 
No –   1.00   
Yes –   0.88 0.79 0.99 

Special Education Need 
No 1.00   1.00   
Yes 0.12 0.11 0.13 0.14 0.14 0.15 

*Intercept for FSM model: 0.24(0.20–0.29) and non-FSM model: 0.51 
(0.47–0.55). 
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This work uses data provided by patients and collected by the NHS as 
part of their care and support. This study used anonymised data held in 
the Secure Anonymised Information Linkage (SAIL) Databank. We 

Fig. 4. Significant factors associated with achieving 
PLP among the FSM children. Note: EXAM_YAER =
Exam year (between 2009 and 2016), COM_WIMD =
Community safety WIMD, INC_WIMD = Income 
WIMD, ACC_WIMD = Access to service WIMD, 
CHILD_HHM = Number of children in the household, 
LIVING_AREA = Living area, HHM_DEPRESSION =
Living with someone who had depression, HHM_AL
COHOL = Living with someone who had depression, 
SEN = Special Education Need.   

Fig. 5. Significant factors associated with achieving 
PLP among the non-FSM children. Note: EXAM_YAER 
= Exam year (between 2009 and 2016), INC_WIMD 
= Income WIMD, COM_WIMD = Community safety 
WIMD, ADULT_HHM = Number of adults in the 
household, HOUS_WIMD = Housing WIMD, HEA_
WIMD = Health WIMD, ACC_WIMD = Access to ser
vice WIMD, CHILD_HHM = Number of children in the 
household, GNDR_CD = Gender, LIVING_AREA =
Living area, HHM_SMI = Living with someone who 
had serious mental illness, HHM_DEPRESSION =
Living with someone who had depression, HHM_AL
COHOL = Living with someone who had depression, 
SEN = Special Education Need.   
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My input 
In this paper, I contributed to the development of a comprehensive research plan and 
conducted extensive data linkage, harmonisation and cleaning across all routine 
datasets for analysis within the SAIL Databank platform. I constructed a stepwise LR 
model to evaluate the relationships between local area characteristics and child 
outcomes. Furthermore, I authored and published this journal article as both the first 
author and corresponding author, ensuring that the findings and insights derived from 
this research reach a wider audience and inform future interventions in the field of early-
life vulnerability profiling. 

Impact 
• This article has been published in The SSM – Population Health in 2023. 
• The paper has been cited in seven other published works (google scholar). 
• This paper constitutes a significant contribution to the early years of 

Administrative Data Research Wales (ADR Wales). The research question 
examined in this paper has been meticulously aligned with the strategic 
objectives of both ADR Wales and Welsh Government policies concerning early 
years. Furthermore, the findings have been communicated to both parties in the 
form of a comprehensive report. 

Conclusion 
The findings of this study highlight the significant influence of local area deprivation on 
children’s life chances. Economic disadvantage at both the family and neighbourhood 
levels is associated with poorer health, lower educational attainment and higher risks of 
adverse social outcomes. However, the study also identifies factors that promote 
resilience among children in deprived areas, including strong community networks and 
access to early intervention services. These insights can help policymakers design more 
effective place-based interventions to support children living in poverty.  Beyond socio-
economic and environmental influences, exposure to domestic abuse (DA) is another key 
determinant of childhood vulnerability. The next chapter examines the intersection of DA 
and child outcomes, utilising linked data to understand risk and resilience patterns.   
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Chapter 5: Insights from linking police domestic abuse 
data and health data in South Wales, UK: a linked routine 
data analysis using decision tree classification 

Critical summary 

Background 

DA is a major public health concern, as it causes long-term damage to victims and their 
families (75,76). Exposure to DA often leads to physical and psychological impairments 
(77) in children and is considered as a form of child maltreatment (76). Research has 
indicated that two third of female victims are revictimised, leading to increased 
utilisation of healthcare services, such as emergency department (ED) attendance (78). 
However, the vulnerability of these situations is often not disclosed to the ED (79).  As a 
result, the circumstances remain unknown and the severity of the vulnerability escalates. 
The objective of this study is to gain comprehensive insights using an integrated data 
framework (WECC Phase 4) that enables data linkage between healthcare datasets and 
Public Protection Notification (PPN) police data. PPN data contains  information on 
victims of DA through the DASH (Domestic Abuse, Stalking and Harassment) 
questionnaire (80). The DASH questionnaire, frequently used by the police and other 
agencies across the UK, is a tool to assess the risk of harm associated with victims of 
domestic abuse, stalking and harassment. The questions asked through the DASH 
questionnaire aim to capture the most important aspects of the situation and evaluate 
the severity of the condition. 

Utilisation of administrative data 

This study received the PPN DASH data for the population of South Wales from 2015 to 
2020 from South Wales Police, one of the four police departments in Wales. South Wales 
Police agreed to provide their data to conduct this data linkage research project to 
identify the risk patterns of victims of DA and improve the ascertainment of individuals at 
high risk of DA without disclosure. This data was obtained with the aim of conducting an 
anonymised data linkage between victims of DA and their healthcare information 
including primary care from WLGP, hospital records from PEDW, and A&E attendance 
records from EDDS as well as administrative records (demographic data from WDS and 
death records from ONS). This data linkage between PPN DASH and health and 
administrative data has happened for the first time in Wales, enhancing the novelty of my 
research work.  

In this study, EDDS, PEDW and ONS death datasets were utilised to derive the outcome 
variable. The primary outcome variable focused on any adverse outcomes, including ED 
attendance, emergency hospital admissions, or death due to any cause within 12 months 
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after the reported DA incident. This study also incorporated detailed information related 
to DA incidents (such as perpetration behaviour, injury details, victim’s response) 
reported in the PPN DASH, which was utilised in the statistical analysis to investigate the 
profiles of victims who are more likely to experience adverse outcomes post-DA. The 
extensive use of administrative data allows for a comprehensive investigation of routine 
data to measure the impact of DA on victims, which is information that is otherwise 
difficult to obtain from other available systems. 

Application of data science methods 

A survival analysis was first conducted using Kaplan-Meier survival methods to evaluate 
the time to adverse outcomes for the victims. A multivariable Cox proportional hazards 
model was then developed to estimate the hazard ratios of the main risk factors 
contributing to these adverse outcomes. Following this, DT models were created to 
identify specific groups at risk of experiencing a DA incident and its subsequent 
outcomes. The DT models highlighted nodes related to the relevant risk profiles of the at-
risk population through a graphical approach. This methodological approach is 
significant as it applies advanced statistical techniques to uncover the dynamics of 
vulnerability and its consequences. By applying survival analysis and DT modelling, the 
study builds critical risk profiles using visual representations of the data, making it easier 
to understand the complex relationships between exposure and outcome variables. 

Early-life vulnerability profiling 

The findings of the study propose a novel approach to identifying the most vulnerable at-
risk populations by using routine data obtained from various services. In this study, the 
at-risk population is defined as those who are more likely to encounter a severe outcome 
after a domestic abuse (DA) incident, which includes emergency hospital admission, 
emergency department attendance and death within 11 months of the DA incident. The 
study established risk factors indicating vulnerability, suggesting that when a perpetrator 
has a history of violence, the victims are more likely to be at risk of future harm. Along 
with adults, this study investigated post-DA healthcare adverse outcomes among 
children (1.2% in the 0 to 9 age group and 10.7% among those aged 10 to 19); however, 
DA records were more prevalent among those aged 20 to 29 (26.5%). Findings revealed 
that, when comparing outcomes with the base age group of 20–29 years, children aged 
10–19 years had a significantly higher risk of experiencing an adverse outcome (results 
are discussed in the main paper). This indicates that children are particularly susceptible 
to adverse outcomes and are likely to seek contact with the healthcare system after a DA 
incident, as their developmental needs may make them more vulnerable. Additionally, 
pregnant individuals face higher risks related to DA, which can affect both their health 
and that of their unborn child (this has been mentioned in chapter 2). Since this study 
shows that individuals involved in household abuse cases frequently have prior contact 
with various service providers, including general practitioners (GPs) and emergency 
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departments, it is valuable for identifying children and pregnant individuals who are 
linked to early-year vulnerability such as emotional developmental risk, physical health 
risk and lifelong impacts of DA exposure. 
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Insights from linking police domestic abuse data and health 
data in South Wales, UK: a linked routine data analysis using 
decision tree classification
Natasha Kennedy, Tint Lwin Win, Amrita Bandyopadhyay, Jonathan Kennedy, Benjamin Rowe, Cynthia McNerney, Julie Evans, Karen Hughes, 
Mark A Bellis, Angela Jones, Karen Harrington, Simon Moore, Sinead Brophy

Summary
Background Exposure to domestic abuse can lead to long-term negative impacts on the victim’s physical and 
psychological wellbeing. The 1998 Crime and Disorder Act requires agencies to collaborate on crime reduction 
strategies, including data sharing. Although data sharing is feasible for individuals, rarely are whole-agency data 
linked. This study aimed to examine the knowledge obtained by integrating information from police and health-care 
datasets through data linkage and analyse associated risk factor clusters.

Methods This retrospective cohort study analyses data from residents of South Wales who were victims of domestic 
abuse resulting in a Public Protection Notification (PPN) submission between Aug 12, 2015 and March 31, 2020. The 
study links these data with the victims’ health records, collated within the Secure Anonymised Information Linkage 
databank, to examine factors associated with the outcome of an Emergency Department attendance, emergency 
hospital admission, or death within 12 months of the PPN submission. To assess the time to outcome for domestic 
abuse victims after the index PPN submission, we used Kaplan-Meier survival analysis. We used multivariable Cox 
regression models to identify which factors contributed the highest risk of experiencing an outcome after the index 
PPN submission. Finally, we created decision trees to describe specific groups of individuals who are at risk of 
experiencing a domestic abuse incident and subsequent outcome.

Findings After excluding individuals with multiple PPN records, duplicates, and records with a poor matching score 
or missing fields, the resulting clean dataset consisted of 8709 domestic abuse victims, of whom 6257 (71·8%) were 
female. Within a year of a domestic abuse incident, 3650 (41·9%) individuals had an outcome. Factors associated with 
experiencing an outcome within 12 months of the PPN included younger victim age (hazard ratio 1·183 [95% CI 
1·053–1·329], p=0·0048), further PPN submissions after the initial referral (1·383 [1·295–1·476]; p<0·0001), injury at 
the scene (1·484 [1·368–1·609]; p<0·0001), assessed high risk (1·600 [1·444–1·773]; p<0·0001), referral to other 
agencies (1·518 [1·358–1·697]; p<0·0001), history of violence (1·229 [1·134–1·333]; p<0·0001), attempted strangulation 
(1·311 [1·148–1·497]; p<0·0001), and pregnancy (1·372 [1·142–1·648]; p=0·0007). Health-care data before the index 
PPN established that previous Emergency Department and hospital admissions, smoking, smoking cessation advice, 
obstetric codes, and prescription of antidepressants and antibiotics were associated with having a future outcome 
following a domestic abuse incident.

Interpretation The results indicate that vulnerable individuals are detectable in multiple datasets before and after 
involvement of the police. Operationalising these findings could reduce police callouts and future Emergency 
Department or hospital admissions, and improve outcomes for those who are vulnerable. Strategies include querying 
previous Emergency Department and hospital admissions, giving a high-risk assessment for a pregnant victim, and 
facilitating data linkage to identify vulnerable individuals.

Funding National Institute for Health Research.

Copyright © 2023 The Author(s). Published by Elsevier Ltd. This is an Open Access article under the CC BY 4.0 license.

Introduction
Attending police officers issue a Public Protection 
Notification (PPN) to document the vulnerabilities of 
individuals who are victims of domestic abuse.1 Once 
issued, the documented information is forwarded to the 
Force Public Protection Unit for a comprehensive risk 
assessment and subsequent determination of necessary 
action.1 Although individuals have a right to privacy, a 
PPN enables information specific to the risk of serious 

harm to be shared with partner agencies when multi-
agency management provides the appropriate response 
to those risks. Indeed, the 1998 Crime and Disorder Act 
requires agencies to collaborate on crime reduction 
strategies, including data sharing. The Domestic Abuse, 
Stalking, and Harassment (DASH) questionnaire is a 
standardised risk assessment tool adopted by the police 
and other agencies to identify and evaluate the potential 
risk of harm to victims of domestic abuse, stalking, or 
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harassment.1,2 The DASH questionnaire comprises a 
series of methodically constructed questions that capture 
vital aspects of the situation, such as the perpetrator’s 
behaviour, the victim’s response, and the level of threat to 
the victim’s safety. The collected data are analysed to 
determine the risk of further harm, and the results are 
used to implement effective interventions to safeguard 
the victim.2

Domestic abuse—defined here to include domestic 
violence and intimate partner violence, as per the DASH 
questionnaire—encompasses a range of incidents 
characterised by coercive, controlling, and abusive 
behaviours directed towards another individual.3 These 
behaviours manifest in various forms, such as coercive 
control and emotional, financial, physical, psychological, 
or sexual violence or threats.3,4 A lifetime incidence 
of domestic abuse has been estimated to affect 27% of 
women globally,5 with a former intimate partner or 
spouse as the predominant perpetrator.4

Studies have indicated that exposure to domestic abuse 
results in long-term negative impacts on the victim’s 
physical and psychological wellbeing.6–8 Research into the 
long-term consequences of repeated victimisation is 
minimal; however, about two-thirds of female domestic 
abuse victims are revictimised.4 When a cycle of 
revictimisation is present, it exacerbates the con
sequences of domestic abuse, such as affecting new 

relationships, introducing negative health behaviours in 
the form of addictions, and developing mental health 
disorders, including post-traumatic stress disorder.4,7–10 
This cycle of revictimisation also increases the use of 
health-care services. Domestic abuse victims interact 
more frequently with Emergency Departments than 
people from the general population.4,11,12

Although domestic abuse victims attend Emergency 
Departments frequently, these visits rarely result in the 
disclosure of abuse to staff or reports to the police.11,12 
Research into the identification of domestic abuse by 
Emergency Department staff indicated that, of 259 visits 
in 1999–2001 in a semi-rural county in the USA, 
physicians were more likely to document the violence 
(83% documented by the physician) than triage nurses 
(62%) or treatment nurses (44%).11 In the context of 
emergency care, it is expected that clinical personnel 
proactively identify and address vulnerabilities that 
extend beyond the initial presenting symptoms. In 
addition to patients’ disclosure, clinicians routinely 
assess their medical history using available data. 
Consequently, clinicians can enact safeguarding 
measures, including referring patients to an Independent 
Domestic Violence Advocate, if they perceive that the 
patient is at risk, even in cases where disclosure is absent. 
Further studies have indicated that domestic abuse 
victims frequently present to the Emergency Department 

Research in context

Evidence before this study 
PubMed and Web of Science were searched for studies 
published in any language between April 17, 2013 and 
April 17, 2023, that investigated health-care use by victims of 
domestic abuse. Using the terms (“domestic violence” or 
“domestic abuse” or “intimate partner violence”) and 
(“emergency medical attendance” or “emergency department 
visits” or “ED attendance” or “hospitalisation”) and (“police”), 
the search yielded 198 results. The results were further filtered 
to include papers with the full text available and limited to 
research involving a human cohort. We manually searched the 
reference lists of the resulting studies for appropriate papers 
and highlighted key authors for relevant further studies. 
Numerous studies report the prevalence of domestic abuse 
victims and the negative health consequences that are endured. 
Consequently, these adverse health outcomes result in 
increased interactions with health-care services. However, 
knowledge is not communicated between agencies on a 
national level, preventing the implementation of safeguarding 
measures. Only four studies have investigated the value of 
linking data from police and health-care records on domestic 
abuse, with studies set in the USA and Canada. The findings of 
these studies suggested several risk factors for adverse 
outcomes, including increased Emergency Department usage, 
subsequent injuries when the incident involved physical 
violence, and the perpetrator having a history of domestic 

abuse. Furthermore, the studies showed that victims of 
domestic abuse often experience mental health disorders.

Added value of this study 
In this study, we describe the value of unifying sensitive data, 
such as police and health-care data. This present study shows 
that highly vulnerable individuals frequently interact with 
health-care services but remain unknown to the police until a 
critical incident, underscoring the value in establishing data 
linkages across different agencies. Moreover, the study provides 
a use case that illustrates results that can be derived from 
linking whole data systems to identify points of early 
intervention for individuals at risk of domestic abuse, thus 
enabling proactive, upstream efforts to protect families.

Implications of all the available evidence 
The evidence presented in this study demonstrates the 
preventive opportunities for stakeholders across multiple 
sectors, which can be facilitated when agencies communicate 
and link data. Future research should examine whether early 
identification of these vulnerable groups by the police or the 
health-care sector could lead to improved outcomes, in 
addition to examining the outcomes stratified by demographic 
profiles. This research can guide the development of targeted 
interventions that might mitigate the escalation of domestic 
abuse and related health outcomes.
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for non-injury-related complaints. Additionally, they also 
have an increased likelihood of having accompanying 
medical records documenting mental health and 
substance abuse issues.11,13–15 Consequently, the 
Emergency Department and hospital setting offers a 
crucial opportunity for intervention and prevention, 
prioritising the health and wellbeing of domestic abuse 
victims. However, it is necessary to establish a robust 
infrastructure to gather additional information to 
effectively address the victims’ needs.

This study aimed to examine knowledge obtained by 
integrating information from police PPN records and 
health-care datasets through data linkage. The study was 
conducted by investigating associations with information 
from numerous datasets, and examining the clustering 
patterns of related factors, as well as their association 
with Emergency Department attendance, emergency 
hospital admission, or death within 12 months of the 
index PPN submission, thereby identifying opportunities 
to improve ascertainment of individuals at high risk of 
domestic abuse without disclosure.

Methods 
Study design and setting
We conducted a retrospective cohort study to ascertain 
the risk factors associated with victims who will 
experience an outcome (ie, Emergency Department 
admission, emergency admission to hospital, or death) in 
the 12 months following a PPN submission for domestic 
abuse. The cohort was composed of residents in the 
South Wales Police Force Region who were domestic 
abuse victims resulting in a PPN submission between 
Aug 12, 2015 and March 31, 2020. The cohort was based 
on the PPN dataset that also comprises records formed 
from the DASH risk identification and assessment 
model.2 Data of anonymised identified persons were 
linked on the individual level to health record data within 
the Secure Anonymised Information Linkage (SAIL) 
databank.16–18 The SAIL databank is a data repository 
containing over 10 billion anonymised records, with a 
population coverage of 100% for hospital and general 
practitioner (GP) data for this South Wales dataset, thus 
enabling person-based data linkage across numerous 
datasets. Each individual is assigned an encrypted 
anonymised linking field; this field is used to link 
anonymised individuals across datasets, thus facilitating 
longitudinal analysis of the individual’s progression 
through the different datasets.17 The linked data includes 
the primary care Wales Longitudinal General Practice 
dataset to identify reasons for contact with health-care 
professionals in general practice; data collected by GPs 
are captured via Read Codes, version 2, which relate to 
diagnosis, medication, and process-of-care codes. 
Hospital inpatient and outpatient data are collated in the 
Patient Episode Database for Wales, which encompasses 
clinical information pertaining to patients’ hospital 
admissions, diagnoses, operations, and discharges using 

the International Classification of Diseases, 10th revision 
(ICD-10) clinical classification system. The Emergency 
Department Dataset for Wales uses three-digit 
alphanumeric codes to capture data regarding activity and 
information from Emergency Department and Minor 
Injury Units. The Office of National Statistics mortality 
dataset held within the Annual District Death Extract 
dataset contains demographic data, place of death, and 
underlying cause of death as ICD-10 codes. The Welsh 
Demographic Service dataset was used to identify all 
patients registered with a GP practice and to flag when 
people move in and out of Wales.

Variables
The outcomes for all analyses were Emergency 
Department attendance, emergency hospital admission, 
and death due to any cause within 12 months of the index 
PPN submission; where the time to event is reported, it 
is the time to the first event for cases where an individual 
had multiple events (ie, emergency admission followed 
by death). An Emergency Department admission 
includes Emergency Department attendance or 
emergency admission to hospital. For women, we 
ensured that the hospital admissions and Emergency 
Department attendances were non-obstetric. Emergency 
Department, hospital, and GP data were examined for up 
to 1 and 3 years before receiving the index PPN 
submission to highlight early risk factors of experiencing 
an outcome following a domestic abuse incident 
(appendix 1 p 1).

In terms of exposures and confounders, all variables 
recorded at the index PPN from the DASH questionnaire2 
were included: attempted strangulation, conflict over a 
child (ie, conflict regarding contact with the child), hurt 
other people, history of further violence, injury, multi-
agency risk assessment conference (MARAC) referral, 
pregnant, and past pregnancy. Subsequent PPN visits 
following the initial index PPN were also included as an 
explanatory variable. Additionally, for the decision tree 
analysis, information from Emergency Department and 
GP (ie, diagnoses, medications, procedures, and referrals) 
and hospital admissions (ie, cause of admission and date) 
were included in the analysis up to 1 and 3 years before 
the index PPN. Specific codes included are in the code list 
in appendix 2; these were filtered to include codes that 
possessed a frequency of greater than or equal to 
250 within the cohort. The majority of the variables from 
the dataset were presented in a binary form, with 
1 representing the presence of a concept and 
0 representing its absence. The age of individuals was 
presented in 10-year brackets to understand the difference 
between different age groups while maintaining a 
suitable population size for analysis.

Data access
The data used in this study are available in the SAIL 
databank18 at Swansea University (Swansea, UK). All data 

For the Emergency Department 
Dataset for Wales see https://
web.www.healthdatagateway.
org/dataset/75c4dcb8-33bf-
43f4-b2bb-db51b6621b2c

See Online for appendix 1

For the Wales Longitudinal 
General Practice dataset see 
https://web.www.
healthdatagateway.org/
dataset/33fc3ffd-aa4c-4a16-
a32f-0c900aaea3d2

For more on Read Codes see 
https://digital.nhs.uk/services/
terminology-and-classifications/
read-codes

For the Patient Episode 
Database for Wales see https://
web.www.healthdatagateway.
org/dataset/4c33a5d2-164c-
41d7-9797-dc2b008cc852

See Online for appendix 2

For the Annual District Death 
Extract dataset see https://web.
www.healthdatagateway.org/
dataset/15cf4241-abad-4dcc-
95b0-8cd7c02be999

For the Welsh Demographic 
Service dataset see https://web.
www.healthdatagateway.org/
dataset/8a8a5e90-b0c6-4839-
bcd2-c69e6e8dca6d

https://web.www.healthdatagateway.org/dataset/33fc3ffd-aa4c-4a16-a32f-0c900aaea3d2
https://web.www.healthdatagateway.org/dataset/33fc3ffd-aa4c-4a16-a32f-0c900aaea3d2
https://digital.nhs.uk/services/terminology-and-classifications/read-codes
https://web.www.healthdatagateway.org/dataset/4c33a5d2-164c-41d7-9797-dc2b008cc852
https://www.datadictionary.wales.nhs.uk/index.html#!WordDocuments/datasetstructure25.htm
https://www.datadictionary.wales.nhs.uk/index.html#!WordDocuments/datasetstructure25.htm
https://web.www.healthdatagateway.org/dataset/15cf4241-abad-4dcc-95b0-8cd7c02be999
https://web.www.healthdatagateway.org/dataset/15cf4241-abad-4dcc-95b0-8cd7c02be999
https://web.www.healthdatagateway.org/dataset/8a8a5e90-b0c6-4839-bcd2-c69e6e8dca6d
https://web.www.healthdatagateway.org/dataset/8a8a5e90-b0c6-4839-bcd2-c69e6e8dca6d
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held in the SAIL databank are anonymised; therefore, 
ethical approval is not mandatory in accordance with the 
Health Research Authority guidance and there is no legal 
requirement for explicit consent to participate under the 
Data Protection Act and UK General Data Protection 
Regulation. Furthermore, permission has been obtained 
from the relevant Caldicott Guardian or Data Protection 
Officer for all data contained in SAIL. In addition, 
proposals using SAIL data are subject to review by an 
Information Governance Review Panel (IGRP) to secure 
approval. The IGRP approval number for this study is 
0916.

Statistical analysis
After the exclusion of multiple PPN records and records 
with missing fields or duplicates, missing values were 
visualised; individuals with 25% or more of missing data 
were removed. The missing values for the remaining 
individuals were replaced with a new category, NR (no 
response). Any categorical variables were altered to 
factors for analysis.

Descriptive statistics were generated to assess the rates 
of experiencing an outcome, stratified by both gender 
and age for the domestic abuse victims who were the 
subject of a PPN submission. We used Kaplan-Meier 
survival analysis to examine the time to outcome for the 
domestic abuse victim after the index PPN submission, 
censoring individuals who moved out of Wales. We used 
multivariable Cox proportional-hazard models, adjusted 

for confounders, to identify which factors contributed 
the highest risk of experiencing an outcome after the 
index PPN submission. The hazard ratios (HRs) were 
reported with 95% CIs and a significance level accepted 
at p<0·05. The reference groups were No for most 
factors; otherwise, the reference group was Male for 
gender, Standard Risk for the risk assessment factor, and 
the age group 20–29 years for age comparisons.

We created decision trees to identify specific groups of 
individuals who are at risk of experiencing a domestic 
abuse incident and subsequent outcome. The decision 
trees were not used to develop a predictive model, they 
were utilised in the context of descriptive epidemiology 
to investigate the clustering of risk factors within 
individuals (ie, everything represented by codes in the 
code list [appendix 2]). This approach facilitated the 
identification of the relevant nodes that could be used to 
classify an individual considering their risk factor 
clusters. The data handling and preparation were 
performed in SQL, using Eclipse 2020-03 (version 4.15). 
Final data preparation was performed in R Studio, 
version 4.1.3, whereas the decision trees were conducted 
in IBM SPSS, version 28.0.0.0.

Role of the funding source
The funders of the study had no role in study design, 
data collection, data analysis, data interpretation, or 
writing of the report.

Results
The PPN dataset contained 26 762 records; of these, 
15 189 individuals had multiple PPN records. The 
exclusion of multiple PPN records resulted in a dataset 
comprising only the index PPN record, generating a 
cohort of 11 573 domestic abuse victims. We also excluded 
records with a poor matching score (n=344; appendix 1 
p 1), duplicates (n=424), missing gender (n=60), and an 
empty PPN record (n=27). Individuals with 25% or more 
of missing data were removed (n=2009), resulting in a 
3% decrease of male victims, disproportionate to female 
victims, in the 20–39-year age range.

The resulting cohort comprised 8709 individuals 
(figure 1), of whom 6257 (71·8%) were female (table 1). 
The age groups of 20–29 years (30·0%) and 30–39 years 
(26·4%) contributed the highest proportion of domestic 
abuse victims; conversely, the age groups 0–9 (0·6%) and 
80 years or older (0·7%) contributed the lowest proportion 
of domestic abuse victims.

3650 (41·9%) individuals had an outcome within a year 
of a domestic abuse incident; 2661 (72·9%) were female 
and 989 (27·1%) were male (table 1). 3544 individuals 
attended an Emergency Department, of whom 
1085 individuals were then transferred to hospital. 
Overall, 1182 had an emergency hospital admission.

The age distribution of the outcome cohort indicates 
that more women than men had an outcome in the age 
range 20–39 years, which comprises the largest 

Figure 1: Study profile
PPN=Public Protection Notification.

26 762 participants in PPN dataset 

11 573 remaining participants

10 718 remaining participants

15 189 excluded due to multiple PPN records

2009 excluded due to missing data
(missing percent >25%)

855 excluded
414 PPN duplicates on same day
344 low matching score

60 missing gender
27 no PPN data
10 gender or week of birth duplicates

Other missing replaced by no response category

8709 participants in clean dataset
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proportion of domestic abuse victims. The total 
Emergency Department attendance rate was 572 (95% CI 
554–591) per 1000 person-years and the hospitalisation 
rate was 185 (175–197) per 1000 person-years.

In comparison with the base age group of 20–29 years, 
those aged 10–19 years had an increased risk of experiencing 
an outcome (HR 1·183 [95% CI 1·053–1·329], p=0·0048; 
table 2; appendix 1 pp 1–4). Conversely, individuals aged 
30–69 years had a decreased risk of experiencing an 
outcome (30–39 years: 0·882 [0·808–0·962], p=0·0045; 
40–49 years: 0·801 [0·724–0·887], p<0·0001; 50–59 years: 
0·772 [0·681–0·874], p<0·0001; 60–69 years: 0·728 
[0·602–0·879], p=0·0010).

Cases involving attempted strangulation of the victim 
were associated with a higher risk of a future outcome 
(HR 1·311 [95% CI 1·148–1·497]; p<0·0001) than cases 
for which attempted strangulation was not present. 
Furthermore, victims had a higher risk of experiencing 
an outcome in the year proceeding a domestic abuse 
incident when the incident resulted in an injury (1·484 
[1·368–1·609]; p<0·0001) than when it did not. Cases 
involving a pregnant household member had an 
increased risk of a future non-obstetric outcome (1·372 
[1·142–1·648]; p=0·0007). Incidences where the 
perpetrator has hurt other people (1·218 [1·028–1·444]; 
p=0·023) or has a history of further violence (1·229 
[1·134–1·333]; p<0·0001) resulted in an increased risk 
of the victim undergoing an outcome. Similarly, 
households that were subject to a MARAC referral 
(1·518 [1·358–1·697]; p<0·0001) or received multiple 
subsequent police visits after the index PPN (1·383 
[1·295–1·476]; p<0·0001) have an increased risk of 
experiencing an outcome. Cases assessed as high risk, 
medium risk, or receiving no response from the 
responding police officer (high risk: 1·600 [1·444–1·773]; 
p<0·0001; medium risk: 1·117 [1·034–1·206]; p=0·0051; 
no response: 1·188 [1·075–1·312]; p=0·0007) were 
associated with a higher risk of experiencing an 
outcome than cases assessed as standard risk. Incidents 
involving conflict over a child had a lower risk of 
undergoing an outcome (0·856 [0·774–0·947]; 
p=0·0026) than those that did not. Furthermore, if a 
household member has had a child in the 18 months 
before the domestic abuse incident (past pregnancy), 
then the risk of an outcome is lowered (0·812 
[0·722–0·913]; p=0·0005).

A decision tree combining knowledge gathered from 
GP and Emergency Department admissions up to a year 
before the domestic abuse incident, as well as information 
obtained by the police during the PPN submission, 
indicated that any Emergency Department admission 
before the domestic abuse incident is the most significant 
risk factor of experiencing an outcome (figure 2). Those 
with an Emergency Department admission 1 year before 
the event were further classified with the quantity (PPN 
count) and severity (MARAC referral) of their interactions 
with the police. Those who are known to the health-care 

system and go on to have further contact with the police 
were the most at risk of having an outcome after the 
domestic abuse incident.

Individuals with up to one Emergency Department 
admission and who had subsequent interactions with the 
police were further split by the prescription of CNS 
drugs; those who were prescribed these drugs were more 
likely to experience an outcome. These drugs were 
mostly prescribed for anxiety, depression, and sleep 
disorders. Individuals who were not prescribed CNS 
drugs were split on age; the extreme age groups, 
10–19 years and 80 years and older, were classified as 
being at greater risk of undergoing an outcome after a 
domestic abuse incident than those in other age groups.

For individuals who had minimal interactions with the 
health-care and police systems, the question about 
history of further violence was important as it is asked 
when there is an injury at the scene. Therefore, in 
scenarios where this question was asked, the risk of a 
future outcome was higher than scenarios where this 
question was not asked and marked as NA (ie, not 
applicable).

Male Female Total

Demographics

Total cohort n=2452 n=6257 n=8709

Age category, years

0–9 29 (1·2%) 22 (0·4%) 51 (0·6%)

10–19 263 (10·7%) 521 (8·3%) 784 (9·0%)

20–29 649 (26·5%) 1962 (31·4%) 2611 (30·0%)

30–39 595 (24·3%) 1700 (27·2%) 2295 (26·4%)

40–49 423 (17·3%) 1085 (17·3%) 1508 (17·3%)

50–59 275 (11·2%) 617 (9·9%) 892 (10·2%)

60–69 137 (5·6%) 211 (3·4%) 348 (4·0%)

70–79 57 (2·3%) 104 (1·7%) 161 (1·8%)

≥80 24 (1·0%) 35 (0·6%) 59 (0·7%)

Outcomes

Overall n=989 n=2661 n=3650

Type of outcome

Any admission 985 (99·6%) 2656 (99·8%) 3641 (99·8%)

Emergency Department attendance 960 (97·1%) 2584 (97·1%) 3544 (97·1%)

Emergency hospital admission 266 (26·9%) 916 (34·4%) 1182 (32·4%)

Death 23 (2·3%) 25 (0·9%) 48 (1·3%)

Outcomes by age category, years

0–9 16 (1·6%) 9 (0·3%) 25 (0·7%)

10–19 110 (11·1%) 286 (10·7%) 396 (10·8%)

20–29 294 (29·7%) 876 (32·9%) 1170 (32·1%)

30–39 227 (23·0%) 701 (26·3%) 928 (25·4%)

40–49 167 (16·9%) 411 (15·4%) 578 (15·8%)

50–59 99 (10·0%) 228 (8·6%) 327 (9·0%)

60–69 43 (4·3%) 78 (2·9%) 121 (3·3%)

70–79 21 (2·1%) 55 (2·1%) 76 (2·1%)

≥80 12 (1·2%) 17 (0·6%) 29 (0·8%)

Table 1: Descriptive statistics of the cohort split by gender
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The smoking status of the victim was indicated as an 
important factor for those for whom NA was the answer 
to history of further injury; the presence of smoking 
behaviour related to an increased risk of experiencing an 
outcome.

Incorporating additional information provided by the 
health-care system up to 3 years preceding the index PPN 
submission further indicated that multiple Emergency 
Department admissions before the domestic abuse 
incident was significantly associated with experiencing 
an outcome (figure 3). The individuals who were most at 
risk of undergoing an outcome after the domestic abuse 
incident were those who had more than seven Emergency 
Department admissions in the 3 years before and who 
received smoking cessation advice from their GP. 
Individuals who had more than three Emergency 
Department admissions but less than seven admissions, 
and have had more than two PPN submissions, are also 
at high risk; those who were classified as a cigarette 
smoker by their GP had a greater risk of experiencing an 
outcome than those who were not. Individuals with less 
than three Emergency Department admissions were split 

by future PPN count; overall, those with a PPN count of 
less than one were at the lowest risk of having an 
outcome compared with the entire cohort. However, 
those individuals who were not known to the health-care 
or police systems but had been prescribed CNS drugs by 
their GP and who were in the extreme age group 
categories of 0–29 years and 70–79 years were at risk of 
undergoing an outcome.

Discussion
This study shows how communication between separate 
services can be utilised to identify points of early 
intervention for victims of domestic abuse up to 3 years 
before a potential police PPN submission. The findings 
demonstrate several risk factors that reflect vulnerability; 
when the perpetrator exhibited a pre-existing pre
disposition for violence, either in hurting others or with a 
history of violence, the domestic abuse victims were found 
to have an increased vulnerability for future outcomes. 
Furthermore, pregnant victims showed heightened 
vulnerability and had poorer outcomes; research has 
indicated that domestic abuse has been independently 
associated with the birth of a low-birthweight baby.19 

Hazard ratio (95% CI) p value

Age group, years

20–29 Ref

0–9 1·400 (0·938–2·092) 0·10

10–19 1·183 (1·053–1·329) 0·0048

30–39 0·882 (0·808–0·962) 0·0045

40–49 0·801 (0·724–0·887) <0·0001

50–59 0·772 (0·681–0·874) <0·0001

60–69 0·728 (0·602–0·879) 0·0010

70–79 1·087 (0·860–1·374) 0·48

≥80 1·110 (0·767–1·607) 0·58

Attempted strangulation

No Ref

No response 0·970 (0·602–1·562) 0·90

Yes 1·311 (1·148–1·497) <0·0001

Conflict over a child

No Ref

No response 1·060 (0·709–1·584) 0·78

Yes 0·856 (0·774–0·947) 0·0026

Hurt other people

No Ref

No response 0·570 (0·285–1·140) 0·11

Yes 1·218 (1·028–1·444) 0·023

History of further violence

No Ref

No response 0·905 (0·649–1·263) 0·56

Yes 1·229 (1·134–1·333) <0·0001

Gender

Male Ref

Female 1·071 (0·996–1·152) 0·066

(Table 2 continues in next column)

Hazard ratio (95% CI) p value

(Continued from previous column)

Injury

No Ref

No response 1·143 (0·571–2·288) 0·71

Yes 1·484 (1·368–1·609) <0·0001

MARAC referral

No Ref

No response 1·024 (0·956–1·097) 0·51

Yes 1·518 (1·358–1·697) <0·0001

Multiple police visits (PPNs)

No Ref

Yes 1·383 (1·295–1·476) <0·0001

Past pregnancy

No Ref

No response 0·784 (0·516–1·193) 0·26

Yes 0·812 (0·722–0·913) 0·0005

Pregnant

No Ref

No response 0·929 (0·514–1·679) 0·81

Yes 1·372 (1·142–1·648) 0·0007

Risk assessment

Standard Ref

No response 1·188 (1·075–1·312) 0·0007

Medium 1·117 (1·034–1·206) 0·0051

High 1·600 (1·444–1·773) <0·0001

MARAC=multi-agency risk assessment conference. PPN=Public Protection 
Notification.

Table 2: Hazard ratios and CIs for each factor for predicting an 
emergency attendance following a PPN, adjusted for confounders
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Additionally, victims were shown to be known to 
Emergency Departments before the police are involved. 
Highly vulnerable individuals might interact frequently 
with Emergency Department health-care services but 
remain unknown to the police until a domestic abuse 
incident that requires an intervention;4,11–13 the most 
vulnerable individuals have been identified as those who 
had more than seven Emergency Department admissions 
up to 3 years before the index PPN submission.

The decision tree analysis highlighted several risk 
profiles with differing clusters of risk factors that might 
reflect different pathways through police contact, health 
care, and individual contexts. Our findings corroborated 
previous observations that the highest risk group of 
people experiencing domestic abuse are those well 
known to Emergency Department health-care services.11 
In our decision tree analysis, we found that an additional 
indicator for high risk was having had interactions with 
their GP, either for smoking cessation advice or by being 
identified as a cigarette smoker. This observation is in 
line with research that indicated that domestic abuse is 
associated with adverse health behaviours, such as 
substance abuse and addiction.4,7–9,11,13 Smoking could be 
indicative of an addiction behaviour that might serve as a 

coping mechanism.20 Furthermore, smoking behaviour 
has been shown to be more prevalent in individuals from 
an economically deprived background,21–23 which has 
been found to be associated with domestic abuse within 
the household.6

A further set of factors suggested a subset of victims that 
are at high risk for a major health outcome. These 
individuals are repeatedly in contact with police after the 
index PPN submission and before the subsequent 
outcome event. Both decision trees indicated that those at 
the highest risk are split by the presence of more than two 
police visits. Individuals with less than two police visits but 
with a MARAC referral were also considered to be at high 
risk. This finding might indicate a progressively worsening 
home situation. These findings are similar to what has 
been found in victims of intimate partner violence; a study 
in the USA observed that Emergency Department use was 
associated with an increased number of police calls,13 
whereas another study in Canada found it was associated 
with more violent abuse than for those who do not use the 
Emergency Department.4 These findings indicate that the 
manifestation of domestic abuse, specifically intimate 
partner violence in these studies, has shifted from a 
situation of coercive control to physical violence.

Figure 2: Decision tree to examine clustering of those who experience an outcome using data from other sources up to 1 year before the index PPN 
submission date
GP=general practitioner. MARAC=multi-agency risk assessment conference. NA=not applicable. PPN=Public Protection Notification.
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In contrast another group comprised individuals who 
were less often in contact with Emergency Department 
health-care services. This group consists of people who 
have had more than one police visit after the domestic 
abuse incident, with less than three Emergency 
Department admissions up to 3 years before, or less than 
one Emergency Department admission up to 1 year 
before the domestic abuse incident. Obstetric codes 
recorded by the victim’s GP up to 3 years before were 
indicative of those at highest risk within this group: 
mothers with young children. Several studies have 
observed that victims of intimate partner violence, which 
is included in the definition of domestic abuse by the 
DASH questionnaire, are more likely to be in their 
childbearing years;11,24–26 those who suffer abuse during 
pregnancy reported that it worsened throughout the 
duration, whereas for some who previously suffered 
abuse, they indicated that it was a protective period.25 
Research has indicated that having a child can increase 
economic pressures;27 economic hardship increases stress 
on relationships, which has been shown to escalate the 
incidence of abuse.27 The survival analysis also highlighted 
that victims who are pregnant at the time of PPN 
submission were more likely to have an outcome in the 
following year. Conversely, cases characterised by conflict 
over child contact had a decreased risk of experiencing a 
future outcome, which might be interpreted that a co-
parent and potential perpetrator no longer cohabits 

within the same household, which could decrease 
exposure to abusive behaviour.

Finally, we identified a group that was relatively 
unknown to both Emergency Department health-care 
services and police, but who nonetheless could be 
considered vulnerable individuals from the presence of 
GP codes. Those who had less than one police visit after 
the PPN submission were more likely to experience an 
outcome if they have been prescribed CNS drugs and 
were in the extreme age groups of 0–29 years or 
70–79 years, compared with those who have not been 
prescribed these drugs or who are in different age 
groups. Furthermore, victims who were questioned by 
the police about the perpetrator’s violent tendencies at 
the incident and were prescribed both CNS drugs and 
drugs used in infections are more likely to experience the 
outcome compared to those who are not prescribed such 
drugs. These codes could suggest a stressful home 
environment, which is associated with adverse mental 
health symptoms. The presence of infection codes might 
indicate that these people have injuries or poor living 
conditions.

Our findings suggest that people who are attended to 
by the police for cases of abuse in the household have 
previously been in contact with various service providers, 
including GPs and Emergency Department health care. 
The linking of data from different organisations might 
enhance the efficiency and effectiveness of these 

Figure 3: Decision tree to examine clustering of those who experience an outcome using data from other sources up to 3 years before the index PPN 
submission date
GP=general practitioner. NA=not applicable. PPN=Public Protection Notification.
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organisations’ response systems. By using anonymised 
data sharing and linkage across multiple agencies we 
could identify warning signs, such as frequent visits to 
an Emergency Department. It could also help refine the 
DASH questionnaire adding additional risk factors that 
have been identified from linked data research, such as 
questions regarding previous Emergency Department 
admissions and the prescription of antidepressants or 
antibiotics from their GP. The use of an anonymised 
linkage system with a trusted third party enables research 
and system learning while preserving confidentiality 
and anonymity of the individuals. However, the 
implementation of cross-organisational data linkage at 
the national level for long-term purposes beyond research 
to identify individuals requires consultation with the 
public and consensus on the appropriate data types, 
linkage objectives, and purpose for linkage. Consensus 
is necessary to ensure that data sharing between 
organisations does not prevent individuals seeking help 
from Emergency Departments or similar services due to 
fear of being identified by the police, as such awareness 
has potential to deter help-seeking behaviours. The 
results of this study underscore the importance of 
providing training for Emergency Department personnel 
to recognise and address potential cases of abuse.

There are several limitations to this study. The PPN 
dataset comprises records spanning 2015–20 as PPN 
records were not available before 2015. Consequently, 
left-censoring arose in this study. In addition, the 
inclusion criteria required that the victim first has a PPN 
submission before experiencing a domestic abuse-related 
outcome. As such, those individuals who are experiencing 
domestic abuse without engaging with the police are 
excluded from this analysis. Furthermore, the index PPN 
submission within this study might not be the actual first 
PPN submission; thus, the actual time to event might be 
different to the calculated time to event between the 
index PPN and the outcome event. Moreover, this study 
is predominantly descriptive; therefore factors identified 
cannot be used to establish cause and effect and residual 
confounding might operate. Finally, restricting the 
analysis to non-obstetric Emergency Department 
admissions for women might have resulted in an 
underestimation of the influence of household abuse in 
pregnancy. Notably, some events, such as pre-term 
delivery, which could be triggered by abuse, would have 
been excluded.

Highly vulnerable individuals frequently interact with 
health-care services but remain unknown to the police 
before an incident that requires an intervention. This 
finding underscores the potential value of linking data 
across different agencies to facilitate targeted prevention 
measures instead of reactive ones. Moreover, identifying 
individuals at high risk following a police interaction 
could enable the establishment of protective measures. 
The data generated by this study have the potential to 
identify risk without relying on disclosure, forming a 

foundation for enhanced integration. Further research is 
needed to validate these findings and examine whether 
early identification of these groups by the police or in the 
health-care setting could lead to improved outcomes, in 
addition to examining the outcomes stratified by 
demographic profiles.
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WECC Phase 4 framework, significantly enhancing our ability to analyse and understand 
the dynamics of DA. 

I developed the study design and contributed to the methodology used to explore the 
research objectives. I also provided supervisory guidance on data linkage and 
preparation, ensuring the accuracy and integrity of the data used in this study. 
Additionally, I worked on the validation of the scripts developed for the modelling of the 
data and contributed to the development of the manuscript. 

Impact 
• This paper was published in The Lancet Public Health journal in 2023, one of the 
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• This work has been cited by nine other published studies, highlighting the paper's 

importance and relevance in the research field. 
• This work has laid the foundation for future research grants aimed at investigating 

linked police and administrative data. 
 

Conclusion 

The findings from this study reinforce the critical need for an integrated approach to 
addressing DA and its consequences on children, as they are at higher risk of 
experiencing adverse health outcomes due to DA. DA substantially impacts younger 
individuals (increasing the risk of adverse physical and mental health outcomes) and 
pregnant women’s (increasing the risk of preterm birth, LBW and postnatal mental and 
physical health issues), further heightening the vulnerability of these groups to severe 
outcomes. This linked police and healthcare data study provides a clearer picture of risk 
factors and outcomes, emphasising the importance of early intervention and 
coordinated support services. While the focus here is on family-level vulnerabilities, such 
as exposure to DA, the following chapter will explore the association between family 
environment and the health conditions of children who are at a higher risk of early alcohol 
use, one of the most severe risk-taking behaviours that can develop during adolescence.  
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Chapter 6: Health and household environment factors 
linked with early alcohol use in adolescence: a record-
linked, data-driven, longitudinal cohort study 

Critical summary 

Background 

Early onset of alcohol use is a predictor of adverse outcomes, increasing a child’s 
vulnerability later in life, including low academic achievement, poor physical and mental 
health outcomes and a higher risk of substance abuse (81–83). Existing research on the 
risk factors associated with early alcohol use has primarily focused on family 
characteristics and individual socio-economic, neurocognitive, behavioural, or 
emotional factors, either individually or in combination (84–86). However, the 
relationship between a child's health status and subsequent alcohol use remains 
underexplored, with limited data-driven exploration of these risk factors in the literature. 
This study integrates hypothesis-based knowledge with data-driven insights to 
investigate factors associated with early alcohol use. Employing a two-stage data-driven 
approach, the research assesses the interplay between childhood health factors, 
household environments and alcohol-related outcomes in adolescence. The study aims 
to provide a new methodological framework for investigating the risk factors associated 
with early alcohol use, thereby enhancing current understanding of this critical public 
health issue. 

Utilisation of administrative and other data 

One of the novelties of the current study is hybridisation, which involves combining 
survey with routine data. This hybridisation is a powerful approach in data science, 
bringing together the strengths of both survey and routine data sources that complement 
each other. The MCS is a survey data that provides detailed child and household-level 
information at various stages of the child’s life, while the longitudinal nature of the routine 
data adds significant richness to the study. To address early-life vulnerabilities effectively, 
having a holistic picture of the household, along with the health of the family and child, 
is crucial which was offered by MCS survey data. Hybridisation enables the 
establishment of a comprehensive framework for investigating early alcohol use 

This study employs a two-stage data-driven approach. In stage one, longitudinal survey 
data from the MCS (87) were utilised, then linked to participants' primary care electronic 
health records (EHRs) from WLGP and secondary care EHRs from PEDW. The objective 
of linking the longitudinal survey cohort with administrative EHR data includes a) 
leveraging 11 years of data from the MCS, encompassing self-reported alcohol use, 
parent-reported family-level data and child-specific information; and b) integrating this 
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with 10 years of longitudinally followed EHR data (one year prior to the collection of 
alcohol data) in the form of ICD-10 and READ codes Version 2.  

Stage one provided a list of significant risk factors for early alcohol use obtained from 
linked survey and routine data collection. These findings informed the development of   
analogous risk factors in stage two using solely linked routine data. While stage one 
developed a risk profile based on survey participants, stage two focused on constructing 
a risk profile for the entire population. The extensive EHRs, encompassing ICD-10 and 
READ codes, provided a rich resource for a comprehensive analysis of health patterns 
and other risk factors associated with early alcohol use. This novel two-stage approach 
facilitated the creation of a comprehensive dataset that combined the strengths of both 
survey and routine data, helping to reduce the limitations of the routine data. 

Application of data science methods 

In stage one, a chi-square (χ²) feature selection method was employed to identify the 
most significant health codes from 10 years of EHR data. Following this, a stepwise LR 
model was developed to incorporate the interdependence between explanatory 
variables derived from both survey and routine data. This process identified the most 
statistically significant variables associated with alcohol use outcomes, helping to 
reduce the variable space and optimise the time required to recreate analogous variables 
for stage two. 

In stage two, analogous variables were constructed from the routine data, as detailed in 
the paper. This approach optimised the utilisation of routine data in the analysis. The 
hybridisation of diverse data types, as implemented in this study, represents a novel 
approach that merges the complementary strengths of EHRs with the personal insights 
derived from questionnaire-based cohort data. This integration provides a robust 
foundation for findings generalisable to the broader population. 

This methodological approach strengthens the analysis by systematically identifying the 
most relevant factors contributing to the risk of early alcohol use. The data-driven 
approach eliminates the risk of overlooking any critical variables that influence alcohol-
related outcomes.  

Early-life vulnerability profiling 

The findings of the study reveal the critical role of both individual health status and family 
dynamics in predicting early alcohol use. The longitudinal nature of the study allowed for 
an exploration of changes in exposure during the first 11 years of life, providing a clearer 
understanding of how early experiences shape later alcohol use. The use of survey data 
adds value by capturing in-depth family-level circumstances that contribute to the 
development of risk profiles in early life helping to predict adverse outcomes. This 
combination improves our understanding of health issues and strengthens the overall 
analysis. 
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The record-linked, data-driven methodology demonstrates the power and effectiveness 
of integrating survey data with EHRs to build a comprehensive risk profile, applicable to 
other areas of vulnerability profiling. The study’s findings (from both stages) also highlight 
that children who receive support for their health needs, such as healthcare records for 
vaccinations, attendance at routine health examinations with their GP and contact with 
health services recorded in primary and secondary care are at a lower risk of early alcohol 
use. This suggests that a lack of regular healthcare contact may serve as a proxy for 
increased risk. By enabling precise vulnerability profiling, this rigorous methodological 
framework contributes to the development of more targeted public health interventions 
and strategies to reduce early alcohol use among at-risk populations. 
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Abstract

Introduction
Early alcohol use has significant association with poor health outcomes. Individual risk factors around
early alcohol use have been identified, but a holistic, data-driven investigation into health and
household environmental factors on early alcohol use is yet to be undertaken.

Objectives
This study aims to investigate the relationship between preceding health events, household exposures
and early alcohol use during adolescence using a two-stage data-driven approach.

Methods
In stage one, a study population (N = 1,072) were derived from the Millennium Cohort Study (MCS)
Wales (born between 2000–2002). MCS data were first linked with electronic-health records. Factors
associated with early (<= eleven years old) alcohol use were identified using feature selection and
stepwise logistic regression. In stage two, analogous risk factors from MCS were recreated for whole
population (N = 59,231) of children (born between 1998-2002 in the Welsh Demographic Service
Dataset) using routine data to predict the alcohol-related health events in hospital or GP records.

Results
Significant risk factors from stage two included poor maternal mental (adjusted odds ratio
[aOR] = 1.31) and physical health (aOR = 1.25), living with someone with alcohol-related problem
(aOR = 2.16), single-adult household (aOR = 1.45), ever in deprivation (aOR = 1.66), child’s high
hyperactivity (aOR = 3.57), and conduct disorder (aOR = 3.26). Children with health events, whose
health needs are supported (e.g., are taken to the doctor), are at lower risk of early alcohol use.

Conclusion
Health events of the family members and the child can act as modifiable exposures and may therefore
inform the development of prevention initiatives. Families with known alcohol problems, living in
deprivation, experiencing child behavioural problems and those who are not taken to the doctor
are at higher risk of early drinking behaviour and should be prioritised for early years support and
interventions to target problem drinking in young people.
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Introduction

Alcohol use in childhood is associated with the risk of later
alcohol abuse, alcohol dependence [1] and several negative
outcomes including poor educational achievement, death and
disability [2–5]. Known factors that predict early alcohol use
include a child’s hyperactivity and conduct disorder [6, 7],
lack of family support, household dysfunction, parental alcohol
drinking pattern, parental indifference towards young persons’
alcohol use [8–11] and adverse childhood experiences (ACEs)
(e.g., child abuse and parental discord) [12]. Current research
has largely focused on the family environment, individual
level socio-demographic, neurocognitive, behavioural or
emotional features, individually or in combination [13–
15]. Although it is known that ACEs have a detrimental
impact on a child’s health in early life [16, 17], it is not
known whether a child’s own health status is associated
with subsequent alcohol use and alcohol-related health
outcomes.

Child health is a broad term that includes maintaining and
protecting physical, mental and social health [18]. Broadly,
there are two dominant methodological approaches in the
investigation of child alcohol use that are increasingly regarded
as complementary [19]. First, survey methodology allows
researchers to focus on specific exposures and outcomes,
such as volume of alcohol consumed, and to tailor validated
[20] instruments to address preconceived study hypothesis
[2]. Limitations include relatively small sample size, non-
response, selection and volunteer bias [21]. Second, the
analysis of routinely collected electronic health records
(EHRs) facilitates the inclusion of a greater number of
individuals, even entire populations, than is feasible using
surveys. The analysis of whole population EHRs, however,
imposes challenges relating to the processing and management
of data, including addressing missing data on informative
variables [22]. For example, EHRs are unlikely to capture
occasional alcohol consumption but would be expected
to capture health outcomes relating to hazardous alcohol
use.

Existing literature on this topic has predominantly
focused on preconceived study hypothesis [2], however this
increases the chance of missing risk factors which have
not already been identified. In contrast to this, a data-
driven framework would avoid the limits of a pre-defined
and hypothesis-bound investigation and significantly open
up the exploration of the variable space. We anticipate
that this will provide new insights and will ultimately help
to develop a better understanding of the research problem
under investigation. Hence, the current study does not
focus on an explicit causal analysis, rather we aim to
merge hypothesis-based knowledge with data-driven insights
to investigate the risk factors associated with early alcohol
use.

In this study we assess the relationship between childhood
health factors, household environment and alcohol-related
outcomes during adolescence using a two-stage data-driven
approach. These broad categories of risk factors were based on
hypothesis-based knowledge as discussed above. This method
brings together a hypothesis-based study design followed by a
data-driven approach which complements and minimises the
limitation of both study designs.

Methods
A two-stage data-driven approach has been undertaken to
investigate the association between the specific risk factors
and the outcome in this study. In stage one, a machine
learning feature selection algorithm and a classifier were
used to identify the health conditions and socio-demographic
factors associated with early alcohol use from linked EHRs
and Millennium Cohort Study (MCS) survey data. In stage
two, analogous risk factors identified from stage one were
then sought in routine data and an analytic approach was
used to determine the prediction model. The linked routinely
collected EHRs and vast volume of administrative data from
the whole population of Wales was analysed to determine the
effect of the risk factors identified in the MCS data analysis
as predictors to target alcohol-related health outcomes in the
general adolescent population.

Stage one – Millennium Cohort Study (MCS)

Participants

The MCS is a longitudinal birth cohort of children born in
the UK between the years 2000 and 2002 [23]. Parents of the
original 18,819 singleton children were interviewed from all
parts of UK when their child was nine months old, of those
1,951 were interviewed in Wales. Subsequent interviews took
place at ages three, five, seven and eleven years of age. Written
consent to link MCS children with their routine EHRs up to age
fourteen years was obtained from their parents at the interview
undertaken when children were seven years of age. Data of
the 1,838 consented singleton children resident in Wales was
subsequently linked with their EHRs. The study population
included children who also participated in the interview at
age eleven years, as the primary outcome data were collected
at that point. The current study excluded participants who
did not have a general practitioner (GP) record in the Welsh
Longitudinal General Practice (WLGP) dataset before they
were eleven years of age (Supplementary Figure 1).

Exposure

The study included parent reported socio-demographic and
family-related variables for children from MCS interviews
which took place between the age of nine months and seven
years of the children. These include child’s sex, mother’s
socio-economic classification (SEC), household poverty level
(whether the household income was above/below 60% of
national median using a modified Organisation for Economic
Co-operation and Development scale), living area (based
on 2005 Rural/Urban Area Classification), mother’s alcohol
use during and post pregnancy, lone parent carer, and
number of children. Based on lone parent status, the
total number of siblings at household and total number
of household members, the study derived a binary variable
to identify whether the child was residing with any other
additional household members. Using both parents’ responses
on alcohol consumption, guardian alcohol use variables were
derived. Children’s emotional and behavioural difficulties were
measured using the parent completed Strength and Difficulty
Questionnaire (SDQ) [24]. Since most of these variables are
time varying (and collected from MCS at ages nine months
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until age eleven years) aggregated summary variables were
derived based on average values. These variables include SDQ,
mother’s SEC, lone parent status, guardians’ alcohol use, living
area, poverty indicator, additional household member and
mother’s alcohol use after their child was born. The exposure
variables from MCS have been described in Table 1.

The health records of the children were also considered as
the exposures for risk of early alcohol use. EHRs of the MCS
children obtained from hospital admission record and primary
care events within the Patient Episode Database for Wales
(PEDW) and the WLGP dataset. A broad list of explanatory
health codes was constructed using the three-digit ICD-10
codes and Read Code Version 2 recorded in PEDW and WLGP
from birth until age ten (one year before the alcohol data were
collected). Wales Electronic Cohort for Children (WECC) [25]
containing further details on child health in Wales, were used
to obtain age and maternal age at birth.

Outcome

Alcohol data for MCS children were obtained from a self-report
questionnaire at age eleven (Supplementary Table 1). Based on
the responses to the questionnaire the children were classified
into two groups: those who had consumed alcohol (case) and
those who had not (non-case). Those who did not answer or
provided contradictory responses were removed from analyses
(Supplementary Figure 1).

Statistical analysis

In the cohort exposure dataset, the participants with more than
10 missing variables (out of 13) were removed from analyses
to ensure the accuracy of the data. An explanatory variable
with less than 10% missing data had been imputed using a
predictive mean matching (PMM) imputation method [26, 27].

To identify the health codes that were associated with early
alcohol use from the large volume of linked EHRs spanning 10
years, a chi-square (χ2) feature selection method was applied
[28]. A critical threshold value χ2 ≥ 2.706 (one degree of
freedom, p ≤ 0.1) was applied and health codes with a χ2

above this threshold were retained in subsequent analyses.
A multivariate stepwise logistic regression with bidirectional
(forward and backward) search was then performed for the
exposure variables to obtain the best-fit model [29]. In stepwise
model the variables with least significance were removed at
each iteration step and the final model was selected based on
the minimum Akaike Information Criterion (AIC) value. From
the final model, only the statistically significant (p ≤ 0.05)
variables were selected as significant predictors associated with
the risk of early alcohol use leading to a further reduction in
variable space. This is justified due to the following reasons.

• The variable selection process facilitates the choice
of best model by incorporating the interdependence
between the explanatory variables.

• The approach only considers the statistically significant
variables for the stage two analysis which reduces
the variable space and optimises the time to recreate
analogous variables.

Stage two – whole population

Participants

All children born between 1st January 1998 and 31st December
2002 and were resident in Wales during the first fourteen years
of their life were included in the whole population dataset. The
study population was selected from the Welsh Demographic
Service Dataset (WDSD), which is an administrative dataset
of individuals living in Wales registered with a GP. The
participants without continuous record in the WLGP from
age six months to fourteen years were excluded to ensure a
complete follow-up period.

Exposure

Analogous risk factors to those identified in the MCS analysis
were created using the WDSD, WLGP and PEDW data.
The study used an encrypted household identifier known as
residential anonymised linking field (RALF) which enabled
the participants to be linked with other household members
and related records [30]. Each RALF is associated with the
smallest geographical representation known as lower super
output area (LSOA) which again is associated with a Welsh
Index of Multiple Deprivation (WIMD) rank aggregated into a
quintile or decile scale. Overall and employment WIMD scores
were used as the measure of deprivation from routine data
in the study. The main explanatory variables derived from
routine data for the whole population analysis include child’s
sex, employment deprivation and overall deprivation, living
with single adult, mother’s alcohol-related condition during
pregnancy, living with household member with alcohol-related
condition, living area, maternal age, gestational age, and child
mental and physical health. To be consistent with the MCS
data, primary exposure data were collected for children up to
age seven years. For time varying variables, the study used
the same time points as MCS (birth to nine months, nine
months to three years, three to five years, and five to seven
years) and derived aggregated summary variables for the risk
factors. Detailed descriptions of the variables are available in
Supplementary Table 2.

Outcome

Alcohol-related health events across the whole population
cohort were obtained from ICD-10 codes in PEDW
(Supplementary Table 3) and Read codes in WLGP
(Supplementary Table 4) between the age seven and fourteen
years [31].

Statistical analysis

As the case (alcohol-related EHRs) to non-case (no alcohol-
related EHRs) ratio was 1:99 in the whole population cohort
and unbalanced, to improve the efficiency and the sensitivity
of model performance case-control selection was undertaken
by randomly selecting 20 non-cases for each sex matched case
[32]. The dataset was randomly split into a training (70%)
and test set (30%). Logistic regression was used to obtain
the best-fit model on the training data. Model prediction on
the test data provided a predictive probability of the expected
outcome associated with each individual. Model prediction
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Table 1: Socio-demographic characteristics of the MCS population (following imputation) and whole population sample with
descriptive statistics

MCS Whole Population

Child Sex n % n %
Female 521 48.60 Female 28,770 48.57
Male 551 51.40 Male 30,461 51.43

Deprivation
Mother Socio economic classification (SEC) Overall deprivation

Always managerial or intermediate 377 35.17 Low (WIMD quintile >=3) 29,102 49.13
Always semi-employed, self-employed,
semi-routine or routine

280 26.12 High (WIMD quintile <3) 24,701 41.70

Unknown 415 38.71 Borderline (ever belong to high group
but not always)

5,428 9.16

Poverty indicator Employment deprivation
Above poverty level 539 50.28 Low (WIMD quintile >= 3) 29,394 49.63
Below poverty level 270 25.19 High (WIMD quintile < 3) 24,774 41.83
Ever been below poverty level 263 24.53 Borderline (ever belong to high group

but not always)
5,063 8.55

Household alcohol use
Mother’s alcohol use during
pregnancy

Mother’s alcohol-related health
condition during pregnancy

Never 752 70.15 No 55,251 93.28
Low (less than once a month or 1–2
times a month)

218 20.34 Yes 3,980 6.72

High (more than 1–2 times a month) 102 9.51
Mother’s alcohol use after child was born

Never 82 7.65
Low 500 46.64
High 490 45.71

Guardian alcohol use Household member identified with
alcohol-related hospital admission

Low 247 23.04 No 57,799 97.58
Moderate 524 48.88 Yes 1,432 2.42
High 233 21.74
Variable 68 6.34

Living area
Rural 238 22.20 14,760 24.92
Urban 779 72.67 41,907 70.75
Ever been urban 55 5.13 2,564 4.33

Maternal age at child’s birth
Less than 20 years 102 9.51 7,111 12.01
20 to 24 years 202 18.84 9,266 15.64
25 to 29 years 305 28.45 17,389 29.36
30 to 34 years 324 30.22 17,005 28.71
35 years and over 139 12.97 8,460 14.28

Gestational age
Not term 52 4.85 1,317 2.22
Term 1,020 95.15 57,914 97.78

Household composition
Siblings at home Living with single adult

No sibling 129 12.03 No 33,662 56.83
One sibling always or at some point 493 45.99 Yes 8,425 14.22
More than one sibling ever 450 41.98 Ever been 17,144 28.94

(Continued).
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Table 1: Continued

MCS Whole Population

Lone parent
No 754 70.34
Yes 130 12.13
Ever been 188 17.54

Additional household member
No 792 73.88
Yes 118 11.01
Ever had 162 15.11

Mother’s health
Longstanding illness Mother’s any comorbidity

No 589 54.94 No 46,170 77.95
Yes 170 15.86 Yes 13,061 22.05
Varies 313 29.20 Mother’s psychosis disorder

No 58,924 99.48
Yes 307 0.52

Mother’s common mental health condition
No 28,603 48.29
Yes 30,628 51.71

Table 2: Health codes identified as risk factors for early alcohol use by chi-square feature selection method in the MCS cohort and
the percent of sample with these codes present in whole population (WP) following selection

Health code Description of the code Type of code chi-square MCS (%) WP (%)

Read code H05% Upper respiratory infections Diagnosis .60 62.50 59.95
Read code K2% Male genital organ diseases Diagnosis 7.77 12.41 8.46
Read code 919% Child health surveillance related administrative

code
Administrative 6.07 25.56 30.70

Read code 64N% Child physical health examination Administrative 4.63 17.35 15.56
Read code 656% Tetanus vaccination Administrative 4.11 28.26 34.21
ICD-10 code Z% Factors influencing health status and contact

with health services
Diagnosis 3.90 27.99 20.68

Read code 654% Diphtheria vaccination Administrative 3.69 27.71 -
Read code 655% Pertussis vaccination Administrative 3.35 29.94 -
Read code F% Nervous system and/or sense organ diseases Diagnosis 3.04 70.24 -
Read code F4% Disorders of eye and adnexa Diagnosis 3.00 46.27 -
Read code K27% Disorders of penis Diagnosis 2.99 9.42 –
Read code etc.% Trimethoprim, an antibiotic used mainly in the

treatment of bladder infections
Medication 2.93 16.70 –

Read code 4% Laboratory test and procedures (e.g. urine
culture, blood test)

Administrative 2.89 60.73 –

codes were not selected by the logistic regression models, hence were not selected for WP analysis

was quantified by performance accuracy, sensitivity, specificity,
positive predictive value, and negative predictive value.

MCS and routine EHRs were anonymously linked and
accessed within the Secure Anonymised Information Linkage
(SAIL) Databank. Linkage was completed using an encrypted
person-based identifier known as the anonymised linkage field
(ALF), generated by the Digital Health and Care Wales
(DHCW) [33, 34]. Data preparation (extraction, cleaning, and
linkage) was performed in Structured Query Language (SQL)
on an IBM DB2 platform, with subsequent analyses performed
in R v3.3.2 [35].

Results

Stage one – MCS

Among the consented singleton children 1,838 were assigned
an ALF, with 82% of the children having a GP registration
record in SAIL before age eleven years (Supplementary
Figure 1). Individual and household characteristics (following
imputation) are described in Table 1. 7.6% of the MCS
children were considered as ‘case’ based on their response.
Health codes (256 ICD-10 and Read codes) were obtained
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after merging the first ten years of EHRs from PEDW and
WLGP. Feature selection method reduced this to 13 health
features (Table 2).

After merging health and socio-demographic variables, 31
main explanatory variables (13 health codes and 18 socio-
demographic variables) were available for the two-way logistic
model. The final 19 features with significant p values were
considered to be significantly associated with the risk profile
of early alcohol use (Table 3).

Stage two – whole population

In Wales, 207,114 children were born in between 1st January
1998 and 31st December 2002, and their records were obtained
from WDSD. After applying exclusion criteria there were
59,231 children as the study population (Supplementary
Figure 2). Of the study population, 591 (0.99%) children had
at least one alcohol-related event between seven and 14 years
of age (Supplementary Figure 3) who were the cases from the
whole population subset. After applying case control selection,
the dataset had 591cases and 11,820 non-cases, which were
further split into training and test set. There were 8,688 (417
cases and 8,271 non-cases) children in the training dataset.
The variables identified as significantly associated with early
alcohol use using MCS data were mapped into the whole
population cohort (Supplementary Table 2). Table 1 presents
descriptive statistics for this population. Mothers of 6.72% of
the children had an alcohol-related event reported in PEDW or
WLGP while pregnant. 2.42% children lived with a household
member who had alcohol-related inpatient hospital admission.
The adjusted odds ratio of the features with 95% confidence
interval are presented in Table 4 (also see Supplementary
Figure 4).

The model was run on the test dataset. The accuracy of the
model was 61.32% with a sensitivity of 58.05% and specificity
of 68.48% (additional details are provided in Supplementary
Tables 5, 6). Out of 174 cases, the model was able to predict
101 (58%) children who had an alcohol-related health event
recorded in the healthcare system between ages seven and
fourteen.

Discussion

This study has developed a two-stage data-driven framework
that can create a profile of the characteristics of children
who end up with an alcohol problem in adolescence. The
study undertook data linkage between a longitudinal survey
data (MCS) and routine EHRs in stage one to select the
significant risk factors associated with early alcohol use. Stage
two built the analogous risk factors using only the linked
routine data and based this, a prediction model was developed.
Hybridisation of these two powerful data sources (routine and
survey) enabled us to create a data-driven risk profile. The
risk factors were significantly associated across both MCS
and whole population analyses, but effect estimates varied.
Children whose health needs are supported are at lower risk of
early alcohol use, evidenced by protective effect of receiving
vaccinations, attending routine health examinations with their
GP, and contact with health services recorded in primary
and secondary care were consistent across MCS and whole

population analyses. Similarly, children with health codes
relating to acute upper respiratory infections may have more
protective guardians willing to consult medical professionals for
mild conditions. Together, this suggests that the avoidance
of regular healthcare contact is an indicator that increases
the risk of early alcohol use. However, the trends relating
to the two codes, the child surveillance administration code
and the chapter heading linked to male genitals, differed
between the whole population and the MCS analysis. The
code linked to male genitals showed an association with higher
risk of alcohol use in MCS but was statistically inconclusive
for the whole population analysis. The child surveillance
administration code was associated with higher risk for the
MCS cohort in contrast to the whole population which can be
attributed to the differential support received by two cohorts
which was not captured by the data and hence this requires
further investigation. Also, the proportion of cases obtained
from MCS data (stage one) were higher than those obtained
from the whole population data (stage two). This can be
attributed to the fact that cases from stage one were based on
the self-reported alcohol consumption data whereas the stage
two routine data highlighted the most severe cases caused by
alcohol among the adolescents and recorded on the healthcare
system.

The overall risk profile obtained from MCS and whole
population analyses were broadly consistent with each other
and the research literature generally both in the UK and
internationally. Similar risk factors include being male [13],
ever living in an urban environment where there is a greater
density of alcohol outlets [36], ever living in conditions of social
deprivation, living in a household with higher level of alcohol
use by household members [9]. Studies from USA highlighted
that early onset of alcohol use was significantly associated
with parental drinking pattern and living in a lone parent
household [11], child’s attention deficit hyperactivity disorder
(ADHD) and conduct disorder [6, 7]. The stage one MCS
analysis in this study revealed that emotional difficulty and a
higher level of behavioural difficulty (as assessed by parents)
were associated with a reduced risk of alcohol use. However,
diagnosis of clinically relevant behavioural/emotional problems
was protective in the population model. Poor maternal mental
health was linked with adverse outcomes, consistent with
family-level risk factors that promote children’s alcohol use
[12, 17]. A difference was observed in regards to the effect
of maternal age at birth on the risk of a child’s early
alcohol use. The protective effect of higher maternal age
was observed for the whole population but the finding on
MCS data differed and requires further investigation. Further,
employment deprivation in the whole population analysis was
associated with lower risk of a child’s early alcohol use after
adjusting for overall deprivation. This finding is similar to the
existing literature [15, 37], which found that early alcohol
use is more common in higher income families. This suggests
that reliance on employment indicators is not sufficient to
understand the socio-economic factors influencing a child’s
early alcohol use, the overall deprivation (also measured by
education, health, access to the service, physical environment
of living) plays an important role as well.

The result of this study needs to be interpreted in
conjunction with a number of limitations. Firstly, mapping
the MCS survey to the routine data was challenging, not all
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Table 3: The explanatory variables associated with higher and lower risk of early alcohol use for the MCS children (Stage one
analysis) with the adjusted Odds Ratio (OR) and 95% confidence interval (CI)

Feature Adjusted OR (95%CI)

Child’s sex
Female 1
Male 3.06 (2.35 to 3.99)***

Mother’s Socio-economic classification (SEC)
Always Managerial or intermediate 1
Always semi-employed, self-employed, semi-routine or routine 1.30 (0.93 to 1.81)
Unknown 1.94 (1.37 to 2.74)***

Lone parent
Never lone parent 1
Lone parent 1.68 (1.07 to 2.65)*
Ever been 1.77 (1.27 to 2.49)**

Mother alcohol use during pregnancy
Never 1
Low (less than once a month, 1–2 times a month) 2.48 (1.83 to 3.38)***
High 5.38 (3.58 to 8.15)***

Mother alcohol use after child was born
Never 1
Low 1.15 (0.70–1.92)
High 0.70 (0.04 to 1.24)

Guardian alcohol use
Low 1
Moderate 1.73 (1.22 to 2.25)**
High 1.07 (0.70 to 1.64)
Variable 0.91 (0.48 to 1.70)

Living area
Rural 1
Urban 1.61 (1.17 to 2.23)**
Ever been urban 4.54 (2.69 to 7.75)***

Poverty indicator
Above poverty level 1
Below poverty level 0.93 (0.60 to 1.45)
Ever been below poverty level 1.33 (0.95 to 1.86)

Maternal age at child’s birth
Less than 20 years 1
20 to 24 years 1.57 (0.97 to 2.58)
25 to 29 years 3.28 (2.03 to 5.36)***
30 to 34 years 2.68 (1.64 to 4.43)***
35 years or over 0.65 (0.35 to 1.21)

Gestational age
Not term 1
Term 9.42 (4.22 to 23.03)***

Additional household member
No 1
Yes 0.69 (0.45 to 1.06)
Ever had 0.57 (0.39 to 0.81)**

Hyperactivity
Always normal 1
Any mention of higher level of hyperactivity 1.84 (1.37 to 2.47)***

Conduct disorder
Always normal 1
Any mention of higher level of CP 2.10 (1.57 to 2.82)***

Emotional difficulty
Always normal 1
Any mention of higher level of ED 0.68 (0.48–0.97)*

(Continued).
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Table 3: Continued

Feature Adjusted OR (95%CI)

Total Difficulty Score
Always normal 1
Any mention of higher level of TDS 0.45 (0.31 to 0.66)***

Mother longstanding illness
No 1
Yes 1.53 (1.09 to 2.16)*
Varies 1.25 (0.96 to 1.65)

Other acute upper respiratory infections (Read code H05%)
No 1
Yes 0.43 (0.34–0.55 )***

Male genital organ diseases (Read code K2%)
No
Yes 2.77 (1.58–4.94)***

Child surveillance administration (Read code 919%)
No
Yes 1.38 (1.06 to 1.81)*

Child exam (Read code 64N%)
No
Yes 0.51 (0.35 to 0.75)**

Tetanus vaccination (Read code 656%)
No
Yes 0.60 (0.45 to 0.79)***

General examination (ICD10 code Z%)
No
Yes 0.73 (0.55 to 0.99)*

Disorders of penis (Read code K27%)
No
Yes 0.63 (0.33 to 1.19)

Note: *p < 0.05, **p < 0.01, ***p < 0.001.

MCS variables were available in the routine data. In some
instances, multiple variables had to be merged to derive
summary variables. This may result in a degree of uncertainty
about the information captured in the summary variables.
Secondly, it was necessary to aggregate some time-varying
variables into a single point estimate and, as such, the analyses
are unable to capture how the recency of some events might
influence results. Thirdly, due to unavailability of continuous
GP records of some participants between six months and
fourteen years (if the participants changed their GP and
the their registered GP was not contributing to SAIL), they
were removed from the whole population analysis. Similarly,
the follow-up of children was not possible where they who
moved out of the study area (Wales, UK), or died under age
fourteen, because of which their exposure (sociodemographic
and health related data) and outcome (alcohol data) data were
not available. This resulted in a large reduction of the number
of children in the study population. However, this did not
contribute to selection bias as this happened randomly and the
losses had no direct relationship with alcohol-related outcome.
Fourthly, the EHRs did not include Emergency Department
(ED) attendance data (but does include admissions into
hospital via the ED) as there are no uniformly applicable
codes for alcohol-related attendances in ED, and even when
available, these are sparsely populated [38]. Lastly, in this

study the model performance, measured by sensitivity and
specificity, was moderate. However, even if we had a sensitivity
and specificity of 90% the maximum positive predictive value,
we can get is 31%, given the low prevalence of alcohol-related
medical contact, as the prevalence influences the positive
and negative predictive value of a model performance [39].
Machine learning approaches generally aim to achieve the best
predictive models from the available data. The low positive
predictive value, obtained here, suggests that the variables
needed to improve model performance are not available
in the data (e.g., genetic information, peer alcohol-related
data).

Routine EHRs and administrative data are available to
healthcare professionals and are used by policy makers and
commissioners to determine how resources are best utilised
to manage preventive interventions. However, the bulk of
research considering early alcohol use and related outcomes
has relied on self-report surveys. It has been shown that
linking survey and routine data can offer new insights [40].
The results presented here are novel in that our approach
generalised results from an established survey to a whole
population analysis using predictive analytic techniques. This
provides in-depth knowledge about the profile of the children
susceptible to early alcohol use and can feasibly be used to
inform population health strategies designed to reduce the
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Table 4: The explanatory variables associated with higher and lower risk of early alcohol-related health outcomes for the whole
population (Stage two analysis) with the adjusted Odds Ratio (OR) and 95% confidence interval (CI)

Feature Adjusted OR (95% CI)

Child’s Sex
Female 1
Male 1.09 (1.02 to 1.17)**

Overall deprivation:
Low 1
High 1.11 (0.98 to 1.25)
Borderline 1.66 (1.41 to 1.95)***

Employment deprivation:
Low 1
High 0.84 (0.75 to 0.95)**
Borderline 0.82 (0.69 to 0.97)*

Living with single adult:
No 1
Yes 1.45 (1.32 to 1.59)***
Ever been 1.17 (1.08 to 1.26)***

Mother’s alcohol-related condition during pregnancy
No 1
Yes 0.88 (0.77 to 1.00)*

Household member with alcohol-related condition
No 1
Yes 2.16 (1.80 to 2.60)***

Living area
Rural 1
Urban 0.99 (0.92 to 1.08)
Ever in urban 2.42 (2.08 to 2.81)***

Maternal age at birth
Less than 20 years 1
20 to 24 years 0.88 (0.79 to 0.99)*
25 to 29 years 0.79 (0.71 to 0.87)***
30 to 34 years 0.68 (0.61 to 0.76)***
35 years or over 0.53 (0.46 to 0.60)***

Gestational age
Not-term 1
Term 1.11 (0.89 to 1.40)

Child – Attention deficit hyperactive disorder (ADHD)
No 1
Yes 3.57 (2.52 to 5.15)***

Child - Conduct disorder
No 1
Yes 3.26 (2.14 to 5.07)***

Child – Depression/Anxiety
No 1
Yes 0.75 (0.34 to 1.69)

Mother’s any comorbidity
No 1
Yes 1.25 (1.16 to 1.34)***

Mother’s common mental health condition
No 1
Yes 1.31 (1.23 to 1.40)***

Mother’s psychosis disorder
No 1
Yes 3.12 (2.04 to 4.90)***

(Continued).
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Table 4: Continued

Feature Adjusted OR (95% CI)

Other acute upper respiratory infections (Read code H05%)
No 1
Yes 0.97 (0.91 to 1.04)

Male genital organ diseases (Read code K27%)
No 1
Yes 0.90 (0.79 to 1.02)

Child surveillance administration (Read code 919%)
No 1
Yes 0.80 (0.75 to 0.86)***

Tetanus vaccination (Read code 656%)
No 1
Yes 0.47 (0.44 to 0.51)***

Child exam (Read code 64N%)
No 1
Yes 0.59 (0.53 to 0.65)***

General examination (ICD10 code Z%)
No 1
Yes 0.84 (0.78 to 0.92)***

Note: *p < 0.05, **p < 0.01, ***p < 0.001.

prevalence of early alcohol use in children and related health
outcomes.

Conclusions

The hybridisation of data of different nature, as carried
out in this study, is a novel approach that combines the
complementary advantages of EHRs with more personal
insights from questionnaire-based cohort data. This provides a
robust resource on which findings can be based and generalised
to the wider population. The identified risk factors such as
living with a single parent, alcohol problem in the household,
social deprivation and children receiving poor support from
the healthcare system indicate that involvement and support
for the family is important in breaking cycles and improving
children’s outcomes.
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Supplementary Appendices

Supplementary table 1: MCS alcohol-related questions and criteria for inclusion in the case group

Questions Criteria

How many times have you had an alcoholic drink in the last 12 months? 3–5 times or more
How many times have you had an alcoholic drink in the last four weeks? 1–2 times or more
Have you ever drunk enough to feel drunk? Yes
Have you ever had five or more alcoholic drinks at a time? A drink is half a pint of lager, beer or
cider, one alcopop, a small glass of wine, or a measure of spirits.

Yes

How many times have you had five or more alcoholic drinks at a time? Once or more

Supplementary table 2: MCS to Whole Population explanatory variables mapping

MCS Predictor
Whole Population

Source
Time

Code MethodAnalogue Varying

Gender Gender WDSD No 1 = male
0 = female

Lone parent Living with single
adult

WDSD Yes

Additional
household member

Living with single
adult

WDSD Yes 0 = Never with a
single adult

1. Using RALF, number of
people sharing same house
with child at the above
mentioned 4 time points were
derived

1 = Always with
a single adult

2. Based on household
members’ age at the 4
time points, the number of
adults staying with child was
determined

2 = Ever been
with single adult

3. A binary variable was
created based on the number
adults at the household at 4
time points
4. A categorical summary
variable was created to
identify the overall status of
the concept variable

Mother’s SEC Employment
deprivation

WIMD reference
data from Welsh
Government

Yes 0 = Always in
least deprived
group

1. Welsh Index of Multiple
Deprivation (WIMD) quintile
scale on employment and
overall deprivation at each
time point for each RALF
was achieved.

1 = Always in
most deprived
group

2. WIMD quintile scale
between 1 and 5 (from most
to least deprivation).

2 = Ever belong
to most deprived
group

3. The study combined the
scale 1 and 2 to indicate the
most deprived group and the
rest 3 scales were classified as
least deprived group
4. A categorical summary
variable was created to
identify the overall status of
the concept variable

(Continued).
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Supplementary table 2: Continued

MCS Predictor
Whole Population

Source
Time

Code MethodAnalogue Varying

Mother alcohol use
during pregnancy

Mother’s alcohol-
related condition
during pregnancy

WECC, WLGP,
PEDW

No 1 = Yes 1. From WECC the maternal
ALF was obtained

0 = No 2. Based on gestational
age and the week of birth
the pregnancy period was
calculated
3. If the mother had an
alcohol-related code recorded
in WLGP or PEDW during
the pregnancy period then
a binary flag variable was
created

Guardian alcohol
use

Household member
with alcohol-related
hospital admission
record

WDSD, PEDW Yes 0 = Never lived
with someone
who had an
alcohol hospital
admission

1. Using RALF, any
household member had
an alcohol-related event
recorded in WLGP or PEDW
between birth to < nine
months, nine months to <
three years, three years to <
five years and five years to <
seven years -was identified

1 = Ever lived
with someone
who had an
alcohol hospital
admission

2. A categorical summary
variable was created

Living area Living area WDSD and Rural
Urban indicator
reference data
from Welsh
Government

Yes 0 = Always lived
in rural area

1. Each RALF is always
within a Lower super Output
Area (LSOA) code.

1 = Always lived
in urban area

2. Each LSOA code is further
categorised using the rural
urban indicators into urban,
village and town.

2 = Ever lived in
urban area

3. In this study village and
town are grouped together
and classified as rural.
4. A categorical summary
variable was created

Maternal age at
birth

Maternal age at
birth

WECC No Less than 20
years
20 to 24 years
25 to 29 years
30 to 34 years
35 years or over

Gestational age Gestational age WECC No 1 = not term
0 = term

(Continued).
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Supplementary table 2: Continued

MCS Predictor
Whole Population

Source
Time

Code MethodAnalogue Varying

Mother
longstanding illness

Mother’s any
comorbidity
Mother’s psychosis
disorder

WLGP, PEDW No 1 = yes Any longstanding health
condition, common mental
health condition and
psychosis disorder between
their birth and the seven
years of their child’s age

Mother’s common
mental health
condition

0 = no

Conduct disorder Conduct disorder
(CD)

WLGP No 1 = yes CD diagnosis/treatment by
GP between birth and age
seven

0 = no
Hyperactivity Attention Deficit

Hyperactivity
disorder (ADHD)

WLGP No 1 = yes ADHD diagnosis/treatment
by GP between birth and age
seven

0 = no
Emotional difficulty
Total difficulty score

Other mental health
condition

WLGP, PEDW No 1 = yes Any mental health condition
(apart from ADHD and CD
codes) reported in GP

0 = no Any mental health condition
related hospital admission
between birth and age seven

Health codes: 5
Read codes and 1
ICD10 codes

Health codes: 5
Read codes and 1
ICD10 codes

Read codes
from WLGP and
ICD10 codes
from PEDW

No Individual code recorded in
WLGP and PEDW between
birth and age 7
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Supplementary table 3: Alcohol-related ICD10 codes

ICD10 Code Description

E244 Alcohol-induced pseudo-Cushing’s syndrome
E512 Wernicke’s encephalopathy
F100 Mental and behavioural disorders due to use of alcohol
F101 Mental and behavioural disorders due to use of alcohol
F102 Mental and behavioural disorders due to use of alcohol
F103 Mental and behavioural disorders due to use of alcohol
F104 Mental and behavioural disorders due to use of alcohol
F105 Mental and behavioural disorders due to use of alcohol
F106 Mental and behavioural disorders due to use of alcohol
F107 Mental and behavioural disorders due to use of alcohol
F108 Mental and behavioural disorders due to use of alcohol
F109 Mental and behavioural disorders due to use of alcohol
G312 Degeneration of nervous system due to alcohol
G405 Special epileptic syndromes
G621 Alcoholic polyneuropathy
G721 Alcoholic myopathy
I426 Alcoholic cardiomyopathy
K292 Alcoholic gastritis
K700 Alcoholic fatty liver
K701 Alcoholic hepatitis
K702 Alcoholic fibrosis and sclerosis of liver
K703 Alcoholic cirrhosis of liver
K704 Alcoholic hepatic failure
K709 Alcoholic liver disease, unspecified
K852 Alcohol-induced acute pancreatitis
K860 Alcohol-induced chronic pancreatitis
O354 Maternal care for (suspected) damage to fetus from alcohol
Q860 Fetal alcohol syndrome (dysmorphic)
R780 Finding of alcohol in blood
T510 Toxic effect: Ethanol
X450–X459 Accidental poisoning by and exposure to alcohol
X650–X659 Intentional self-poisoning by and exposure to alcohol
Y150 Poisoning by and exposure to alcohol, undetermined intent
Y152 Poisoning by and exposure to alcohol, undetermined intent
Y154 Poisoning by and exposure to alcohol, undetermined intent
Y158 Poisoning by and exposure to alcohol, undetermined intent
Y159 Poisoning by and exposure to alcohol, undetermined intent
Y900 Blood alcohol level of less than 20 mg/100 ml
Y901 Blood alcohol level of 20–39 mg/100ml
Y902 Blood alcohol level of 40–59 mg/100ml
Y903 Blood alcohol level of 60–79 mg/100ml
Y904 Blood alcohol level of 80–99 mg/100ml
Y905 Blood alcohol level of 100–119 mg/100 ml
Y906 Blood alcohol level of 120–199 mg/100 ml
Y907 Blood alcohol level of 200–239 mg/100 ml
Y908 Blood alcohol level of 240 mg/100ml or more
Y909 Presence of alcohol in blood, level not specified
Y910 Mild alcohol intoxication
Y911 Moderate alcohol intoxication
Y912 Severe alcohol intoxication
Y913 Very severe alcohol intoxication
Y919 Alcohol involvement, not otherwise specified
Z502 Alcohol rehabilitation
Z714 Alcohol abuse counselling and surveillance
Z721 Alcohol use
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Supplementary table 4: Alcohol-related read codes

Read Code Description

136.. Alcohol consumption
1362 Trivial drinker – <1 u/day
1363 Light drinker – 1–2 u/day
1364 Moderate drinker – 3–6 u/day
1365 Heavy drinker – 7–9 u/day
1366 Very heavy drinker – >9 u/day
1368 Alcohol consumption unknown
1369 Suspect alcohol abuse – denied
136F. Spirit drinker
136G. Beer drinker
136H. Drinks beer and spirits
136I. Drinks wine
136J. Social drinker
136K. Alcohol intake above recommended sensible limits
136L. Alcohol intake within recommended sensible limits
136N. Light drinker
136O. Moderate drinker
136P. Heavy drinker
136Q. Very heavy drinker
136R. Binge drinker
136S. Hazardous alcohol use
136T. Harmful alcohol use
136V. Alcohol units per week
136W. Alcohol misuse
136X. Alcohol units consumed on heaviest drinking day
136Y. Drinks in morning to get rid of hangover
136Z. Alcohol consumption NOS
136a. Increasing risk drinking
136b. Feels should cut down drinking
136c. Higher risk drinking
136d. Lower risk drinking
136e. Declines to state current alcohol consumption
13Y8. Alcoholics anonymous
13ZY. Disqualified from driving due to excess alcohol
1462 H/O: alcoholism
1B1c. Alcohol induced hallucinations
1F9D. Replaces meals with drinks
2126C Alcohol dependence resolved
2577 O/E – breath – alcohol smell
388u. Fast alcohol screening test
38D2. Single alcohol screening questionnaire
38D3. Alcohol use disorders identification test
38D4. Alcohol use disorder identification test consumption questionnaire
38D5. Alcohol use disorder identification test Piccinelli consumption questionnaire
38Df. Five-shot questionnaire on heavy drinking
38Dz. Severity of alcohol dependence questionnaire
38P03 Health of the Nation Outcome Scale for Children and Adolescents item 4 – alcohol, substance/solvent misuse
38QA. CIWA-Ar - Clinical Institute Withdrawal Assessment for Alcohol scale, revised
38QE. Addiction Research Foundation Clinical Institute Withdrawal Assessment for Alcohol
44X3. Blood ethanol level
66e.. Alcohol disorder monitoring
66e0. Alcohol abuse monitoring
6792 Health ed. – alcohol
67A5. Pregnancy alcohol advice
67H0. Lifestyle advice regarding alcohol

(Continued).
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Supplementary table 4: Continued

Read Code Description

67K6. Cycle of change stage, alcohol
6892 Alcohol consumption screen
68S.. Alcohol consumption screen
7P221 Delivery of rehabilitation for alcohol addiction
8BA8. Alcohol detoxification
8BAs. Alcohol relapse prevention
8BAu. Alcohol harm reduction programme
8CAM. Patient advised about alcohol
8CAM0 Advised to abstain from alcohol consumption
8CAv. Advised to contact primary care alcohol worker
8CE1. Alcohol leaflet given
8CdK. Specialist alcohol treatment service signposted
8G32. Aversion therapy – alcoholism
8H35. Admitted to alcohol detoxification centre
8H7p. Referral to community alcohol team
8HHe. Referral to community drug and alcohol team
8HkG. Referral to specialist alcohol treatment service
8HkJ. Referral to alcohol brief intervention service
8IA7. Alcohol consumption screening test declined
8IAF. Brief intervention for excessive alcohol consumption declined
8IAJ. Declined referral to specialist alcohol treatment service
8IAt. Extended intervention for excessive alcohol consumption declined
8IEA. Referral to community alcohol team declined
8IH4. Alcohol Use Disorders Identification Test declined
8W2.. Referral to mental health services deferred until alcohol misuse resolved
9EQ.. HO/RTS-police:venesect alc
9EVD. Hospital alcohol liaison team report received
9NJz. In-house alcohol detoxification
9NN2. Under care of community alcohol team
9NgzH Withdrawn from alcohol detoxification programme
9NzA. Hospital attendance related to personal alcohol consumption
9k1.. Alcohol misuse – enhanced services administration
9k11. Alcohol consumption counselling
9k12. Alcohol misuse – enhanced service completed
9k13. Alcohol questionnaire completed
9k14. Alcohol counselling by other agencies
9k15. Alcohol screen – alcohol use disorder identification test completed
9k16. Alcohol screen – fast alcohol screening test completed
9k17. Alcohol screen – alcohol use disorder identification test consumption questions completed
9k18. Alcohol screen – alcohol use disorder identification test Piccinelli consumption questions completed
9k19. Alcohol assessment declined – enhanced services administration
9k1A. Brief intervention for excessive alcohol consumption completed
9k1B. Extended intervention for excessive alcohol consumption completed
C1505 Alcohol-induced pseudo-Cushing’s syndrome
E01.. Alcoholic psychoses
E010. Alcohol withdrawal delirium
E011. Alcohol amnestic syndrome
E0110 Korsakov’s alcoholic psychosis
E0111 Korsakov’s alcoholic psychosis with peripheral neuritis
E011z Alcohol amnestic syndrome NOS
E012. Other alcoholic dementia
E0120 Chronic alcoholic brain syndrome
E013. Alcohol withdrawal hallucinosis
E014. Pathological alcohol intoxication
E015. Alcoholic paranoia

(Continued).
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Supplementary table 4: Continued

Read Code Description

E01y. Other alcoholic psychosis
E01y0 Alcohol withdrawal syndrome
E01yz Other alcoholic psychosis NOS
E01z. Alcoholic psychosis NOS
E23.. Alcohol dependence syndrome
E230. Acute alcoholic intoxication in alcoholism
E2300 Acute alcoholic intoxication, unspecified, in alcoholism
E2301 Continuous acute alcoholic intoxication in alcoholism
E2302 Episodic acute alcoholic intoxication in alcoholism
E2303 Acute alcoholic intoxication in remission, in alcoholism
E230z Acute alcoholic intoxication in alcoholism NOS
E231. Chronic alcoholism
E2310 Unspecified chronic alcoholism
E2311 Continuous chronic alcoholism
E2312 Episodic chronic alcoholism
E2313 Chronic alcoholism in remission
E231z Chronic alcoholism NOS
E23z. Alcohol dependence syndrome NOS
E250. Nondependent alcohol abuse
E2500 Nondependent alcohol abuse, unspecified
E2501 Nondependent alcohol abuse, continuous
E2502 Nondependent alcohol abuse, episodic
E2503 Nondependent alcohol abuse in remission
E250z Nondependent alcohol abuse NOS
Eu10. [X]Mental and behavioural disorders due to use of alcohol
Eu100 [X]Mental and behavioural disorders due to use of alcohol: acute intoxication
Eu101 [X]Mental and behavioural disorders due to use of alcohol: harmful use
Eu102 [X]Mental and behavioural disorders due to use of alcohol: dependence syndrome
Eu103 [X]Mental and behavioural disorders due to use of alcohol: withdrawal state
Eu104 [X]Mental and behavioural disorders due to use of alcohol: withdrawal state with delirium
Eu105 [X]Mental and behavioural disorders due to use of alcohol: psychotic disorder
Eu106 [X]Mental and behavioural disorders due to use of alcohol: amnesic syndrome
Eu107 [X]Mental and behavioural disorders due to use of alcohol: residual and late-onset psychotic disorder
Eu108 [X]Alcohol withdrawal-induced seizure
Eu10y [X]Mental and behavioural disorders due to use of alcohol: other mental and behavioural disorders
Eu10z [X]Mental and behavioural disorders due to use of alcohol: unspecified mental and behavioural disorder
F11x0 Cerebral degeneration due to alcoholism
F1440 Cerebellar ataxia due to alcoholism
F25B. Alcohol-induced epilepsy
F375. Alcoholic polyneuropathy
F3941 Alcoholic myopathy
G555. Alcoholic cardiomyopathy
G8523 Oesophageal varices in alcoholic cirrhosis of the liver
J153. Alcoholic gastritis
J610. Alcoholic fatty liver
J611. Acute alcoholic hepatitis
J612. Alcoholic cirrhosis of liver
J6120 Alcoholic fibrosis and sclerosis of liver
J613. Alcoholic liver damage unspecified
J6130 Alcoholic hepatic failure
J617. Alcoholic hepatitis
J6170 Chronic alcoholic hepatitis
J6708 Alcohol-induced acute pancreatitis
J6710 Alcohol-induced chronic pancreatitis

(Continued).

20



Bandyopadhyay, A et al. International Journal of Population Data Science (2022) 7:1:13

Supplementary table 4: Continued

Read Code Description

L2553 Maternal care for (suspected) damage to fetus from alcohol
PK80. Fetal alcohol syndrome
PK83. Fetus and newborn affected by maternal use of alcohol
Q0071 Fetus or neonate affected by placental or breast transfer of alcohol
R103. [D]Alcohol blood level excessive
SLH3. Alcohol deterrent poisoning
SM0.. Alcohol causing toxic effect
SM00. Ethyl alcohol causing toxic effect
SM000 Ethanol causing toxic effect
SM002 Grain alcohol causing toxic effect
SM00z Ethyl alcohol causing toxic effect NOS
SM0z. Alcohol causing toxic effect NOS
T90.. Accidental poisoning by alcohol, NEC
T900. Accidental poisoning by alcoholic beverages
T901. Accidental poisoning by other ethyl alcohol and its products
T9012 Accidental poisoning by grain alcohol NOS
T901z Accidental poisoning by ethyl alcohol NOS
T90z. Accidental poisoning by alcohol NOS
TJH3. Adverse reaction to alcohol deterrents
U1A9. [X]Accidental poisoning by and exposure to alcohol
U1A90 [X]Accidental poisoning by and exposure to alcohol, occurrence at home
U1A91 [X]Accidental poisoning by and exposure to alcohol, occurrence in residential institution
U1A92 [X]Accidental poisoning by and exposure to alcohol, occurrence at school, other institution and public administrative

area
U1A93 [X]Accidental poisoning by and exposure to alcohol, occurrence at sports and athletics area
U1A94 [X]Accidental poisoning by and exposure to alcohol, occurrence on street and highway
U1A95 [X]Accidental poisoning by and exposure to alcohol, occurrence at trade and service area
U1A96 [X]Accidental poisoning by and exposure to alcohol, occurrence at industrial and construction area
U1A97 [X]Accidental poisoning by and exposure to alcohol, occurrence on farm
U1A9y [X]Accidental poisoning by and exposure to alcohol, occurrence at other specified place
U1A9z [X]Accidental poisoning by and exposure to alcohol, occurrence at unspecified place
U209. [X]Intentional self poisoning by and exposure to alcohol
U2090 [X]Intentional self poisoning by and exposure to alcohol, occurrence at home
U2091 [X]Intentional self poisoning by and exposure to alcohol, occurrence in residential institution
U2092 [X]Intentional self poisoning by and exposure to alcohol, occurrence at school, other institution and public

administrative area
U2093 [X]Intentional self poisoning by and exposure to alcohol, occurrence at sports and athletics area
U2094 [X]Intentional self poisoning by and exposure to alcohol, occurrence on street and highway
U2095 [X]Intentional self poisoning by and exposure to alcohol, occurrence at trade and service area
U2096 [X]Intentional self poisoning by and exposure to alcohol, occurrence at industrial and construction area
U2097 [X]Intentional self poisoning by and exposure to alcohol, occurrence on farm
U209y [X]Intentional self poisoning by and exposure to alcohol, occurrence at other specified place
U209z [X]Intentional self poisoning by and exposure to alcohol, occurrence at unspecified place
U4097 [X]Poisoning by and exposure to alcohol, occurrence on farm, undetermined intent
U60H3 [X]Alcohol deterrents causing adverse effects in therapeutic use
U8... [X]Supplementary factors related to causes of morbidity and mortality classified elsewhere
U80.. [X]Evidence of alcohol involvement determined by blood alcohol level
U800. [X]Evidence of alcohol involvement determined by blood alcohol level of less than 20mg/100 ml
U801. [X]Evidence of alcohol involvement determined by blood alcohol level of 20–39mg/100 ml
U802. [X]Evidence of alcohol involvement determined by blood alcohol level of 40–59mg/100 ml
U803. [X]Evidence of alcohol involvement determined by blood alcohol level of 60–79mg/100 ml
U804. [X]Evidence of alcohol involvement determined by blood alcohol level of 80–99vmg/100ml
U805. [X]Evidence of alcohol involvement determined by blood alcohol level of 100–119mg/100 ml
U806. [X]Evidence of alcohol involvement determined by blood alcohol level of 120–199mg/100 ml

(Continued).
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Supplementary table 4: Continued

Read Code Description

U807. [X]Evidence of alcohol involvement determined by blood alcohol level of 200–239mg/100 ml
U808. [X]Evidence of alcohol involvement determined by blood alcohol level of 240mg/100 ml or more
U80z. [X]Evidence of alcohol involvement determined by presence of alcohol in blood, level not specified
U81.. [X]Evidence of alcohol involvement determined by level of intoxication
U810. [X]Evidence of alcohol involvement determined by level of intoxication, mild alcohol intoxication
U811. [X]Evidence of alcohol involvement determined by level of intoxication, moderate alcohol intoxication
U812. [X]Evidence of alcohol involvement determined by level of intoxication, severe alcohol intoxication
U813. [X]Evidence of alcohol involvement determined by level of intoxication, very severe alcohol intoxication
U814. [X]Evidence of alcohol involvement determined by level of intoxication, alcohol involvement, not otherwise specified
ZV113 [V]Personal history of alcoholism
ZV4KC [V] Alcohol use
ZV57A [V]Alcohol rehabilitation
ZV6D6 [V]Alcohol abuse counselling and surveillance
ZV704 [V]Medicolegal examination
ZV70L [V]Blood-alcohol and blood-drug test
ZV791 [V]Screening for alcoholism
du11. DISULFIRAM 200 mg tablets
du12. ANTABUSE 200 mg tablets

Supplementary table 5: The contingency table for the whole population analysis

Actual negative Actual positive Total

Predicted negative 2,182 (true negative [TN]) 73 (false negative [FN]) 2,255
Predicted positive 1,367 (false positive [FP]) 101 (true positive [TP]) 1,468
Total 3,549 174 3,723

Supplementary table 6: Model prediction results

Measurement Formula Value

Accuracy TP + TN / TP + TN + FP + FN 61.32
Sensitivity TP / TP + FN 58.05
Specificity TN / TN + FP 61.48
Positive predictive value TP / TP + FP 6.88
Negative predictive value TN / TN + FN 96.76
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Supplementary Figure 1: Flow diagram of the MCS participants
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Supplementary Figure 2: Flow diagram of the whole population participants

24



Bandyopadhyay, A et al. International Journal of Population Data Science (2022) 7:1:13

Supplementary Figure 3: Flow diagram for the final study population
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Supplementary Figure 4: Significant risk factors associated with higher and lower risk of early alcohol-related health outcomes from
whole population analysis (stage 2)

HC: Health code from EHRs
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My input 
My contribution to this paper began with developing the methodology to address the 
research question. To achieve this, I linked all the necessary datasets, including the MCS 
and other administrative datasets mentioned in the paper, within the SAIL Databank 
using SQL. In stage two, I constructed the analogous variables in R to address the more 
complex and granular nature of the time-varying exposure variables derived from routine 
data. I conducted analyses for both stages in R, which included developing feature 
selection and predictive regression models. Based on the findings, I authored and 
published this journal article as the first author. 

Impact 
• This paper was published in The International Journal of Population Data Science in 

2022, indicating its contribution to a respected field and enhancing its visibility 
among researchers. 

• This study has been cited by other published works, as noted in Google Scholar, 
which demonstrates the relevance and impact of this work on the subsequent 
research. 

Conclusion 
This study identifies key household and health-related determinants that contribute to 
child’s risk-taking behaviour. Findings suggest that stable household conditions, parental 
engagement and early healthcare interactions play a significant role in not developing 
risk-taking behaviours. Targeted interventions to enhance family support systems and 
access to healthcare could improve long-term developmental outcomes for children at 
risk. Building on the understanding of childhood environments and risk-taking 
behaviours, the next chapter will explore how early behavioural difficulties influence 
adolescent injury risk. The risk profile provided by the current study includes children’s 
externalising behavioural problems, and very granular levels of child behavioural data at 
different ages are available in the MCS, which will be utilised in the next study. This study 
has established the strength of incorporating survey data with routine data. Building on 
this foundation, the next chapter will employ a similar hybridisation of data, which would 
otherwise be unavailable when relying solely on routine data  



121 
 

Chapter 7: Behavioural difficulties in early childhood and 
risk of adolescent injury 

Critical summary 

Background 

Injury is one of the leading causes of child mortality (88) and significantly heightens the 
risk of disability (89). Economic deprivation is closely associated to a higher risk of injury, 
exacerbating existing inequalities (89). Children with behavioural difficulties, such as 
Attention Deficit Hyperactive Disorder  (ADHD) or Conduct Problem(CP), are more 
susceptible to injury (90). However, limited evidence exists regarding the long-term 
association between these behavioural challenges and injury risk. Additionally, much of 
the existing research  relies on self- or proxy-reports to estimate injury risk (91), which 
may be influenced by recall bias. This study addresses these gaps by investigating the 
relationship between early childhood behavioural difficulties and long-term injury risk. It 
examines early behavioural difficulties, specifically ADHD and CP. The research explores 
how these challenges may compromise a child's safety and increase their vulnerability 
to injuries during adolescence, a period characterised by greater independence and risk-
taking behaviours. Understanding this connection is crucial for developing targeted 
interventions. 

Utilisation of administrative data 

This study included MCS data from participants in Wales and Scotland. Parent-reported 
mental health records of the children, measured using the SDQ  (92), were used to assess 
the children’s behavioural difficulties. A data linkage was conducted between the MCS 
data (with parental consent) and healthcare datasets from Scotland and Wales to 
capture injury-related hospital admissions and ED visits during adolescence. To integrate 
health data from both Scotland and Wales, extensive data harmonisation was necessary 
to align healthcare records from both countries. This process was essential for obtaining 
the outcome variable, which comprised aggregated frequencies of injury-related hospital 
admissions and ED visits during the observation period for the study population. This 
research not only highlights the importance of integrating diverse healthcare datasets but 
also underscores the critical need for standardised data practices across regions. 

Application of data science method 

A negative binomial regression model was implemented to account for the over-
dispersed outcome data, where the conditional variance was double that of the 
conditional mean. This model introduces an additional parameter to handle the extra 
variability, making it particularly suitable for over-dispersed data (93) and providing more 
accurate estimates of the association between behavioural difficulties and injury risk. 
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Given the use of survey data, a weight-adjusted model was developed to address 
oversampling and attrition among participants who did or did not consent to data linkage. 
This adjustment reduced the potential for selection bias and increased the 
generalisability of the findings to the wider population. This rigorous methodological 
approach involved the implementation of appropriate model selection and the use of 
weight-adjusted modelling for enhancing the validation of the findings. 

Early-life vulnerability profiling 

The study found no statistically significant long-term association between high 
behavioural difficulties (hyperactivity and CP) and injury risk after accounting for 
confounding factors such as gender, demographic characteristics, family factors and 
socio-economic conditions. This likely reflects the effectiveness of treatment, 
particularly for those with clinical/high behavioural difficulty, which may reduce injury 
risk over time. However, the study also found that children identified with borderline CP 
at an earlier stage were at a higher risk of injury in later periods. This may indicate 
inadequate support for children with borderline issues, leading to a deterioration of the 
condition over time. These findings are essential for identifying early intervention 
opportunities to mitigate the risks of adolescent injuries in at-risk populations. 
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What is already known on this topic?

►► Childhood injury is a leading cause of avoidable 
mortality and morbidity and disproportionately 
affects children from disadvantaged 
backgrounds.

►► Children with behavioural difficulties have an 
increased immediate injury risk.

What this study adds?

►► This longitudinal data linkage study found no 
association between high levels of behavioural 
difficulties in early childhood and risk of injury 
in early adolescence.

►► Children with borderline conduct problems are 
at higher long-term injury risk.

►► Further work is needed to delineate the 
persistence of behavioural difficulties through 
childhood and their relation to support received 
and subsequent injury risk.

Abstract
Objective  To evaluate long-term associations between 
early childhood hyperactivity and conduct problems (CP), 
measured using Strengths and Difficulties Questionnaire 
(SDQ) and risk of injury in early adolescence.
Design  Data linkage between a longitudinal birth 
cohort and routinely collected electronic health records.
Setting  Consenting Millennium Cohort Study (MCS) 
participants residing in Wales and Scotland.
Patients  3119 children who participated in the age 5 
MCS interview.
Main outcome measures  Children with parent-
reported SDQ scores were linked with hospital admission 
and Accident & Emergency (A&E) department records for 
injuries between ages 9 and 14 years. Negative binomial 
regression models adjusting for number of people in 
the household, lone parent, residential area, household 
poverty, maternal age and academic qualification, child 
sex, physical activity level and country of interview were 
fitted in the models.
Results  46% of children attended A&E or were 
admitted to hospital for injury, and 11% had high/
abnormal scores for hyperactivity and CP. High/abnormal 
or borderline hyperactivity were not significantly 
associated with risk of injury, incidence rate ratio (IRR) 
with 95% CI of the high/abnormal and borderline were 
0.92 (95% CI 0.74 to 1.14) and 1.16 (95% CI 0.88 
to 1.52), respectively. Children with borderline CP had 
higher injury rates compared with those without CP (IRR 
1.31, 95% CI 1.09 to 1.57).
Conclusions  Children with high/abnormal hyperactivity 
or CP scores were not at increased risk of injury; 
however, those with borderline CP had higher injury 
rates. Further research is needed to understand if those 
with difficulties receive treatment and support, which 
may reduce the likelihood of injuries.

Introduction
Injury is the leading cause of mortality and ill-
health in adolescence.1 2 It is more common among 
children from disadvantaged backgrounds and 
hence contributes to health inequalities.3 Every 
year around two million of the overall injury-
related visits to Accident & Emergency (A&E) 
departments involve children and young people in 
the UK.4 Investigating modifiable factors associated 
with increased risk of injury is important to inform 
appropriate prevention strategies.

Boys, and children involved in higher level of 
physical activity, in families with a higher poverty 

level and of younger mothers are at increased risk 
of childhood injury.5–8 Attention-deficit hyperac-
tive disorder (ADHD) is one of the most common 
neuropsychiatric disorders of childhood, with an 
incidence of 3% to 7% in school-aged children.9 It 
is characterised by a higher level of hyperactivity, 
impulsivity and inattention; children with ADHD 
are known to be accident-prone with almost a 
twofold increased risk of injury than children 
without ADHD.10 ADHD is diagnosed according 
to the core symptoms appearing in the DSM-5 
(Diagnostic and Statistical Manual of Mental Disor-
ders).11 Treatment comprises medication such as 
stimulants or selective norepinephrine reuptake 
inhibitors such as atomoxetine along with parent 
training programmes and cognitive–behavioural 
therapy. Children with ADHD are often unable to 
estimate the risks associated with their activities, 
elevating their risk of injuries. Previous research 
has suggested that hyperactivity measured by the 
Strengths and Difficulties Questionnaire (SDQ) is 
associated with an increased risk of unintentional 
injury.12 13 Conduct problems (CP) is another 
externalising behavioural difficulty, which can be 
conceptualised as antisocial, defiant, aggressive and 
criminal behavioural pattern in children, which can 
elevate their injury risk.11 12 The overall lifetime 
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Figure 1  Flow chart of participants. MCS, Millennium Cohort Study.

prevalence of CP is estimated at 9.5%,14 but in school-aged 
children it is around 3%15 and it is twice as prevalent in boys 
than girls. Treatment for CP is focused on parent training, family 
therapy, school behavioural supports with medication prescribed 
only if treating coexisting ADHD. Previous research suggests that 
CP is not associated with injury risk after adjusting for ADHD.16

To date, the risk association between behavioural difficulty and 
injury has only been investigated over relatively short periods of 
follow-up13 17–20 and it is unclear whether reported associations 
persist. Previous research also largely relied on self/proxy reports 
of injury, rather than objective records of injury such as A&E, 
general practice (GP) or hospital admission (HA) records,13 17–20 
which might be affected by recall bias.21 We aimed to explore the 
relationship between early childhood behaviour (as measured by 
the SDQ), at the age of 5 years, and the risk of injury in early 
adolescence to identify children who might be at increased risk 
of future injury.

Methods
Sample
Data were analysed from the Millennium Cohort Study (MCS), 
a UK-wide nationally representative longitudinal birth cohort 
of 18 819 singleton children born between September 2000 
and January 2002.22 Parents were first interviewed in the home 
when their child was around 9 months old, with subsequent 
interviews held at 3, 5, 7 and 11 years of age. At age 7, parents 
gave written consent to link MCS records to their child’s routine 
health records up to their 14th birthday. There were 13 681 
singleton children who participated in the age 7 survey, 1951 
and 1598 of whom were living in Wales and Scotland, respec-
tively, at the time of interview. Consent for health record linkage 
was obtained for 3304 singleton children (1839 from Wales and 
1465 from Scotland).

Linked cohort
Consented singleton children who participated in the third 
MCS survey at age 5 years were linked anonymously to their 
HAs and the A&E department attendances occurring between 
the ages of 9 and 14 years. The anonymised MCS birth cohort 
was linked to routinely collected health datasets stored within 
the privacy protecting Secure Anonymised Information Linkage 
(SAIL) Databank.23 24 The linkage procedure has been described 
in detail elsewhere.25 Of 3304 consented singleton children, 
3269 were linked with their electronic health records (EHRs), 
of whom 1838 were from Wales and 1431 from Scotland. The 
study population comprised 3119 children who participated in 
the age 5 survey in Wales and Scotland and were linked to their 
health data (figure 1).

Exposure variables
Child behavioural difficulties were assessed by parent-reported 
SDQ when children were 5 years old. The SDQ is an interna-
tionally validated and widely used screening tool to measure 
child and adolescent behavioural and emotional difficulties.26 27 
In this study, two SDQ subscales were examined: hyperactivity 
and inattention (restless/overactive, constantly fidgeting, easily 
distracted, cannot stop and think before acting, lack of atten-
tion span) and CP (often has temper, tantrums, disobedience, 
fights with/bullies other children, often lies or cheats, steals). 
Each subscale has scores between 0 and 10 with higher scores 
indicating greater level of difficulty. In this study, we used Good-
man’s proposed categorisation to assign children into one of three 
groups: ‘normal’ (hyperactivity: 0–5; CP: 0–2;), ‘borderline’ 

(hyperactivity: 6; CP: 3) or ‘high/abnormal’ (hyperactivity: 7–10; 
CP: 4–10).28 In this study, analyses were performed for all chil-
dren who had valid hyperactivity (n=3095) and CP (n=3100) 
scores.

Outcome variable
The outcome variable was the frequency of injury-related HAs 
and/or A&E attendances occurring between the age of 9 and 14 
years. We identified HA from the Patient Episode Database for 
Wales (PEDW) and Scottish Morbidity Records dataset for Wales 
and Scotland, respectively. An injury-related inpatient HA was 
identified from emergency admissions with an injury diagnosis 
International Classification of Diseases, version 10 (ICD-10) 
code appearing in the first diagnostic position, indicating that 
injury was the primary cause of admission.29 ICD-10 codes are 
provided in online supplementary appendix table A1.

We identified A&E attendances from the Emergency Depart-
ment dataset (EDDS) and the Scottish Accident and Emergency 
version 2 (A&E2) dataset for Wales and Scotland respectively. 
Data were collected in EDDS from 2009 and in A&E2 from 
2007 onwards. To harmonise the data from both countries, the 
study focused on A&E attendances recorded from 2009. In addi-
tion to the ICD-10 codes, the alphanumeric treatment and diag-
nosis codes which map to an injury type have been included in 
the study30 31 to identify the A&E attendances (refer to online 
supplementary appendix tables A2 and A3). In this study, simul-
taneous presence of a patient in both harmonised HA and A&E 
datasets on the same day, which presumably indicates the transfer 
from A&E to hospital, has been considered as one record. The 
data were available as aggregated frequencies of injury-related 
HAs or A&E attendance per child between ages 9 and 14.

Covariates
The covariates considered here as confounders in the associ-
ations between child behavioural difficulties and injury risk 
include child’s sex, maternal age at child’s birth, maternal 
highest academic and vocational qualification (derived by 
National Vocational Qualifications standard), lone parent carer, 
household poverty (household income less than 60% of national 
median using modified Organisation for Economic Co-operation 
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Table 1  Characteristics of all children with linked EHRs in the study 
population

n=3119*
(weighted %)†

Hyperactivity

 � Normal 2563 (82.8)

 � Borderline 204 (6.5)

 � High/abnormal 328 (10.6)

Conduct Problems

 � Normal 2404 (76.1)

 � Borderline 391 (13.4)

 � High/abnormal 305 (10.5)

Sex

 � Boy 1604 (51.3)

 � Girl 1515 (48.7)

No of people in the household

 � 2 169 (6.4)

 � 3 564 (18.3)

 � 4 1420 (43.9)

 � five or more 966 (31.4)

Lone parent

 � Lone 586 (20.4)

 � Non-lone 2533 (79.6)

Residential area

 � Rural 756 (26.1)

 � Urban 2360 (73.9)

Household poverty

 � OECD 60% median or above 2213 (69.1)

 � Below OECD 60% median 894 (30.9)

Maternal education

 � Degree 635 (19.3)

 � Diplomas in Higher Education 344 (9.9)

 � Advanced/Advanced Subsidiary/Subsidiary levels 401 (14.4)

 � Ordinary level/General Certificate of Secondary 
Education

1248 (40.0)

 � Other 77 (2.4)

 � None 407 (14.0)

Physical activity level

 � 3 or more days a week 411 (14.6)

 � 2 days a week 581 (18.5)

 � 1 day a week 872 (27.7)

 � Less often or not at all 1246 (39.1)

Country

 � Wales 1750 (36.3)

 � Scotland 1369 (63.7)

 �  Median (IQR)

Maternal age at birth (years) 29 (24–33)

*Missing data: hyperactivity (24, unweighted %=0.8); CP (19, unweighted %=0.6); 
living area (less than 5); poverty indicator (12, unweighted %=0.4); maternal 
education (7, unweighted %=0.2); physical activity level (9, unweighted %=0.3); 
maternal age at birth (less than 5).
†Weighting was based on 1 minus the probability of non-consent, multiplied by 
the age 7 survey weights for data linkage and scaled to the sum of the number of 
consenting children.
CP, conduct problem; EHR, electronic health record; OECD, Organisation for 
Economic Co-operation and Development.

and Development scale), number of people in the household, 
residential area (using 2005 Rural/Urban Area Classification) 
and the child’s physical activity level (number of days per week 
they were involved in sports/exercise). With the exception of sex 
and maternal age at child’s birth (which were collected from age 
9 months MCS interview data), these covariates were derived 
from age 5 MCS interview data.

Statistical analysis
We used negative binomial regression models, as the outcome 
variable was overdispersed, as indicated by the conditional vari-
ances being at least twice the conditional means across all cate-
gories of both hyperactivity and CP (see online supplementary 
appendices 4 and 5). For each SDQ scale, ‘normal’ was the refer-
ence group compared with the ‘borderline’ and ‘high/abnormal’ 
groups in each model. We adjusted these models for the covari-
ates described in the previous section (model 1) and considered 
models with hyperactivity and CP as main exposure variables 
as well as a covariate (model 2). We did not contrast these two 
models in terms of goodness-of-fit criteria, as we were inter-
ested principally in the results from model 2, whereas model 
1 offered a comparator in terms of the possible changes in the 
risk measure when the other exposure variable was included 
as a covariate. Sex-stratified models (models 3 and 4) for each 
exposure variable were also fitted due to higher levels of hyper-
activity and CP in boys and higher levels of injury in boys in 
general. The models’ results were parameterised using incidence 
rate ratios (IRRs) with 95% CIs. Data preparation including 
extraction, cleaning and linkage were performed in Structured 
Query Language on IBM DB2 platform, with all statistical anal-
yses performed in R version 3.3.2.32 All the models’ parameters 
were estimated adjusting for survey and non-response consent 
weights to account for oversampling, attrition between consent 
and non-consent to data linkage in the MCS. Survey and non-
response consent weights were obtained via predicted probabili-
ties obtained from logistic regression models taking the stratified 
cluster sampling design into account and adjusting for low 
representation of children from Wales, Scotland and Northern 
Ireland, disadvantaged areas and areas with high proportions of 
ethnic minority groups. The detailed methodological approach 
to derive the weight variable has been explained elsewhere.33

Results
Table  1 shows the demographic characteristics of the 3119 
consented singleton children who participated in the third 
survey.

Between ages 9 and 14 years, around 46% children had at 
least one HA or A&E attendance for injury (table 2). There were 
2904 records of injury of which 6% were HAs and 94% were 
A&E attendances.

Associations between SDQ scores and the risk of injury
Hyperactivity at age 5 was not associated with a higher risk of 
injury in adolescence after adjusting for confounders (table 3). 
Unadjusted borderline hyperactivity, rather than high/abnormal, 
were associated with injury (IRR=1.34, 95% CI 1.01 to 1.77). 
However, this risk attenuated after adjusting for confounding 
variables, and this effect was similar when CP was included as 
a covariate.

High/abnormal CP at age 5 were not associated with higher 
risk of injury in adolescence once adjustment was made for 
confounding factors (sex, demographic, family factors and 
socioeconomic variables). However, borderline CP were 

associated with a higher rate of injury, even when adjusting for 
confounding factors and hyperactivity (IRR 1.31, 95% CI 1.10 
to 1.57). This was especially true for girls with borderline CP 
(IRR 1.37, 95% CI 1.04 to 1.8), see table 4.
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Table 2  Number of children with injury records and number 
of injury-related hospital admissions or A&E attendance records 
combined by country

Country

No of children with 
injury
(out of n=3119)

Injury admissions/attendances 
between 9 and 14 years

Wales 866 1782 (HA=104; A&E=1678)

Scotland 562 1122 (HA=70; A&E=1052)

Total 1428 (45.78%) 2904 (HA=174; A&E=2730)

A&E, Accident & Emergency; HA, hospital admission.

Table 3  IRRs for association between hyperactivity and CPs at age 5 and subsequent hospital admissions or A&E attendances for injury between 
ages 9 and 14 years

Unadjusted Adjusted (model 1)* Adjusted (model 2)†

IRR (95% CI) P value IRR (95% CI) P value IRR (95% CI) P value

Hyperactivity

 � Normal 1 1 1

 � Borderline 1.34 (1.01 to 1.77) 0.040 1.21 (0.92 to 1.59) 0.169 1.16 (0.88 to 1.52) 0.299

 � High 1.10 (0.91 to 1.34) 0.321 0.98 (0.81 to 1.19) 0.837 0.92 (0.74 to 1.14) 0.435

CPs

 � Normal 1 1 1

 � Borderline 1.38 (1.16 to 1.65) <0.001 1.31 (1.09 to 1.59) 0.003 1.31 (1.10 to 1.57) 0.003

 � High 1.26 (1.02 to 1.56) 0.029 1.12 (0.90 to 1.39) 0.307 1.12 (0.89 to 1.42) 0.326

*Model 1: Adjusted for child’s sex, number of people in household, lone parent, residential area, household poverty, maternal education, physical activity level, maternal age at 
child’s birth and country of the respondents.
†Model 2: Adjusted for child’s sex, number of people in household, lone parent, residential area, household poverty, maternal education, physical activity level, maternal age at 
child’s birth, country of the respondents, CP (in case of hyperactivity) and hyperactivity (in case of CP).
A&E, Accident & Emergency; CP, conduct problem; IRR, incidence rate ratio .

Discussion
Our findings suggest that children with high hyperactivity and 
CP do not have an increased risk of subsequent injury in early 
adolescence. However, borderline CP, especially in girls, were 
associated with a greater risk of injury in adolescence. These 
findings differ from existing studies,12 13 19 which suggested 
a significant association between hyperactivity, CP and risk 
of injury. It is possible that these difficulties do not persist 
throughout childhood, reflecting either spontaneous resolu-
tion or, potentially, the effects of interventions, which include 
pharmacological or cognitive–behavioural treatments34 and 
this may reduce the subsequent injury risk over time. On the 
other hand, children with borderline disruptive behaviours 
may not get equivalent family support, parent training/family 
therapy and school behavioural support. Clinical guidelines 
for children with behavioural problems have been shown to be 
inconsistent and difficult to implement due to high caseloads, 
time pressure and lack of specialised staff.35 This may result 
in children with borderline problems not receiving adequate 
support with potential implications for persistence or wors-
ening of their problems.

Strengths and limitations
A strength of the current study is the longitudinal linkage 
between routinely collected EHRs with longitudinal survey 
data25 which allowed us to examine prospectively recorded 
injury occurring between 4 and 9 years following assessment of 
behavioural difficulties. In the current study, we used objective 
measures of injury and were able to include a longer period of 
follow-up of the participants, thereby overcoming some of the 
limitations of previous studies.

However, our study does rely on parent-reported SDQ data. It 
is possible that parent-reported behaviours may reflect parental 
perceptions and their ability to cope with child behaviours and 
so may be subject to bias, for example, parents who are less able 
to cope or mothers with psychological distress may overestimate 
their child’s behavioural difficulties.20 36 This may explain why 
some high/abnormal children were not at risk of injury as their 
difficulties could have been overestimated by parents. Compar-
ison with teacher assessment would have helped to validate the 
exposure SDQ measures.

Finally, due to the unavailability of the A&E data prior to 2009, 
the study included the injury records of participants’ between the 
ages of 9 and 14. Intervention before age 9 due to high rate of 
injury can reduce the subsequent injury risk, hence data prior to 
2009 would have enabled us to investigate the mediating effect 
of early injury history on the injury risk in adolescence. In this 
study, GP data were not included; as we did not have GP data 
for participants from Scotland, we considered that A&E atten-
dances were less likely to include ‘worried well’ parents. This study 
considered the first diagnostic code within PEDW to identify the 
cause of admission and disregarded the secondary or other diag-
nostic positions to avoid the inclusion of pre-existing comorbidi-
ties. This might underestimate some injuries, which were wrongly 
placed when recorded. In this study, the data were available at an 
aggregated level per child and the time to injury was not taken 
into consideration within the current study design. Hence we were 
not able to distinguish between children with many injuries over a 
short time frame compared with those who have had them over a 
longer period. In this study, the missing data for the behavioural 
difficulties were excluded from the analysis; however, due to the 
small amount of the missing data, the impact of this exclusion is 
negligible. Additionally, the study does not capture any injuries that 
do not result in any healthcare contacts; therefore, the observed 
association between the behavioural difficulties and injury may 
have been underestimated.

Conclusion
We found no evidence that high/abnormal levels of hyperac-
tivity or CP at school entry are associated with injury risk in 
later childhood/early adolescence. There is some evidence 
that borderline CP is associated with injury risk, especially for 
girls. Children identified as having significant hyperactivity or 
CP might have received early support or treatment mitigating 
their risk of long-term injury in adolescence. However, those 
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Table 4  IRRs for association between hyperactivity and conduct problems at age 5 and subsequent hospital admissions or A&E attendances for 
injury between ages 9 and 14 years: sex-stratified models

Boys Girls

Adjusted (model 3)* Adjusted (model 4)† Adjusted (model 3)* Adjusted (model 4)†

IRR (95% CI) P value IRR (95% CI) P value IRR (95% CI) P value IRR (95% CI) P value

Hyperactivity

 � Normal 1 1 1 1

 � Borderline 1.05 (0.72 to 1.53) 0.810 1.00 (0.70 to 1.44) 0.982 1.42 (0.91 to 2.21) 0.119 1.33 (0.86 to 2.06) 0.194

 � High 0.98 (0.77 to 1.25) 0.888 0.93 (0.72 to 1.20) 0.571 0.99 (0.70 to 1.39) 0.937 0.91 (0.62 to 1.33) 0.618

Conduct problems

 � Normal 1 1 1 1

 � Borderline 1.27 (0.97 to 1.66) 0.088 1.28 (0.98 to 1.67) 0.068 1.38 (1.06 to 1.81) 0.017 1.37 (1.04 to 1.80) 0.023

 � High 1.07 (0.83 to 1.38) 0.602 1.10 (0.85 to 1.42) 0.465 1.24 (0.81 to 1.91) 0.318 1.20 (0.78 to 1.85) 0.396

*Model 3:Adjusted for number of people in the household, lone parent, residential area, household poverty, maternal education, physical activity level, maternal age at child’s 
birth and country of the respondents.
†Model 4: Adjusted for number of people in the household, lone parent, residential area, household poverty, maternal education, physical activity level, maternal age at child’s 
birth and country of the respondents and also adjusted for conduct problems (in case of hyperactivity) and hyperactivity (in case of conduct problems).
A&E, Accident & Emergency; IRR, incidence rate ratio.

with borderline problems may also be at risk but do not receive 
necessary support thus maintaining their risk of injuries. Further 
research is needed to clarify the relation of interventions to 
behavioural trajectories in early childhood and to investigate 
whether this modifies future injury risk.

Twitter Karen Tingay @residl_deviance
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My input 
In this research project, I was involved in building linked datasets between consented 
MCS data and health and administrative datasets. I undertook extensive and challenging 
data harmonisation work to incorporate hospital and ED data from both Scotland and 
Wales, ensuring compatibility for analysis. Since the MCS is a massive source of data, I 
identified the appropriate exposure and confounding variables from the MCS surveys and 
linked them anonymously with healthcare records, this was a significant undertaking in 
this research. Additionally, I developed weight-adjusted regression models to investigate 
the research question. I am the first author of this research paper and handled 
correspondence during the publication process. 

Impact 
• This paper was published in The Archives of Diseases in Childhood in 2020, a 

prestigious journal recognised for its contributions to paediatric research.  
• The paper has garnered attention and has been cited by five published works, as 

reported by Google Scholar. The citations reflect the significance and relevance of 
the current research work in this field and demonstrates its influence on 
subsequent research. 

Conclusion 
This chapter investigates the long-term association between early childhood behavioural 
difficulties and injury risk in adolescence using a longitudinal data linkage study. While 
no significant link was found between severe early hyperactivity and long-term injury risk, 
the findings suggest that children with behavioural challenges are more likely to 
experience injuries later. This makes them more at risk for injury-related severe 
outcomes. Additionally, this increased risk can lead to further vulnerabilities, including a 
higher susceptibility to both physical and mental health challenges. Hence the children 
with behavioural challenges may still require additional monitoring and tailored 
interventions to enhance their safety and wellbeing.  Misclassification of behavioural 
difficulties can lead to severe outcomes and increase a child’s vulnerability. Given the 
potential for misclassification, the next chapter examines the risk of ADHD overdiagnosis 
in Scotland and Wales, exploring the influence of a child’s relative age within the school 
year on ADHD diagnoses and treatment.   
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Chapter 8: Age within schoolyear and attention-deficit 
hyperactivity disorder in Scotland and Wales 

Critical summary 

Background 

ADHD is one of the most prevalent neuro-developmental disorders among children and 
adolescents (94). A recent study reported a significant increase in ADHD diagnoses 
among children in the U.S., raising considerable public health concerns (95). However, 
there is variability in the prevalence of ADHD (diagnosed or treated) between countries. 
While the global prevalence stands at 7.2%, it reaches 15.5% in the U.S. and 23% in 
Canada (96). Studies have also reported higher prevalence of ADHD among younger 
children within an academic year (97,98), suggesting a potential risk of over-diagnosis 
based on relative age.  

This study aims to investigate the role of relative age in ADHD diagnoses in the UK, 
specifically in Wales and Scotland. The UK has a lower prevalence of ADHD compared to 
many other countries (99), and the school entry cut-off dates differ between Wales 
(September) and Scotland (March). By comparing these two regions, this research 
provides valuable insights into the impact of relative age on ADHD diagnosis and its 
association with confounding factors, including gender, family dynamics and socio-
economic conditions. 

Utilisation of administrative data 

In this study, data from Wales and Scotland were analysed separately. A nationally 
representative cohort of singleton children with valid education data from Wales 
between 2009 and 2016 was established, enabling meaningful comparisons with the 
Scottish cohort. These cohorts were linked to primary care health records in their 
respective countries to obtain information on ADHD treatment. 

Routine administrative datasets were used to capture the exposure, outcome and 
confounding variables for the analysis. In Wales, the WDS, WLGP, NCCHD and Pre-16 
education data were utilised, while in Scotland, the Scottish Morbidity Record maternity 
database (SMR02) and the ScotXed school pupil census were employed. Data linkage in 
Wales was performed using the ALF, whereas in Scotland, the Community Health Index 
(CHI) was used for health records and the Scottish Candidate Number (SCN) for 
education data linkage. 

This study emphasises the strength of administrative data in conducting cross-country 
comparisons, enhancing the generalisability of the findings. By integrating these 
comprehensive datasets, the research provides valuable insights into the prevalence and 
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diagnosis of ADHD at population level, contributing to evidence-based public health 
strategies. 

As this work was a collaborative initiative between Glasgow University and Swansea 
University, utilising the existing data infrastructure of both countries, only data from 
Wales and Scotland was incorporated into the study. Data from other two countries of 
the UK (England and Northern Ireland) was beyond the scope of the study. 

Application of data science methods 

Both unadjusted and adjusted LR models were applied to examine the relationship 
between the exposure and outcome variables, as the outcome variable was binary 
(ADHD treatment: yes/no). When constructing the adjusted models (referred to as Model 
2 in the paper), child-related variables, including gender, age within school years and 
area-level deprivation indicated by the WIMD and the Scottish Index of Multiple 
Deprivation (SIMD) were included. The final model also adjusted for additional maternal 
confounding factors to assess their impact on the odds of an ADHD diagnosis. 

Although the school entry cut-off dates differ between Scotland and Wales, the analysis 
was made comparable by deriving four categories of the main exposure variable (age 
category in school years) based on the month of birth. Chi-square tests were used to 
compare the demographic characteristics of the study population, both with and without 
ADHD, ensuring the relevance of including the confounding factors in the final adjusted 
models. A supplementary analysis was conducted to compare children held back for one 
year with those in their expected year, using chi-square tests. 

Early-life vulnerability profiling 

This study revealed very similar prevalence rates of treated ADHD in Wales and Scotland, 
consistent with findings from other countries such as Denmark and Finland (99). Key 
findings include, a) the relative age effect is linked to a higher risk of ADHD in Wales; b) a 
similar trend was observed in Scotland after including held-back children in the analysis; 
and c) a greater proportion of Scottish children are in the held-back group compared to 
their Welsh counterparts in an academic year. 

These findings suggest that the relative age effect on ADHD should be considered in the 
clinical context, as younger children within their academic year are more likely to receive 
ADHD treatment, irrespective of school entry cut-off dates. This highlights the need to 
consider flexible school start dates in policy decisions. The study significantly 
contributes to early-life vulnerability profiling, highlighting the necessity for targeted 
interventions and informed decision-making in ADHD treatment and support. 
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Abstract 

Background:  Previous studies suggest an association between age within schoolyear and attention-deficit hyper-
activity disorder (ADHD). Scotland and Wales have different school entry cut-off dates (six months apart) and policies 
on holding back children. We aim to investigate the association between relative age and treated attention deficit 
hyperactivity disorder (ADHD) in two countries, accounting for held-back children.

Methods:  Routine education and health records of 1,063,256 primary and secondary schoolchildren in Scotland 
(2009–2013) and Wales (2009–2016) were linked. Logistic regression was used to examine the relationships between 
age within schoolyear and treated ADHD, adjusting for child, maternity and obstetric confounders.

Results:  Amongst children in their expected school year, 8,721 (0.87%) had treated ADHD (Scotland 0.84%; Wales 
0.96%). In Wales, ADHD increased with decreasing age (youngest quartile, adjusted OR 1.32, 95% CI 1.19–1.46) but, in 
Scotland, it did not differ between the youngest and oldest quartiles. Including held-back children in analysis of their 
expected year, the overall prevalence of treated ADHD was 0.93%, and increased across age quartiles in both coun-
tries. More children were held back in Scotland (57,979; 7.66%) than Wales (2,401; 0.78%). Held-back children were 
more likely to have treated ADHD (Scotland OR 2.18, 95% CI 2.01–2.36; Wales OR 1.70, 95% CI 1.21–2.31) and 81.18% of 
held-back children would have been in the youngest quartile of their expected year.

Conclusions:  Children younger within schoolyear are more likely to be treated for ADHD, suggesting immaturity 
may influence diagnosis. However, these children are more likely to be held back in countries that permit flexibility, 
attenuating the relative age effect.
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What is known on this subject?

•	 A number of studies have reported that attention-
deficit hyperactivity disorder (ADHD) is associated 
with younger age within schoolyear (relative age) 

with most investigators suggesting that this may 
reflect differential case ascertainment, rather than 
a causal relationship, because younger children are 
developmentally less mature than their older class-
mates with whom their behaviour is being compared. 
Further research has been recommended on the 
impact of holding back children on case ascertain-
ment and particularly whether the provision of flex-
ibility in school starting dates masks or reduces the 
relative age effect.
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What this study adds?

•	 In Scotland and Wales, cut-off ages for school-entry 
are six months out of phase. They also employ dif-
ferent approaches to holding back children, with the 
practice being less restrictive in Scotland. Compari-
son of the two countries, therefore, provides a use-
ful natural experiment for investigating the relation-
ship between age within schoolyear and ADHD, and 
investigating whether it is independent of potential 
confounders and modified by policies on holding 
back children. Clinicians assessing or treating chil-
dren and young people for ADHD should be aware 
that irrespective of the date of cut-off for school 
entry, children who are younger within their school 
year are more likely to be treated for ADHD. This 
trend may be masked in countries with flexible start 
date policies where younger children with attention 
or behavioural problems are more likely to be held 
back a year if the teachers and parents agree that this 
is in the best interests of the child. Holding back chil-
dren does not appear to reverse the need for ADHD 
medication. It is possible that holding back children 
with ADHD might, nonetheless, improve other out-
comes.

Background
Attention-deficit hyperactivity disorder (ADHD) is a 
neuro-developmental disorder, characterised by devel-
opmentally inappropriate levels of inattention, hyper-
activity and impulsiveness. Diagnosis is based on these 
symptoms affecting the child’s functioning across dif-
ferent settings. Therefore, reports from parents and 
teachers are considered, in addition to clinical observa-
tion and assessment, when making the diagnosis. How-
ever, the prevalence of diagnosed or treated ADHD 
varies greatly between countries, ranging from around 
1% in Denmark to over 5% in North America and Ice-
land  [1, 2]. A number of studies have reported that 
ADHD is associated with younger age within schooly-
ear (relative age) with most investigators suggesting 
that this may reflect differential case ascertainment, 
rather than a causal relationship, because younger chil-
dren are developmentally less mature than their older 
classmates with whom their behaviour is being com-
pared [2, 3]. Therefore, younger children may have their 
immature behaviour misclassified as ADHD (over-
ascertainment in younger children) and/or ADHD may 
not be recognised in some older children who are bet-
ter able to compensate (more complete ascertainment 

in younger children). Evidence in support of more 
complete ascertainment or over-ascertainment among 
younger children, rather than a genuinely higher inci-
dence in younger children, comes from different 
sources. Firstly, findings of an association with relative 
age within schoolyear are more consistent in countries 
with high ADHD prescription rates, such as the USA, 
Canada, Iceland, Israel and Germany (pooled risk ratio 
of 1.27)  [2]. In contrast, due to very high heterogene-
ity, a meta-analysis could not be performed on studies 
conducted in countries with lower prescription rates 
[2]. Secondly, in USA states with a fixed 1stSeptember 
school entry cut-off date, rates of ADHD treatment for 
young children differed between the youngest and old-
est children (i.e. those born in September and August); 
these differences were not found in states that applied 
different cut-off dates  [4]. However, in common with 
the vast majority of the literature  [3], both this study 
and a recent UK study [5] were hampered by being una-
ble to identify children held back a year and therefore 
misclassifying their relative age using month of birth. 
lt has been suggested that the association with relative 
age may, therefore, have been underestimated because 
of exposure misclassification  [3, 6]. Further research 
has been recommended on the impact of holding 
back children on case ascertainment and particularly 
whether the provision of flexibility in school start-
ing dates masks or reduces the relative age effect  [3]. 
Thirdly, there are only very modest differences in the 
likelihood of ADHD treatment receipt between chil-
dren who are young and old within their schoolyear in 
Denmark [7], where there are reported to be tight, age-
specific criteria for diagnosing ADHD and there is con-
siderable parental discretion in deciding to hold back 
children considered too immature to start school  [8]. 
In Denmark, 40% of children born October-December, 
who would normally be in the youngest quartile in their 
year, are held back to the next year [7].

It is unclear how these international findings might 
generalise to countries within the UK, such as Scotland 
and Wales, where healthcare is provided free of charge 
at the point of delivery via the National Health Service, 
there is clear guidance for the diagnosis and treatment 
of ADHD [9, 10], and diagnosis and treatment rates are 
low [1]. In Scotland and Wales, cut-off ages for school-
entry are six months out of phase. They also employ 
different approaches to holding back children, with the 
practice being less restrictive in Scotland  [11]. Com-
parison of the two countries, therefore, provides a use-
ful natural experiment for investigating the relationship 
between age within schoolyear and ADHD, and investi-
gating whether it is independent of potential confound-
ers and modified by policies on holding back children.
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Methods
The study was conducted across Scotland (population 
5.4million) and Wales (population 3.1million). The two 
countries are six months out of phase in relation to age 
at school entry. In Scotland, the cut-off date of birth for 
entry into school is 1st March and in Wales it is 1st Sep-
tember. Both Scotland and Wales have country-wide 
coverage of routine health and education data that are 
linkable at individual-level. The authors assert that all 
procedures contributing to this work comply with the 
ethical standards of the relevant national and institu-
tional committees on human experimentation and with 
the Helsinki Declaration of 1975, as revised in 2008. NHS 
ethics approval is not required for secondary analyses of 
anonymised extracts of routine data. Access to the Welsh 
data was carried out under Secure Anonymised Informa-
tion Linkage (SAIL) Databank Information Governance 
Review Panel (IGRP) approved project  Wales Electronic 
Cohort for Children (WECC): Phase 4  (project number 
0916). In Scotland, access was approved by the National 
Health Service Public Benefit and Privacy Panel (refer-
ence 1920–0144) and covered by a data processing agree-
ment between Glasgow University and Public Health 
Scotland and a data sharing agreement between Glasgow 
University and the education department of the Scottish 
Government (ScotXed). All Scottish data were linked 
by the Electronic Data Research and Innovation Service 
(eDRIS), part of Public Health Scotland.

Record linkage
In Scotland, the health sector uses a unique identifier, the 
community health index (CHI), which enables different 
health databases to be linked to each other, at an indi-
vidual level, using exact matching. The education sector 
uses a different unique identifier, the Scottish Candidate 
Number (SCN), by which different education databases 
can be linked. We have previously demonstrated that, 
for singleton children, probabilistic matching of the CHI 
and SCN, based on date of birth, sex and postcode of 
residence, is 99% accurate [12]. The linked data were ana-
lysed within a secure National Safe Haven. In Wales, data 
linkage is performed using an anonymised, encrypted 
NHS number identifier, known as the anonymised link-
age field (ALF), which is generated by the trusted third-
party NHS Wales Informatics Service (NWIS). The data 
linkage and analyses were performed within the SAIL 
Databank platform [13].

Inclusion and exclusion criteria
The study was restricted to singleton children who 
attended mainstream primary or secondary schools in 
Scotland between 2009 and 2013 and in Wales between 
2009 and 2016, and who had been born in the same 

country and could, therefore, be linked to their mater-
nity records. Multiple births and special schools were 
excluded because, in Scotland, it is not possible to be 
certain that records of same sex children have been cor-
rectly linked and school stage is not recorded for special 
schools. In Wales, children who did not have general 
practice (GP) records in SAIL could not be included. 
Since the focus of this study was the effect of age 
within school year, we excluded children who had been 
advanced or held back by one or more school year from 
the primary analyses. This is because they were likely to 
be either atypically gifted or struggling with academic 
work independent of their age within year. Therefore, 
their inclusion would have introduced bias. In the sup-
plementary analyses, we re-included children who had 
been held back by one year only because, due to less 
stringent restrictions in Scotland, the parents of children 
who would otherwise be among the youngest in their 
year sometimes elect to hold them back a year at entry 
into primary or secondary school to optimise their exam 
grades. Since this is not done in response to concerns 
about the child’s academic abilities, their inclusion was 
less likely to introduce bias.

Databases
In Scotland, the Scottish Morbidity Record maternity 
database (SMR02) collects data on maternal, obstetric 
and child factors relating to pregnancy and delivery. The 
Prescribing Information System (PIS) collects informa-
tion on all prescriptions dispensed to Scottish residents 
by community pharmacies or primary care, and includes 
prescriptions issued in Scotland but dispensed elsewhere 
in the United Kingdom. The ScotXed school pupil census 
is conducted annually, in September, by all local authority 
run primary and secondary schools. In Wales, the study 
population was derived from the Welsh Demographic 
Service (WDS) dataset, which is an administrative data-
base of all individuals living in Wales and registered with 
a GP. Demographic and maternity data were obtained 
from the WDS and National Community Child Health 
Database (NCCHD). Medication history was derived 
from the Welsh Longitudinal General Practice (WLGP) 
dataset and education records were obtained from the 
pre-16 years Educational Attainment Dataset.

Exposure, outcome and confounder variables
Age within school year was defined using month of birth 
and was categorised into calendar (three month) quar-
tiles. Oldest to youngest age within schoolyear equated 
to births in March–May, June–August, September–
November and December-February in Scotland, and Sep-
tember–November, December-February, March–May 
and June–August in Wales. The outcome of interest was 
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treated ADHD. In both countries, this was ascertained 
by receipt of one or more medication licensed solely for 
the treatment of ADHD defined as: methylphenidate 
hydrochloride, dexamfetamine sulphate, atomoxetine or 
lisdexamfetamine dimesylate. The potential confound-
ers included child (sex, area-based socioeconomic dep-
rivation), maternal (smoking during pregnancy, age at 
delivery, parity) and obstetric (gestation at delivery, sex-
gestation-specific birth weight centile, caesarean delivery, 
5-min APGAR score) factors. Area-based socioeconomic 
deprivation was measured using the Scottish Index of 
Multiple Deprivation (SIMD) and Welsh Index of Multi-
ple Deprivation (WIMD) in Scotland and Wales respec-
tively. Both were categorised into general population 
quintiles for the respective countries.

Statistical analyses
The characteristics of children with and without ADHD 
were compared using chi-square tests and chi-square 
tests for trend for categorical and ordinal data respec-
tively. Binary logistic regression models were used to 
examine the association between age within schoolyear 
and ADHD univariately, adjusted for child confounders 
and, finally, adjusted for all confounders. In the supple-
mentary analyses, the characteristics of children who had 
been held back one year were compared with children 
who were in their expected year using chi-square tests 
and chi-square tests for trend for categorical and ordi-
nal data respectively. The main unadjusted and adjusted 
binary logistic regression models were then rerun includ-
ing children who had been held back one year in addition 
to those in their expected year. Analyses were undertaken 
using R v3.3.2 and Stata MP version 14.1.

Results
For the primary analyses, the study population comprised 
1,002,876 singleton children who were in the expected 
school year for their age and who attended school in the 
same country in which they were born. Overall, 8,721 
(0.87%) were being treated for ADHD: 5,803 (0.84%) of 
the 699,325 Scottish schoolchildren and 2,918 (0.96%) 
of the 303,551 Welsh schoolchildren. The prevalence of 
ADHD was higher in boys, increased with deprivation, 
maternal smoking during pregnancy and lower maternal 
age, birth weight and APGAR score, and had a reverse 
hockey-stick relationship with gestation at delivery 
(Table 1).

In Scotland, the prevalence of ADHD increased from 
the oldest quartile to the second youngest, but then 
fell in the youngest quartile (Table  2). In Wales, chil-
dren in the youngest quartile had the highest preva-
lence of ADHD (Table 2). Differences between Scotland 
and Wales persisted following adjustment for child, 

maternal and obstetric confounders (Table 3). In Wales, 
in the fully adjusted model, the risk of ADHD increased 
as age decreased over the four quartiles. In Scotland, it 
increased steadily over the oldest three but the risk of 
ADHD among children in the lowest age quartile was not 
significantly higher than in the highest age quartile.

For the supplementary analyses, the study popula-
tion comprised 1,063,256 children who were either in 
their expected schoolyear or had been held back a year, 
of whom 9,897 (0.93%) had treated ADHD. The preva-
lence of treated ADHD was 0.92% in Scotland and 0.97% 
in Wales (p = 0.012) (Supplementary Table  1). If the 
children who were held back a year had been in their 
expected schoolyear, the prevalence of ADHD in Scot-
land across the four quartiles from oldest to youngest 
would have been: 0.79%, 0.89%, 0.97% and 1.01% (chi 
trend, p < 0.001).

More children were held back in Scotland than Wales: 
57,979 out of 757,304 (7.66%) versus 2,401 out of 305,991 
(0.78%) respectively (Supplementary Table  1). Of the 
60,380 held back children, 49,017 (81.18%) would have 
been in the youngest quartile of their expected year, 
8,138 (13.48%) in the third oldest, 2,177 (3.81%) in the 
second oldest, and only 1,078 (1.74%) in the oldest quar-
tile. Children who were held back a year had a two-fold 
higher prevalence of ADHD treatment: 1.96% in Scot-
land, 1.71% in Wales, and 1.95% overall (Supplementary 
Table 1). Held-back children were more likely to be male, 
affluent, preterm and low birth weight, and less likely to 
have been born by Caesarean section or have mothers 
who smoked during pregnancy (Supplementary Table 2). 
After adjustment for potential confounders, held-back 
children remained more likely to have treated ADHD: OR 
2.18, 95% CI 2.01–2.36 in Scotland and OR 1.70, 95% CI 
1.21–2.31 in Wales respectively (Supplementary Table 3).

Discussion
The prevalence of treated ADHD in Scotland and Wales 
was comparable to countries such as Denmark and Fin-
land, and lower than the USA  [1]. When our analyses 
included only children who were in their expected school 
year, younger relative age was associated with higher risk 
of ADHD in Wales, but not in Scotland. Scottish children 
were ten times more likely than Welsh children to be held 
back a year. However, the lower prevalence of ADHD 
in the lowest age quartile in Scotland was explained by 
preferential holding back of children who were closer 
to the cut-off age (who would, otherwise, have been 
amongst the youngest in the year) and preferential hold-
ing back of children with treated ADHD. When the 
analyses included held-back children, and was based on 
their expected schoolyear, there was a clear trend, in both 
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Table 1  Characteristics of schoolchildren in their expected school year, by presence or absence of ADHD

Scotland Wales Overall

ADHD No ADHD p value ADHD No ADHD p value ADHD No ADHD

N = 5,803 N = 693,522 N = 2,918 N = 300,633 N = 8,721 N = 994,155

n % n % n % n % n % n %

Gender < 0.001a < 0.001a

  Male 4,921 84.80 342,819 49.43 2,469 84.61 153,229 50.97 7,390 84.74 496,048 49.90

  Female 882 15.20 350,703 50.57 449 15.39 147,404 49.03 1,331 15.26 498,107 50.10

Welsh/Scottish Index of 
Multiple Deprivation

< 0.001b < 0.001b

  1 (Most deprived) 1,863 32.18 157,444 22.73 987 33.82 73,646 24.50 2,850 32.73 231,090 23.27

  2 1,457 25.17 139,997 20.22 667 22.86 62,204 20.69 2,124 24.39 202,201 20.36

  3 1,015 17.53 133,947 19.34 537 18.40 59,051 19.64 1,552 17.82 192,998 19.43

  4 856 14.79 134,187 19.38 398 13.64 48,846 16.25 1,254 14.40 183,033 18.43

  5 (Least deprived) 598 10.33 126,962 18.33 329 11.27 56,886 18.92 927 10.65 183,848 18.51

  Missing 14 985 0 0 14 985

Maternal age (years) < 0.001b < 0.001b

  19 1,005 17.32 56,408 8.13 478 16.38 27,893 9.28 1,483 17.00 84,301 8.48

  20–24 1,680 28.95 133,302 19.22 910 31.19 67,145 22.34 2,590 29.70 200,447 20.16

  25–29 1,562 26.92 204,476 29.48 777 26.63 87,434 29.09 2,339 26.82 291,910 29.37

  30–34 1,071 18.46 196,610 28.35 498 17.07 76,870 25.58 1,569 17.99 273,480 27.51

  335 485 8.36 102,714 14.81 255 8.74 41,202 13.71 740 8.49 143,916 14.48

  Missing 0 12 0 89 0 101

Maternal smoking < 0.001a < 0.001a

  No 2,673 51.86 446,432 72.65 452 58.25 65,806 79.13 3,125 52.70 512,238 73.42

  Yes 2,481 48.14 168,055 27.35 324 41.75 17,352 20.87 2,805 47.30 185,407 26.58

  Missing 649 79,035 2,142 217,475 2,791 296,510

Gestational age (weeks) < 0.001b < 0.001b

   < 28 21 0.36 721 0.10 17 0.58 643 0.21 38 0.44 1,364 0.14

  28–34 181 3.12 13,478 1.94 99 3.39 6,823 2.27 280 3.21 20,301 2.04

  35–36 315 5.43 23,315 3.36 137 4.69 10,693 3.56 452 5.18 34,008 3.42

  37–41 5,088 87.72 630,151 90.93 2,488 85.26 264,048 87.83 7,576 86.90 894,199 89.99

  342 195 3.36 25,369 3.66 177 6.07 18,426 6.13 372 4.27 43,795 4.41

  Missing 3 488 0 0 3 488

Birth weight (g) < 0.001b < 0.001b

  £1,000 25 0.43 938 0.14 11 0.38 568 0.19 36 0.41 1,506 0.15

  1,001–1,500 3 0.05 192 0.03 20 0.69 1,498 0.50 23 0.26 1,690 0.17

  1,501–2,500 466 8.03 35,769 5.16 227 7.81 14,722 4.91 693 7.96 50,491 5.08

  2,501–4,000 4,693 80.87 569,582 82.15 2,345 80.72 248,585 82.89 7,038 80.82 818,167 82.37

  4,001–4,500 519 8.94 73,333 10.58 253 8.71 29,356 9.79 772 8.87 102,689 10.34

   > 4,500 97 1.67 13,496 1.95 49 1.69 5,186 1.73 146 1.68 18,682 1.88

  Missing 0 212 13 718 13 930

5 min Apgar score < 0.001b < 0.001b

  0–3 42 0.74 3,116 0.45 128 7.06 9,641 4.41 170 2.26 12,757 1.41

  4–6 77 1.35 6,305 0.92 24 1.32 1,882 0.86 101 1.34 8,187 0.90

  7–10 5,595 97.92 677,504 98.63 1,662 91.62 206,996 94.73 7,257 96.40 884,500 97.69

  Missing 89 6,597 1,104 82,114 1,193 88,711

Parity 0.893a < 0.001a

  0 2,630 45.73 315,009 45.64 1,134 42.74 114,650 43.87 3,764 44.79 429,659 45.16

  31 3,121 54.27 375,160 54.36 1,519 57.26 146,687 56.13 4,640 55.21 521,847 54.84

  Missing 52 3,353 265 39,296 317 42,649



Page 6 of 9Fleming et al. BMC Public Health         (2022) 22:1070 

countries, between relative age within schoolyear and 
treated ADHD.

Children who were held back a year differed from 
their peers in a number of ways and are likely to be a 

heterogeneous group. They were more likely to have 
a range of risk factors for ADHD, including male sex, 
maternal smoking during pregnancy, preterm birth and 
low birth weight. However, they were also more likely to 

a chi square test for association
b chi square test for trend

P values produced separately as cohorts could not be combined

Table 1  (continued)

Scotland Wales Overall

ADHD No ADHD p value ADHD No ADHD p value ADHD No ADHD

N = 5,803 N = 693,522 N = 2,918 N = 300,633 N = 8,721 N = 994,155

n % n % n % n % n % n %

Mode of delivery 0.207a 0.025a

  Caesarean section 1,132 19.51 139,915 20.17 512 17.55 57,686 19.19 5,183 59.43 611,291 61.49

  Other 4,671 80.49 553,605 79.83 2,406 82.45 242,947 80.81 3,538 40.57 382,862 38.51

  Missing 0 2 0 0 0 2

Table 2  Breakdown of ADHD by age within school year

* Chi squared test for trend p = 0.164
** Chi squared test for trend p = 0.112

Scotland* Wales **

Month of birth N ADHD
N (%)

Month of birth N ADHD
N (%)

1 (oldest) Mar-May 186,002 1,450 (0.78) Sept-Nov 76,944 684 (0.89)

2 June-Aug 191,822 1,637 (0.85) Dec-Feb 74,430 730 (0.98)

3 Sept-Nov 184,751 1,609 (0.87) Mar-May 75,655 737 (0.97)

4 (youngest) Dec-Feb 136,750 1,107 (0.81) June-Aug 76,552 767 (1.00)

Table 3  Logistic regression models of the association between age within school year and ADHD

OR Odds ratio, CI Confidence interval

Model 1: univariate

Model 2: adjusted for child (sex, age, deprivation quintile) confounders

Model 3; adjusted for above plus, maternal (smoking, age) and obstetric (parity, gestation at delivery, sex- gestation-specific birthweight centile, caesarean section, 
5-min Apgar score) confounders

Age category within 
school year

Model 1 Model 2 Model 3

OR 95% CI p value OR 95% CI p value OR 95% CI p value

Scotland

  1 (oldest) 1.00 1.00 1.00

  2 1.10 1.02–1.18 0.012 1.11 1.03–1.19 0.004 1.12 1.04–1.21 0.002

  3 1.12 1.04–1.20 0.002 1.12 1.04–1.20 0.003 1.13 1.05–1.22 0.001

  4 (youngest) 1.04 0.96–1.12 0.343 1.06 0.98–1.15 0.151 1.06 0.98–1.15 0.154

Wales

  1 (oldest) 1.00 1.00 1.00

  2 1.10 0.99—1.23 0.063 1.16 1.04—1.28 0.007 1.15 1.03—1.28 0.01

  3 1.10 0.99—1.22 0.083 1.21 1.09—1.35  < 0.001 1.20 1.08—1.34  < 0.001

  4 (youngest) 1.13 1.02—1.25 0.022 1.32 1.19—1.47  < 0.001 1.32 1.19—1.46  < 0.001
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be from affluent families, suggesting that the preferen-
tial take-up of school deferral by some families might be 
driven by parental worry about perceived relative imma-
turity. Whilst we were unable to examine the reasons for 
why children were held back, we assume that it reflects 
a belief that younger children with behavioural or atten-
tion problems may fare badly competing against older, 
more mature peers and/or might benefit from additional 
schooling.

Our study had a number of strengths. Firstly, it was 
large-scale (sample size exceeding one million) and non-
selective, in that it covered the whole population of both 
countries. Secondly, linkage with educational databases 
enabled us to distinguish which children had been held 
back. This addressed a major limitation of most previous 
studies that could not and, therefore, systematically mis-
classified the relative age of held-back children based on 
their month of delivery  [3, 5, 6, 14, 15]. Thirdly, linkage 
of education to maternity records enabled us to adjust 
for maternal and obstetric confounders as well as soci-
odemographic confounders. Fourthly, inclusion of and 
comparison between two countries permitted a natu-
ral experiment in which we could examine whether the 
relationship between age within schoolyear and ADHD 
was influenced by school-entry date cut-off and differ-
ent approaches to permitting children to be held back a 
year. ADHD is 60–90% heritable [16]. Expression of can-
didate genes related to the dopamine system, is modified 
by exposure to sunlight  [17], and their association with 
ADHD interacts with season of birth [18, 19]. However, 
our finding that younger children were at higher risk of 
ADHD in two countries, six months out of phase, dem-
onstrated that the association with relative age is not sim-
ply due to confounding by month or season of birth.

A previous UK study of one million children attend-
ing school in England/Wales, Scotland or Northern Ire-
land reported an increased overall risk of ADHD among 
those in the bottom three-month age group (adjusted HR 
1.36, 95% CI 1.28–1.45)  [5]. However, the overall find-
ing was dominated by children from England/Wales who 
accounted for more than 90% of the cohort and had the 
same school entry date; the authors reported that they 
were underpowered to comment on the Scottish sub-
group. Furthermore, the study was conducted using only 
primary care records. The authors did not have access to 
education records and, therefore, could not differentiate 
children in their expected schoolyear from children who 
had been held back.

Limitations of our study include the use of medica-
tion to identify children with ADHD. Although this 
may have resulted in failure to ascertain some diag-
nosed cases, there is no reason to believe that it would 
introduce a systematic error in relation to month of 

birth. Our study used data extracted from routine 
administrative databases, but these undergo regular 
quality assurance checks. Had the children who were 
held back a year been in their expected school year, the 
prevalence of ADHD in Scotland would have followed 
the same pattern as Wales, increasing across the four 
quartiles from oldest to youngest. Also, the prevalence 
of treated ADHD would have been comparable in the 
two countries. In both countries, delaying school entry 
by a year was associated with a greater, not lower, likeli-
hood of treatment for ADHD. Therefore, holding back 
younger children for a year did not appear to reverse 
their need for ADHD medication. However, we were 
unable to ascertain at what stage in their education the 
children were held back to a lower year and, therefore, 
whether commencement of ADHD treatment preceded 
or followed their deferral.

In terms of clinical and policy implications, clinicians 
assessing or treating children and young people for 
ADHD should be aware that irrespective of the date of 
cut-off for school entry, children who are younger within 
their school year are more likely to be treated for ADHD. 
This trend may be masked in countries with flexible start 
date policies where younger children with attention or 
behavioural problems are more likely to be held back a 
year if the teachers and parents agree that this is in the 
best interests of the child. Holding back children does 
not appear to reverse the need for ADHD medication. It 
is possible that holding back children with ADHD might, 
nonetheless, improve other outcomes. Further studies 
are required to determine whether holding back children 
with ADHD produces other benefits such as improve-
ments in their behavioural and educational outcomes and 
wellbeing.
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My input 
As this study incorporates data from two separate countries, the analyses were 
conducted independently. The analysis for the Welsh data was performed in SAIL, where 
I undertook all the necessary steps for data integration, linkage, cleaning and analysis. 
After completing the analyses on both platforms, we combined the findings. I 
communicated rigorously with my counterpart in Scotland to harmonise the data and 
ensure the validity and comparability of the final analysis. I collaborated on writing the 
paper with my Scottish counterpart, taking the lead on the manuscript’s development 
and incorporating the methods and results from Wales. I also contributed to finalising the 
introduction and discussion sections of the paper as a joint first author. 

Impact 
• The paper was published in BMC Public Health in 2022, marking a significant 

contribution to the field. 
• It has been cited by eleven other published works, highlighting its substantial impact 

and relevance in health and social care research. 
 

Conclusion 
This chapter of the thesis provides crucial insights into the risk of ADHD overdiagnosis in 
Wales and Scotland, highlighting its association with relative age within an academic 
year. The findings indicate that younger children in their academic cohort are more likely 
to receive an ADHD diagnosis and treatment, raising concerns about the influence of 
relative age on diagnostic patterns. These results have significant implications for 
educational policies and clinical decision-making, emphasising the need for greater 
awareness of relative age effects in ADHD assessments. Considering the next step of this 
work, federated analysis can open up the possibility for comparative research between 
countries, like this, to examine how such an approach can effectively explore natural 
policy and practice differences across the UK and beyond. Together with the previous 
chapters, this thesis has consistently investigated the risk factors contributing to early-
life vulnerabilities through the systematic use of routine administrative health and social 
care data using statistical and machine learning approaches.  
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Chapter 9: Conclusion 

Summary 
The collective findings of this thesis illustrate the multifaceted nature of early-life 
vulnerabilities, including health disparities, educational challenges, behavioural risks 
and exposure to DA, as identified through routine administrative data. Across nine 
published journal articles, my research highlights the critical role of data-informed 
approaches in identifying early-life vulnerabilities. I have established a methodological 
framework that uses data linkage and advanced statistical and machine learning 
techniques on routine administrative data. This framework enhances the identification of 
early-life vulnerabilities, showcasing the effectiveness of data-driven models. My thesis 
highlights the necessity of data hybridisation, effectively integrating extensive routine 
data with detailed survey data through data linkage and harmonisation. This integration 
enables in-depth longitudinal follow-up of population-level data and facilitates the 
development of multi-stage models. The methodological approaches have 
demonstrated how analogous variables from survey data have been created by exploring 
the complementary strengths of diverse datasets. My thesis showcases significant 
methodological advancements in handling routine administrative data for health and 
social care research. The methodological enhancement has culminated in the 
development of WECC Phase 4, a novel platform which I have developed for life course 
research and it facilitates future collaborative efforts in this field. 

Along with the methodological contribution, my thesis has provided a risk profile 
associated with early-life vulnerabilities. The risk factors identified by my work include 
family and area-level deprivation, maternal mental and physical health issues, maternal 
smoking and clinically significant alcohol or substance abuse by family members.  
Findings also indicate that children experiencing neglect or challenging family 
circumstances have fewer routine primary care contacts and more frequent emergency 
healthcare interactions. The thesis demonstrates that early identification of vulnerable 
children is possible through integrated linked routine data, opening opportunities for 
targeted early intervention plans to improve life trajectories. This work also provides the 
insight into propensity to come out of poverty. For example, living in an area with better 
community safety and access to services translates into children more likely to build a 
resilience profile for themselves. 

Some of the risk factors associated with early-life vulnerability, such as deprivation, poor 
mental health, are well known. In this context, one of the contributions of my study is to 
identify the persistent presence of some of these known modifiable risk factors for 
vulnerable children in Wales, where social services could help to address the significant 
underlying disparity or gaps. My findings highlight the need for evidence-based policies 
to address the root causes of vulnerability, promoting proactive public health 
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interventions. These are aligned with the priorities of Welsh Government and Public 
Health Wales (PHW), particularly through my close collaboration with the 'Vulnerability 
Profiling Programme' of PHW Rhondda Cynon Taf, which aims to improve the life chances 
of vulnerable children and their families. 

Limitations 
While this research provides valuable insights, there are areas for improvement in both 
data utilisation and methodological approaches to investigating early-life vulnerabilities. 
Primarily, this work relies on the secondary use of administrative data, meaning 
individuals not captured in the healthcare system are excluded from analysis, potentially 
omitting important subgroups. Additionally, variability in data quality and completeness 
may introduce biases. However, substantial efforts, including data cleaning, imputation 
of missing data and harmonisation, have been undertaken to mitigate these issues. The 
predictive accuracy of the models can be further improved by expanding the scope of 
explanatory variables, refining interrelationships and implementing more complex 
models that offer better fit, though often at the expense of interpretability. Data privacy 
concerns and governance regulations can restrict accessibility or introduce delays in the 
research execution. Addressing these challenges requires thoughtful project design that 
accounts for data availability, governance constraints and methodological rigor. This 
thesis does not include any patient and public involvement (PPI) engagement. The lack 
of PPI engagement is a limitation of the study; however, my future research endeavours 
will engage with PPI groups from the respective field. 

Future work 
The following areas will be emphasised for developing a future roadmap of this research 
to enhance its effectiveness and relevance. 

• Implementing multilevel modelling will help capture complex hierarchical 
relationships between exposure variables. This approach enables data analysis at 
multiple levels: individual, family, community as well as policy-level, providing a 
more nuanced understanding of how different factors interact and influence 
health outcomes. 

• Expanding machine learning methodologies by incorporating more sophisticated 
algorithms, such as random forests and neural networks, will enhance predictive 
capabilities. These advanced techniques can uncover patterns/interactions in 
large datasets that traditional methods may overlook. 

• Establishing strong communication channels with stakeholders, including 
policymakers and PPI groups, is crucial. Engaging with individuals who have 
experienced vulnerable situations ensures that the research remains grounded in 
and is shaped by real-world experiences. I have already started working with 
existing PPI groups, including stakeholders such as Welsh Women’s Aid, Stories, 



146 
 

Calan, the Early Years Group for WG and the HAPPEN primary school network in 
Wales. This collaborative approach not only enhances the relevance of the work 
but also fosters trust and support for data-driven public health initiatives. 

These findings highlight exciting opportunities to refine and expand the scope of research 
questions and methodological approaches, advancing the optimal use of routine 
administrative data. The future holds great promise for uncovering valuable insights 
hidden within these vast datasets. Ensuring that these findings are effectively 
communicated to policymakers will be essential in shaping interventions that improve 
the life chances of children facing early-life vulnerabilities.  
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Abstract

Background
In longitudinal health research, combining the richness of cohort data to the extensiveness of routine
data opens up new possibilities, providing information not available from one data source alone. In
this study, we set out to extend information from a longitudinal birth cohort study by linking to the
cohort child’s routine primary and secondary health care data. The resulting linked datasets will
be used to examine health outcomes and patterns of health service utilisation for a set of common
childhood health problems. We describe the experiences and challenges of acquiring and linking
electronic health records for participants in a national longitudinal study, the UK Millennium Cohort
Study (MCS).

Method
Written parental consent to link routine health data to survey responses of the MCS cohort member,
mother and her partner was obtained for 90.7% of respondents when interviews took place at age
seven years in the MCS. Probabilistic and deterministic linkage was used to link MCS cohort members
to multiple routinely-collected health data sources in Wales and Scotland.

Results
Overall linkage rates for the consented population using country-specific health service data sources
were 97.6% for Scotland and 99.9% for Wales. Linkage rates between different health data sources
ranged from 65.3% to 99.6%. Issues relating to acquisition and linkage of data sources are discussed.

Conclusions
Linking longitudinal cohort participants with routine data sources is becoming increasingly popular
in population data research. Our results suggest that this is a valid method to enhance information
held in both sources of data.

Introduction

Background

Linking detailed routine administrative data to equally detailed
survey responses can add value to population health research.
Routine data can provide information on downstream services,
while surveys can give insights into attitudes behind why it
happened. However, the path to linked cohort and routine
data is sometimes complex and complicated.

Consent for linkage must be obtained, linkage must
be performed securely and accurately, and the resulting
linked dataset must be made available to researchers in an
anonymised format. A report commissioned by the Wellcome
Trust reported all three of these issues as barriers to data
linkage [1]. Routine data, received from various sources such

as Electronic Health Records (EHRs), education records, or
local government authorities, can create large datasets of de-
tailed coded data. Survey-based cohort studies provide impor-
tant participant-reported information, often collected at mul-
tiple points over a long period, which may not be available
through routinely collected data. Linking routine data with
cohort studies improves the overall detail and knowledge we
have about a participant, and provides the ability to validate
each data source [2], which strengthens research and reduces
the knowledge gap. Such linkage combines the volume of ac-
tivity data from routine data sources with rich data in cohort
studies on personal circumstances, behaviours and attitudes
not captured in administrative or clinical data, enhancing the
value of both sources for public health research.

While many cohort studies have been collecting consent
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for future linkage to multiple data sources [3-5], and some
linkage has already been accomplished, the consenting and
un-consenting populations may be demographically very dif-
ferent [6]. There are further concerns about whether broad
consents obtained by cohort studies allow participants to be
sufficiently informed about how their data will be used in the
future [1].

Even assuming successful linkage and appropriate consent,
several studies have reported significant delays in acquiring
linked data from data owners [7, 2]. To a project with time-
limited funding, such delays in acquiring the research data can
be potentially catastrophic [8].

Linking cohort and routine data sources appears to be a
useful endeavour given the ability of both to enhance each
other, thus providing a richer research data source, but that
this technique is not without methodological, ethical and tech-
nical challenges.

This article describes the experiences of linking a UK-
wide longitudinal cohort study, the Millennium Cohort Study
(MCS), to routine health records for consenting participants.
The resulting linked datasets have been used to examine the
health outcomes of childhood obesity, asthma, infections and
injuries, and patterns of health service utilisation, including
timeliness of immunisation in childhood [9, 10].

Objectives

The purpose of this paper is to describe the methodological is-
sues, successes and challenges encountered in linking routinely
collected health datasets in England, Scotland and Wales to
singleton births from the MCS cohort.

In particular, the paper will discuss the following research
questions:

1. What routine health data sources are available to link to
the consenting MCS cohort, given the project research
areas?

2. What are the linkage rates for each of these data
sources?

3. Are there any demographic differences between the con-
sented, linked cohort and the full UK MCS cohort?

4. What are the challenges in acquiring and linking cohort
data to routine data?

Methods

Study Participants

The study consisted of Millennium Cohort Study participants
who were interviewed in Wales or Scotland at age seven, and
whose legal parent/carer had given consent to link the co-
hort member’s health records at the age seven interview [3].
Linkage included only singleton members of the cohort.

Data sources

Millennium Cohort Study

The Millennium Cohort Study (MCS) is a prospective, longi-
tudinal survey of children born between 2000 and 2001 in the

United Kingdom (UK). The MCS is conducted by the Centre
for Longitudinal Studies (CLS) at University College London
(UCL) [11]. The sample was originally drawn from Child Ben-
efit records, as these were claimed by almost all families in the
UK at the time. The study used a stratified cluster sampling
design, and oversampled births to families living in disadvan-
taged areas, from the smaller UK countries and, in England,
areas with high prevalence of ethnic minorities. The initial in-
terview, taking place at nine months of age, recruited 18,552
families comprising 18,818 children (18,296 singletons; mean
age 295.5 days [12]). During the interviews, information was
collected on physical and mental health of the child and of their
carers and on their family’s demographic and socio-economic
background. Families were re-interviewed when the child was
aged three, five, seven, 11, and 14 years and a further interview
at age 17 began in 2018.

Consent to link other data sources One of the objectives
of the MCS was to extend the survey content using other linked
data sources [2]. To this end, consent to link health and other
administrative records to the survey responses was requested
from carers at different sweeps. At the age 7 contact (MCS4),
permission was sought to link to the child’s health records up
to the child’s 14th birthday and 90.7% of parents consented.

Wording of the consent forms used at MCS4 in relation to
health record linkage was developed in consultation with the
then NHS Information Authority, now NHS Digital, and ap-
proved by the Northern and North Yorkshire Research Ethics
Committee (Ref: 07/MRE03/32) [13].

Previous Data Linkage At the first contact, when cohort
members were approximately nine months old, parental or le-
gal guardian consent was obtained to link MCS data and the
child’s National Health Service (NHS) birth record and mater-
nity episode hospital records in all four UK countries [14, 13].
Of the 18,552 parents interviewed at MCS1, 92% of mothers
provided valid consent to link their health records [3, 14, 15].
Health record linkage was restricted to data relating to the
pregnancy and birth of the cohort member [13]. Birth records
were obtained from the National Health Service Central Reg-
ister (NHSCR). Linkage was conducted using identifying in-
formation specified by the health data controller and included
combinations of the child’s and mother’s names and dates of
birth, father’s name, child’s sex, birthweight, and birth order
(if part of a multiple birth), and name of the hospital of birth
[14]. Linkage rates for England, Wales, Scotland and Northern
Ireland health authorities ranged from 83% to 92%, with the
highest rates in Scotland and Wales [14].

Routinely collected health datasets

The selection of routine datasets for linkage to the MCS was
based on their availability and relevance to the research ques-
tions. In line with the consent to link, linkage was conducted
based on whether the cohort member appeared in the target
dataset at any point before their 14th birthday (maximum
September 2015). However, as these are health datasets,
absence of linkage does not indicate a failure in the link-
age method. Not all children attend Emergency Department
or hospital inpatient settings and, therefore, not all children
linked via a health spine will appear in these datasets. The
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Table 1: Datasets, with respective years, requested from Scotland and Wales for linkage with Millennium Cohort Study data for
consented cohort members..

Dataset setting Wales Scotland

Child Health (including immunisations) 2000-2015 2002-2015 (imms)
2011-2015 (CHSP)

Emergency Department 2009-2015 2007-2015
Hospital inpatient 2000-2015 2000-2015
Primary Care General Practice 2000-2015 Not available

Observation: The maximum date for which data was requested was August 31st 2015, although, for consent reasons, linkage is
only conducted up to the child’s 14th birthday. CHSP = Child Health Systems Programme; imms = immunization dataset.

full list of datasets with years from which data are available is
given in Table 1.

Child health datasets Scotland and Wales both have uni-
fied child health datasets comprising birth, physical, devel-
opmental, and immunisation data, among other relevant in-
formation pertaining to the child’s health and wellbeing. In
Scotland, this is the Child Health Systems Programme (Pre
School and School) (CHSP), and the Scottish Immunisation
and Recall System (SIRS) datasets, and in Wales, the Na-
tional Community Child Health Dataset (NCCHD). The Scot-
tish data collection began in 1993 for some health boards,
but only became available for all Scottish health boards from
2011/12 [16]. Immunisation records have been consistently
recorded in Scotland since 2002.

Given that some Scottish Health Boards did not start re-
turning child health data until 2011, the MCS cohort may not
have sufficient data for some research questions concerning
child health up to age 14 years. Child health data has been
collected in Wales from 2000 onwards and hence covers the
entire period of MCS.

Emergency department datasets Emergency Department
data are collected in both Scotland and Wales. In Scotland,
this is the Accident and Emergency version 2 dataset (A&E2),
and in Wales the Emergency Department Data Set (EDDS).
Scotland holds data from 2007, with diagnosis, injury fields,
and an alcohol involvement flag added in 2010. Data collec-
tion began in major Welsh hospitals in 2009, and was extended
to other emergency clinics in 2012.

Since the MCS cohort children were born in 2000 and 2001,
neither emergency department datasets cover events occurring
before age nine years.

Hospital inpatient datasets Scotland and Wales hold hos-
pital inpatient and day patient datasets. In Scotland, this
information is available through the General Acute Inpatient
and Day Case – Scottish Morbidity Record (SMR01) dataset,
and in Wales through the Patient Episode Database for Wales
(PEDW). Both Scottish and Welsh hospital inpatient datasets
covered the period 2000-2015.

Primary Care General Practice datasets In Wales, ap-
proximately 70-80% of General Practitioners (GPs) contribute
linked data for sharing with researchers. This information

is available through the Welsh Longitudinal General Practice
(WLGP) dataset. When a practice signs up to share data, all
the historical data are uploaded. For this study, GP records
were available from 2000 to September 2015. The data include
diagnoses, test results, and prescriptions issued, although the
dispensing of these prescriptions is handled by separate phar-
macy systems. Scotland does not yet have a national GP
dataset.

Data storage environment

Data were stored and accessed in the Secure Anonymised In-
formation Linkage (SAIL) databank held at Swansea University
in Wales.

Linkage

The UK NHS is devolved across the four countries, England,
Wales, Scotland and Northern Ireland, with different arrange-
ments for supporting the provision of routinely collected health
data to consented studies. Linkage is provided in Scotland
by the NHS Information Standards Division (ISD), in Wales
through NWIS and the SAIL Databank, and in England by
NHS Digital. For the purposes of this project, data controllers
in Scotland, Wales and England were approached. Northern
Ireland was not included due to relatively small population size
compared with the other UK countries [12].

Consent to link to health records in England was originally
sought in 2009 but, due to multiple reorganisations in the NHS
informatics organisation, changes in staff and differing inter-
pretations of the wording of consent forms by individuals over
time, we were unable to obtain agreement for linkage within
the time frame of this study.

Anonymisation

Linkage for Scotland and Wales was approved by the appro-
priate data controllers and conducted by Trusted Third Party
(TTP) NHS Information Services: The Scottish Information
Services Division (ISD) and the NHS Wales Informatics Ser-
vice (NWIS).

Linkage variables and methods

Both Wales and Scotland use a mixture of deterministic and
probabilistic methods [17-19], based around a central pop-
ulation spine with lexical and soundex matching to account
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for spelling differences. For both sites, linkage specificity is
>99% and sensitivity is between 95-100%, depending on the
data source [17-19].

Since 1995, The National Health Services (NHS) in Wales
assign a unique number, the NHS number, to all babies.
In Scotland, the same function is served by the Community
Health Index (CHI) number. These unique numbers populate
many of the administrative health databases in the UK.

Linkage for both sites is described in Figure 1 and is based
on a combination of NHS identifier (NHS Number or CHI), all
or part of the first name, surname, date of birth, address and
postcode of residence.

Compared with the previous linkage to mother’s maternity
hospital record and cohort member’s birth record [14], linkage
for this project relied more on the cohort member’s details and
less on the mother’s details.

Transfer to and linkage within SAIL

For linkage purposes, both TTPs assigned identifiers common
to the MCS and routine health data sources. In Scotland,
health data from cases matched on the CHI number were
transferred directly to CLS with the CHI number replaced with
the project-specific MCS identifier. These data were then se-
curely transferred to the SAIL Databank and provisioned to
the project. The data permissions and flow process is shown
in Figure 2.

NWIS uses an encrypted Anonymous Linkage Field (ALF),
based on the symmetrical block cipher Blowfish algorithm [20],
for all linked datasets. Welsh health data are stored centrally
under appropriate permissions and provisioned following ap-
proval by the local Information Governance Review Panel and
CLS MCS application based on the ALF linkage already being
completed, unless new data are needed for a project. A look-
up table maps between MCS and health datasets using both
ALF and MCS identifier.

Study cohort representativeness

The UK MCS cohort includes Welsh and Scottish cohorts be-
cause it was not possible to exclude these from the full anal-
yses, given the subset of data available for this project. The
Welsh study sample included here comprises 13.3% of the UK
MCS cohort, and the Scottish, 10.3%. The MCS cohort is it-
self not fully representative of the general UK population, be-
ing over-representative of children from lower socio-economic
areas [3].

Because the sub-population sizes are so different, all fig-
ures relate to percentages, rather than household size, which
is reported as the mode for each sub-population. Percentages
were weighted using survey and non-response weights to ac-
count for the clustered sampling, attrition between contacts,
and consent to data linkage [21].

Given the subpopulations are dependent, and the data are
proportional in nature, we were not able to perform statisti-
cal tests to measure the degree of difference between these
populations.

Results

Acquiring the datasets

Linkage applications were approved for Wales and Scotland,
but were declined for England after 2 years, owing to concerns
about the wording of the consent forms. Hence, the remain-
der of this report focuses on experience of linkage for Scotland
and Wales only.

For Scotland, the original application was submitted in
March 2015, approved in July that year, with data received
by CLS in May 2016. The majority of the process involved
linking the cohort to their health records. Once linked data
had been released to CLS, a second application was required to
share the data with the project team, which took one month.

For Wales, obtaining data took approximately 3 months,
as the data were already linked and held within SAIL, and
work could commence processing and analysing the datasets
as soon as IG approval had been obtained in April 2015.

Participants

Of the original 18,552 families interviewed at MCS1, 2,760
were interviewed in Wales, and 2,336 in Scotland. At MCS4,
1,965 families (with 1,951 singletons) were interviewed in
Wales and 1,623 (1,598 singletons) in Scotland. After exclud-
ing those families who moved out of the UK, non-singleton
children, those without consent to link health data, and the
English and Northern Irish cohorts, the overall baseline study
population was 1,838 Welsh children and 1,431 Scottish chil-
dren (see Figure 3).

Linkage was successfully completed for almost all children
for whom consent had been given. In Wales, 99.9% of children
were matched to WDS and in Scotland 97.6% of those sent
to ISD were matched to CHI.

Because linkage was conducted on population spines rather
than for individual datasets, with unique identifiers then map-
ping across multiple data sources, separate specificity and sen-
sitivity analyses were not required. We were not able to mea-
sure population-level coverage because, although we had ac-
cess to data for all Welsh children, we only received Scottish
data for the linked cohort.

Table 2 gives the number of children with at least one
record in each dataset. For Wales, child health and GP
datasets had the highest proportion of records, at 99.6% and
83.6% of the project baseline population, respectively. The
Scottish child immunisations dataset contained 100% of the
project population, but linkage was lower for the general Scot-
tish child health dataset (91.3%). It appears that the Scottish
immunisation dataset contains records on children who do not
receive any immunisations, whereas the Scottish child health
dataset only contains information on children who have inter-
actions with the service. To avoid confusion with the Scottish
child health dataset, Table 2 omits the separate Scottish im-
munisations dataset.

Inpatient records were present for 72.6% of the Welsh co-
hort, and 58.2% of the Scottish cohort. Sixty-five percent
(65.3%) had attended a Welsh, and 72.2%, a Scottish, Emer-
gency Department at some point between their 9th and 14th
birthdays.
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Figure 1: Information required by health service Trusted Third Parties to create linkage identifiers for this project

NHS NumberWales Scotland

First Name

First Initial

Surname

Date of birth

Full address

Postcode

MCS Identifier ALF MCS Identifier

Observation: MCS Identifier is the anonymized field assigned by the Millennium Cohort Study team. ALF is the Welsh Anonymized
Linkage Field assigned by the Welsh Trusted Third Party

Figure 2: Data governance and flow diagram.

Observation: CLS = the Centre for Longitudinal Studies; SAIL IGRP = the ethics board for projects wishing to use the SAIL
databank and Welsh linked data; eDRIS and PPBP = ethics boards for projects wishing to use Scottish routine health data
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Figure 3: Flow chart showing inclusion criteria and numbers for the final linked population

Total MCS participants at sweep 4

(n=14,043)

Interviewed in England or Northern Ireland

(n=10,399)

Interviewed in Wales (n=1,965) or Scotland

(n=1,623)

No consent to health linkage (n=252)

Number consenting to health linkage

(n=3,390)

Twins or triplets (n=45) and firstborns from

multiple births (n=41)

Singletons consenting to health linkage

(Wales: n=1,839; Scotland: n=1,465)

No linkage (Wales: n=1 Scotland: n=34)

Singletons with linked routine health data

(n=3,269; Wales = 1,838; Scotland = 1,431)

Observation: MCS = Millennium Cohort Study

Table 2: Family, maternal, and child characteristics of the sample (N=162,847) across child health groupings

Dataset setting Wales (N = 1838) Scotland (N = 1431)

Child Health (excluding immunisations) 1831 (99.6) 1306 (91.3)
Emergency Department 1200 (65.3) 1033 (72.2)
Hospital inpatient 1334 (72.6) 833 (58.2)
Primary Care General Practice 1537 (83.6) Not available
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Study cohort representativeness

Table 3 outlines general demographic details for the linked
sub-populations compared with the full MCS cohort. Percent-
ages for cohort member gender and main respondent at birth
of cohort member are from MCS1 responses. Otherwise, the
results refer to MCS4.

Overall, the Welsh and Scottish MCS populations are not
noticeably different from the UK MCS cohort, nor were the
linked health data populations different from the national
Welsh and Scottish consenting MCS populations. The Welsh
and Scottish populations had fewer cohort members from non-
White ethnic groups, and the main respondent was less likely
to have semi-routine or routine job and more likely to be in
a “Not applicable” employment category. For socio-economic
status, “Not applicable” includes unemployed, full-time stu-
dents, and unstated and unclassified employment categories.

The Welsh and Scottish cohort members were similar to
the UK MCS cohort in terms of gender (53%-50.2% boys, re-
spectively, compared with 50.7% boys in the UK MCS), and
the linked routine data populations were not markedly differ-
ent from the national base populations. However, there were
more boys linked to the emergency department and inpatient
datasets for both Wales and Scotland than in the base MCS
populations (56.8% and 56.3% compared with 53% for Wales,
and 52.3% and 53.3% versus 50.2% for Scotland).

Scottish cohort members are more likely to live with both
natural parents (70.3%) than the Welsh cohort (66.3%), but
less likely than the UK MCS cohort (72.1%). Welsh cohort
members are more likely to live with their natural mother only,
or to live in another family type. The mode household size was
similar among all sub-populations.

For all sub-populations, the main respondent was over-
whelmingly the natural mother at both MCS1 and MCS4
(MCS1: 99.7%-100%; MCS4: 96.6%-100%).

Welsh main respondents were more likely to give birth to
the cohort member when aged less than 30 years (56.3%) than
those in the Scottish (49.8%) or UK MCS (55.4%) cohorts.
Scottish main respondents were more likely to be 30 years
of age or older at birth of the cohort member (50.2%) when
compared to Welsh (43.6%) or UK MCS (44.7%).

All of the linked populations showed higher levels of young
mothers (aged 12-29) and lower levels of older mothers (aged
30+) than the national base populations.

Discussion

Key results

Linkage of demographic details on NHS health registers to
MCS cohort participants by NHS Trusted Third Party organ-
isations in Scotland and Wales was feasible and was com-
pleted for virtually all children. While the Welsh data were
obtained quickly, owing to the availability of linked data in
the SAIL databank, delays in acquisition of Scottish data, and
non-acquisition of English data, is consistent with the experi-
ences of others [7, 2]. That delays in acquiring data has been
reported by multiple countries suggests that this is a broader
research issue requiring further guidance.

Linkage matching of health datasets was higher than the
92% for both Wales and Scotland reported in the birth regis-

tration study [14]. Due to the nature of the data received, we
are not able to test completeness of linkage for these specific
datasets. We only received health data for the linked Scottish
cohort, for example, and not for the full Scottish or Scottish
child population. We are therefore unable to measure linkage
rates for individual datasets. However, as linkage was con-
ducted on population spines for both countries, with the same
unique identifiers being used to record individuals in different
data sources, and linkage was high for these population spines,
we propose that linkage rates are likely to represent health ser-
vice use rather than linkage success. Not every child will have
had a hospital inpatient or emergency department episode and
so will not appear in these datasets. Population-based health
service usage rates are poorly reported in the literature, making
this difficult to measure. However, the health services through
the NHS are free to access, meaning that the population is
unlikely to have financial restrictions on healthcare [22]. A
report by the Nuffield Trust found that children living in more
deprived areas of England are more likely to attend hospital
emergency departments and to have more preventable emer-
gency hospitalisations (51.5% of the population) than those
from less deprived background (32.6%) [23]. These findings
are lower than our linkage rates, but our inpatient subpopula-
tions were not restricted to preventable emergency admissions.

As expected, virtually all children had records in the Welsh
child health dataset, as this dataset contains information per-
taining to the child’s birth, development and immunisations.
The Scottish child immunisations dataset contains a record for
each child, even those with no immunisation records, whereas
the Welsh immunisation dataset only contains records where
the child has been given at least one immunisation.

The lower number of retrieved records in the GP data is
likely to reflect the percentage of GP practices contributing
data to SAIL, and that not all healthy children will have at-
tended a GP [24]. Most of the Welsh children had GP records
(83.3%). This is higher than overall SAIL coverage of 78% and
is likely due to partial coverage of records when patients move
between SAIL and non-SAIL data-providing practices. Accu-
rately describing GP coverage is a challenge as the system
is dynamic, with practices being created, merged or closed.
Hence, unless there is complete coverage of GP systems, the
GP record will be partial for some of the cohort.

Demographically, our linked study population of consent-
ing, linked singletons do not noticeably differ from the entire
MCS population in many aspects, which suggests a relatively
representative sample within the MCS cohort. This is partic-
ularly relevant for the disorder-specific aspects of our study
(see, to date, [9][10]). The subpopulations for the different
linked health datasets were also not markedly different from
the base study population.

Our sample has a greater number of white respondents
compared with the full MCS population, reflecting the sam-
pling design and the fact that most people from black and
minority ethnic groups reside in England, and has a higher
proportion of people in uncategorised employment main re-
spondents. Wales and Scotland have overall White British
populations of 97.6% and 96% respectively, compared with
93.26% in England [25, 26].

Our sample also contains a higher proportion of children
whose parents are not employed or who are in a “not stated”
employment category. As the MCS cohort was deliberately
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Table 3: Demographics for the linked and total Millennium Cohort Study populations.

All Wales Scotland

MCS MCS NCCHD GP EDDS PEDW MCS Child Health AE2 SMR01
Number in MCS4 13857 1838 1834 1537 1200 1334 1431 1306 1033 833

Demographics and descriptives (% unless otherwise indicated)
CM Gender (MCS1)
Male 50.7 53.0 52.9 53.5 56.8 56.3 50.2 50.4 52.3 53.3
Female 49.3 47.0 47.1 46.5 43.2 43.7 49.8 49.6 47.7 46.7

Main respondent age at birth of CM (grouped, MCS1)
12-19 8.6 8.8 11.3 11.7 13.5 13.2 8.5 11.9 11.7 12.9
20-29 46.8 47.5 49.5 49.4 50.1 49.0 41.3 43.2 47.0 46.1
30-39 42.5 40.7 37.6 37.6 35.4 36.5 46.3 42.7 39.0 38.9
40+ 2.2 2.9 1.5 1.3 1.1 1.3 3.9 2.1 2.3 2.1

Mode of household size 4 3 3 3 3 3 3 3 3 3

Main respondent relationship to CM (MCS1)
Natural mother 99.7 99.8 99.7 99.7 99.6 99.7 100.0 99.7 100.0 99.5

Main respondent relationship to CM (MCS4)
Natural mother 96.6 98.0 97.8 97.7 97.2 98.0 100.0 100.0 100.0 100.0

CM ethnicity
White 83.7 97.2 97.2 97.4 97.0 97.2 97.6 97.3 97.3 97.6
Other 16.3 2.8 2.8 2.7 3.0 2.8 2.4 2.7 2.7 2.4

Parents/Carers in the household
Both natural parents 72.1 66.3 66.4 65.9 63.3 65.2 70.3 69.6 69.2 67.7
Natural mother and step-parent 5.0 6.8 6.8 6.9 7.0 6.7 6.8 6.6 6.9 7.9
Natural mother only 20.2 23.5 23.5 23.6 25.5 24.9 21.1 22.0 22.2 23.2
Other 2.6 3.5 3.3 3.6 4.2 3.2 1.8 1.8 1.7 1.2

SES
Management and Professional 28.8 23.6 23.6 22.8 22.3 21.8 23.4 24.1 22.5 19.0
Intermediate 17.4 11.8 11.9 12.1 12.7 11.3 14.8 14.4 15.4 15.7
Small employer and self-employed 7.1 5.0 5.0 5.2 5.0 5.5 4.7 5.0 3.8 4.9
lower supervisory and technical 4.4 3.1 2.9 2.9 2.8 3.5 3.1 2.6 3.2 3.3
Semi-routine and routine 33.8 18.8 18.8 18.4 19.6 18.5 19.2 18.9 19.5 19.9
Not applicable 8.5 37.7 37.8 38.6 37.5 39.4 38.8 35.1 35.5 37.3

Observations: MCS = Millennium Cohort Study; NCCHD =National Community Child Health Dataset; GP = Welsh Longitudinal
General Practice dataset; EDDS = Emergency Department Data Set; PEDW = Patient Episode Database for Wales; Child Health
= Child Health Systems Programme; AE 2 = Accident and Emergency version 2 dataset; SMR01 = General Acute Inpatient and
Day Case – Scottish Morbidity Record; CM = cohort member; SES = Socioeconomic status.
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chosen to over-represent more deprived areas, care must be
taken when applying research findings from this linked cohort
to the wider population, especially in relation to emergency
admissions [23]. Our findings of higher rates of younger moth-
ers than the base populations may also reflect higher rates of
deprivation in Wales and Scotland, as deprivation has been
found to be both a factor leading to, and an outcome of,
young motherhood [27].

While there were no differences between the Welsh and
Scottish base MCS cohort and the linked health dataset pop-
ulations, there were noted differences in gender and mater-
nal age, especially for inpatient and emergency department
datasets. Several studies have found male children to be more
likely to receive healthcare than female children, especially in
inpatient and emergency departments [28-30]. This disparity
has been speculated to be due to both cultural, physiological
and behavioural differences in gender. Piccini et al reviewed
several studies that found boys appeared to have preferential
access to healthcare in non-Western cultures [29]. Both Pic-
cini et al and Hon and Nelson [28] reported differences in rates
of disease among boys and girls, although it is not always the
case that boys have higher rates of disease. McQuinn and
Campbell found gender-related emergency department atten-
dance to be related to the child’s choice of sporting activity,
with boys tending to play more contact sports than girls [30].
It is, therefore, not unsurprising that our emergency depart-
ment and hospital inpatient subpopulations have higher rates
of male children than female children. If anything, our find-
ings of 53.3% and 56.3% boys for Scottish and Welsh inpatient
datasets respectively are lower than Hon and Nelson’s average
of 59% boys. These findings will be explored further in health-
specific research within this project.

Data from routine sources for consenting cohort members
in a longitudinal survey were retrieved for between 70% and
99% of participants, depending on the dataset. Given that
the cohort comprised children under 14 years of age, it is per-
haps not surprising that linkage to datasets relating to child-
birth, pregnancy, early years, and immunisations had the high-
est yield of retrieved records.

Several studies have reported biases in relation to survey
consents, with certain demographics more likely to give con-
sent than others [6]. Consent to linkage for MCS participants
was sufficiently high to not make this an issue, although, in
performing our analyses, we have used the consent weights
developed by Sera et al. [21]. However, as with other studies,
ours was hampered by the complexities of consent as inter-
preted by different data owners.

Differences between the structure and content of routine
datasets from different UK countries and how these were har-
monised in order to create comparable explanatory and out-
come variables for research will be covered in a separate paper.

Currently, linking routinely collected data to survey data
requires informed consent from participants. It can be diffi-
cult to future-proof consent forms, despite best efforts using
available governmental guidance [31]. Securing enduring con-
sent against a changing information governance landscape is
challenging, as the current standards at the moment when
consent is obtained may not be acceptable at later stages.
Despite the rise in research using large linked datasets over
the last decade, uncertainty remains regarding how to en-
sure adequacy of consent to link to other data sources and

whether this is consistently interpreted. This is particularly
apparent in the disparities we experienced in approvals to link
the health data between each UK country. While this confu-
sion may be resolved when the MCS cohort is re-consented at
the next sweep, the lack of consistency between data custodi-
ans can present a significant obstacle to successful completion
of funded projects. It could be argued that ignoring partici-
pants’ expressed wishes to have their data linked for research
would be detrimental to public perceptions of research [32].
More research is needed to determine public attitudes for con-
sent to link routine data to survey responses, especially in the
case of longitudinal child studies when children whose parents
gave consent become able to consent themselves [33, 34].

This study builds on the previous MCS linkage work, both
in validating linkage consistency, and, more importantly, sup-
plementing the amount and type of linked data to this cohort.
Linkage to longitudinal routine health records has the ability to
provide a rich research resource for further studies. The result-
ing linked cohort has been used to better understand timeliness
of childhood vaccination [9] and comparing GP-rated versus
maternal-reported history of childhood wheezing [10].

Limitations

The amount of data expected but not acquired from NHS
Digital yielded less statistical power than one corresponding
to a large study population. Thus, some results are only de-
scriptive, although they are generalisable to Wales and Scot-
tish populations and incorporate survey weights to account
for attrition and sampling design. An attempt to access linked
English hospital data will be made at a later stage once agree-
ment has been reached between CLS and NHS Digital. CLS
are currently obtaining consent for linkage of health records
at the age 17 MCS sweep (MCS7). Re-consenting the MCS
cohort will enable longer-term follow-up.

Lack of access to the non-consenting MCS population
means that we are unable to look at differences between
the different groups of linked-consenting, unlinked-consenting,
and unlinked singleton births. However, this could be an area
of further research. The MCS team have published a report on
PEDW linkage using the full consenting dataset [35], but more
research is needed to compare the different groups in order to
better understand the linked data as a research resource.

Similarly, while our sample is largely representative of the
wider MCS cohort, and of local ethnicities, it is not clear how
this linked cohort differs from the wider Welsh and Scottish
population. Unfortunately, it was not possible to compare
linked and unlinked populations as part of this project, but we
would recommend this as a useful area of future work.

Lessons learned

Our study shows that linking national cohort responses to
routine health data across multiple jurisdictions has the po-
tential to create large and complex research datasets. How-
ever, based on our experiences, we would recommend that
researchers wishing to create new datasets from previously un-
linked data sources obtain approval in principle from the data
owners prior to starting the project. While we would advo-
cate for the reuse of previously-linked data sources for future
research (pending approval by the data owners and ensuring
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consent is respected), obtaining approval to link new data
sources can be time-consuming beyond the project timeframe.
Some data sources, such as NHS Digital in England, publish
minutes from their ethical approval panels. We would advise
researchers, in the early stages of project development, to fa-
miliarise themselves with the types of projects that have been
approved by their chosen data sources. This may identify po-
tential delays if the proposed data use has not previously been
approved. It would also be advisable to have representation
from data owners on the project Steering Committee.

Harmonising the health data from different countries is suf-
ficiently detailed to be tackled in a separate article. We would,
however, recommend that researchers using data sources from
similar settings over multiple countries familiarise themselves
with the metadata for each, and include harmonisation as a
pre-analytical process in their work plan.

Conclusions

Our project has found that linking cohorts to routine health
data is challenging but worthwhile, as the linkage rates are high
enough to potentially provide valuable additional research in-
formation. The linkage produced for the project have already
been used to measure childhood immunisations and respira-
tory conditions, with reports from research into injuries and
physical activity in progress. The linkage enables both addi-
tional information and the opportunity to validate the different
data sources against each other, thus providing both enriched
data and methodological rigour.

However, there are issues around inconsistent handling of
consent between data providers, and in the length of time
taken to acquire the data. Until these issues are addressed, re-
searchers should consider these potential delays when planning
their projects, and data custodians could look to proactively
acquiring datasets for research use.

Linking survey and routine data is a useful research tool.
As with issues around consent, greater consistency between
distinct but related data owners both regarding access to, and
use of, the data is needed by the research community and
wider public in order to make full use of the potential linked
cohort and routine data can offer to researchers.
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Abstract: Play is central to children’s physical and social development. This study examines changes
in children’s response to questions on play opportunities between 2016 and 2021. Primary school
children aged 8–11 in Wales participated in the HAPPEN survey between 2016 and 2021. The
survey captures a range of information about children’s health and wellbeing, including open-ended
questions about what could make them happier. Text mining methods were used to examine how
open-ended responses have changed over time in relation to play, before and, after the COVID
enforced school closures. A total of 20,488 participant responses were analysed, 14,200 pre-school
closures (2016 to pre-March 2020) and 6248 after initial school closures (September 2020–December
2021). Five themes were identified based on children’s open-ended responses; (a) space to play (35%),
(b) their recommendations on play (31%), (c) having permission to play (20%), (d) their feelings
on health and wellbeing and play (10%) and (e) having time to play (4%). Despite differences due
to mitigation measures, the predominant recommendation from children after COVID is that they
would like more space to play (outside homes, including gardens), more time with friends and
protected time to play with friends in school and at home.

Keywords: COVID; play; health; wellbeing; children

1. Introduction

Play is central to children’s physical, mental, social and emotional health and wellbe-
ing and helps develop skills such as problem-solving, communication, fine motor skills and
confidence [1–3]. There is also importance placed on the role of play in developing physical
literacy. This is defined as the motivation, confidence, competence, knowledge and under-
standing to value and engage in physical activities [4]. Thus play equips children with the
skills to sustain an active lifestyle into adolescence and adulthood [5]. The importance of
play has been recognized by the United Nations Convention on the Rights of the Child
(UNCRC), where play has been enshrined under Article 31 which calls for children to be
able to participate fully and equally in recreation and leisure activity. It also calls for them
to have a right to be heard and taken seriously on all matters affecting them (Article 12)
and to gather and use public space (Article 15) [6]. This paper takes its definition of play
from the United Nations Committee on the Rights of the Child’s General Comment 17
on Article 31 of the United Nations Convention on the Rights of the Child [6]. It defines
play as a behaviour, activity or process initiated, controlled, and structured by children, as
non-compulsory, driven by intrinsic motivation, not a means to an end and that has key
characteristics of fun, uncertainty, challenge, flexibility, and non-productivity.
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Play during childhood has positive impacts on multiple important long-term health
outcomes including increased physical activity, improving wellbeing in children, and
helping to develop resilience [7]. It is also crucial and worthwhile for the enjoyment it
brings to children and their families in the moment [8,9]. Play is fundamental for good
health and wellbeing; for example, being physically active through play supports children
physical and emotional development, contributing to their health and wellbeing [10]. When
they play, children contribute to their immediate wellbeing and to their own development.

In March 2020, the World Health Organisation declared a global coronavirus pandemic
(COVID-19) caused by the transmission of severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2) [11]. Countries worldwide, including in the United Kingdom implemented
a range of public health measures and mitigation strategies to reduce transmission, includ-
ing a strict ‘stay at home’ policy and a national lockdown running (March to June 2020
and December 2020 to January 2021). This meant the closure of many educational, work-
place and retail settings with social gatherings all but banned outside of direct household
members [12]. The implications of the restrictions had the potential to directly impact
play opportunities for children due to the lack of outdoor access, closure of play spaces,
time with friends, school closures and online learning [13–15]. However, while pandemic
research has highlighted decreases in activity in children [16–18], there is also evidence to
suggest that the pandemic may have been a good opportunity for children to play and be
active [19,20].

Using open-ended responses from the HAPPEN-Wales survey regarding what children
wanted to make them happier and healthier, this study aims to: examine how children’s
reports of play have changed pre and post-COVID and to provide key recommendations
on COVID recovery plans for children based on the perspectives of children.

2. Materials and Methods

HAPPEN-Wales is a primary school network [21] that was established in 2015 fol-
lowing research with primary school headteachers who advocated for a more cohesive
approach to prioritising health and wellbeing in schools. They advocated for bringing
together schools and partners in health and research to provide evidence to make more
targeted plans for schools based on the needs of their pupils [22,23]. To address this,
HAPPEN co-produced the HAPPEN Survey, an online self-report questionnaire that was
developed and designed alongside children, teachers and stakeholders in education [21].
The survey is completed by primary school-aged children (aged 8–11) in the school setting
and captures a range of self-reported health behaviours including physical activity and
sedentary behaviour, diet and dental health, wellbeing and mental health and the local
community. Once complete, schools receive an individual report of pupils’ group-level
health and wellbeing data compared to national averages. This school report is aligned
to the new Curriculum for Wales (due to be rolled out in 2022) [24], whereby Health and
Wellbeing is one of six distinct curriculum areas, enabling schools to tailor their health and
wellbeing plans and curriculum development based on pupils’ needs.

2.1. Participants

Since 2016, primary schools have been invited to take part in the HAPPEN Survey
throughout the academic year. Participation for both schools and children is voluntary,
and they have the right to withdraw at any time. Schools are invited to share details of the
survey (including study aims and a parent information sheet) among parents/guardians
so that parents were given the opportunity to opt their child out from the survey. This
opt-out method of recruiting participants was introduced in 2019 and aimed to ensure that
a representative sample was recruited to reflect all children in Wales. Child assent is also
obtained at the start of the survey.
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2.2. Data Collection

As part of the HAPPEN survey, children are asked “What could be done to make you
happier and healthier in your local area?”. This is an open-ended question with the aim of un-
derstanding what children want and need from their local communities. This question has
been asked since the survey’s development in 2016 and has over 20,000 responses. We anal-
ysed the responses that related to play to examine how play has changed through COVID
from pre-pandemic mitigation measures (2017–March 2020) to during/post-COVID mitiga-
tion measures (September 2020–December 2021). These time periods have been defined
as pre and post by the nature of school closures at the time (Viner et al.). In March 2020,
schools were required to close in Wales as part of transmission mitigation measures. Schools
reopened in June as part of phased return before opening in September 2020. A period of
school closures was then enforced in November 2020 until January 2021. For this study,
pre-pandemic is the period prior to March 2020 with during/post-pandemic running from
June 2020 to December 2021.

This open-ended question was only asked when children were attending school face-
to-face, therefore during school closure periods we did not collect this information. The
most recent version of the HAPPEN Survey can be seen as supplementary file S1 (S1). The
process of data coding involved two researchers. The first researcher downloaded the raw
data, cleaned the data, checked for duplicates, generated a unique participant ID number,
and removed identifiable information (MJ). This process protects participants’ anonymity
by ensuring that the second researcher coding the responses and conducting the analysis
could not identify individuals (MR).

2.3. Analysis

Initially, a random sample of 1000 responses were selected for qualitative thematic
analysis to identify common themes from the open-ended responses to the HAPPEN survey.
This was led by MR who identified common key words, frequently repeated words, and
iterations of those words. These frequent words were sorted into a lookup dataset used as a
reference for text mining. Opportunities for children to play can be supported or restricted
through having time (children’s ‘free’ time when they can become immersed in playing),
space (how public space can support or constrain children’s ability to play as well as access
to designated spaces for play) and permission to play (children’s subjective experiences
of time and space, including factors such as a sense of freedom, permission, belonging,
fear and harassment, as well as the increasing adult appropriation and control of play) as
stressed in Wales—A Play Friendly Country statutory guidance to Local Authorities [2].
Therefore, this was used to underpin coding. For example, mentions of parks, gardens, and
playgrounds (e.g., “we could get a park nearer to our house” or “a bigger garden” were coded
within spaces to play). Responses were removed from analysis if they were left blank by
the participant or did not discuss play (n = 4217).

These initial codes were used to identify themes using text mining methods (see details
below) on the whole dataset of responses. The text mining involved three stages [25,26].
Stage 1, or the pre-processing stage, included tokenization (breaking the text into tokens or
small sentences such as words), removing stop words and, lemmatization (identifying the
base form of the word, e.g., good is the base form of better). Stage 2 involves a frequency
analysis of words (e.g., in our dataset the word park is mentioned >1000 times, friends
is mentioned >1000, litter is mentioned >400 and the word combination feeling safe is
mentioned >300 times) followed by manual review, with an expert review of the words
to ensure none are missed and only relevant words are considered. Stage 3 involves
co-occurrence analysis to identify words that are associated together (e.g., play & park),
identify word pairs that should be coded together, synonyms (e.g., park and parc should
be coded park), link to the data and code all the pair words.

The quality of coding by the automated text mining method was compared by two
researchers (MJ & MR) and the text mining method was modified to improve accuracy.
Following this second round of coding, key themes were identified which include (i) Time
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to play, (ii) Space to play (access to play, safety when playing, having space to play, sus-
tainability) (iii) Permission to play (being allowed to play, having relationships that permit
play), (iv) Recommendations (specific play/activity recommendations) and, (v) Health and
Wellbeing and play (how play makes children happier, how play can be helped with healthy
diets). These themes were then stratified by the period of pre-COVID and post-COVID.

3. Results

A total of 20,488 participants completed the HAPPEN Survey between September
2016 and December 2021 (n = 46% boys, average age = 9.97). From these responses, a total
of 16,271 responses were coded which discussed play. Of this number, 12,529 responses
were from 2016–March 2020 (pre-pandemic, n = 23%) with the rest from September 2020–
December 2021. Across both time points, the codes showed that children discussed; space
to play (35%), their recommendations on play (31%), having permission to play (20%), their
feelings on health and wellbeing and play (10%) and having time to play (4%). Figure 1
shows the most frequent coded words in a word cloud.
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Table 1 shows a breakdown of this stratified by pre and during/post-COVID mitigation
measures, with no significant difference in the priorities of children between time points.

Table 1. Codes.

Codes Pre-COVID During/Post-COVID

Space 35% 35%
Permission 20% 20%

Time 4% 5%
Recommendations 32% 29%

Health and Wellbeing 9% 11%

From these initial codes, additional sub-themes were identified; (i) access to spaces
to play, (ii) perceived safety of local spaces, (iii) the need to improve existing spaces,
(iv) cleaner spaces, (v) being allowed to play, (vi) relationships that facilitate play, (vii) health
and wellbeing implications of play and, (viii) having more time to play. This can be seen in
Table 2 and again, highlights (aside from the emergence of specific COVID responses) there
were no significant differences in their occurrence pre and during-COVID.
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Table 2. Themes.

Themes Pre-COVID During/Post-COVID

Access to Spaces 5% 5%
Safety 7% 8%

Improve Existing Spaces 18% 19%
Cleaner Spaces 5% 3%

Being Allowed to Play 4% 3%
Relationships that Permit 16% 17%

HWB 10% 8%
More time 3% 5%

Specific activities 32% 29%
COVID 0% 3%

A breakdown of key themes and quotes can be seen as supplementary file S2 (S2).

3.1. Specific Recommendations for Play

Throughout the responses, there were many recommendations made by children for
play and sport-based activities which were grouped under the specific recommendations
theme to help provide clear examples of the diverse range of activities suggested. This
reflects the range in children’s wants and needs from play. Some common suggestions for
activities were swimming, basketball, and football. Although lots of children asked for the
opportunity to do “different” activities:

“Go swimming more” (2016/2017)

“Swings in the park, better football pitch, somewhere to play basketball” (2019/2020)

“To run with my friends more and play different activities.” (2020/2021)

The school setting was cited as important for this with some children saying they
wanted “more PE” or “more after school sports”. This theme suggests that time allocated for
school-based activity needs to be dedicated to a broad range of activities. The recommen-
dation from this theme is to consult children (e.g., through pupil voice groups at school,
community groups outside school) to identify specific wants and needs from activities
and play as this would be different in different settings. For content, Figure 1 highlights
how prominent the school setting is within responses and how frequently mentioned sport,
exercise, equipment, and more specific forms of activities are mentioned.

3.2. Space to Play

Space to play was a significant code across all academic years and pre/post-pandemic.
Much of the discussion revolved around the theme of improving existing spaces (18% and
19% respectively), and improving play equipment, fixing damage and cleaning local parks:

“Make sure that parks and other places have safe equipment” (2018/2019)

“Fix damage to parks by me” (2021/2022)

“Have a litter pick up once a week . . . ” (2017/2018)

This suggests that what currently is on offer does not meet the standard of children’s
wants and needs and to enable them to play more, parks need to be improved. This shows
that despite infrastructure in place, more needs to be done to ensure that it is actually
usable. Figure 1 Shows that parks, halls, environments (generally speaking), gyms and the
indoors are mentioned often as spaces to play.

Within this code, safety of spaces was highlighted. Children consistently mentioned
safety concerns and fears in some of the places they would like to play including fears of
illegal behaviours (e.g., drug use) as well as recommending safety equipment checks. This
represents children’s awareness and fears regarding illegal behaviours in their local area,
either through direct observation or indirectly by adults or observed directly by them.
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“There are unfriendly people hanging around my area doing drugs and smoking” (2018/2019)

“More safer and clean areas for children to play and feel more comfortable!” (2021/2022)

Some children also noted the presence of bullying and “unkind” behaviour which
deters them from playing. The word ‘nasty’ is mentioned in Figure 1. Concerns over safety
also highlighted the presence of cars:

“My road is very busy so we could get some more traffic lights.” (2016/2017)

“Put speed limits on the roads” (2016/2017)

Children even made clear suggestions about how to improve the safety of their local
areas with the mention of traffic flow measures. It is evident they are aware that local
communities prioritise the use of cars over the safety of pedestrians. They also note the
presence of litter, including “dog poo” which appears to be a clear deterrent to play.

“Litter and dog poo and speeding” (2016/2017)

“Put more bins so that there is less litter.” (2017/2018)

Access was mentioned in terms of linking homes with facilities better including better
infrastructure for children to be able to get to spaces.

“We could get a park nearer to our house.” (2016/2017)

“Easier to access outdoor places” (2021/2022)

It is interesting that a significant proportion of responses discuss limited accessibility to
outdoor spaces. Responses to the general spaces code highlight possible reasons including
poor equipment, fears over safety and cleanliness. Interestingly, in 2021 more responses
mentioned their garden as a space to play (e.g., “A bigger Garden.”) which would have
been in line with the emergence of COVID and subsequent restrictions seeing children
needing to access play in their household. It is worth considering that some children will
not have had a garden and therefore, may have had no space to play at all.

The key recommendation from this theme is to not only provide outdoor spaces that
children can easily access play in local communities but also to provide spaces to listen to
the concerns of children and facilitate ways in which these fears can be reduced.

3.3. Permission to Play

Permission to play was centered around relationships that permit play and how
relationships with friends and family are conducive to giving implicit/explicit permission
for children to play. In terms of family, the presence of parents was key. Children note how
parents living separately and the business of parents is not conducive to their play. This
highlights how parental figures can be role models and leaders for play in certain spaces,
their time gives permission for children to play:

“Do more sport with my mum” (2016/2017)

“Mum and dad to live with each other” (2018/2019)

“To have my mum not be so busy” (2021/2022)

Having friends to play with was considered essential throughout the years including
having more live nearer, “being around” friends more and having opportunities to go
out with them. Under friendship, bullying was consistently mentioned as something that
deterred play with the word “kind” mentioned frequently in reference to friendships and
bullying behaviour:

“Stop bullying” (2019/2020)

“Be kind to people and make others to be kind to others” (2021/2022)
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This also has parallels to safety concerns in the space code. Under this theme, it is
evident that social, supportive and “kind” environments give permission to play. Therefore,
the key recommendation from this theme is to facilitate opportunities for children to be
with their friends and family where possible.

3.4. Health and Wellbeing Outcomes

The theme of health and wellbeing outcomes relating to play emerged in the academic
year 2018/2019 which is in line with the announcement of the new Curriculum for Wales
in which health and wellbeing is one of six distinct areas. This suggests that children had
a greater awareness of health and wellbeing after this year, particularly how this would
impact and be impacted by their play:

“eat more veg and stay fit and healthy (ALWAYS)” (2019/2020)

“Keep fit always get fresh air” (2020/2021)

This shows that children not only want to play, but acknowledge the benefits of being
able to play and the benefits that behaviours such as healthy eating could have for play. It
is also interesting that some children expressed a need to socialise and awareness of the
importance of this to them. Some of the most frequently mentioned words in terms of
health and wellbeing can be seen in Figure 1, particularly fruit, vegetables and healthy.

3.5. Time to Play

The theme of time to play centered around children wanting more time to play and,
in terms of more time to play, this was time outside playing or more opportunities to
play/be active. As with all themes, there was no significant difference between pre and
post pandemic responses, just that more time was needed.

“Spending more time swimming and going outside” (2016/2017)

“Allowed to play out all the time because we like playing out” (2019/2020)

“To have more time to play” (2021/2022)

While there were implications that this meant more time to play at home, there were
explicit mentions of how the school setting mitigated time to play. In particular, there were
many mentions of more break times and afternoon play as well as the mention of homework
being done in free time. This theme is also the only theme that mentions how time to
play impacted genders differently, with girls saying there was a lack of time dedicated to
activities that they liked:

“Not just boy sports at play times so girls can play as well.” (2018/2019)

While device use was mentioned throughout the academic years, it becomes particu-
larly prominent in post-pandemic. This could be because of online learning during school
closures and the use of electronic equipment required. The key recommendation from this
theme is to protect play time and where possible facilitate it as much as possible. This is
very relevant in the school setting where break times are often used as a behaviour man-
agement technique or where afternoon breaks have been removed in favour for increased
learning time.

3.6. The Impact of COVID

In 2020, children started discussing COVID-19 and the impact this was having on
their ability to play and be happy. For the most part, this revolved around “stopping”
transmission where children acknowledged that this needed to be done. However, when
taken in conjunction with other responses:

“Get rid of COVID rules” (2021/2022)
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“seeing each other a lot more but because of COVID we have not been doing that”
(2021/2022)

“Easier interaction not staying away from each other (COVID)” (2021/2022)

It is evident that stopping the transmission equated to the end of the restrictions for
children. These restrictions impacted socialisation and children specified that they wanted
to see their friends again and not have to socially distance. It is interesting to note that
children did not discuss COVID-19 in relation to the impact on their health showing that this
age group was not concerned about contracting the virus. They were more concerned about
the impact this was having on the ability to see their friends. The recommendation from this
theme is to acknowledge that children have missed key socialisation time and to facilitate
this and nurture this in recovery plans. Play is an important place for this to happen.

4. Discussion

This study aimed to examine how children’s reports of play have changed pre- and
post-COVID and to provide key recommendations that can inform COVID recovery plans
based on the perspectives of children. There is a well-established body of solid evidence that
shows the contribution that play, particularly self-organised play, can make to children’s
immediate and long-term wellbeing, to their physical health, problem-solving, communica-
tion, fine motor skills, confidence and to their mental health and resilience [7,27]. Therefore,
it is vital we protect play and listen to the best ways in which to facilitate it.

Ten key themes were identified under the codes of Time (time to play), Space (access to
play, safety when playing, having space to play, sustainability), Permission (permission to
play, relationships and play), Recommendations (specific play/activity recommendations),
Health and Wellbeing Outcomes (health and wellbeing and play) as a result of analysis of
children’s responses from 2016 to 2021. The text mining analysis showed that the presence
of these themes was similar pre- and post-pandemic, showing that the recommendations
for children’s play remain similar throughout time and circumstance.

The specific suggestions made by children were diverse and broad, encompassing a
range of answers from football, basketball, and swimming to simply asking for a variety of
more activities. This highlights that there is not a one size fits all model to promote activity
and play in children and therefore, it is a worthwhile pursuit to engage and involve children
themselves [28]. Previous research has highlighted that older children have requested more
choice in activities, rather than prescriptive, adult-led programs [28]. This study shows that
a similar request is being made by younger children with a wide-range of play-based and
sport-based suggestions being bought forward. Therefore, we cannot assume a ‘one size
fits all’ model should work with play. Other studies have acknowledged that choice, or lack
of, is a reason why young people become disengaged with activity, particularly girls [29].
It is important that suggestions are acknowledged and the diverse and broad range of
interests and needs are considered. This can be done so via a period of consultation with
children. By asking them, interventions and programs can implement exactly what they
want and need, helping to improve the success, longevity, and sustainability of play-work
in communities and opportunities to play in schools.

Speaking to children about their solutions could have a significant impact on designing
and implementing pandemic recovery plans and is reflected across the themes emerging
in this study. While it is not always feasible to provide a wide-range of opportunities due
to lack of resources (e.g., space, time or funding) [29], research highlights that providing
autonomy and creating partnerships between users (in this instance, children) and those
delivering (e.g., teachers, play workers) could improve the sustainability and efficiency of
play/activity opportunities to improve health and wellbeing [30,31]. Particularly, in the
wake of the pandemic where play was reduced due to mitigation measures, it is important
we look to facilitate the best opportunities for children to overcome this lost time. To do
this, we need to look at their suggestions and what previous research has acknowledged as
positive play/activity-enablers.
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Throughout the themes children recommend protecting spaces to play with their
friends as a priority. This remained a constant throughout the time periods. Space to play
was the most frequently discussed amongst children, encompassing access, safety when
playing and sustainability of play spaces. This was centered around local park spaces, their
upkeep and maintenance, safety, and the general accessibility to these spaces. Parks have
been acknowledged by previous research to be important spaces for play [32–34]. Playing
in these environments supports children to feel part of their neighbourhoods and wider
communities, allowing children to learn about the world around them, make connections,
and develop a sense of identity and belonging [1]. Thus, this access is integral for their
development and lived experience (or enjoyment). Access could mean closer proximity [34]
but it could also refer to access to features within the park such as open spaces, courts
or trees to climb [32]. Fears over safety may reduce access [35,36] due to concerns over
encountering illegal behaviours and unsafe equipment/environments as mentioned by
children in this study. Independent mobility in children and the ability to explore, play
and be active in local outdoor spaces without adult supervision has declined [37,38]. This
needs to be protected and work needs to be done to improve mobility for children in their
local neighbourhoods.

It is vital that we listen to the concerns of children and facilitate ways in which these
fears can be reduced, and access improved. Previous research has shown that perceptions
of safety are significant in facilitating play/physical activity, particularly for those more
deprived [20,35]. Concerns over safety were more frequently mentioned post-2019 where, in
2020, children would have been subject to strict lockdown restrictions [12]. Studies suggest
that being confined to local areas during periods of restriction may improve perceptions of
safety [20].

In light of COVID-19, it is vitally important that we give children space to play due
to the lack of access to outdoor spaces, time with friends and school closures [13–15]
that they have faced as a result of mitigation measures. During the pandemic and its
associated lockdowns, access to outdoor play was particularly important as the population
was confined to their homes. Outdoor play gives sense of freedom and control that children
can enjoy and it allows for children to be energetic and physically active. Play is a form of
physical exercise for children. However, to stop transmission, playgrounds were closed
during lockdown. In Wales, as more was learned more about the pandemic and ways to
manage transmission, Welsh Government advice was updated to establish the important
role that playing has in supporting wellbeing. The government provided guidance and
prioritised the opening of parks, playgrounds and childcare and play work provision from
summer 2019 onwards, highlighting the need to play. This need remains, and as children
have stated, the protection and maintenance of play spaces should still be high on the
agenda. A recent study of children’s experiences of playgrounds in the pandemic highlights
this further with children expressing their pleasure at being back in the playground with
no social distancing [39].

Alongside space, children discuss the role of relationships in supporting play op-
portunities. Play supports socialisation. As mentioned above, children have welcomed
the removal of social distancing in facilitating socialisation [39]. Our study highlights
children value the characteristics of kindness in their peers and concerns about bullying
were mentioned suggesting children seek nurturing and supportive structures which will
facilitate their play. In 2019, Welsh Government launched new guidance on how to stop
bullying in schools [40]. Its consistent mention suggest work still needs to be to eradicate
bullying from the school setting. Discussing and calling out bullying can support children
to develop confidence to play interdependently outside of school.

With family members, it was apparent that children see parents/caregivers as role
models and supporters for play. This is important to note as previous research has high-
lighted the novelty of the pandemic enabling some children to spend extra time with
family members that they otherwise would not have had due to an increased number of
parents working from home or being furloughed [20]. This has also been acknowledged by
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school staff who reported children having more opportunities for walking and, spending
time outside, with this contributing to strengthened family relationships [18]. This may
then have had a positive impact on some children during this time and this time should
be valued.

The pandemic saw children access their local community for exercise and play during
the pandemic, mostly being accompanied by parents [41]. Care must be taken to ensure
that, as restrictions on outdoor spaces is relaxed, that children feel connected to their
communities to help them to gain confidence to play out. For children, their main concern
with the pandemic were restrictions on socialisation and having to distance from their
friends. Research has shown that these measures will have had an impact on children’s
wellbeing [42] with the removal of positive interactions with peers, teachers, coaches and
wider family members. Therefore, as part of COVID-19 recovery plans, it is essential we
value that children need this socialisation time back. With the uncertainty caused by the
pandemic, opportunities to play are vital to helping children make sense of their experi-
ences, problem-solve, reconnect with their peers, and promote their own wellbeing. As
we develop interventions and initiatives to support children emerging from the pandemic
and its related restrictions, play is one of the most important areas of focus to promote
children’s health and wellbeing.

The wider perception and impact of lockdown for children is mixed in the literature.
There is research to suggest that lockdown may have been a positive experience for young
people, with physical activity improving, as well as sleep and overall wellbeing for some
children (those less deprived) [20]. Adult perceptions suggest physical activity decreased,
with wellbeing also at risk during this time [18]. Therefore, there is some contention on
what lockdown has meant for children. Yet, from a children’s perspective, play recom-
mendations remain the same with them asking for more variety of activities, more space,
more time and more opportunities. COVID specific responses from children show that they
were aware of mitigation measures and the impact these were having on their play and
socialisation. Despite being deemed the population least vulnerable to direct harms from
COVID infection, the government enforced restrictions impacted the lives of children in an
unprecedented way [20]. Many restrictions were implemented without consultation with
children or young people, and it is still unclear what the longer-term impacts of measures
such as school closures have been on children. Children were specifically concerned about
the impact this was having on the ability to see their friends. Protecting play, socialisation,
and opportunities to be active is paramount in recovery plans and has been reflected in
other studies in this field [18,20].

The above recommendations have come as a result of analysing children’s responses
and are therefore advocated and suggested by children themselves. It is evident that
protecting spaces to play (including investment in maintenance, upkeep, and safety) and,
facilitating opportunities for children to be with their friends are important to children to
help them play. These have remained constant themes throughout time and therefore, it is
evident that while these recommendations are not new learning, more needs to be done to
influence policy, decision-making and funding into putting these into practice.

Limitations

This study encompasses responses from 2016 to December 2021. HAPPEN rolled-out
to wider Wales in 2018 however, we cannot ensure a fully representative sample of children
has been recruited across Wales. While the sampling strategy was the same for 2018–2020,
data were sampled more purposefully in earlier years from South Wales which may have
an influence on findings from this year. Although all schools in Wales were contacted with
details regarding the HAPPEN Survey, the findings in this study only represent the views
of children who took part. The perspectives captured in this study may not account for the
full breadth of lived experiences of all children.
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5. Conclusions

Drawing upon children’s responses, it is essential that we advocate for the wants and
needs of children particularly in relevance to giving children broad opportunities to play
and be active, space to play (particularly in reference to safe and accessible spaces designed
with children in mind), facilitating socialisation (especially in light of social distancing
measures), and acknowledging how beneficial and integral play is the development, health,
and wellbeing of children. We cannot overlook the importance of play. It has and always
will be important to protect play. Given the importance of play for children at times of crisis,
recognising this during and while emerging from a global pandemic could be an enormous
step forward in terms of protecting the mental health and wellbeing of our children, and of
future generations.
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