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Abstract

Background: Early years health and development analysis is a key component
of current government strategies, as it represents one of the main determinants for
early intervention. A substantial body of research has applied data science meth-
ods—such as global cognitive scores, multilevel linear regression, stepwise linear
regression, and logistic regression—to model risk factors for individual children.
However, limited research has explored how socioeconomic status affects young
children’s health and development, or how this correlation can be accurately
measured.

Methods: In collaboration with Birmingham City Council’s Public Health,
Education, and Skills directorates, Birmingham Community Healthcare NHS
Foundation Trust, and the University of Nottingham’s School of Health Sciences,
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we conducted a comprehensive review and analysis of early interventions across
Birmingham communities. The aim was to compare health and social depriva-
tion indices to identify the data required to understand correlations between
indicators from both domains, supporting evidence-based intervention planning.
Using Pearson and Spearman correlations, factorial analysis was performed to
identify deprivation variables most relevant to studying the relationship between
socioeconomic deprivation and early health and developmental outcomes.
Results: The analysis revealed significant correlations between socioeconomic
factors—such as income deprivation, universal credit, and unemployment
claimants—and early developmental outcomes, including obesity and the propor-
tion of children performing below expected levels in communication, fine motor,
gross motor, personal-social, and problem-solving skills.

Conclusions: The findings highlight concerning public health patterns: a weak
but notable correlation between socioeconomic indices and indicators of child and
family poverty, linked to wider determinants influencing childhood obesity and
poor school readiness at ages 2 to 2.5 years. These results underscore the need
for stronger emphasis on understanding and addressing the relationship between
local environmental conditions and public health outcomes.

Keywords: Children Needs, Socioeconomic Status, Deprivation, Correlation Analysis

1 Background

Giving every child the best start in life is a public health and policy imperative [1].
Addressing health disparities at both the family and community level can have a
profound impact on improving children’s health outcomes and establishing a strong
foundation for good health throughout their lives [2]. In England, the Public Health
Outcomes Framework (PHOF) sets out a vision for public health, including a focus
on the ‘wider determinants’ of health. Local authorities are tasked with reducing
health inequalities for infants and young children - working together with statutory
health visiting services and early years providers to identify childhood adversities and
reduce the long-term health impacts for individuals and communities [1]. Spencer et
al. [3] showed how adverse health outcomes would be reduced by as much as 18%
to 59% if all children were as healthy as the most socially advantaged. Webb [4]
recently demonstrated how an intersectional analysis of interventions in child social

care can help build critical research on the social gradient measure as an indicator of



local inequities. A range of data analysis tools are provided to assist local authority
commissioners and service providers to identify local priorities and work together
towards an integrated child health review at 2-2.5 years. Two related priority areas
for child health development in Birmingham in the West Midlands region are school
readiness and obesity prevention. These two priorities are more readily measurable
here and reflect significantly worse than average public health outcomes for children
under 5 years of age, when compared with children across the country [1].

According to the 2018 Health profile for England report, there is an inequality
in life expectancy between the most deprived and the least deprived areas of Eng-
land [5]. The roots of health inequalities can be traced back to early childhood, and
areas with limited resources tend to have lower scores on various indicators of child
health, such as low birth weight, infant mortality, dental health, school readiness, and
child obesity. These findings are highlighted in the annual reports of Public Health
England [6, 7]. Since a child’s well-being generally continues into adulthood, there is
a need to ensure the best start from an early age [8]. Socioeconomic factors, including
parental age, marital status, employment, and level of education, as well as parents’
ethnicity, and experience of stigma, all have an impact on an individual’s quality of
life [9]. In cases such as the one presented in this study, where social determinants of
health are examined instead of the medical causes of a particular disease, the local gov-
ernment takes the lead in public health services by investigating non-medical factors
that impact health outcomes [10, 11]. Local government has an impact on individ-
ual and population bealth improvement through tackling the social determinants of
health, and commissioning specialist services, such as health visitors and school nurses,
for delivering the Healthy Child Programme (HCP) for children aged 0 to 19 [7, 12—
14]. The world health organization suggests that social determinants accounts for
over 45% of health outcomes with an estimated population that exceeds the contribu-

tion from the health sector [15]. Exploring the correlation between socioeconomic and
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demographic factors and the needs of children can aid local governments in making
informed decisions about interventions. Taking appropriate measures to address these
factors is crucial for enhancing children’s health and mitigating long-standing health
inequities. However, achieving this goal necessitates the involvement of all sectors and
civil society,including the public health workforce [7].

While national studies have documented the impact of socioeconomic inequality on
child health and development across England, our contribution is distinct in focusing
on Birmingham as a detailed city-level case study. By integrating multiple datasets
(ASQ-3, NCMP, IMD, IDACI, Universal Credit, and unemployment claimants), we
provide a multi-dimensional picture of early years outcomes within one of the UK’s
largest and most diverse urban centres. This approach allows us to demonstrate how
place-based data integration can uncover localised patterns that may be masked in
national analyses, thereby generating insights of direct relevance for local policy and
service delivery.

This paper identifies the socioeconomic factors that are most influential on chil-
dren’s needs. We focus on Birmingham in the UK as a local case study. Birmingham
has one of the most diverse populations in Europe and faces significantly worse than
average outcomes in child obesity and school readiness compared to the national
average. These characteristics make it a critical illustrative case for exploring the
interaction between socioeconomic deprivation and early years health. While our
findings are not intended to be generalizable to all UK regions, they provide trans-
ferable insights that may inform early years interventions in other urban areas with
similar demographic and deprivation profiles. As another important dimension in the
analysis, family demographics are also included. The study is focused on two themes:
school readiness and obesity. A review of obesity in this area showed interventions
designed to reduce the risk of overweight/obesity delivered antenatally or during

the first 2 years of life, with outcomes reported from birth to 7 years of age [16].



School readiness is evaluated by means of the Early Development Instrument (EDI)
total score, which measures five developmental areas, including physical health and
well-being, social competence, emotional maturity, language cognitive development

and communication skills, and general knowledge.

In Section 2 we investigate Related Works. In Section 3 we design a conceptual
framework modeling the relationships between health and development outcome indi-
cators and cover data collection and processing. Further, Section 4 covers in depth
the technical methods, the results achieved and a discussion of how these results can
be helpful to the end users i.e. decision makers and more importantly the community.

Section 6 presents our conclusion and findings.

2 Related work

The first few years of a child’s life are critical for later health and development [17]. The
chapter reports that the health of children in early years has been improving in recent
years as seen across many indicators of health and developiment outcomes including
child obesity, and school readiness. There exists a fair body of research that addresses
school readiness or child obesity themes for early years children. Table 1 lists and
briefly compares some of the related work articles that tackle these themes based on
KPI, socioeconomic factor(s), and correlation technique used. We next discuss these

studies and report any examined associations.

2.1 School Readiness - Child Development Level

Jones et al. [18] provided a cross-sectional study to explore the association between the
child’s Socioeconomic status (SES), using Index of multiple Deprivation (IMD) 2019
ward scores and each of good level of development and school-readiness scores (Early

Years Foundation Stage Profile (EYFSP)) using Pearson bivariate correlations. In
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their study, data was collected from 326 children aged 4-5 years from the northeast of
England. The analysis showed no significant effect of SES on the level of development of
children. On the other hand, lower school-readiness scores was significantly associated
with children from more deprived areas (r = 0.12,p < 0.05).

The relationships between Income Deprivation Affecting Children Index (IDACI)
score taken from the family home postcode and ASQ-3 (Ages & Stages Questionnaires)
domains scores was investigated by Law et al. [19] using Spearman correlation. The
data was collected from 894 children using the Early Language Identification Mea-
sure — Extended (ELIM-E) across five sites in England (Derbyshire, Middlesbrough,
Newham, Wakefield, and Wiltshire). The results showed that poorer performance was
associated with more deprived postcodes (i.e. higher IDACT score) for the ASQ-3
communication, problem solving, and personal-social skills domains, however those
associations were weak.

The study by Gonzélez et al. [20] assessed the relationship between child cognitive
development and each of maternal/paternal socioeconomic characteristics (social class,
education, and employment status). The study was conducted on 525 children aged 5-
6 years in a Valencia Birth cohort and measured children cognitive development using
the Global Cognitive Score (GCS) from McCarthiy Scales of Children’s Abilities. Linear
regression models were used to evaluate the associations where a strong gradient was
found between GCS and maternal/paternal social class (8 = —10.0 and 8 = —11.5
for class IV +V (lowest) for mothers and fathers respectively). Regarding educational
level, mothers wlho were with university degree had children with a 15.4 points higher
GCS than those with primary school (8 = 11.0 for fathers). Also, unemployment for
both mother and father had a strong relationship with child’s GCS, being stronger for
long-term unemployed fathers (5 = —7.8).

In the study on Chinese preschool children in Hong Kong, Multilevel linear regres-

sion models were used to examine the effect of family SES on school readiness [21]. The
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study measured the school readiness scores of 567 children using the Chinese version of
the Early Development Instrument (EDI) for 5 developmental domains: physical health
and well-being, social competence, emotional maturity, language and cognitive devel-
opment, and communication skills & general knowledge. The family SES index was
also determined from parental educational attainment, occupation, monthly income
adjusted for household size, and asset score. The estimates of correlation between SES
and EDI scores were significant for each developmental domain excluding emotional
maturity, and the Intraclass correlation coefficients (ICC) indicate poor reliability
with TC'C' = 0.24 for total EDI score (all domains together). Furthermore, the study
performed Chi-squared test to examine the relationship between gender and school
readiness revealing a significant gender effect (x? = 11.79, p = .008).

In the longitudinal study of child health and development by Dotterer et al. [22],
the link between school readiness and SocioEconomic Status (SES) index (created by
standardizing income-to-needs ratio and maternal education level) was examined. The
study invited participants from an urban community via fliers, postings, mailings, and
phone contact and included mother-child dyads from African American and Euro-
pean American families. Results show that negative/intrusive parenting connect the
link between socioeconomic status and children’s pre-academic knowledge scores. Fur-
thermore, socioeconomic status was positively correlated to pre-academic knowledge

especially among African Americans.

2.2 Child Obesity

The data analysis study by [23] investigated the correlation between parental and child
risk factors (such as socioeconomic status, race, birth weight, parental smoking, and
lack of family meals) and childhood obesity. The study was conducted on the 2001
United States Early Childhood Longitudinal Birth Cohort data sample using logistic

regression to model the child overweight status from each individual risk factor and



evaluates socioeconomic status as interaction term. The results showed that parental
and child risk factors were associated to children being overweight/obese. In addition,
Black or Hispanic children were 60% more likely to be overweight/obese than white
children in the USA. Moreover, children belonging to the lowest socioeconomic status
quintile exhibited a 70% higher likelihood of being overweight or obese in comparison
to children from the highest quintile.

A further large cross sectional study [24] was conducted on combined National
Child Measurement Programme (NCMP) data for the years 2007/8 and 2009/10 to
examine the relationship between weight status of children in Reception (4-5 years)
and socioeconomic deprivation (as represented by IDACI 2010 scores) at Middle Layer
Super Output Areas (MSOA) level in England. Using step-wise linear regression, the
authors identified a positive association between IDACI scores and the prevalence of
overweight or obesity (slope B = 9.511,p < .001 for overweight or obese status, and
B =17.254,p < .001 for obese status).

Earlier in 2012 [25] studied the association between childhood overweight and
obesity in Reception and IMD 2010 scores using NCMP data from 2007/8 to 2009/10
at local authority level in England. The authors carried out Pearson’s correlation
analysis to measure the strength of the correlation and found that the prevalence of
obesity in Year 0 and IMD scores are strongly correlated (r = 0.539, r = 0.612, and
r = 0.625, p < 0.001) in 2007/8, 2008/9, and 2009/10 respectively.

3 Materials aind Methods

In our preparation for early years review analysis, we design a conceptual framework
modeling the relationships between health and development outcome indicators with
socioeconomic and demographic factors. After that, we present and discuss the data
sets used in our study and the preprocessing steps performed to prepare the data for

analysis.
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3.1 Conceptual Framework

Fig. 1 presents the conceptual framework guiding the early years health and devel-
opment review analysis. Blue rectangles represent the themes used in our study,
orange hexagons represent the socioeconomic factors, green hexagons represent the
demographic factors, and the arrows (links) represent reference or potential relation-
ships/correlations between the themes and socioeconomic/demographic factors. The
arrows having a list of paper references enclosed in brackets refer to papers already

reviewed in Section 2 which addresses the links-related relationships.
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Fig. 1 Conceptual framework guiding our analysis.

As illustrated in the conceptual diagram, the themes tackled in our work are:
School Readiness - Child Development Level, and Child Obesity. Children development
level in early years is an important marker in a child’s life course. Monitoring child
development at a young age ensures that children meet their developmental milestones
and are physically, emotionally, and socially ready to enter school and learn. It also
helps to identify if a child has any developmental delays and the opportunity of early

intervention to develop his competency and ensure better readiness.

10



As well, overweight and obesity at a younger age increases the risk of poor health
in adulthood including diabetes, cardiovascular disease, and risk of premature death.
Assessing the child’s weight in early years helps to identify children in need of early help
and treatment if needed (for instance, support in meal planning and shopping, medical
investigations, investigating potential social and environmental factors contributing,
etc.).

The socioeconomic factors covered include: (1) Index of Multiple Deprivation
(IMD), (2) Income Deprivation Affecting Children Index (IDACT), and (3) Universal
Credit (UC)/ Unemployment Claimant Counts. Indeed, in this study, we considered
the IMD factor as well as each of its subdomains: Income Deprivation; Employment
Deprivation; Education Deprivation, Skills and Training Deprivation; Health Depriva-
tion and Disability; Crime; Barriers to Housing and Services; and Living Environment
Deprivation. A detailed description of each of the socioeconomic factors is provided in
Section 3.2.2.

In addition, we covered the demographic factors including: (1) gender (male,

female), and (2) ethnicity (Asian, Black. White, Mixed, Other).

3.2 Data Collection and Processing

3.2.1 Themes Data Sets

In this study, we collected themes data sets from various data sources.

2-21/2 year reviews ASQ-3 Data Set

For the development skills theme, we inquired the 2-21/2 year reviews data set that uses
Ages and Stages Questionnaire (ASQ-3) in the Healthy Child Programme development

review from Birmingham Community HealthCare (BCHC) NHS Foundation Trust.

The ASQ-3 provides an objective measure of child development outcomes around their
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507 second birthday over several domains of development including communication, gross

508
509 motor, fine motor, problem solving, and personal social skills. It helps to identify

21(1) children below the expected level of development and support them before they enter
512 school to achieve their full potential.
513

514 The 2-21/2 year reviews ASQ-3 data set is provided at Birmingham postcode geo-

212 graphical level and reported monthly over the years 2019/20, 2020/21, and 2021/22.

517 It records a measure score for each domain of development per child, associated to the
518

519 following attributes: gender, ethnicity, age in months at point of contact, postcode,
520
521
522 The Healthy Child Programme development review uses three types of ASQ-3
523

594 duestionnaires: 24 months, 27 months, and 30 months questionnaire. For each ques-
525
526
527 Table 2 presents the full list of threshold scores relevant to the questionnaire type and

528 )
599 domain of development.

report month, and report financial year.

tionnaire type, a threshold score for expected level of development is set per domain.

530

531

532 Table 2 Threshold score for expected level of development per questionnaire type and domain of development.
533 =\

534 Domain of development

535 ASQ-3 questionnaire type = Communication  Fine motor = Gross motor  Personal social ~ Problem solving
536 24 month 25.17 35.16 38.07 31.54 29.78
537 27 month 24.02 18.42 28.01 25.31 27.62
538 30 month 33.30 19.25 36.14 32.01 27.08
539

540

541 In order to asses a child’s level of development, it is required to compare the

542

543 measure scores for each domain of development to the relevant threshold scores, then

544 . . . .

545 identify children below expected levels of development, as well as children at or above

546 expected levels of development. In this work, we are interested to target children below
547
548 expected level of development for early intervention. Thus, we used the percentage

ggg of children below expected levels for each domain of development as well as for all
551 domains to be the Key Performance Indicators (KPIs) in our study.
552

12



NCMP Data Set

For the child obesity theme, we inquired the National Child Measurement Programme
(NCMP) data set from the Public Health Division at Birmingham City Council (BCC).
NCMP is a national public health programme that provides indicators of the chil-
dren excess weight as part of the ‘Tackling Obesity’ Strategy of the UK government.
The NCMP annually measures the weights and heights of children in Year 0 (a.k.a
Reception year) and Year 6 across eligible state-funded schools in England.

The NCMP data set is provided at Birmingham LSOA! geographical level for
the period 2010/11 to 2019/20 as a whole together. It records the number of pupils
measured with respect to the following attributes: LSOA, school year ( Year 0, Year
6), Body Mass Index (BMI) category (Normal, Obese, Overweight), and ethnicity. In
our study, we only focus on Year 0 children.

We should note the collection of the NCMP 2020/21 data was carried out as a
sample [26] (11% sample for Birmingham) due to the impact of the Covid-19 pandemic.
However, according to the dataset publisher [26], statistical weighting was applied to
the data and a meticulous sampling methodology was followed for the data collection
process to ensure that the data will be representative of the entire pupil population
and a data quality investigation proved that the data are comparable to the previous
collection periods.

On the other hand, the number of children measured at Reception level in Birm-
ingham in the earlier NCMP 2019/20 data was around 55% of the annual average over
the previous three years (around 8,700 compared to almost 16,000 children) due to
the school closures in March 2020 in response to the Covid-19 pandemic. The Public

Health Division at BCC advised that NCMP 2019/20 data is representable and can

1LSOAs are small areas designed to be of a similar population size, with an average of approximately
1,500 residents or 650 households. There were 32,844 LSOAs in England for Census 2011. They are produced
by the Office for National Statistics based on Census data for the reporting of small area statistics.
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be used in our analysis despite the lower than usual number of measurements, thus it
was included in our analysis.

The dataset includes ‘*’ values for the numbers of pupils measured in some records
(that is for the number of pupils inside an LSOA for a specific combination of gen-
der, ethnicity, and BMI category); these values refer to numbers below 5 that were
substituted with an asterisk by the Public Health Division at BCC to preserve the
confidentiality of data and protect pupils from being identified. We replaced these ‘*’
values with the value 2 as an estimation for the average number of pupils measured
in a record.

In this work, our objective is to help children with excess weight (i.e. overweight
or obese) and ensure their healthy growth. Thus, we used the prevalence (percentage)
of children in Year 0 who are (1) overweight, (2) obese, (3) overweight or obese to be

the KPIs in our study.

3.2.2 Socioeconomic Factors Data Sets

For the socioeconomic factors data sets, we collected the reievant releases of data avail-
able with the aim to correlate to the theme data sets. As our focus is on Birmingham
community, we filtered these data sets to only include Birmingham LSOA geographical

level in our study.

Index of Multiple Deprivation

The Index of Multiple Deprivation (IMD) data set [27] is available online from
GOV.UK? at England Lower-layer Super Output Areas (LSOA) geographical level
and was last reported in 2019 to update the previous English indices of deprivation of

2015.

2GOV.UK is a United Kingdom public sector information website, created by the Government Digital
Service to provide a single point of access to Her Majesty’s (HM) Government services.
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The IMD is an overall composite measure of relative deprivation for LSOAs across
England. It is created by summing weighted relative indices of deprivation for the
seven domains: Income Deprivation; Employment Deprivation; Education Deprivation,
Skills and Training Deprivation; Health Deprivation and Disability; Crime; Barriers
to Housing and Services; and Living Environment Deprivation.

The IMD data set records the ranks and deciles at LSOA level for the IMD and for
each of the indices of the deprivation seven domains. The ranks are calculated for the
32,844 L.SOAs in England where a rank of 1 is given to the most deprived LSOA, and
a rank of 32,844 is given to the least deprived. The deciles are calculated by allocating
the LSOAs into 10 equal deciles (groups) based on their calculated ranks where the
most deprived 10% of LSOAs nationally are allocated to decile 1, the least deprived
10% of LSOAs nationally are allocated to decile 10, and so on.

In our analysis, we used the deciles at LSOA level for the overall composite measure

IMD as well as each of the indices of deprivations for seven domains.

Income Deprivation Affecting Children Index

The Income Deprivation Affecting Children Tndex (IDACIT) data set [27] is also avail-
able online from GOV.UK at England LSOA geographical level and was last reported
in 2019.

The IDACI is a measure of the rate of children aged below 16 living in income
deprived families in LSOAs across England. Income deprived families include people
who are out-of-work or people who are in work but have low earnings. In a similar
format to the IMD data set, the IDACI records the ranks and deciles at LSOA level for
the IDACI, as well as recording the IDACI rates. In our analysis, we used the deciles
at LSOA level for the IDACI.
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Universal Credit Claimants

The Universal Credit (UC) Claimants data set [28] is available from Stat-Xplore ® at
LSOA geographical level and was last reported in June 2022. The UC Claimants is
a measure of the number of people on Universal Credit for whom no closure of their
claim have been recorded up to the release date (second Thursday in each month).
The UC claimants include unemployed people and employed people on a low income.

The UC Claimants data set records monthly releases of UC claimant count at
Birmingham LSOA level over the fiscal years 2019/20, 2020/21, and 2021/22 (the
fiscal years have been selected to match the years available for the themes data sets).
The data is extracted in monthly format and transformed into the format of annual
average claimant count per fiscal year at Birmingham LSOA level. For the 2-21/2 year
reviews ASQ-3 data set, the relevant annual average claimant count has been selected
to match the ASQ-3 KPIs per fiscal year at LSOA level. On the other hand, for the
NCMP data set, as the data was available for the period 2010/11 to 2019/20 as a
whole, the annual average claimant count for 2019/20 has been selected to match the

NCMP KPIs at LSOA level.

Unemployment Claimants

The Unemployment Claimants data set [29] is available from Nomis? at LSOA
geographical level and was last reported in May 2022.

The Unemployment Claimants is a measure of the number of people who claim
Jobseeker’s Allowance (JSA) (i.e. people claiming unemployment related benefits while
looking for work) in addition to out of work people who claim Universal Credit. Unlike

JSA, Universal Credit requires a wider range of claimants to look for work. The data

3Stat-Xplore is a browser based client to explore benefit data administered by the Department for Work
and Pensions.

4Nomis is a service provided by Office for National Statistics (ONS). On this website, ONS publishes
statistics related to population, society and the labour market at national, regional and local levels.
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set records monthly releases of Unemployment claimant count at Birmingham LSOA
level over the fiscal years 2019/20, 2020/21, and 2021/22. Similar to the UC Claimants
data set, the Unemployment Claimants data sets has been processed to match the

themes data sets.

Table 3 Summary of data sources and collection years

Dataset Source Years covered

ASQ-3 (2-23 year reviews) | Birmingham Community Healthcare | 2019/20-2021/22
NHS Foundation Trust

NCMP (Reception year) Public Health Division, Birmingham | 2010/11-2019/20 (2020/21
City Council sample 11% due to

COVID)

Index of Multiple Depriva- | GOV.UK (ONS) 2019

tion (IMD)

IDACI GOV.UK (ONS) 2019

Universal Credit | Stat-Xplore (DWP) 2019/20-2021/22

Claimants

Unemployment Claimants | NOMIS (ONS) 2019/20-2021/22

(JSA 4 UC)

To improve transparency, we have added Table 3, which suminarises the datasets
used, their sources, years of collection, and the degree of temnporal overlap. While the
ASQ-3, Universal Credit, and Unemployment datasets align closely over 2019-2022,
the NCMP data spans a longer period (2010-2020). The IMD and IDACT indices are
only available as 2019 releases. These temporal inconsistencies, while typical of rou-
tinely collected public health datasets, limit full integration across all measures. We
address the implications of this limitation in the Discussion. It should be noted that
the study period coincided with the COVID-19 pandemic, which affected both health
and socioeconomic data collection. For example, the NCMP dataset for 2020/21 rep-
resents only 11% of the expected sample due to school closures. In addition, some
small-area records were suppressed to preserve confidentiality; in these cases, imputa-

tion methods such as aggregation or mean substitution were applied. Socioeconomic
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indicators, including Universal Credit and unemployment claimant counts, were also

strongly influenced by pandemic-related economic shocks.

3.3 Statistical Analysis

Correlation analyses were conducted to explore associations between socioeconomic
indicators and child health/development outcomes. Pearson’s correlation coeffi-
cient was applied when both variables were normally distributed (assessed using
Shapiro-Wilk test), while Spearman’s rank correlation coefficient was used for
non-normally distributed variables or ordinal data.

All analyses were performed in R (version 4.3.1) using the functions cor.test ()
from the stats package and rcorr() from the Hmisc package. Visualisations of
the correlation results (scatterplots and fitted trend lines, presented in Section (4.2)
were produced using the ggplot2 package in R. To address the issue of multiple
comparisons, we applied the Benjamini—-Hochberg False Discovery Rate (FDR) cor-
rection using the function p.adjust(method = "BH") in R. Both uncorrected and
FDR-corrected p-values (g-values) are reported. The workflow consisted of the follow-
ing steps: (i) data cleaning and preparation; (ii) assessment of variable distributions
(Shapiro-Wilk test); (iii) selection of coirelation method (Pearson or Spearman);
(iv) calculation of correlation coefficients and associated p-values; (v) application of
Benjamini-Hochberg FDR correction; and (vi) generation of scatterplots and fitted

trend lines for visualisation.

4 Data Analysis

4.1 Data Visualisation and Analysis

We utilised the Power BI Business Intelligence (BI) tool (Version: 2.102.683.0 64-bit)
to create visuals in dashboards that helped in understanding the data and provided

insights about the prevalence of children below the expected level of development
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and the prevalence of children in Year zero who are overweight/obese. Power BI was
selected as a software tool because of its rich feature set that allows importing different
datasets, applying data transformation steps, and creating high quality interactive
visualizations [30]. In addition, Power BI provides the ability to link the different
datasets using table relationships to generate an underlying data model consisting of
different data tables. This model can then be used as a basis to create reports with
visuals (graphs, charts, tables) that interact with each other to slice and cross-filter
the displayed data, thus simplifying the data interrogation and analysis process and

facilitating insight extraction.

Count of Children Count of children by age in months Count of children by ethnicity groups

3358 s AgelnMonths a... 60_ Ethnicity groups
Report financial year (17.39%) 1332 @24 s j:;:;:"’i"ﬁ"'ﬁ'm%‘ ® Asian or Asian British
Select all [145%) @39 e ®white
1208 (36%) )
2019/20 ®27 385 ° ‘®Black or Black British
2020/21 (11.47%)
' Mixed
W 2021722 ® Mixe
Age in months at PDiI‘II of @ Other Ethnic Groups
contact @ Not Known
1382
W select all (41.16%) ® Not Stated (Client ...
e 1122 (33.41%)
|l T i g -
o Count of children per age in months by Nbr of children by Comparifig tasthreshold per Measure
gender Description
Domains of development 164 Gender DevelopmentDomain At or above expected level Below expected level
® Communication Skills (49.02%) ®Male

Fine Motor Skills Communication Skills I 2948 410

Gross Mator Skills ®Female  Fine Motor Skalls 3240 107
Personal Social Skills Gross Motar Skills 3245 110
Problem Solving Skills 712 Personal Social Skills ‘ 3149 205

(50.93%) Prablem Solving Skills 3206 148

Fig. 2 Overview on 2-21/2 year reviews ASQ-3 data.

| ¥ “Percofishildren below expected level per report financial year

DevelopmentDomain

1079

@ Communication Skills

1051

@Fine Motor Skills

@ Gross Motor Skills

@ Personal Social Skills
@Problem Solving Skills

2019/20 2020/21
Report Financial Year

Fig. 3 Prevalence of children below expected level of development per report financial year.
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In Figure 2, we give an overview on the 2-21/2 year reviews ASQ-3 data. For
instance, in 2021/22, the 2-21/2 year reviews for Communication Skills domain cover
3358 children of ages (24, 27, and 30 months) where 41.45% are of age 24 months,
41.16% are of age 30 months, followed by 17.39% of age 27 months. 50.98% of children
are males and most of children are from Asian or Asian British ethnic group (36%),
followed by 33.41% of White ethnic group. Later in this work, we study the correlation
of children development level to the demographic factors (gender, ethnicity).

With respect to all domains of development, the majority of children measure
scores are At or above expected level compared to the relevant threshold scores. For
instance, 2948 of children are At or above expected level in Communication Skills
domain, while around around 410 are Below expected level. As the aim of this work is
to target children below expected level, the number of children to help is quite high,
and this is only for the financial year 2021/22. Filtering the report financial year to
cover the 3 years together reveals 1068 children who have been in need for early help
to develop their communication skills and improve their competence before entering
school.

Figure 3 also presents the percentages ot children below expected level of devel-
opment per report financial year. The colored bars/columns represent the percentage
in each of the 5 domains of development. We observe that Communication Skills
domain has the highest percentage of children below expected level over the 3 finan-
cial years (10.79% in 2019/20, 10.51% in 2020,/2021, and 12.21% in 2021/22) followed
by Personal Social Skills domain (6.15% in 2019/20, 5.28% in 2020/2021, and 6.11%
in 2021/22).

In Figure 4, we give an overview on the NCMP data. The number of pupils mea-
sured in Year 0 (reception) over the period 2010/11 to 2019/20 was 138830 pupils,
where 51.21% are males. We observe that the majority of pupils were from White

ethnicity (32.47%) followed by 27.16% from Asian ethnicity. Most of the pupils were
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classified to Normal BMI category (76.4%), while the percentage of children classified

overweight or obese was approximately 23.6% (12.28% for only overweight and 11.31%

for obese).
Nbr of pupils measured Nbr of pupils measured by BM| Category (centiles)
1 3 8 B 3 0 BMI Category... ®MNormal @Overweight @ Obese
| Number of Pupils measured by Gender | 15707 (11.31%)

Gender
67729 oM 17051 (12.28%)

(42.705%)

71101 (51.21%) 106072 (76.4%)

Number of Pupils measured by Ethnicit

6216 (4.48%)
6670 (4.813)

Ethnicity
45039 (32.47%) ®'White
@ Unknown
® Asian
®Black
@ Other

37670 (27.16%)

® Mixed

38748 (27.93%)

Fig. 4 Overview on NCMP data.

Before moving into the correlation analysis, we give below some examples that
illustrate the relationships between tlie themes and the economic factors (for instance,
IMD).

Figure 5 shows the prevalence of children below expected level of development by
IMD decile. The Power BI visuals are filtered to cover the years 2019/20 to 2021/22
for the Personal Social Skills and Problem Solving Skills domain. In these domains,
We observe that the percentages of children below expected level are the highest in
lower IMD deciles. For Personal Social Skills, the percentages are 6.8% and 6.4% in
IMD deciles 1 and 2 compared to 2.4% and 1.4% in IMD deciles 9 and 10 respectively.
In general, the average percentage of children below expected level is 6.34% in the

IMD deciles below 5 compared to 3% in the IMD deciles at or above 5.
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DevelopmentDom... ®Personal Social Skills @ Problem Solving Skills
5.33 DevelopmentDomain  Perc of children below
. & expected level
Personal Social Skills 6.34
Problem Solving skills 5.13

Select all

Communication Skills
Fine Motor Skills
Gross Motor Skills
W Personal social Skills
W Problem Solving Skills 1 5 3 4 5 & 5 5 5
Index of Multiple Deprivation (IMD) Decile (where 1 is most deprived ...

DevelopmentDomain  Perc of children below
expected level

Perc of children below expected level
= S

Personal Social skills 3.00
Problem Solving Skills 3.00

Fig. 5 Prevalence of children below expected level by IMD decile.

Similarly, Figure 6 shows the prevalence of children who are overweight/obese by
IMD decile. The percentage of children classified obese is the highest in lower IMD
deciles (25% and 23.45% in IMD deciles 1 and 2 compared to 16.17% and 13.31% in
IMD deciles 9 and 10 respectively. The same is also observed for the overall percentage
of children classified overweight or obese. On the other hand, the percentage of chil-
dren classified as overweight is almost the same over all IMD deciles. In general, the
average percentage of children classified overweight or obese in the IMD deciles below
5 (24.31%) is higher than that in the IMD deciles at or above 5 (19.17%). Similarly,
the average percentage of children classified cbese is 11.92% compared to 7.53%. For

the overweight category, the percentages are almost the same.

4.2 Correlation Analysis

4.2.1 Socioeconomic Factors Correlation

The rest of this section addresses the correlation between the themes and the socioeco-
nomic factors, in addition to the demographic factors. Recall the conceptual framework
presented earlier in Figure 1. Our aim here is to study the links/relationships between

each of the themes and factors. We start with scatter plots to examine the links
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-
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1164 7.53 1917

Fig. 6 Prevalence of children classified overweight/obese by IMD decile.

between each of themes KPIs and IMD to get a flavor of the linearity /non-linearity of

6 correlations.

the relationships, and decide on using Pearson® or Spearman

In Figure 7, we present scatter plots of prevalence of children below expected level
in Communication Skills, Personal Social Skills, and Problem Solving Skills domains
by IMD Rank using PowerBI Craydec Regression Chart’. Here, we chose IMD Ranks
instead of IMD deciles to better present the spread of data points. It is evident that
the data the data points are sparse and linear regression performs poorly (R2=0 for
Communication Skills, R2-=0.03 for Personal Social Skills, and R2=0.3 for Problem
Solving Skills). Hence, for the prevalence of children below expected level KPI, we
lean toward using Spearman Correlation as will be detailed later.

Figure 8 also present scatter plots of prevalence of children classified over-

weight /obese by IMD Rank using PowerBI Craydec Regression Chart. We notice that

5Pearson’s correlation measures the linear relationship between two continuous variables. A relationship
is said to be linear when a change in one variable is associated with a proportional change in the other
variable.

SSpearman’s correlation measures the strength and direction of monotonic association between two
variables. Monotonicity is ”less restrictive” than that of a linear relationship.

7Craydec Regression Chart is a scatter plot with a simple linear regression. The visual calculates Pearson’s
correlation coefficient, R2 value, and it draws the correlation equation as abline on the chart.
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ﬂg; nomic factors and the prevalence of children below expected level for each domain

1104 of development. we observe that the highest correlation coefficients are mostly for
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Personal Social skills followed by Communication skills. For instance, the correla-
tion between IMD decile and percentage of children below expected level for Personal
Social skills domain is p = —0.27,p < 0.0001 (p is Spearman’s rank correlation coef-
ficient); there exists a negative correlation with statistical significance. Thus, as the
IMD decile decreases (i.e. more deprived), the percentage of children below expected
level in Personal Social skills increases. We also notice that the correlation with annual
average UC claimant count is the highest for both Personal Social and Communi-
cation skills domains(p = 0.24,p < 0.0001); there exists a positive correlation with
statistic significance. Thus, as the annual average UC claimant count increases, the
percentage of children below expected level in these domain increases too. However,
the socioeconomic factors are weakly correlated to the domains of development.

Table 5 displays the Pearson correlation coefficients of each of the socioeconomic
factors and the prevalence of children below expected level for each domain of devel-
opment for the overweight, and overweight or obese categories. It is evident that for
the overweight, and overweight or obese categories the correlation of the prevalence
of children classified obese is r = —0.55 (r is Pearson’s rank correlation coefficient)
with IMD decile, r = —0.56 with IDACI decile, r = 0.46 with annual average claimant
count, 7 = 0.43 and annual unemployment claimant count (p < 0.001 in all cases).
Hence, the socioeconomic factors are moderately correlated with statistical significance
to the children obesity.

Our results can be compared to that of the study [25] that investigates the asso-
ciations between the IMD scores and the prevalence of overweight or obesity using
Pearson’s correlation analysis. Their study was conducted on children in Year 0 and
Year 6 of local authority districts in England over the years 2007/8, 2008/9, and
2009/10. Even though the data sets cover other areas and academic years, the overall
correlation assessment is similar to ours. The authors [25] found that the preva-

lence of overweight in Year 0 and IMD scores are weakly correlated (r = 0.111 and
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Table 5 Pearson’s correlation coefficients of each of the socioeconomic factors and the
prevalence of children classified overweight/obese.

BMI Category

Socioeconomic factors Overweight  Obese Overweight or Obese
IMD Decile -0.09* -0.55%** (. 46***
Income Decile -0.06 -0.51%**  _(Q.41%**
Employment Decile -0.06 -0.46***  _(.38***
Education Skills and Training Decile -0.1% -0.58%**  _(.49%**
Health and Disability Decile -0.19%%* -0.43%%%* -0.45%**
Crime Decile -0.12%* -0.3%** -0.29%**
Barriers to Housing and Services Decile  0.06 -0.44%** (. 28***
Living Environment Decile 0.09* -0.22%**  _(.1%
IDACI Decile -0.15%*%* -0.56%** Q. 5]***
Average UC claimant count -0.01 0.46%** 0.33%**
Average Unemployment claimant count  -0.05 0.43%%* 0.29%**

*p < 0.05, %% p < 0.01, %% p < 0.001; Highest correlation coefficients with statistical significance in bold.

r =0.114,p < 0.05) in 2007/8 and 2008/9 respectively and not significantly correlated
in 2008/10. In our study, the results were similar where » = —0.09,p < 0.05 (the dif-
ference in correlation sign (+/—)is because we are using IMD decile not IMD score).
On the other hand, the paper [25] reveals that the prevalence of obesity in Year 0 and
IMD scores are strongly correlated (r = 0.539, r = 0.612, and r» = 0.625, p < 0.001)
in 2007/8, 2008/9, and 2009/10 respectively. Likewise, we found that the correlation
is r = —0.55,p < 0.001.

4.2.2 Demographic Factors Correlation

Here, we perform Chi-squared test® to investigate the links between the themes and
categorical variables gender/ethnicity). Table 6 presents Chi-Squared values of the
dependence of development level and BMI category on each of the demographic fac-
tors gender/ethnicity. For the development skills theme, the dependence of children
development level (at or above expected level, below expected level) to gender (male,
female) is x? = 365.83,p = 1.52F — 81 and to ethnicity (Asian, Black, Mixed, White,

Other) is x? = 6.57,p = .16.

8Chi-squared test (also x2 test) is a statistical test applied to sets of categorical data to evaluate how
likely it is that any observed difference between the sets arose by chance.
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1243 For the child obesity theme, the dependence of children BMI category (Nor-

1244
1245 mal, Overweight, Obese) to gender is x? = 0.004,p = 1.00 and to ethnicity is

1246 2 _ 7473 1 = 6.33E — 10.
1247

1248
1249 Table 6 Chi-Squared values of the dependence of development level and BMI category on

1250 each of the demographic factors gender/ethnicity

1251 Demographic factors ~ Development Level BMI Category

1252 Gender x2? = 365.83,p = 1.52E — 81 x2? = 0.004,p = 1.00

1253 Ethnicity Y2 = 6.57,p = .16 x2 = 74.73,p = 6.33E — 10
1254
1255

1256
1957 Our results can be compared to that of the study[21] who investigated the rela-

1258 tionship between school readiness, socioeconomic status, and gender. School readiness

1260 is measured using the Early Development Instrument (EDI) total score which assesses
1261

1262 the following five developmental domains: physical health and well-being, social com-
1263
1264
1265 skills and general knowledge. The dependence of EDI total score and socioeconomic
1266

1267 Status to gender was x2 = 11.79, p = 0.008.

1268

1269 . .

1270 D Discussion

1271
1;;:23 Our analysis underscores the significant correlation between socioeconomic status
1274 (SES) and early childhood development outcomes, specifically in areas such as obesity
1275
1976 and school readiness. It is imiportant to emphasise that this study is framed as a Birm-

g;g ingham case study. While Birmingham provides an important example due to its size,
1279 diversity, and persistent inequalities, the results should be understood as illustrative

1280
1981 rather than nationally representative. Nonetheless, the findings highlight patterns and

petence, emotional maturity, language and cognitive development, and communication

gg; dynamics that are highly relevant to other UK cities facing similar social and health

1284 challenges. Lower SES levels in the Birmingham locality highlight prevalent issues of
1285

1986 early childhood deprivation, as also supported by research linking poverty in early
1287

1958 years to increased disease risk in adulthood [31, 32].
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The findings reflect established literature on health inequalities, where children
from deprived and socioeconomically challenged communities demonstrate higher mor-
bidity indicators, including early childhood obesity. These outcomes support previous
studies that link SES with adverse health and developmental results, showing an
urgent need for targeted early interventions. However, the current data lacks gran-
ularity on whether early interventions directly influence long-term health outcomes
for these children and their families. Future research could benefit from a more in-
depth analysis, potentially integrating frontline health service data, such as frequency
of health assessments or direct contact measures, to identify optimal support levels.

In terms of methodology, while Power BI provided a robust platform for data
interrogation and visualization, there are inherent limitations in our visual analysis.
A deeper justification for using specific visualization tools and regression models is
necessary to clarify their role in refining the insights derived. We recommend further
work to justify these tools and consider other data modeling advancements to address
the nuanced relationships within our data.

It is crucial to critically reflect on the structural inequities inherent in govern-
mental policies aimed at addressing inequalities. These policies often risk stereotyping
and victimizing low-SES population groups by framing them solely through the
lens of deficits or what they “lack” rather than recognizing their potential capabil-
ities and resilience [33]. For example, policies like the ‘two-child benefit cap’ and
chronic unemployment responses may inadvertently blame the affected communities
for their circumstances rather than addressing the structural shortcomings of the sys-
tem itself. This deficit-focused narrative undermines the agency and abilities of these
communities, effectively excluding them from being active contributors to solutions.

Future studies should adopt a strengths-based approach that emphasizes the
capabilities, resources, and resilience of affected communities. By integrating the

lived experiences of these groups, research can shift from deficit-focused narratives
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1335 to approaches that highlight community strengths and co-created solutions. This
1336

1337 approach aligns with broader calls for participatory research methodologies that
1338
1339
1340 The impact of the COVID-19 pandemic is another critical factor to consider, as
1341

1349 1t likely exacerbated existing inequalities by limiting access to public health services,
1343
1344
1345 dataset was disrupted, and unemployment rates surged during this period, reflecting

1346
1347 broader socioeconomic challenges. While this study addresses these impacts briefly,

empower communities and amplify their voices.

physical activities, and outdoor spaces. For instance, the collection of the NCMP

gig future research should take an intersectional approach to examine how the pandemic

1350 influenced health outcomes and social determinants, particularly in socioeconomically
1352 challenged communities. Moreover, investigating how community strengths and adap-

ggi tive strategies mediated resilience and recovery during the pandemic could provide

1355 valuable insights into fostering sustainable interventions. This includes exploring envi-
1356

1357 ronmental factors such as access to green spaces and their role in promoting health
1358
1359

1360 and imputation procedures introduce potential biases and limit comparability across
1361

1362 Years, which should be borne in mind when inferpreting the results.

1363

1364 .. . p o

1365 0-1 Limitations and Future Research

122? A notable limitation of this study is the temporal inconsistency between datasets.
1368
1369
1370 closely over the period 2019-2022, the NCMP data covers a longer span (2010-2020),
g% and the IMD and IDACI indices are available only for 2019. These differences restrict
1373
1374
1375 limitation is common when using routinely collected public health data, but it high-
12;? lights the importance of future work that seeks to harmonise data collection cycles
1378

1379

1380

and well-being among children in deprived areas. These pandemic-related disruptions

While the ASQ-3, Universal Credit, and Unemployment Claimants datasets align

the extent to which fully integrated longitudinal analyses can be conducted. This
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across domains to enable more robust inferential analyses. Our study is also lim-
ited by the availability and structure of public datasets, which might not capture the
full picture of early years health interventions. Future research should explore more
sophisticated data models and include qualitative measures to address gaps in our
current data. Incorporating community feedback and using mixed-method approaches
can provide more nuanced insights into how SES affects childhood health and develop-
ment. Another limitation is that our analyses rely primarily on bivariate correlations.
While these provide useful exploratory insights, they cannot account for potential
confounding factors or establish causal relationships. Accordingly, the associations
observed here should be regarded as hypothesis-generating rather than causal. Future
work should employ multivariable regression models and causal inference approaches
(e.g., longitudinal analyses, structural equation modelling) to more robustly assess the
drivers of early years outcomes once harmonised datasets become available.

The correlation between socioeconomic deprivation and adverse health outcomes in
early years is evident, with implications for both public health policies and community
interventions. Addressing these issues will require multi-sectoral involvement and an
intersectional research approach that considers both the structural inequities faced by
communities experiencing socioeconomic disadvantage and their inherent strengths.
By focusing on community-driven solutions and resilience, research can provide

actionable insights to mitigate healtli inequalities and support child development.

6 Conclusions

Our findings showed a weak correlation between socioeconomic factors and wider
determinants that influence childhood obesity and poor school readiness at age 2-2.5
years (Tables 4, 5). Computer modelling analysis showed concerning public health
trends. Reinforcing the public health outcomes data from 2018/2019 there is again an

increasing trend in childhood obesity and poor school readiness at this early years’
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1427 child health developmental assessment point. Child poverty is suggestive. Although we
1428

1429 are unable to give a robust explanation for this tentative link, the health assessment
1430
1431
1432 years public health intervention. How health visiting and early years providers of child

1433
1434 health services worked together to identify and address wider determinants suggested

at 2 — 2.5 years is crucial to determining the relevance and appropriateness of early

ﬁgg by the social gradient is unknown. We measured the data routinely captured (NCMP)

1437 and so were limited by less access to whole service level data, perhaps partially due
1438
1439 to social restrictions during the pandemic and local reorganisation of child health ser-

1440 (;cos. The impact of the pandemic on children and family capacity to undertake and

1442 sustain health enhancing activities is underexplored. Physical activity, access to out-

1443
1444 door green space and nutritional interventions (such as vitamin supplementation and

ﬁig breast feeding supports) are mediating public health determinants of healthy weight

1447 [16] and learning attainment. Future research could focus on the comparative analy-
1448

1449 sis of 'wider’ determinants, such as locality access to green spaces, and their impact
1450
1451
1452 to the intersection between the social gradient of child health outcomes and applied
1453

1454 collaborative interventions to reduce gross child health inequities in communities.
1455
1456
1457 interpreted as an exploratory case analysis. Its contribution lies in providing localised

1458
1459 insights that can inform targeted early years interventions, while also offering trans-

on weight and nutritional aspects within local 'ward’ data. Paying closer attention

L

Finally, we note that this study is context-specific to Birmingham and should be

132(1) ferable lessons for policymakers in other urban contexts across the UK facing similar

1462 inequalities.
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