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Motivation-

A vast literature has investigated the effect of educational attainment on cognitive ageing and brain health
(Lovdén et al., 2020; Stern et al., 2020). Education has been proposed to contribute to cognitive reserve, akin
to a mental resilience which would allow individuals to better withstand age-related neural changes,
potentially delaying cognitive impairment or dementia (Stern, 2009). Recent studies have challenged this
hypothesis.

One of the earliest empirical studies to support the cognitive reserve hypothesis explored the relationship
between education and brain size using MRI in older adults (Coffey et al., 1999). They found that higher
education was associated with greater total brain volume, suggesting a structural advantage linked to
educational attainment. However, they also observed that age-related brain changes occurred regardless of
education level, implying that if education may be linked to larger brain reserve, it does not prevent brain
aging itself. A longitudinal study examining the link between education and brain ageing using neural
biomarkers showed no evidence of educational attainment influencing the rate of brain ageing over time
(Nyberg et al., 2021). However, cross-sectional analyses revealed a modest positive association between
education and regional cortical volume. This suggests that although education may be associated with greater
initial brain reserve, it does not necessarily slow down brain ageing processes. These studies investigate the
association between educational attainment and brain ageing, making them potentially prone to selection bias
and reverse causality.

To overcome these limitations, we are proposing to use the 1972 Raising the Schooling leaving Age (ROSLA)
reform as a natural experiment to assess the causal relationships between duration of schooling and brain age.

The 1972 ROSLA Order increased the minimum leaving age from 15 to 16. This reform applied to students
born on or after 1st September 1957, thereby extending compulsory education by one additional year for those
born after that date. By exploiting the policy-induced variation in schooling duration, we aim to isolate the
effects of education on brain ageing from confounding factors. We have three aims in this paper. First, we will
calculate and validate innovative Brain Ageing clocks in our sample of the UK Biobank. Second, we will
describe the association between educational attainment and Brain Ageing clocks in our sample. Finally, we
will overcome the methodological limitations of previous studies by assessing the causal impact of a change
in the duration of schooling induced by ROSLA on the rate of brain ageing as measured by these clocks.

Data:

The UK Biobank (UKB) is a large population-based prospective cohort study comprising of almost 500,000
participants aged 40 to 70 at baseline, recruited between 2006-2010 (Bycroft et al., 2018). Approximately, 9.2
million individuals living within 40km of one of 22 assessment centres across England, Scotland and Wales
were invited to participate, of whom 5.5% enrolled. At recruitment, participants completed detailed
questionnaires, underwent physical measurements, and provided biological samples. The study was further
expanded to include enhanced follow-up data, including genotyping, biochemical assays, web-based



questionnaires, physical activity tracking, and multimodal imaging (including brain MRI data critical for brain
ageing research).

For our analysis, we will focus on a subsample of participants born in England, Scotland, or Wales within ten
years of the September 1957 school-leaving age reform threshold. This restriction is aligned with previous
studies using the same natural experiment design. This subsample includes 69,553 individuals. All
participants attended an initial assessment centre to undergo MRI scanning in 2014. A proportion were invited
several years later in 2019 to repeat the assessment. The second criteria of selection are the viability of the
MRI brain scans. Some of the participants had empty scans, scans not in the NIFTI format and corrupted files.
These participants were excluded from our study. Our final subsample comes down to 53,503 brain scans
(including both assessments) for 49,448 individuals.

Exposure: educational attainment and ROSLA

In the UK Biobank (UKB) dataset, educational attainment is measured using two variables: the ages at which
participants completed full-time education, and their highest educational qualification.

These measures provide insight into both the duration and level of formal education attained by participants.
For our analysis, we will primarily use the first variable as a proxy for years of schooling. This variable
enables us to detect whether individuals were affected by the policy change, as those compelled to remain in
school for an extra year due to the reform are expected to report a higher leaving age compared to similar
individuals born just prior to the cutoff.

The following covariates will be incorporated in our models: gender and age (age at recruitment as well as age
at the time of the MRI).

Methods:
Aim 1: Calculation of Brain Age

Our first aim is to calculate, validate and select a measure of brain age in our sample. Brain Age Gap
Estimation (Brain AGE) or Brain PAD (Predicted age difference) calculate the difference between the
predicted brain age and chronological age. Brain age can be used a biomarker for brain health (Kalc et al.,
2024). A positive value may indicate an older looking brain compared to their chronological brain and a
negative value may indicate a brain age younger than chronological age (Cole, 2020). Brain Age will be used
as our primary outcome in all other analyses.

We will use two pre-trained neural networks for building the clocks for a small subsample of our cohort,
namely- DeepBrainNet (Bashyam et al., 2020) and MIDI (Wood et al., 2024). These models take minimally
pre-processed data (skull-stripped and linearly registered through the automated pipeline from the FMRIB
(Jenkinson et al., 2012)) pass them through a convolutional neural network with inception-resnet-v2 and
DenseNet201 architecture respectively and give us brain age estimates (Jenkinson et al., 2012). To evaluate
the accuracy and efficiency of the models, we employ a range of optimisation metrics, including AUC, ROC,
R?, Pearson’s correlation coefficient, mean squared error (MSE), Mean Absolute Error (MAE) and system
runtime. The model that best aligns with our performance criteria will be selected. This selected model will
subsequently be applied to the entire population. employ a range of optimisation metrics, including AUC,
ROC, R?, Pearson’s correlation coefficient, mean squared error (MSE), Mean Absolute Error (MAE) and
system runtime. The model that best aligns with our performance criteria will be selected. This selected model
will subsequently be applied to the entire population.

Aim 2. Association between education and brain ageing clocks

In our second aim, we ask whether educational attainment is associated with measures of brain aging. We
hypothesize that individuals with more years of schooling will exhibit healthier brain aging profiles, as
measured by a lower brain age gap. Gender may modify the association between education and brain aging.
To explore this, we will first estimate models for the full sample and then stratify by gender. In each case we



regress the brain age gap on years of education, adjusting for additional covariates including age, age?, sex,
height, volumetric MRI scaling (T1-weighted), and head motion during imaging. We also include interaction
terms between gender and years of schooling to formally test whether the educational gradient in brain aging
differs between men and women.

Aim 3. Impact of longer schooling on Brain Ageing

To estimate the causal effect of education on brain ageing, we employ a Regression Discontinuity Design
(RDD) leveraging the 1972 Raising of School Leaving Age (ROSLA) reform in Great Britain. The ROSLA
policy increased the minimum school leaving age from 15 to 16 for individuals born on or after September 1,
1957. In this framework, individuals born just after the cut-off serve as treatment group and those born just
before are control group (Barcellos et al., 2018). Under the assumptions described below, this design enables
us to establish a causal relationship between schooling duration and brain ageing.

We estimate two key parameters. First, we estimate the impact of eligibility to the reform on brain ageing,
regardless of whether the individual actually stayed in school longer, akin to an intent-to-treat estimate.
Potentially not all individuals complied and would have stayed at school until age 16 (or more) in the absence
of the reform. Whilst some individuals stayed at school until age 16 because of the reform (the ‘compliers').
Second, we also document the effect of taking up additional schooling on brain ageing using a two-stage least-
squares. The coefficient of interest is interpreted as a Local Average Treatment Effect (LATE) and should be
interpreted as the average effect of the additional year of compulsory schooling on brain ageing for those who
would have left school at 15 in the absence of the ROSLA reform. We employ a 2SLS as follows-

Stage 1: Educ; = a, + a;T; + f(R;) + €
Stage 2: BrainAgeGap; = By, + B1Educ, + f(R;) + 6X; + ¢

BrainAgeGap; is the outcome of interest for individual i; T; is the indicator variable taking value 1 for
individual born after the cut-off for eligibility (treated group) and 0 if born before that threshold (control
group); R;is an individual’s birth cohort relative to the cut-off and measured in months (it can be linear,
quadratic or cubic); X;is a vector individual characteristic: age, age squared, , gender and month of birth. We
will use robust standard errors in all specifications.

We will select the mean squared error optimal bandwidths to empirically establish our bandwidth size on each
side of the cut-off (Calonico et al., 2014). We will conduct robustness checks by estimating models with
alternative bandwidths of 3, 5, and 10 years. For graphical analysis, we will use small bins at the month of
birth level to allow for fine-grained visualisation of the discontinuity cut-off.

In addition, focusing on average effects may conceal heterogeneous effects on specific parts of the health
distribution (Barcellos et al., 2023). In additional models, we will estimate quantile treatment effects (QTE)
across the distributions of our outcomes (Bitler et al., 2006; Frandsen et al., 2012).

We will also conduct a series of robustness check as part of supplementary analysis. First, we will check there
is no manipulation or discontinuity at the threshold in the density of the running variable (date of birth) using
the McCrary graph. We will also check the covariate balance at the cut-off to ensure that the treated and
control groups are comparable at the cut-off. Higher order polynomials and triangular kernels, and additional
adjustments will be included. We will also run placebo tests by shifting the cut-off to earlier or later than the
actual threshold (e.g. on September 1% 1954-56 and then September 1 58-59) to check for discontinuity. We
will also check if our findings are sensitive to different bandwidth sizes (ranging from 0 to 10 years).

Expected findings:

We expect that eligibility for the 1972 ROSLA reform, which increased compulsory schooling by one year,
will be associated with healthier brain ageing. Specifically, individuals affected by the reform are anticipated
to show a lower brain age gap, as illustrated by Figure 1, indicating brains that appear younger relative to
chronological age. This would provide causal evidence that extended education contributes to improved brain
health later in life. In preliminary analyses, we tested the DeepBrainNet neural network model for estimating
brain age and obtained a Mean Absolute Error (MAE) of 5.64 years, indicating strong predictive accuracy and



reliability for use in our cohort. We also anticipate heterogeneous effects across the distribution of brain
ageing measures, with stronger benefits among individuals who would otherwise have left school earlier.
Together, these results would suggest that social policies extending compulsory education can have lasting
effects on brain structure and ageing, contributing to the reduction of health inequalities across the life course.
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Figure 1: The plot illustrates with simulated data the populations we will consider in our analyses.

Figure 1
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