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= Introduction Research Questions

Operational energy use in the domestic sector accounts for the largest share of building- ﬂ_: e ® 1. How effectively can machine learning disaggregate

related carbon emissions in the UK, highlighting the importance of developing effective ' contributions of building fabric and occupant behaviour to
interventions to mitigate climate change. However, the reliability of Energy Performance T metered household energy demand?

Certificates (EPCs), which are the principal tool for communicating building energy efficiency
to householders, has been increasingly contested. Current assessment methodologies such
as the Standard Assessment Procedure (SAP) embed static and unrealistic assumptions
about occupant behaviour that fail to reflect actual energy usage patterns. This research aims
to apply machine learning techniques to support development of dynamic EPC user interfaces
that incorporate behavioural inputs and enhance trust in energy efficiency guidance. Findings
could also contribute to the design of targeted retrofit strategies in support of net-zero policy.

Traditional studies using linear methods such as LASSO or OLS regression appear to
underestimate or discount the role of occupant behaviour in household energy use [3], with
one study claiming it accounts for only ~11% of variance in energy demand [4]. However,
these approaches may fail to capture more complex behavioural dynamics. Application of
machine learning techniques such as neural networks to the SERL dataset could more
effectively distinguish between fabric and behavioural influences on household energy
demand to better account for non-linearity, multicollinearity, and behavioural change.

-.'."': 2. To what extent does the ‘prebound’ effect explain the

e Data and Methods underestimation of household energy use by the current
SMART ENERGY @ EPC methodology?

The Smart Energy Research Lab (SERL) captures detailed . The “prebound’ effect refers to

energy consumption data from smart meters of over 13,000 households using less energy than

households across Great Britain, integrating them with 600 predicted by modelling, often due to

contextual surveys and EPCs and thus presenting a unique
research opportunity in household energy prediction.

affordability constraints or

| behavioural adaptations. Quantifying
| this effect challenges static
assumptions in EPC modelling and
| o * supports development of dynamic
models that more accurately reflect
/ lived constraints. This could improve
emissions forecasting and inform

Aand B c D E F and G equitable retrofit policies to reduce
EPC Energy Efficiency Rating

However, previous research using the EPC register [2] estimated significant error rates (36%- health risks associated with
62%) In energy assessments, particularly in recording of building age and insulation by s underheating.
characteristics. The impact of this uncertainty on predictive energy modelling could potentially

be mitigated through application of probabilistic machine learning techniques which can
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Figure 1 (left): Preliminary analysis of SERL data by McKenna et al. [1]
claims it can explain over 70% of variation in household energy
consumption, representing a significant improvement on previous
modelling performance.
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Figure 3 (above, from Few et al. [5]): Studies show a widening gap between EPC estimates and metered energy use
in lower-rated homes. Using the SERL dataset to model energy use before and after the 2022 energy price shock has

explicitly account for input uncertainties. Further, machine learning methods capable of been used to develop better understanding of behavioural responses, especially due to economic constraints [6].
modelling temporal and behavioural dynamics can address shortcomings identified in existing
studies, including static behavioural assumptions and simplified linear modelling approaches. RAPPER T, -

J ¥ ¥ J app £ 3. How can insights from SMETER data inform development
Figure 2 (below) : A flow diagram outlining the proposed methodology for this research, starting with SERL data O O of dynamic EPC interfaces to provide personalised energy
access and progressing through machine learning techniques to produce behaviourally-informed EPC ’ ® efficiency recommendations for end-users?

recommendations: S—

Figure 4 (below): Analysis of the EPC register [7] has shown that owner-occupied dwellings have consistently lower
energy efficiency ratings across all income deprivation deciles, with a notable decline towards middle- and upper-

/ \’ income regions.

Data Access & Governance

N A SERL Dala The introduction of Minimum Energy
Governance Board B . .
Researcher Stalus Approval 0 o —— e Efficiency Standards (MEES) in the

private rental sector and grants and
Initiatives to improve energy

| efficiency in lower income regions
—_— e I appear to have been effective.

However, middle-income owner-
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Fabric vs. Behaviour Behavioural Archetypes

(Neural Networks, XGBoost, Causal) (K-Means, Heirarchial)
\ / Harnessing modern Al techniques alongside the SERL dataset could address the inability of
WP ereonalised Enorey existing energy models to account for occupant behaviour and real-world variability.
and Dynamic EPCs Recommendations Development of household energy profiles that account for behaviour could provide a timely

contribution to the design of interactive EPC interfaces as the UK transitions away from SAP
to the new Home Energy Model for assessment of domestic buildings. Supporting household-
level decarbonisation efforts could collectively drive significant reductions in emissions,
contributing to achievement of UN SDGs by taking action to mitigate climate change.

Ultimately, the integration of the SERL dataset with sophisticated machine learning methods
aims to significantly enhance both the explanatory and predictive power of energy demand
models for producing personalised energy recommendations.
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