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 a b s t r a c t

Reducing domestic energy demand is central to climate mitigation and fuel poverty strategies, yet the impact of 
energy efficiency interventions is highly heterogeneous. Using a causal machine learning model trained on na-
tionally representative data of the English housing stock, we estimate average and conditional treatment effects 
of wall insulation on gas consumption, focusing on distributional effects across energy burden subgroups. While 
interventions reduce gas demand on average (≈-19%), low energy burden groups achieve substantial savings, 
whereas those experiencing high energy burdens see little to no reduction. This pattern reflects a behaviourally-
driven mechanism: households constrained by high costs-to-income ratios (>10%) reallocate savings toward im-
proved thermal comfort rather than lowering consumption. Far from wasteful, such responses represent rational 
adjustments in contexts of prior deprivation, with potential co-benefits for health and well-being. These findings 
call for a broader evaluation framework that accounts for both climate impacts and the equity implications of 
domestic energy policy.

1.  Introduction

Domestic energy use accounts for a substantial portion of global 
greenhouse gas (GHG) emissions, making its reduction a cornerstone 
of climate mitigation policies worldwide [1,2]. In pursuit of decarboni-
sation, governments and international authorities have mandated laws, 
standards, subsidies and several other programmes and incentives to 
improve on energy efficiency of the domestic building stock [3±5]. As 
such, energy efficiency remains a critical pillar in these efforts for the 
foreseeable future, both as a means of reducing GHG emissions, and as 
a cost-effective strategy to accelerate progress toward national and in-
ternational net-zero targets set for mid-century milestones [6±8].

Improving energy efficiency in residential buildings is widely per-
ceived as a particularly attractive climate policy goal because it promises 
to deliver two key objectives at once: lower GHG emissions and im-
prove household wellbeing [9,10]. This latter promise rests on the ex-
pectation that efficiency upgrades make it easier and more affordable 
to maintain adequate indoor temperatures, thereby reducing exposure 
to cold, damp, and fuel-related financial strain Ðall of which have been 
closely linked to respiratory illness [11], cardiovascular conditions [12], 
anxiety and depression [13] and more generally identified as determin-
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ing factor of excess winter deaths [14,15]. This situation is commonly 
referred to as fuel poverty, defined as a household’s inability to afford 
adequate energy services to maintain a healthy and comfortable living 
environment.

As such, policy co-benefits expected from energy efficiency inter-
ventions [16] are further reinforced by the broader health advantages 
of reduced fossil fuel use, including improved air quality and reduced 
pressure on public healthcare.

Existing research has shown however that domestic energy efficiency 
interventions often lead to highly heterogeneous cross-population re-
ductions in energy demand [17,18]. In many cases, the actual energy 
savings fall short of the projections made by engineering evaluations 
based on building physics models Ða phenomenon commonly referred 
to as the rebound effect [19]. While the rebound effect was initially dis-
missed as technical anomaly, it has been increasingly attributed to be-
havioural factors [20].

Notably, socioeconomic factors (particularly income) appear to 
play a central role in shaping post-retrofit energy behaviour [17], 
with higher-income households tending to achieve stronger and more 
sustained reductions in energy consumption following efficiency up-
grades. In contrast, lower-income households often exhibit considerably 
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weaker, and in some cases negligible, reductions in energy use [18] post 
intervention.

While behavioural factors undoubtedly influence how households re-
spond to energy efficiency interventions, a robust causal explanation 
must also consider the extent to which these behaviours are shaped by 
the intervention itself. A central mechanism in this regard is the pre-
bound effect [21], where pre-intervention energy use is lower than en-
gineering model estimates due to suppressed heating behaviours, as a 
result of affordability constraints. This effect is particularly pronounced 
among fuel-poor households, who may limit heating to unsafe or un-
healthy levels in order to manage high energy costs [22,23]. For in-
stance, recent ONS data report that a substantial proportion of UK house-
holds refrain from adequately heating their homes even in cold condi-
tions; as of late 2022, more than 6 out of 10 (63%) adults indicated they 
were consuming less gas and electricity due to rising living costs, with 
over 9 out of 10 (96%) of these individuals specifically reducing their 
heating frequency [24].

In such cases, it is plausible that energy efficiency upgrades do not 
eliminate ‘excess’ energy use but instead enable a shift toward more ad-
equate and healthy indoor conditions. While the prebound effect has 
been documented in observational studies, robust quantification of its 
causal impact across heterogeneous households remains limited. Our 
study contributes by estimating these causal effects using a causal ma-
chine learning framework.

Building on previous work [17], we adopt the hypothesis that when 
a dwelling undergoes an energy efficiency upgrade which, in addition 
to reducing required energy use, also lowers associated energy costs, 
this may induce behavioural changes to household heating patterns. 
Specifically, the hypothesis implies that exactly the same intervention 
alleviates energy burden (i.e., the proportion of income spent on en-
ergy bills) much more significantly, in relative terms, for lower-income 
households. As a result, these households are more likely to reallo-
cate the meaningful financial relief gained from efficiency improve-
ments toward increased thermal comfort rather than maximising en-
ergy savings, given that their heating behaviour was previously con-
strained to suboptimal comfort levels [22] due to high energy burden 
pressures. As such, this behaviourally-driven energy rebound is consis-
tent with rational household responses under prior deprivation, high-
lighting the need to account for heterogeneity in evaluating intervention
outcomes.

Previous attempts to infer the causal impact of energy efficiency in-
terventions on household energy use rely on observational data sourced 
from the National Energy Efficiency Data (NEED) framework and em-
ploy econometric techniques such as difference-in-differences and sta-
tistical matching [17,18]. The NEED dataset is particularly valuable for 
its large-scale, longitudinal records of meter-level energy consumption. 
However, it lacks detailed socioeconomic data (most notably, income) at 
household-unit level. Furthermore, it covers records of energy efficiency 
interventions carried out through government schemes, to which house-
holds (or their landlord, social or private) have voluntarily adhered to. 
As a result, treatment assignment in the NEED sample dataset is sub-
ject to potential self-selection bias [25] i.e. households that choose to 
participate in retrofit programmes may differ systematically from non-
participants in ways that also affect their energy consumption patterns, 
thus limiting the generalisability and internal validity of causal esti-
mates based solely on this dataset.

Building on established findings regarding prebound and rebound 
effects, our study introduces two key methodological and data-driven 
innovations. First, we develop a causal graphical model [26] Ða tech-
nique within the broader field of so-called causal machine learning (ML), 
whose aim is to estimate causal effects rather than mere predictions 
from observed data. By using a (causal) graphical model approach we 
are able to explicitly formalises the assumptions underlying our causal 
effect identification strategy, hence obtaining estimations of both aver-
age treatment effects (ATE) and conditional average treatment effects 
(CATE). This approach offers greater transparency than conventional 

matching or difference-in-differences techniques, especially when ad-
dressing complex confounding and heterogeneity. Second, we source 
data from the English Housing Survey Fuel Poverty (EHS-FP) dataset 
series, which provides detailed unit-level information on household in-
come, housing characteristics as well as modelled energy costs. While 
the reliance on modelled (rather than metered) energy costs introduces a 
degree of uncertainty Ða limitation we directly address in Section 2.1Ð 
the EHS-FP includes nationally representative sampling weights for each 
unit. This allows us to generalise our findings to the entire stock of 
over 22 million dwellings in England. Crucially, the availability of di-
rectly observed household income at the unit level enables precise cal-
culation of fuel burden, in contrast to reliance on indirect proxies. The 
only two existing works attempting to identify effect heterogeneity of 
energy efficiency interventions across household types [17,18] rely on 
area-level indicators such as the Index of Multiple Deprivation (IMD), 
which fails to capture important within-area income heterogeneity
[27,28].

2.  Methods

Our methodology is grounded in the concept of probabilistic causation
[29], thus interpreting an external intervention as affecting the change 
in probability for an outcome to occur, rather than as a deterministic 
mechanism. Specifically, we adopt a causal graphical model approach 
[26], in which the system of interest is represented by a directed acyclic 
graph (DAG) that encodes assumed causal relationships among vari-
ables. Each node in the DAG corresponds to a random variable, and 
arrowed edges represent direct causal influences between variable pairs 
(Fig. 1).

This formalism relies on two key assumptions: the causal Markov con-
dition (Section 2.4) and the faithfulness condition. The latter ensures that 
statistical independencies implied by the DAG structure are reflected in 
the observed data. Together, these assumptions enable the use of the 
graph to identify appropriate adjustment sets and to infer causal effects 
from observational distributions.

Causal graphical models offer a systematic and transparent frame-
work for causal inference from observational data, which is particularly 
valuable in settings where randomised controlled trials are unethical, 
infeasible (as in this case), or prohibitively expensive. Although the for-
malisation of graph-based causal inference emerged from the field of 
artificial intelligence Ðmost notably through the foundational work of 
Pearl [26]Ð the framework has since been widely adopted across di-
verse disciplines concerned with causal effect estimation. In epidemiol-
ogy and public health research for instance, DAGs are established tools 
to represent confounding, identify adjustment variables, and support 
causal claims [30±32]. Similarly, in econometrics, graph-based causal 
reasoning has become an established tool for policy evaluation and treat-
ment effect estimation [33±35].

Building on these foundations, recent developments of causal ML 
have extended the principles of graphical modelling to high-dimensional 
and data-rich environments. For example, in the Earth system sci-
ences, causal discovery methods have been used to identify drivers 
of complex climate phenomena from observational time series [36]. 
In healthcare and medicine, causal ML has improved diagnostic ac-
curacy and personalised treatment strategies beyond correlational ap-
proaches [37±39] such as those based on deep (yet opaque [40]) neu-
ral networks. More recently, foundation models to predict missing val-
ues in tabular data have shown predictive performance beyond cur-
rent state-of-the-art when based on graphical (structural) causal models
[41].

These methodological foundations provide the framework we relied 
upon to analyse the causal relationship between insulation interven-
tions, household energy use, and behavioural adjustments. Before spec-
ifying the causal graph, we first describe the data on which the model 
is trained and the procedures used to prepare it.
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2.1.  Data sourcing and preparation

Data used to train the causal graphical model were obtained from 
the English Housing Survey - Fuel Poverty (EHS-FP) dataset collec-
tion [42], a yearly, nationally representative survey released by the UK 
government that collects information on household and dwelling char-
acteristics necessary for assessing fuel poverty in England. To ensure 
methodological consistency, we selected EHS-FP datasets from the pre-
pandemic period (2015±2018). During this period, data collection fol-
lowed standard procedures involving in-person interviews and property 
inspections, ensuring comparability across survey years. Each yearly 
EHS-FP dataset contains between 11,853 and 12,024 household records, 
with the exact number varying by reference year. Approximately 16% 
of these records were excluded for not listing gas as the main fuel type. 
Each remaining household record includes a sampling weight variable 
[43], which indicates the household’s representativeness within the na-
tional domestic building stock population of approximately 22.6 mil-
lion dwellings. These weights were used to perform stratified resam-
pling, generating a weighted dataset of 60,000 household units for each 
of the four yearly datasets. Testing larger resampled datasets showed 
no appreciable difference in the estimated results. The final dataset 
used for training the model parameters therefore consists of 240,000 
weighted units in total and is representative of the English domestic 
building stock across the years 2015±2018. Compared to other datasets 
such as NEED (which tracks households participating in energy effi-
ciency programmes), the EHS-FP provides a randomly selected sample of 
the overall (English) housing stock. NEED is longitudinal but primarily 
includes programme participants, potentially introducing self-selection 
bias, whereas the EHS-FP provides a representative baseline for country-
wide causal inference.

A detailed description of all variables, including definitions and mea-
surement units, is provided in section S0.3 of the supplementary mate-
rial.

2.2.  Causal graph specification

The DAG constructed for our model is shown in Fig. 1. Here, the 
𝑋 symbol designates the intervention variable walls insulation, whereas 
𝑌0 and 𝑊  respectively indicate the outcome variable gas consumption 
for space heating and the covariate household energy burden. This latter 
is taken as the ratio between gas costs for space heating 𝑉1 (plus all 
other gas and electricity costs, 𝑉10), and household income 𝑉7, i.e. 𝑤 =

(𝑣1 + 𝑣10)∕𝑣7.
To formally describe the core causal mechanism from a temporal 

perspective, we begin with the following causal sequence:
𝑋 → 𝑌 𝑡

0
→ 𝑉1 → 𝑊 → 𝑌 𝑡+Δ𝑡

0
(1)

illustrating how an external intervention entailing an energy efficiency 
measure to the dwelling 𝑋 = 𝑥 Ði.e. installation of external walls insu-
lation in the specific caseÐ initially leads to a reduction in energy (gas) 
consumption 𝑌0 at time 𝑡. This decrease in consumption subsequently 
lowers gas cost expenditures (𝑉1), thereby reducing the household’s en-
ergy burden (𝑊 ). The change in energy burden, in turn, influences occu-
pants behaviour, potentially affecting subsequent gas consumption (𝑌0) 
at a later time 𝑡 + Δ𝑡.

Following the initial reduction in gas consumption at 𝑡, there may 
be a compensatory behavioural response leading to an increase in con-
sumption at 𝑡 + Δ𝑡. Consequently, the causal effect triggered by 𝑋 enters 
a feedback loop involving the variables 𝑌0, 𝑉1, 𝑊  ultimately returning 
to 𝑌0. As a result, both gas consumption and associated costs oscillate 
around (and eventually settle on) an equilibrium state post-intervention, 
which is constrained by the governing price relationship correlating cost 
and consumption of gas for a household:

Gas cost (𝑉1) [£] ≈Gas consumption (𝑌0) [kWh] × Gas unit price (𝑉9) 
[£/kWh]

Capturing this higher-order feedback loop effect is beyond the scope 
of this analysis. Instead, we focus on identifying the direct physical effect 

Fig. 1. Causal graphs specification representing the structure of assumed causal relationships. a: full directed acyclic graph (DAG) , incorporating the intervention 
variable, 𝑋, the outcome, 𝑌0, and additional covariates representing potential confounders and mediators such as energy burden, 𝑊 . b: the core causal mechanism 
is first modelled as a cyclic temporal graph, thus capturing the dynamic feedback loop initiated by the intervention 𝑋 and mediated through gas consumption 𝑌0 at 
time 𝑡, then gas cost (𝑉1), and household energy burden (𝑊 ), eventually influencing future gas consumption at time 𝑡 + Δ𝑡. c: modified acyclic version of the core 
causal graph, derived by unfolding the feedback loop into two temporally undifferentiated causal pathways, i.e. a direct physical effect (𝑋 → 𝑌0) and an indirect 
behavioural effect (𝑋 → 𝑉1 → 𝑊 → 𝑌0), as formalised in Eq.  (2). This transformation from cyclic to acyclic ensures compatibility with the requirement of DAG-based 
causal inference modelling.
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of the efficiency intervention (𝑋 → 𝑌 𝑡
0
) and the subsequent behavioural

adjustment mediated by changes in energy cost and burden for the 
household (𝑋 → … → 𝑌 𝑡+Δ𝑡

0
).

By deliberately omitting second-order feedback effects, we can sim-
plify the graphical representation of the response variable to energy ef-
ficiency interventions such as external wall insulation. Specifically, we 
replace the temporally directed cyclic chain (shown in Fig. 1-b and Eq. 
(1)) with an equivalent acyclic graph involving two atemporal paths, 
both starting at 𝑋 and eventually reaching the response variable 𝑌0 from 
separate ways:
𝑋 → 𝑌0

𝑋 → 𝑉1 → 𝑊 → 𝑌0

(2)

The first pathway represents the physical causal mechanism through 
which an energy efficiency intervention affects gas consumption for 
space heating. In the specific case of wall insulation, this direct effect op-
erates by reducing the thermal transmittance (U-value) of the building 
envelope, thereby decreasing the rate of heat loss. The term direct ef-
fect refers here to the expected change in gas consumption, 𝑌0, resulting 
from changing the state of wall insulation, 𝑋, from false (no insulation) 
to true (insulation installed), while holding constant the mediating vari-
ables Ðin this case, gas cost and energy burdenÐ at the levels they 
would have attained under the external intervention. This notion of a 
direct effect corresponds to what Robins and Greenland termed the pure
direct effect [44] and what Pearl later formalised as the natural direct 
effect within the framework of structural causal models [45].

In contrast, the second pathway in Eq. (2) captures the behavioural 
mechanism through which the intervention 𝑋 affects gas consump-
tion 𝑌0, mediated by changes in gas costs and energy burden. This be-
havioural pathway is obtained by removing the mediating variable 𝑌 𝑡

0

from Eq.  (1) and introducing an edge from the intervention 𝑋 pointing 
directly to gas costs 𝑉1 (Fig. 1-c). This modification transforms the initial 
cyclic graph into an equivalent acyclic graph, that is a methodological 
prerequisite for causal graphical modelling [26].

2.3.  Accounting for confounders

The core acyclic graph structure, shown in Fig. 1-c, is further ex-
tended by introducing additional variables which may act as potential 
confounders of the relationship between the intervention (𝑋) and the 
outcome (𝑌0). A confounder is a variable that influences both the treat-
ment and the outcome, hence failing to account for such variables (e.g. 
via statistical adjustment) can result in biased estimates of causal effects.

To mitigate this risk, we expanded the graphical model to include 
variables that are theoretically expected to confound the primary causal 
pathways. Importantly, the selection of these variables was guided by 
theoretical (expert knowledge) understanding of the problem at hand, 
rather than by data-driven criteria such as statistical association or avail-
ability of variables’ data in the first place. This approach aligns with best 
practices in causal DAG construction [32,46,47], which emphasise the 
primacy of causal assumptions and substantive knowledge over empiri-
cal correlations when specifying the model structure. A detailed descrip-
tion of such causal assumptions is reported in section S0.4 of supplemen-
tary material. By prioritising a theory-driven model specification, we 
aim to ensure that the set of conditioning variables used in the subse-
quent analysis appropriately blocks non-causal backdoor paths, thereby 
enabling valid identification of the causal effect of interest.

This theory-first strategy also addresses a core limitation of discover-
ing causal relations exclusively from data [48], namely: the possibility 
of fitting multiple DAGs encoding the same set of conditional indepen-
dencies among observed variables. These DAGs form what is known as 
a Markov equivalence class, i.e. a set of directed acyclic graphs that are 
statistically indistinguishable based solely on the full joint probability 
distribution they factorise into (via Eq.  (3)), even though they may im-
ply fundamentally different causal mechanisms (arrow orientations). In 
the absence of prior causal assumptions or experimental data to rely on, 

it is therefore not possible to identify the true causal graph within this 
equivalence class, a point that echoes Cartwright’s dictum ªno causes in, 
no causes outº [49], highlighting that causal knowledge cannot emerge 
from statistical information alone.

By leveraging substantive, theory-driven knowledge of the data-
generating process under study, we define a credible DAG from within 
the equivalence class, which conforms to the statistical properties of the 
data and also reflects defensible causal relationships grounded in do-
main expertise.

A key consequence of including variables in the causal graph re-
gardless of their data availability is the appearance of unmeasured vari-
ables, denoted 𝑈𝑖, which represent latent confounders. Unlike fully ob-
served models, i.e. where all probabilistic dependencies among variables 
are explicitly captured, the presence of unobserved common-cause con-
founders can complicate the identification of causal effects because such 
latent variables cannot be conditioned on (as we have no observational 
data for them) and therefore identification of unbiased causal effects is 
not always guaranteed in such settings. We deal with this problem in 
Section 2.5.

The final set of variables in the model consists of both ob-
served and latent components. The observed set is given by 𝑽 =

{𝑋, 𝑌0,𝑊 , 𝑉0,… , 𝑉10}, while the unobserved (latent) set is represented 
as 𝑼 = {𝑈0,… , 𝑈5}. A detailed description of all observed variables is 
provided in section S0.3 of the supplementary material. The final, fully 
specified graph, incorporating both observed and latent variables, is 
shown in Fig. 1-a.

2.4.  Modularity assumption

As for Bayesian networks, in a causal graphical model each observed 
variable 𝑉𝑖 ∈ 𝑽  is associated with a conditional probability distribution, 
denoted as 𝑃 (𝑉𝑖 = 𝑣𝑖 ∣ 𝑷𝒂(𝑉𝑖)), which describes the probability of 𝑉𝑖 =
𝑣𝑖 given its parent variables 𝑷𝒂(⋅) in the graph  encoding the underlying 
causal relationships.

A fundamental principle governing causal graphical models is the 
causal Markov condition (also known as modularity assumption), stating 
that, conditional on its direct parents in the causal graph, each vari-
able is statistically independent of its non-descendants, meaning that 
once the immediate causal influences of a variable are accounted for 
(via conditioning), no additional information from its ancestors or other 
non-descendant nodes contributes to its belief probability. For exam-
ple, consider a causal chain 𝑋 → 𝑌 → 𝑍, where 𝑋 denotes the amount 
of time a student spends studying, 𝑌  their resulting exam score, and 
𝑍 the likelihood of receiving a scholarship. In this case, once we ob-
serve the exam score 𝑌 , knowing how many hours the student spent 
studying, 𝑋, provides no further information about their scholarship 
chances 𝑍 (formally: 𝑃 (𝑧 ∣ 𝑦, 𝑥) = 𝑃 (𝑧 ∣ 𝑦)). The effect of 𝑋 on 𝑍 is 
entirely mediated through 𝑌 , and the Markov condition implies that
𝑍 ⟂𝑘𝑗𝑟𝑝𝑋 ∣ 𝑌 .

As a direct consequence of this assumption, the joint probability dis-
tribution over the full set of observed variables 𝑽  can be expressed as 
a product of factors representing local conditional probability distribu-
tions, each corresponding to a variable conditional on its parents in . 
This factorisation follows the structural dependencies encoded in the 
causal graph and is formally given by Koller and Friedman[50]:

𝑃 (𝑣1,… , 𝑣𝑛) =

𝑛
∏

𝑖=1

𝑃 (𝑣𝑖 ∣ 𝑷𝒂(𝑉𝑖)) (3)

2.5.  Identifiability

In this graphical setting, inferring causal effects from observational 
data requires to establish whether such inferences are theoretically per-
missible under the assumed causal structure. In particular, if all rele-
vant variables are observed Ðwhat is known as a Markovian modelÐ 
then post-intervention distributions such as 𝑃 (𝑌 ∣ 𝑑𝑜(𝑋 = 𝑥)), represent-
ing the effect on 𝑌  of an external intervention setting 𝑋 = 𝑥, can always 
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be derived using a truncated version [26] of the standard Bayesian fac-
torisation Eq.  (3). Such procedure however relies on the requirement 
that all potential confounding variables are measurable which is rarely 
the case in most realistic settings (and our case makes no exception). 
This more general scenario involving unmeasured confounders 𝑈𝑖 in the 
graph, and referred to as a semi-Markovian model, complicates causal ef-
fect identification, as identifiability is not always guaranteed in such 
setting.

To address this, we employ Pearl’s do-calculus [51], which provides 
a formal procedure to assesses whether a causal effect can be identified 
from observational (non-interventional) data, given a specified semi-
Markovian causal graph. If identifiability is established, do-calculus 
yields an explicit formula for estimating the causal effect using only 
observed quantities, which is reported in the following section.

2.6.  Effects estimation

The covariate-specific causal effect of external walls insulation (𝑋)

on the response variable gas consumption for space heating (𝑌0) in a 
subset of the sample population for which energy burden (𝑊 ) achieves 
a specific value 𝑤 after the intervention, it is estimated via the following 
formula:

𝑃 (𝑦0 ∣ 𝑑𝑜(𝑥), 𝑤) =
∑

𝑉7

[

𝑃
(

𝑦0 ∣ 𝑥,𝑤, 𝑣7
)

(∑

𝑉2
𝑃
(

𝑣7, 𝑤 ∣ 𝑥, 𝑣2
)

𝑃
(

𝑣2
)

∑

𝑉2
𝑃
(

𝑤 ∣ 𝑥, 𝑣2
)

𝑃
(

𝑣2
)

)]

(4)

A formal proof of the estimator formula in Eq.  (4) based on do-
calculus computations is provided in the supplementary material section 
S0.2.

Eq.  (4) expresses the probability of observing a specific level of gas 
consumption 𝑌0 in the subgroup defined by energy burden 𝑊 = 𝑤, un-
der the intervention 𝑑𝑜(𝑋 = 𝑥). The summation over 𝑉7 averages over all 
possible household income levels. The fraction in round brackets acts as 
a weighting term: it determines how much each income group 𝑣7 should 
contribute when combining the conditional probabilities 𝑃 (𝑦0 ∣ 𝑥,𝑤, 𝑣7). 
These weights are obtained by marginalising over tenancy type (𝑉2). In 
the causal graph, tenancy is a pre-treatment covariate that mediates the 
effect of household income (𝑉7) on the probability of receiving insula-
tion (𝑋). Statistically, this re-weights the observed income distribution 
so that it reflects the population structure once insulation has been in-
tervened upon. Intuitively, Eq. (4) combines two pieces of information: 
(i) the conditional relationship between energy use 𝑌0 and the observed 
attributes (𝑋,𝑊 , 𝑉7), and (ii) the weighted representation of how fre-
quently each income group 𝑣7 occurs in the post-intervention population 
with energy burden 𝑊 = 𝑤, obtained by appropriately averaging over 
tenancy types. Together, this ensures that the resulting estimate corre-
sponds to the distribution of 𝑌0 that would be observed if wall insulation 
were intervened upon in the real population.

The causal effect of external walls insulation (𝑋) on the response 
variable (𝑌0) across the entire sample population, 𝑃 (𝑦0 ∣ 𝑑𝑜(𝑥)), can then 
be derived by applying the law of total probability:
𝑃 (𝑦0 ∣ 𝑑𝑜(𝑥)) =

∑

𝑤

𝑃 (𝑦0 ∣ 𝑑𝑜(𝑥), 𝑤)𝑃 (𝑤 ∣ 𝑑𝑜(𝑥)) (5)

where the first factor on the r.h.s. expressed in terms of observational 
quantities is obtained via Eq.  (4) whilst the second factor on the r.h.s., 
𝑃 (𝑤 ∣ 𝑑𝑜(𝑥)), is derived from observational probability distributions as 
follows:

𝑃 (𝑤 ∣ 𝑑𝑜(𝑥)) =
∑

𝑉2

𝑃 (𝑤 ∣ 𝑥, 𝑣2)𝑃 (𝑣2) (6)

A formal proof of Eq.  (6) is provided the in supplementary material (Eq. 
(S16)). Eq.  (5) aggregates the subgroup-specific distributions from Eq. 
(4) into the overall population-level post-intervention distribution. The 
term 𝑃 (𝑦0 ∣ 𝑑𝑜(𝑥), 𝑤) captures the effect of the intervention within the 
subgroup defined by burden level 𝑤, while 𝑃 (𝑤 ∣ 𝑑𝑜(𝑥)) represents how 

frequently that subgroup occurs in the population once insulation has 
been interveend upon. Multiplying and summing out across all values 
of 𝑤 therefore combines the within-group causal effects into a single 
population-wide effect. Formally, this is an application of the law of total 
probability, but intuitively it means that the overall effect is obtained as 
a weighted average of subgroup effects, where the weights correspond 
to the prevalence of each subgroup after the intervention.

Notably, the unbiased population-wide causal effect 𝑃 (𝑦0 ∣ 𝑑𝑜(𝑥)) can 
been obtained Ðas alternative to Eq.  (5)Ð using the back-door criterion
[26], which involves identifying a set of adjustment variables satisfying 
the following two conditions:

- No variable in the adjustment set is a descendant of 𝑋
- The adjustment set blocks every back-door path between 𝑋 and 𝑌0
A back-door path is any path from 𝑋 to 𝑌0 in the causal graph  that 
includes an arrow pointing into 𝑋, thus representing a non-causal path 
that may introduce confounding bias. For example, variable 𝑉2 satisfies 
both conditions and thus qualifies as a valid (and sufficient) adjustment 
set to compute 𝑃 (𝑦0 ∣ 𝑑𝑜(𝑥)) (see Fig. 1).

However, our goal extends to estimating the covariate-specific causal 
effect for subpopulations defined by a fixed energy burden value 𝑊 =

𝑤. This requires that all back-door paths from 𝑋 to 𝑌0 remain blocked 
after including 𝑊  in the conditioning set [52]. Unfortunately, this is 
not feasible under the back-door criterion because 𝑊  is a descendant of 
𝑋, and including it in the adjustment set would violate the first of the 
two back-door conditions stated above. Indeed, cautionary guidance in 
the literature has long warned against conditioning on post-treatment 
variables due to risks of introducing collider bias [53].

To address this, we resort to do-calculus, which enables princi-
pled reasoning about such cases. Contrary to general intuition, the do-
calculus framework establishes that conditioning on a descendant of 𝑋
does not necessarily bias the estimate of the causal effect [54] as long as 
the independency condition stated by its three rules (see supplementary 
material section S0.1)) are being met. We derive the custom identifica-
tion formula presented in Eq.  (4) accordingly. This enables unbiased 
estimation of the 𝑊 -specific causal effect of 𝑋 on 𝑌0, despite 𝑊  being 
a post-treatment variable.

Interestingly, the covariate-specific estimator formula so obtained 
(Eq.  (4)) requires observing only four variables {𝑋,𝑊 , 𝑉2, 𝑉7} in order 
to compute the post-intervention distribution 𝑃 (𝑦0 ∣ 𝑑𝑜(𝑥), 𝑤). This set 
forms a sufficient adjustment set, as it blocks all non-causal paths whilst 
conditioning on a collider node (𝑊 ).

All of the observational conditional probabilities on the r.h.s. of 
Eq. (4), and r.h.s. of Eq.  (6), are computed from the Bayesian network 
factorisation (i.e. Eq.  (3)) of the joint 𝑃 (𝑽 ) using Variable Elimination 
(VE), a recursive algorithm to perform exact inference in probabilis-
tic graphical models [55]. VE simplifies the computation of marginal 
probabilities by iteratively eliminating variables and combining factors
until only the queried marginal or conditional probability remains. Un-
like approximate inference methods such as those based on Monte Carlo 
sampling, VE yields exact results that are not subject to approximation 
errors arising from sampling variability or convergence criteria.

2.7.  Average and conditional treatment effects

Post-interventional probability distributions obtained via Eqs. (4 and 
5) are then used to compute the corresponding expectation (sample’s 
mean) value of gas consumption 𝑌0 given the external intervention on 
wall insulation: 𝑋 = 𝑡𝑟𝑢𝑒 (= 𝑓𝑎𝑙𝑠𝑒):

𝔼(𝑌0 ∣ 𝑑𝑜(𝑥)) =

𝑛
∑

𝑦0𝑃 (𝑦0 ∣ 𝑑𝑜(𝑥))

𝔼(𝑌0 ∣ 𝑑𝑜(𝑥), 𝑤) =

𝑛
∑

𝑦0𝑃 (𝑦0 ∣ 𝑑𝑜(𝑥), 𝑤)

(7)

with 𝑛 being the number of unique (discretised) assignment values 𝑦0
for the real-valued variable 𝑌0. Eq.  (7) shows how post-intervention 
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probability distributions (from Eqs. (4 and 5)) are converted into ex-
pected values of gas consumption. These expected values are the build-
ing blocks of treatment effect estimation, since they provide the average 
outcome we would see under each intervention scenario.

Accordingly, both the average treatment effect (ATE), representing 
the treatment’s impact on gas consumption across the entire sample pop-
ulation, and the conditional average treatment effect (CATE), represent-
ing the treatment’s impact within subgroups of the population charac-
terised by a specific level of energy burden 𝑊 = 𝑤, can both be ex-
pressed as follows:
𝐴𝑇𝐸 = 𝔼(𝑌0 ∣ 𝑑𝑜(𝑋 = 𝑡𝑟𝑢𝑒)) − 𝔼(𝑌0 ∣ 𝑑𝑜(𝑋 = 𝑓𝑎𝑙𝑠𝑒))

𝐶𝐴𝑇𝐸 = 𝔼(𝑌0 ∣ 𝑑𝑜(𝑋 = 𝑡𝑟𝑢𝑒), 𝑤) − 𝔼(𝑌0 ∣ 𝑑𝑜(𝑋 = 𝑓𝑎𝑙𝑠𝑒), 𝑤)
(8)

Specifically, Eq. (8) formalise the average treatment effect and condi-
tional average treatment effect as differences between the expected out-
comes with and without insulation. The ATE captures the effect across 
the full population, while the CATE isolates the effect for households 
with a specific level of energy burden.

Of note, the subscript  in Eq.  (8) indicates that treatment effects are 
inferred based on the factorisation of 𝑃 (𝑽 ) compatible with the causal 
structure encoded in the graph  Ði.e. the factorisation stated in Eq. (3). 
This means that both the physical causal effect of the wall insulation 
intervention on gas consumption (𝑋 → 𝑌0) and the behavioural effect 
mediated by energy burden (𝑋 → 𝑉1 → 𝑊 → 𝑌0) are taken into account 
in the estimation of 𝐴𝑇𝐸 and 𝐶𝐴𝑇𝐸. A step-by-step illustrative ex-
ample of ATE and CATE calculation is provided in the supplementary 
material section S0.7.

2.8.  Handling selection bias of gas cost data

Household gas cost data for space heating, as reported in the EHS-
FP dataset (𝑉1) are derived using the BRE domestic energy model (BRE-
DEM), a rule-based building-physics engineering model developed by 
the Building Research Establishment [56]. BREDEM estimates heating 
requirements under standardised assumption: households are expected 
to maintain demand temperatures of 21°C in living rooms and 18°C 
elsewhere during heating session [57], with heating demand calculated 
based on several factors such us dwelling characteristics, heating system 
type, local weather, and household composition [57]. The methodology 
also accounts for demographic variation (e.g. longer heating sessions for 
elderly or households with young children, reduced heating of unused 
rooms in under-occupied dwellings).

As a result, reported gas costs reflect simulated rather than observed 
gas expenditures. These values are accurate insofar households heat in 
line with the BREDEM model assumptions. In practice, financially con-
strained households may underheat to reduce bills, meaning BREDEM-
based costs may likely overestimate actual spending for high-burden 
households Ðan issue central to the present study, as we test the hy-
pothesis that behavioural factors may lead to deviations from adequate 
heating regimes. This raises the question of whether such behavioural 
effects can be reliably detected by training our causal ML model using 
EHS-FP data for space heating cost.

To address this we reframe the issue as a problem of sample selection 
bias [58,59]. The bias arises because households that maintain adequate 
heating despite high energy burden are more likely to be represented in 
the BREDEM-based dataset, while those who underheat are systemati-
cally under-represented. Consequently, the EHS-FP dataset constitutes 
a biased sample of the target population. It can be interpreted as if (ac-
tual) gas cost data were collected more frequently from household units 
engaging in adequate heating while systematically excluding units en-
gaging in financially driven energy saving behaviour.

To handle this inherent bias in the training dataset, we follow 
on works from Bareinboim and Tian[60], Bareinboim and Pearl [61],
Bareinboim et al. [62] which provide causal graphical criteria to test 
whether it is possible to recover population-wide observational (or post-
interventional) distributions from samples collected under preferential 

selection. In our causal graphical model, we introduce a binary selection 
variable 𝑆, where 𝑆 = 1 denotes household units were included in the 
sample dataset, and 𝑆 = 0 indicates otherwise. To capture the underly-
ing causal mechanism biasing the data-gathering process, we introduce 
an arrowed edge from 𝑊  to 𝑆 in the graph , thus obtaining an aug-
mented graph  in which 𝑊 → 𝑆 conveys the causal effect of energy 
burden on dataset inclusion/exclusion for the unit. This reflects the idea 
that household units experiencing a high energy burden (𝑊 = ℎ𝑖𝑔ℎ) are 
more likely to adopt heating behaviours that deviate from the assump-
tions made in the energy simulation model, thus leading to their exclu-
sion from the collected sample.

Our goal is to obtain the post-intervention probability distribution 
of 𝑌0 representative of the target population, i.e. 𝑃 (𝑦0 ∣ 𝑑𝑜(𝑥), 𝑤) , but 
since the sample was collected under selection bias, only the distribution 
conditional on 𝑆 = 1 is accessible for use, i.e. 𝑃 (𝑦0 ∣ 𝑑𝑜(𝑥), 𝑤, 𝑆 = 1) . 
As such, the requirement under which the population-wide causal ef-
fect is recoverable from the biased sample essentially entails for these 
two probability distributions to be equivalent. This can be verified by 
leveraging on rule 1 of Pearl’s do-calculus [26] (see section S0.1 in sup-
plementary material):

𝑃 (𝑦0 ∣ 𝑑𝑜(𝑥), 𝑤) = 𝑃 (𝑦0 ∣ 𝑑𝑜(𝑥), 𝑤, 𝑆 = 1)  if: (𝑌0 ⟂𝑘𝑗𝑟𝑝𝑆 ∣ 𝑋,𝑊
)


 ,

(9)

Compliance to the conditional independency requirement stated in 
Eq.  (9) can be checked graphically via the d-separation criterion [63], by 
inspecting the mutilated augmented graph 

 ,
, that is  after remov-

ing all edges pointing to 𝑋 (see Figure S1 in supplementary material). 
It suffice here to note that by conditioning on 𝑊  we block any statis-
tical association between nodes 𝑆 and 𝑌0 in  , , thus rendering them 
conditionally independent given 𝑋 and 𝑊 .

2.9.  Methodological limitations

Our estimates rely on the assumed DAG, which is grounded in sub-
stantive theory and empirical evidence (section S0.4 in supplementary 
material). However the choice of its structure remains a modelling as-
sumption. Misspecification of key causal pathways (for example, omit-
ting a relevant confounder or incorrectly orienting an arrow) could af-
fect the estimated causal effects. We have explicitly discussed this depen-
dence in Section 2.3 and acknowledge it as a limitation of the study. Im-
portantly, the adjustment set used in our analysis is sufficient under the 
specified DAG, meaning it blocks all non-causal backdoor paths to iso-
late the effect of 𝑋 on 𝑌0. Nevertheless, readers should interpret the re-
sults in the context of the assumptions encoded in the DAG. This limita-
tion is not unique to causal graphical models; all causal inference meth-
ods (e.g. including matching and difference-in-differences) crucially rely 
on untestable assumptions about the underlying data-generating pro-
cess.1 Our theory-driven DAG specification increases transparency (and 
hence defensibility) of these assumptions.

A further limitation concerns the use of BREDEM-simulated rather 
than observed gas expenditures. Simulated costs provide a consis-
tent benchmark but may overstate actual spending for high-burden 
households who underheat, leading to sample selection bias. Our ap-
proach (following Bareinboim and Tian[60], Bareinboim and Pearl [61],
Bareinboim et al. [62]) addresses this issue by using causal graphical 
criteria to establish when population-level effects can still be recovered 

1 Matching methods rely on the Conditional Independence Assumption, im-
plying that all confounding variables have been included and controlled for 
in the model. In the language of causal graphical models, this is equivalent 
to finding a sufficient adjustment set of covariates that blocks all non-causal 
paths between treatment and outcome (see Section 2.6 and Fig. 1). Difference-
in-Differences (DiD) methods relies on the Parallel Trends Assumption, that is, 
the treated and control groups would have followed the same outcome trend 
without the intervention.
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despite preferential sampling. This provides a theoretical guarantee that 
bias remains low under the stated assumptions. However, without ob-
served (metered) gas expenditures of the same household units, the ex-
tent of any residual bias cannot be empirically quantified. Importantly, 
using metered gas expenditure data from other datasets would not au-
tomatically resolve this issue, because these data would come from 
households different from those in the EHS-FP sample. Without a shared 
unique identifier (such as a household ID) across the datasets, a standard 
data linkage or merge is unfeasible. In a statistical modelling context, the 
two populations may also lack sufficient common support in their over-
all characteristic distributions, which would prevent the reliable com-
parison of energy use patterns. Future work could address this limitation 
through data fusion methods, provided that either uniquely linkable or 
otherwise strongly comparable household-level data are available.

3.  Results

Our analysis aims to estimate the causal impact of energy efficiency 
interventions on energy use, which in turn influences energy costs and, 
consequently, the economic burden on households. To do so, we focus 
on a specific intervention: the installation of external wall insulation, 
which we denote as the treatment variable 𝑋 in our causal model (Meth-
ods Section 2). While other retrofit interventions may significantly re-
duce energy demand, not every efficiency intervention necessarily leads 
to cost savings as well. That is the case for example of replacing a gas 
boiler with an electric heat pump: a typical domestic heat pump deliv-
ers between 3 to 5 units of heat for every unit of electricity used [64], 
far outperforming even the most efficient gas boilers, which operate at 
around 95% efficiency. However, the higher retail unit price of elec-
tricity relative to gas (as of January 2025, ≈0.25£/kWh for electricity 
versus 0.06£/kWh for gas; UK averages) offsets much of this efficiency 
gain. As a result, households transitioning from gas to heat pumps would 
observe much lower energy demand but not proportionally lower en-
ergy bills, especially in the absence of time-of-use tariffs or government 
subsidies. By contrast, interventions such as building fabric upgrades 
reduce energy required to maintain indoor thermal comfort regardless 
of the energy vector and heating system technology installed, making 
them well-suited to evaluate our central hypothesis around fuel burden 
alleviation.

For this reason, we selected external wall insulation as our treatment 
variable (𝑋) throughout the analysis. The estimated effects presented in 
the following subsections are measured in terms of annual gas consump-
tion levels for space heating (in kWh/yr) denoted by the variable 𝑌0.

3.1.  Average treatment effect (ATE)

We begin by reporting the population-wide Average Treatment Effect 
(ATE) of external wall insulation on annual gas consumption for space 
heating. Here, the ATE is defined as the difference in expected outcomes 
𝔼(𝑌0 ∣ 𝑑𝑜(𝑋)) under two scenarios: one in which all dwellings in the pop-
ulation sample are externally insulated (𝑋 = true), and another in which 
none receives the intervention treatment (𝑋 = false) (see Section 2.7).

Fig. 2-a shows the estimated post-intervention distributions 𝑃 (𝑌0 ∣
𝑑𝑜(𝑋)) under both treatment conditions, along with their corresponding 
expectations 𝔼(𝑌0 ∣ 𝑑𝑜(𝑋)).

It is important here to distinguish the causal quantity 𝑃 (𝑌0 ∣ 𝑑𝑜(𝑋))

from its observational counterpart 𝑃 (𝑌0 ∣ 𝑋). While 𝑃 (𝑌0 ∣ 𝑋) tells us 
how gas consumption differs between dwellings that happen to be insu-
lated and those that are not, it does so within the structure of the existing 
system, where insulation status may be influenced by other factors such 
as income, property type, occupant behaviour, etcetera (Section 2.3). By 
contrast, 𝑃 (𝑌0 ∣ 𝑑𝑜(𝑋)) represents a hypothetical intervention, capturing 
what the distribution of gas consumption would look like if we were to 
externally impose insulation (or lack thereof) across all dwellings, break-
ing any natural dependencies that normally determine who receives the 
intervention. In this sense, conditioning on 𝑋 reflects correlation within 

Fig. 2. Estimated causal effect of walls insulation intervention, 𝑋, on annual 
gas consumption for space heating, 𝑌0. a: post-intervention distributions of gas 
consumption under the two interventional scenarios: 𝑃 (𝑌0 ∣ 𝑑𝑜(𝑋 = 𝑡𝑟𝑢𝑒)) i.e. 
treatment group, and 𝑃 (𝑌0 ∣ 𝑑𝑜(𝑋 = 𝑓𝑎𝑙𝑠𝑒)) i.e. control group. The downward 
shift in expectation 𝔼(𝑌0 ∣ 𝑑𝑜(𝑋)) under treatment 𝑋 = 𝑡𝑟𝑢𝑒 indicates a clear av-
erage reduction in energy use (≈ −2980 kWh/year). b: probability ratio, 𝑃𝑅(𝑌0), 
plotted across the range of annual gas consumption levels. 𝑃𝑅(𝑌0) > 1 sug-
gests an increased likelihood of remaining in a low-consumption regime post-
insulation, while 𝑃𝑅(𝑌0) < 1 indicates a reduced likelihood of persisting in high-
consumption states. A clear pattern emerges, with higher-consuming households 
(> 13, 000 kWh/yr) consistently more likely to reduce their energy use compared 
to lower-consuming households.

the current world, while intervening with 𝑑𝑜(𝑋) imagines an altered 
world in which we directly set the value of 𝑋 and observe the resulting 
changes in 𝑌0. This distinction is foundational to causal inference, and 
it underpins our interpretation of the average treatment effect reported 
here [26].

According to our findings, external wall insulation results in a 
population-wide average reduction of approximately 2980 kWh/year in 
gas consumption for space heating, from a baseline average annual con-
sumption of ≈15,400 kWh/year. This corresponds to a mean decrease of 
about 19% relative to the untreated group.

The estimated 19% reduction in gas consumption is substantially 
higher than the effect sizes reported in previous causal inference 
(difference-in-differences) evaluations of domestic insulation in Eng-
land. Peñasco and Anadón[18] find that cavity wall insulation reduces 
annual gas use by approximately 6.9% in the short term, with the effect 
tapering off over a four-year period. Similarly, Adan and Fuerst [65] re-
port average reductions of around 10.5%. While these figures provide 
benchmarks for comparison, they refer specifically to cavity wall insu-
lation which typically applies to relatively modern housing, with better 
thermal performance at baseline. By contrast, our analysis does not dis-
tinguish between cavity and solid wall types, as our focus is on the over-
all effect of insulation regardless of wall construction. This approach 
includes a broader sample, capturing more older, less energy-efficient 
homes, particularly those with solid walls, where insulation typically 
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leads to greater gas savings. Additionally, both studies rely on data from 
the LEED dataset, which is constructed from observed participants in 
government retrofit schemes. As such, the sample may be subject to 
self-selection bias, since households opting into such schemes may dif-
fer systematically from the general population. In contrast, our use of 
a randomly selected (EHS) dwelling stock sample avoids this particular 
source of bias. Finally, it remains unclear in the literature whether re-
ported percentage changes in metered gas consumption, based on the 
LEED dataset, refer specifically to space heating or to total household 
gas use, i.e. including other end-uses such as cooking and water heating. 
This ambiguity may contribute to discrepancies in reported effect sizes, 
especially given that insulation interventions only affect the share of gas 
consumption for the specific use of space heating.

Beyond average effects, the distributional impact of external wall 
insulation can be further explored through analysis of the probability 
ratio 𝑃𝑅(𝑌0), defined as the ratio of post-intervention outcome proba-
bilities under treatment and control: 𝑃𝑅(𝑌0) = 𝑃 (𝑌0 ∣𝑑𝑜(𝑋=𝑡𝑟𝑢𝑒))

𝑃 (𝑌0 ∣𝑑𝑜(𝑋=𝑓𝑎𝑙𝑠𝑒))
. As shown 

in Fig. 2-b, this ratio captures how the likelihood of a given level of gas 
consumption changes under the interventional scenario compared to the 
baseline (i.e. untreated) scenario. The analysis reveals a clear threshold 
effect at around 13MWh/year. For households with baseline gas con-
sumption below this value, the probability ratio consistently exceeds 1, 
indicating that external wall insulation increases the likelihood of re-
maining in a low-consumption regime. In contrast, for households with 
higher baseline usage (above 13MWh/year), 𝑃𝑅(𝑌0) < 1, thus imply-
ing a reduced likelihood of persisting in high-consumption states post-
intervention. This indicates a general redistribution of the probability 
mass, shifting toward lower levels of gas consumption under treatment. 
It also indicates a clear distributional effect trend of the intervention 
across the sample population, in that high-consuming households are 
systematically more likely to reduce their gas consumption levels post-
treatment compared to those with a pre-treatment consumption level 
below the 13MWh/year threshold.

3.2.  Conditional average treatment effect (CATE)

While the ATE provides a summary statistic of the effect of exter-
nal wall insulation across the entire population, it does not reveal how 
the intervention impacts households facing different levels of energy 
vulnerability, an aspect that is instrumental to the main hypothesis be-
ing tested. To address this, we estimate the Conditional Average Treat-
ment Effect (CATE), defined as the difference in expectation outcomes 
𝔼(𝑌0 ∣ 𝑑𝑜(𝑋),𝑊 ) for the interventional scenario 𝑋 = 𝑡𝑟𝑢𝑒 and baseline 
scenario 𝑋 = 𝑓𝑎𝑙𝑠𝑒, now conditional on observing specific levels of en-
ergy burden (see Section 2.7). This latter is denoted by 𝑊 , and defined 
as the ratio of overall energy costs to household income, a widely used 
metric to capture vulnerability to fuel poverty.

Fig. 3-a presents the estimated post-intervention outcome distribu-
tions 𝑃 (𝑌0 ∣ 𝑑𝑜(𝑋),𝑊 ) for households grouped into discrete energy bur-
den strata, ranging from 2% (±0.5%) up to 11%. For each stratum, con-
fidence intervals (40±60%) are shown for both treatment conditions, 
together with the corresponding medians and conditional expectations 
𝔼(𝑌0 ∣ 𝑑𝑜(𝑋),𝑊 ). We observe that average gas consumption rises with 
energy burden, irrespective of treatment status. However, as revealed 
by the distance between treated and untreated distributions, the effect 
of insulation declines steadily as energy burden increases. This results in 
greater overlap between the two distributions for high-burden groups, 
signalling a reduced intervention impact for these households.

This heterogeneity is more clearly illustrated in Fig. 3-b, which 
shows CATE values across energy burden levels. Households with rela-
tively low burden (1.5±2.5% of income spent on energy) experience the 
largest treatment effect, with an average gas reduction of approximately 
3720 kWh/year (≈ −26% relative to pre-intervention level). This bene-
fit decreases progressively, reaching only ≈500 kWh/year (≈ −3%) for 
households in the highest burden category (𝑊 > 11%).

Furthermore, analysis of the probability ratio across energy burden 
subgroups (Fig. 3-c) provides additional evidence of the uneven distribu-
tional effects. Among households with low energy burden (𝑊 = 2% ±

0.5%), those with mid-to-high baseline gas consumption (i.e., > 9, 000

kWh/yr) are consistently more likely to reduce their demand follow-
ing the insulation intervention, as indicated by probability ratios < 1. 
However, this pattern progressively fades as energy burden increases. 
At higher burden levels, such as 𝑊 = 11% (±0.5%), no clear threshold 
between high and low gas consumers is observed.

Here, probability ratios flatten and converge toward unity across 
the board, independently of pre-intervention consumption levels, thus 
suggesting a reduced differential impact of the intervention. This con-
firms that for households facing higher energy burden, the likelihood 
of achieving substantial reductions in gas consumption diminishes re-
gardless of their absolute consumption levels. One likely explanation is 
that these households are already limiting their energy use to prioritise 
other essential expenditures (e.g. food, rent, debt repayments). As a re-
sult, enhancing the energy efficiency of their dwelling does not lead to 
further meaningful reductions in gas consumption, since energy demand 
was already suppressed prior to the intervention, that is strong evidence 
of prebound effect. Arguably, for the most vulnerable groups, financial 
constraints (rather than energy inefficiency) is the primary barrier pre-
venting them to lower their carbon footprint further.

3.3.  Discussion

Energy efficiency upgrades lead to significant energy reductions for 
households with low energy burden. For high-burden households, re-
ductions are more modest, suggesting financial constraints and/or be-
havioural adaptation may limit the estimated carbon savings.

A critical implication of our results is the emergence of a struc-
tural trade-off between mitigating climate change and improving house-
hold well-being. Energy efficiency upgrades lead to significant en-
ergy reductions for households with low energy burden. In contrast, 
for high-burden households, the intervention yields relatively modest 
gas consumption reductions. This suggests that financial constraints 
limit further carbon savings for this group. The explanation lies in be-
havioural adaptation post-intervention: households reallocate the finan-
cial savings from the intervention toward increasing indoor tempera-
tures, thereby alleviating thermal discomfort. While this behavioural 
shift may limit the net carbon savings predicted by engineering models, 
if households use the resulting financial savings to increase indoor tem-
peratures, this could imply social co-benefits for occupants, although we 
do not directly measure such outcomes.

Our analysis did not directly measure the causal effect on indoor 
temperature levels across the household population pre- and post-
intervention, meaning we cannot provide direct empirical evidence that 
efficiency interventions lead to adequate temperature levels for sub-
groups that may engage in underheating behaviours. We acknowledge 
the possibility that some households might simply engage in wasteful 
heating behaviours (e.g., leaving windows open while heating) once 
they can afford it, due to exogenous behavioural factors. While our 
causal graphical model is specifically designed to account for additional 
behavioural effects of latent confounders such as educational attainment 
(𝑈2) or other exogenous variables (𝑈5) affecting both gas consumption 
and the likelihood of high energy burden, future research could com-
plement this approach by including household-level measurements of 
indoor temperature or other comfort indicators before and after inter-
ventions. Such data would allow empirical validation of whether the 
estimated behavioural adaptation indeed improves well-being. As ex-
plicitly visualised in Fig. 1-a, our model ensures that any statistical as-
sociation measured between the intervention and the outcome, when 
mediated via energy burden (𝑊 ), can be interpreted in causal terms. 
This means our findings represent the isolated causal effect of financial 
relief resulting from the efficiency intervention (𝑋 → 𝑉1 → 𝑊 → 𝑌0),
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Fig. 3. Conditional average treatment effects (CATE) of external wall insulation on annual gas consumption by energy burden subgroups. a: estimated post-
intervention outcome distributions 𝑃 (𝑌0 ∣ 𝑑𝑜(𝑋),𝑊 ) by energy burden level 𝑊 , defined as the share of income spent on energy. Confidence intervals (40±60%), 
medians, and conditional expectations 𝔼(𝑌0 ∣ 𝑑𝑜(𝑋),𝑊 ) are reported for both treated and untreated scenarios. b: plots of the Conditional Average Treatment Effect 
(CATE) as a function of 𝑊 , revealing a declining trend in treatment efficacy with increasing energy burden: households spending 2% (±0.5%) of income on energy see 
reductions of ≈ 3720 kWh/year (≈ −26%), whereas the most burdened (𝑊 > 11%) only achieve ≈500 kWh/year (≈ −3%). c: probability ratios 𝑃𝑅(𝑌0) of population 
subgroups experiencing different levels of energy burden, showing that low-burden households with medium-to-high baseline gas consumption are consistently more 
likely to reduce demand post-intervention (𝑃𝑅(𝑌0) < 1). This pattern disappears at higher burden levels (e.g. 𝑊 = 0.11 ± 0.5%), where all households show limited 
post-treatment change, regardless of initial gas consumption.

insofar the specified causal graph faithfully captures the data generat-
ing process being modelled (Methods section).

Although our analysis is limited to the UK, the underlying be-
havioural mechanism (whereby energy efficiency interventions enable 
households with high energy burden to shift from energy deprivation 
to improved thermal comfort) it is likely to have broader relevance. In 
particular, similar dynamics may be observed in countries of the Global 
South, where energy poverty is widespread and housing quality is often 
poor, with limited access to affordable energy services. As these regions 
undergo rapid urbanisation and face increasing cooling demand due to 
climate change, energy efficiency policies should anticipate the same 
tension between carbon mitigation and the need to ensure liveable in-
door environments. Future policy and research efforts should also ac-
count for cultural and climatic variability in household energy practices 
and thermal expectations, which may shape both the direction and mag-
nitude of behavioural rebound effects in diverse contexts.

3.4.  Policy implications

Our findings pose a significant challenge to prevailing methodolo-
gies in building energy modelling and policy evaluation. Energy and 
climate policies are frequently framed with the explicit intent of deliv-
ering dual benefits: simultaneously contributing to GHG emission reduc-
tion targets and addressing social inequalities, particularly fuel poverty 
and its associated health impacts [66±68]. However, our study reveals 
a crucial nuance. Academic literature and policy assessments typically 
project energy efficiency intervention impacts assuming idealised base-
line conditions, resulting in uniform energy savings across diverse occu-
pant populations, often through the use of simplified building archetype 
models [69,70] that do not capture behavioural heterogeneity due to 
pre-existing energy deprivation. Consequently, conclusions drawn from 
these methods offer only a partial understanding of actual energy sav-
ings and their distribution, potentially leading to overestimations of
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carbon reductions while significantly undervaluing the crucial social 
benefits related to improved liveability.

The ªwin-winº narrative that energy efficiency simultaneously de-
livers substantial carbon emission reductions and improved household 
well-being requires critical re-evaluation. Our results reveal a structural 
trade-off in real-world applications of domestic energy efficiency inter-
ventions, particularly in the context of fuel poverty. For households with 
low energy burdens, insulation effectively delivers climate gains. These 
households are able to reduce gas consumption substantially without 
compromising indoor comfort, translating into tangible carbon savings 
aligned with engineering model predictions.

However, for those experiencing high energy burdens, the primary 
benefit of the intervention shifts from maximising carbon savings to 
potentially alleviating thermal discomfort and enhancing well-being. 
These households rationally reallocate financial relief to achieve health-
ier indoor temperatures, resulting in an increase in energy use aimed at 
improving comfort, which, while profoundly beneficial socially (e.g., re-
ducing respiratory/cardiovascular illnesses and excess winter mortality 
[9±12]), significantly diminishes the intervention’s net carbon mitiga-
tion potential for this group. These crucial social welfare benefits are 
rarely captured in carbon accounting models informing climate policy, 
thus underestimating the total societal value of energy efficiency inter-
ventions.

This nuanced trade-off is particularly pertinent given recent energy 
price surges (2021±2023) across the UK and Europe, which have pushed 
more households into higher energy burden strata [71]. In this evolv-
ing landscape, the role of energy efficiency interventions may increas-
ingly be understood as a means to alleviate thermal discomfort and 
fuel poverty, rather than solely as a tool to drive down GHG emis-
sions. Policies that do not account for these divergent outcomes and 
the behavioural adaptations they trigger risk misrepresenting their true 
impact and inadvertently overlooking the complex needs of vulnerable 
populations [72]. For example, UK schemes like the Energy Company 
Obligation (ECO) [68], which target low-income, fuel-poor households, 
may miscalculate their carbon contribution if they solely rely on mod-
els that assume uniform energy savings. Policymakers could refine such 
programmes by explicitly considering household energy burden pro-
files, targeting support to high-burden households with interventions 
that simultaneously alleviate fuel poverty and account for expected be-
havioural adaptation.

We advocate for an integrated policy framework that explicitly in-
corporates social welfare objectives, such as thermal comfort and pub-
lic health indicators, into carbon accounting models. For instance, car-
bon accounting frameworks could weight avoided emissions differently 
for households where energy efficiency upgrades also deliver measur-
able health and well-being improvements, or include metrics such as 
reductions in cold-related morbidity and excess winter mortality. This 
approach would ensure a holistic assessment of energy efficiency mea-
sures, valuing both their climate and crucial equity contributions. Po-
sitioning energy efficiency as part of a broader strategy to reduce both 
emissions and social inequalities will ultimately contribute to a more 
just and sustainable transition to a low-carbon economy.

3.5.  Directions for future research

In this study, we focused on income and energy burden as the pri-
mary sources of heterogeneity, as these dimensions directly capture dis-
tributional concerns central to energy poverty and efficiency policy. We 
acknowledge that additional factors Ðsuch as dwelling type, geographic 
region, tenure status, or urban/rural distinctionsÐ could offer further 
insights into the differential impacts of insulation interventions. How-
ever, some of these dimensions cannot be fully explored with the cur-
rent dataset; for instance, urban/rural location and fine-grained geo-
graphic identifiers are not available in the publicly accessible version of 
the English Housing Survey. For other factors, such as dwelling type and 
tenure, the causal model already incorporates related structural features 

(e.g., wall type, ownership vs. rental) within the adjustment set, though 
these are not analysed as separate heterogeneity dimensions. Extending 
the heterogeneity analysis to cover all suggested dimensions would re-
quire additional data or an alternative study design, which lies beyond 
the scope of the present work. We highlight this as a valuable direction 
for future research.

4.  Refutation

Causal effects estimation relies on critical assumptions regarding the 
data-generating process (see Methods Section 2). As a result, any vio-
lation of these assumptions can lead to significant inaccuracies in the 
estimated effects. In contrast to ML models aimed at purely predictive 
tasks, where cross-validation offers a comprehensive measure of model 
performance, causal inference lacks a universally applicable validation 
method. To tackle this issue, we draw on recent work [73] grounded in 
the philosophical principle of falsifiability [74] Ðpositing that scientific 
claims cannot be conclusively proven, but gain credibility by resisting 
empirical attempts at refutationÐ we conduct refutation checks to test 
the reliability of our causal estimates. Aim of these tests is to check 
whether the estimated treatment effect conforms to the theoretical ex-
pectation required for the estimator to produce valid causal inferences. 
Such expectations will depend on the specific test, as explained in each 
of the following subsections.

4.1.  Placebo treatment test

First, we perform a placebo treatment test [75] by randomly permut-
ing the values of the treatment variable 𝑋 in the training dataset. This 
involves assigning to each household unit a treatment value 𝑥 drawn 
at random from the original dataset, effectively reallocating treatment 
values across units. This process replaces the original treatment variable 
𝑋 with a randomised version, 𝑋placebo, thereby ‘breaking’ any causal as-
sociation between 𝑋 and its children variables ch(𝑋), while preserving 
its marginal probability distribution:
𝑃 (𝑋placebo) = 𝑃 (𝑋)

𝑃 (ch(𝑋placebo) ∣ 𝑋placebo) ≠ 𝑃 (ch(𝑋) ∣ 𝑋)
(10)

We then evaluate whether the causal estimator (Eqs. (4±8)) detects 
any significant association under this placebo setting. Under valid causal 
assumptions, the theoretical expectation is that the estimator should 
yield a null average treatment effect for the randomised treatment: 
𝐴𝑇𝐸placebo ≈ 0. While this test does not directly assess the estimated 
treatment effect, detecting an effect where none should exist would raise 
concerns about the model’s validity (and hence about its estimate). To 
formally assess this, we define the following null hypothesis: the es-
timated true treatment effect 𝐴𝑇𝐸 is not statistically distinguishable 
from a (random noise) placebo treatment 𝐴𝑇𝐸placebo.

To test this hypothesis we repeat the random reallocation process 𝑛
times, thus generating 𝑛 = 1600 individual placebo datasets and compute 
the placebo treatment effect 𝐴𝑇𝐸𝑖,placebo for every 𝑖-th dataset. These are 
then used to construct a reference distribution under the null. A p-value 
is then computed by comparing the magnitude of 𝐴𝑇𝐸 to the empir-
ical distribution of placebo effects (see section S0.5 in supplementary 
material).

Summary statistics for the placebo distribution are presented in the 
third column of Table 1. As shown, both the mean and median of 
𝐴𝑇𝐸placebo are close to zero (around −5 kWh/year), whereas the esti-
mated true effect 𝐴𝑇𝐸 is substantially larger by comparison. The very 
low p-value suggests that the observed effect is highly unlikely under 
the null hypothesis, providing strong evidence to reject it.

4.2.  Data subsample test

The second refutation strategy assesses the robustness of the esti-
mated average treatment effect to variations in the training data by 
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Table 1 
Robustness checks for the estimated average treatment effect (𝐴𝑇𝐸). The 
placebo test (third column) assesses whether spurious effects emerge when 
treatment values are randomly reassigned, simulating a null scenario. The 
subsample test (fourth column) evaluates estimate stability across random 
subsamples (≈ 40% of the full training dataset). Reported are means, medi-
ans, 1±99% confidence intervals, p-values, and sample sizes. The estimated 
true effect, shown in the final column, is substantially larger than placebo 
estimates and consistent with the empirical distribution of treatment effect 
obtained from random subsamples of the training dataset.

 Unit 𝐴𝑇𝐸placebo 𝐴𝑇𝐸sub 𝐴𝑇𝐸 (baseline) [kWh/yr]
 Mean  [kWh/yr]  ±5.2  ±2935.5

±2980.1
 Median  [kWh/yr]  ±5.5  ±2935.6
 CI (1%; 99%)  [kWh/yr]  (±66.5; 51.6)  (±3004.1; ±2872.2)
 p-value  ±  0.000625  0.1274
 Sample size (𝑛)  ±  1600  1800

employing repeated random subsampling. Specifically, we generate 𝑛 =

1800 randomly drawn subsamples of the training dataset, each compris-
ing ≈ 40% of the units in the full dataset, and compute the corresponding 
treatment effect estimate, 𝐴𝑇𝐸𝑖,sub, for each subsample 𝑖. This process 
yields an empirical distribution of subsample-based 𝐴𝑇𝐸𝑠, which is then 
compared to the 𝐴𝑇𝐸 estimated on the full dataset, i.e. 𝐴𝑇𝐸.

The intuition behind this test is that, if the full-sample estimate is 
stable and not unduly influenced by any particular segment of the data, 
it should lie somewhere within the empirical distribution formed by the 
subsample estimates. In contrast, a large deviation may signal sensitivity 
to specific data partitions, calling into question the generalisability of 
the result.

Formally, the null hypothesis for this test states that: the treatment 
effect estimated from the full dataset is not significantly different from 
the 𝐴𝑇𝐸𝑠 estimated on random subsamples. Thus, in this context, a high 
p-value is desirable (see section S0.6 in supplementary material), as it 
implies that any observed deviation of 𝐴𝑇𝐸 from the distribution of 
𝐴𝑇𝐸𝑖,sub can plausibly be attributed to random sampling variation. Re-
taining the null hypothesis in this case strengthens the credibility of the 
causal estimate, indicating that it is not overly sensitive to the partic-
ular composition of the training data. Summary statistics for this test 
are reported in the forth column of Table 1, where it can be seen how 
the estimated true effect (−2980.1 kWh/yr) is well within the confidence 
interval of the empirical distribution for 𝐴𝑇𝐸sub.

4.3.  Sensitivity analysis to unobserved confounder

While the placebo and subsample tests assess robustness empirically 
within the observed data, a more fundamental concern is potential un-
measured confounding. By definition, such confounding cannot be di-
rectly tested, yet it may still bias causal estimates if an omitted variable 
influences both treatment assignment and outcomes (𝑋 ← 𝑈 → 𝑌0). To 
quantify this risk, we conduct a sensitivity analysis, which evaluates how 
strong such a confounder would have to be in order to fully explain away 
the estimated treatment effect 𝐴𝑇𝐸. Although the existence of such 
a confounder is hypothetical and most importantly it’s unknowable (it 
might represent one, several, or none of the underlying factors), we will 
refer to it as energy consciousness of occupants, so to make the following 
exposition more intuitive. Let say conscious households are more likely 
to choose residing in insulated dwellings (through selective renting, pur-
chasing, or investing in upgrades) and may also consume less gas for 
heating, independently of insulation. We formalise this using a standard 
linear omitted-variable bias (OVB) formula. Let 𝑈 ∈ {0, 1} denote a bi-
nary energy-consciousness indicator, with 𝑈 = 1 indicating ªconsciousº 
households, and suppose 𝑈 affects the probability of dwelling insulation 
𝑋 by:
𝜋 = 𝑃 (𝑋 = 𝑡𝑟𝑢𝑒 ∣ 𝑈 = 1) − 𝑃 (𝑋 = 𝑡𝑟𝑢𝑒 ∣ 𝑈 = 0) (11)

Fig. 4. Sensitivity analysis of the estimated average treatment effect (𝐴𝑇𝐸) to 
a hypothetical unmeasured confounder 𝑈 . The heat-map shows the adjusted 
treatment effect, 𝐴𝑇𝐸adj = 𝐴𝑇𝐸 − 𝜋 ⋅ 𝛾, where 𝜋 denotes the confounder-
treatment association (increase in probability of dwelling insulation attributable 
to the confounder), and 𝛾 denotes the confounder-outcome association (change 
in annual gas consumption attributable to the confounder, independent of insu-
lation). Shading represents the magnitude of the adjusted ATE. The solid black 
contour represents the tipping line, i.e. the locus of (𝜋, 𝛾) combinations that 
would exactly explain away the estimated effect of insulation (𝐴𝑇𝐸 = −2980.1

kWh/year).

whereby 𝜋 represents the confounder-treatment association strength 
(i.e., the effect of energy consciousness on the probability of insulation). 
Similarly, let 𝑈 affect the expected annual gas consumption 𝑌0 by:
𝛾 = 𝔼(𝑌0 ∣ 𝑈 = 1) − 𝔼(𝑌0 ∣ 𝑈 = 0) (12)

where 𝛾 represents the confounder-outcome association strength (i.e., 
the effect of energy consciousness on gas consumption, independent 
of insulation). If 𝑈 exists, the estimated 𝐴𝑇𝐸 will be biased by 
the quantity 𝛾𝜋, so that the adjusted effect is expressed as follows 
Wooldridge[76]:

𝐴𝑇𝐸adj = 𝐴𝑇𝐸 − 𝛾𝜋 (13)

Fig. 4 shows 𝐴𝑇𝐸adj across a grid of (𝜋, 𝛾) value pairs. Shading repre-
sents the magnitude of the adjusted effect, while the solid contour marks 
the tipping line where 𝐴𝑇𝐸adj = 0. This line identifies all combinations 
of confounder-treatment and confounder-outcome association strengths 
sufficient to nullify the estimated effect of insulation (𝐴𝑇𝐸 = −2980.1

kWh/y). To illustrate, if energy-conscious households were three times 
more likely to choose living in insulated dwellings (𝜋 = 0.75 − 0.25 =

0.5) then energy consciousness would also need to reduce consumption 
independently by −5960 kWh/yr (≈ 40% of average baseline demand) to 
eliminate the insulation effect. For more modest confounder-treatment 
associations the confounder-outcome association required to explain 
away2 the estimated effect becomes unrealistically large. For instance, 
assuming conscious households are only 1/3 more likely to choose in-
sulated dwellings compared to uncaring ones (𝜋 = 0.6 − 0.4 = 0.2) then 
the tipping line implies that consciousness independently drives these 
households to save as much as 𝛾 ≈ −14900 kWh/year in gas, which ex-
ceeds the average annual baseline gas consumption of English house-
holds. Similarly, if energy consciousness, 𝑈 , reduces consumption by 
a more modest 𝛾 ≈ −3000 kWh/yr, 𝑈 would need to be an almost de-
terministic predictor of insulation, i.e., 𝜋 = 𝑃 (𝑋 = 𝑡𝑟𝑢𝑒 ∣ 𝑈 = 1) − 𝑃 (𝑋 =

𝑡𝑟𝑢𝑒 ∣ 𝑈 = 0) ≈ 1. More generally, any realistic value for 𝜋 would require 
an implausibly large effect of 𝑈 on 𝑌0, and any realistic effect of 𝑈 on 

2 To ‘explain away’ an estimated effect means to show that the entire observed 
association between two variables can be attributed to (or is fully accounted 
for by) a third, unobserved variable (a confounder). In this context, it implies 
driving the estimated true causal effect to zero.
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𝑌0 would require an implausibly strong association with insulation (𝜋). 
Thus, within plausible ranges for both 𝜋 and 𝛾, unmeasured confound-
ing cannot fully explain away the estimated effect 𝐴𝑇𝐸. This sensitivity 
analysis therefore provides further quantitative evidence for the robust-
ness of our causal conclusions.

5.  Conclusions

The study advances understanding of the causal impacts in domes-
tic energy efficiency interventions by combining a novel methodologi-
cal framework with nationally representative data. Specifically, we em-
ployed a (semi-Markovian) causal Bayesian network and do-calculus, to 
estimate the causal effect of external wall insulation on household gas 
demand for space heating. Building on earlier studies using economet-
ric methods (such as difference-in-differences and matching techniques) 
with the National Energy Efficiency Data (NEED), our methodology ex-
plicitly formalises causal assumptions through a graphical model. This 
enables transparent causal effect identification based on a sufficient ad-
justment set and provides a flexible basis for robust estimation of both 
average and Conditional Treatment Effects.

Crucially, this work also demonstrates the feasibility of using the 
English Housing Survey - Fuel Poverty (EHS-FP) dataset for causal in-
ference at a national scale. Because the EHS-FP includes household-level 
income data and provides a nationally representative random sample, 
our estimates generalise to the entire English housing stock of approx-
imately 22.6 million dwellings. This represents a significant advance-
ment over earlier work, which may be limited by potential self-selection 
bias from programme-based samples (i.e., NEED datasets) and by the use 
of area-level deprivation proxies rather than household-level data.

Our findings indicate that external wall insulation reduces house-
hold gas consumption by approximately 19% on average relative to 
pre-intervention gas consumption levels (≈ −2980 kWh/year). How-
ever, Conditional Average Treatment Effect (CATE) estimates reveal 
pronounced heterogeneity depending on pre-existing levels of energy 
burden (defined as the share of household income spend on energy). 
Households in the lowest burden strata (1.5±2.5% of income spent on 
energy) achieve the largest savings (≈ −3720 kWh/year, ≈ −26%). In 
contrast, those in the highest energy burden category (> 11%) realise 
only marginal reductions (≈ −500 kWh/year, ≈ −3%). These divergent 
outcomes are best understood as behaviourally rational responses to 
economic constraints: households already underheating prior to the in-
tervention likely reallocate the financial relief from reduced bills toward 
higher thermal comfort rather than maximising energy savings. Far from 
being wasteful, such behavioural responses constitute rational adjust-
ments in contexts of fuel poverty, with likely co-benefits for health and 
well-being.

The contribution of this study is therefore twofold. Substantively, it 
provides country-wide causal evidence that the impacts of energy effi-
ciency retrofits are strongly conditioned by household-level energy bur-
den, revealing a structural trade-off between carbon mitigation and so-
cial welfare gains. Methodologically, it demonstrates the applicability 
of causal graphical models for energy policy evaluation for the built 
environment, and that the EHS-FP dataset can serve as a robust basis 
for causal inference across the 22.6 million dwellings constituting the 
English housing stock.

Policy implications follow directly. For households with low energy 
burden, insulation measures deliver the expected operational carbon re-
ductions in line with engineering model predictions. For high-burden 
households, however, the principal benefits lie in alleviating thermal 
deprivation and improving well-being, with only limited net carbon sav-
ings. This finding reveals a structural trade-off that challenges the pre-
vailing ªwin-winº framing of energy efficiency as simultaneously max-
imising climate and social objectives. We argue that policy evaluation 
frameworks should explicitly integrate social welfare indicators such as 
thermal comfort, health outcomes, and equity alongside carbon account-
ing. Recognising and valuing these co-benefits is essential to accurately 

capture the societal impact of energy efficiency interventions across the 
full housing stock and to support a more just and sustainable low-carbon 
transition.
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