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Risk-aware explainable multi-
output workflow for early-stage
screening of building heating and
cooling load indicators

Saleem Ahmed Al-Azazi

Early-stage design decisions largely determine a building’s operational energy demand, but
benchmark-trained surrogate models must be used with explicit validity limits. This paper presents
arisk-aware, reproducible and explainable multi-output machine-learning workflow for screening
simulated heating load (HL) and cooling load (CL) indicators from concept-stage geometric and
envelope parameters. Using the Energy Efficiency (ENB2012) dataset (768 simulated building
configurations), Ridge regression, Random Forest and Extremely Randomised Trees (Extra Trees) are
evaluated under five-fold cross-validation and a held-out test set, with additional revision diagnostics
for geometry-blocked validation, split-conformal prediction intervals, compact TreeSHAP attribution,
multi-output ablation and fixed-setting XGBoost, LightGBM and MLP comparators. The Extra Trees
model achieves test-set RMSE of 0.60 kWh/m2 for HL and 1.45 kWh/m2 for CL, with R2 of 0.996 and
0.977, respectively. The added diagnostics show that these values should be interpreted as benchmark
interpolation rather than external generalisation or HVAC plant-sizing evidence. The contribution

is therefore not a new learning algorithm, but an auditable workflow combining transparent
reporting, residual checks, feature-dependence-aware interpretation, scenario screening, uncertainty
communication and conservative deployment gates. Results indicate that overall height, roof area and
glazing area dominate the fitted model’s predictions, consistent with building-physics intuition and
published studies.

Keywords Explainable artificial intelligence, Heating load, Cooling load, Multi-output regression, ENB2012,
Uncertainty-aware screening

Buildings account for a substantial share of global final energy use and associated greenhouse-gas emissions,
and the building-services community is under increasing pressure to deliver low-energy, low-carbon outcomes
without sacrificing comfort and indoor environmental quality. In practice, the earliest design stages - concept
and schematic design - have disproportionate influence: decisions on massing, form factor, glazing ratio and
envelope configuration constrain later HVAC system selection and can “lock in” operational performance for
decades'.

From a building-services perspective, heating and cooling load estimates are required very early to: (i) obtain
preliminary load indicators that can inform, but not replace, plant-capacity studies; (ii) test whether a proposed
envelope and glazing strategy is likely to be compatible with comfort, energy and peak-demand targets; and (iii)
identify design alternatives that warrant deeper analysis. Traditional sizing approaches (e.g., based on steady-state
or quasi-steady methods and guidance in CIBSE Guide A) provide transparent calculations, but they typically
require a suite of assumptions and design inputs that may be uncertain at concept stage (Chartered Institution
of Building Services Engineers®. Conversely, whole-building dynamic simulation can represent interactions
between geometry, envelope and solar gains more accurately, but detailed model creation and calibration are
time-intensive, and the reliability of simulated results depends heavily on input quality and modeller expertise®~.

This tension - needing rapid answers while still providing defensible evidence - has motivated increasing
use of data-driven “surrogate” models for early decision support. By learning the mapping between design
parameters and loads from a reference dataset, trained models can return instantaneous predictions, supporting
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rapid option screening and parametric exploration. However, the adoption of machine learning in building-
services engineering is often limited by two related concerns. First, opaque models can be perceived as black
boxes, making it difficult to defend design decisions in multidisciplinary reviews, value engineering or regulatory
compliance discussions. Second, the well-documented energy performance gap between predicted and measured
outcomes has emphasised the need for transparent assumptions, calibration procedures and governance when
using models to guide decisions®*.

Explainable artificial intelligence (XAI) provides methods to improve trust and traceability by revealing
which features drive predictions and how predicted loads respond to design changes”®. For engineering use,
global and stable explanations - such as permutation importance and partial dependence - can be more practical
than purely local explanations because they are easier to communicate and can be incorporated into design
guidance and checklists®!°. In parallel, recent work in BSER&T has highlighted the importance of linking
design-phase predictions to operational outcomes via structured evaluation and calibration workflows, and of
making assumptions explicit to reduce downstream performance risks®=>°.

Against this background, this study develops and documents an interpretable, multi-output workflow to
predict both heating load (HL) and cooling load (CL) from concept-stage geometric and envelope variables.
The revised framing explicitly recognises that ENB2012 is a widely studied simulated benchmark and that
Random Forest and Extra Trees models are already known to perform strongly on it. Therefore, the study does
not claim a new machine-learning algorithm. Its contribution is a reproducible and responsible workflow, not
a new estimator, that makes benchmark predictions auditable through transparent validation, explanation
artefacts, conservative scenario interpretation and deployment gates. Although the experimental evaluation uses
ENB2012 to enable controlled comparison'"'2, direct transfer to BIM-derived project datasets would require
feature mapping, project-specific retraining and independent validation.

The contributions are: (i) a reproducible multi-output evaluation workflow for HL and CL prediction using
a linear baseline and ensemble tree models, with explicit reporting of the benchmark protocol and its limits;
(ii) compact post-revision robustness diagnostics, including geometry-blocked validation, split-conformal
prediction intervals, TreeSHAP attribution and multi-output versus single-output ablation; (iii) a cautious
explainability and sensitivity layer that combines permutation importance, partial dependence, residual
diagnostics, TreeSHAP and scenario deltas while acknowledging feature dependence among ENB2012 geometry
variables; (iv) a practical deployment concept that positions the surrogate as an early screening and triage layer
rather than a replacement for CIBSE-guided calculations, peak-load sizing or detailed dynamic simulation;
and (v) an expanded discussion of uncertainty, statistical robustness, out-of-distribution governance and
transferability requirements for future project-level use.

Background and related work

Early-stage load estimation and the performance gap

Early HVAC sizing is traditionally supported by simplified load calculations and rules-of-thumb, codified in
professional guidance such as CIBSE Guide A and associated design weather data. These methods are transparent
and familiar to practitioners, but at early stages they rely on assumptions about occupancy, internal gains,
fagade properties and operating schedules which may not yet be resolved®!>. Meanwhile, dynamic simulation
has become mainstream for compliance and design optimisation, yet the predicted-to-measured performance
gap remains a persistent challenge. BSER&T studies have shown that modeller literacy and the treatment of
input uncertainties can materially affect prediction accuracy and therefore downstream decisions®’. More
recent BSER&T work has argued for longitudinal processes that track and calibrate performance from design to
operation, explicitly mapping different “gaps” and their origins®. These findings suggest that any rapid modelling
approach intended for design decision support must be accompanied by transparent assumptions, clear validity
limits and evidence artefacts suitable for review.

Data-driven surrogates for building energy and loads

Data-driven models for building energy prediction have been widely reviewed, with a consistent observation
that nonlinear methods tend to outperform linear baselines when sufficient representative data are available!®14.
Within BSER&T, Li et al. reviewed data-driven and evolutionary approaches for building energy prediction and
highlighted the continuing growth in machine learning adoption alongside the need for robust validation!®.
Surrogate modelling is also well established in building performance simulation and optimisation, where
statistical or machine learning models are trained to approximate costly simulation engines and thereby enable
parametric exploration and optimisation at low computational cost'. Classic BSER&T work also explored
HVAC sizing via genetic-algorithm optimisation, illustrating how fast surrogates and search methods can be
combined to support early sizing decisions!®.

For load prediction tasks, the ENB2012 dataset introduced by Tsanas and Xifara has become a widely used
benchmark because it provides a controlled mapping from a small set of geometric and envelope variables to
heating and cooling loads for 768 simulated designs'!'2. Numerous studies have reported high accuracy on
ENB2012 using ensembles and other nonlinear regressors, including random forests and hybrid approaches!”!8.
However, accuracy alone is not sufficient for early-stage use: practitioners need interpretability, sensitivity
information and confidence about when a surrogate may be extrapolating beyond its training domain.

Recent ENB2012 and building-load studies further confirm that high numerical accuracy can be achieved
with strong nonlinear tabular learners, including random forests, boosting ensembles and hybrid approaches!”~1°.
This makes it important to avoid presenting high R2 values alone as the main novelty. Recent work has also
emphasised explainability and uncertainty reporting: SHAP-based analyses have been used to interpret heating
and cooling load predictions!®?’, while conformal prediction has been proposed to provide prediction intervals
for simulated building heating and cooling-load models?!. These studies motivate the present paper’s emphasis
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on responsible interpretation, validity limits and deployment governance rather than marginal leaderboard
improvements.

Explainability for engineering decision support

Explainability methods can be grouped into (i) global methods that characterise average behaviour and relative
feature importanceacross a dataset, and (ii) local methods that explain individual predictions. Popular frameworks
include model-agnostic methods such as LIME? and feature-attribution approaches such as SHAP’. In building-
services design reviews, global explainability can be particularly valuable because it supports stable narratives:
which inputs dominate uncertainty, which design variables are associated with the largest predicted changes, and
where diminishing returns may occur. However, ENB2012 contains geometrically coupled variables (relative
compactness, surface area, wall area, roof area and height), so permutation importance and partial dependence
should be interpreted as model diagnostics rather than independent causal design rules. Accordingly, scenario
deltas are presented as benchmark-scale screening evidence, not as direct sizing implications.

Weather data, operating assumptions and robustness

It is well understood that loads and energy demand depend on weather files and operating assumptions. BSER&T
contributions on the development of test reference years and probabilistic design weather years provide context
on how weather uncertainty is treated in UK practice and research?>?. At early stages, where many inputs are
uncertain, the robustness of conclusions is often more important than the precision of any single point estimate.
This motivates the inclusion of deployment gates and out-of-distribution flags in the proposed workflow, and
informs the discussion on how the surrogate should be used alongside detailed simulation, calibration and
guidance such as CIBSE TM54 for operational energy evaluation at design stage'®.

Dataset and problem formulation

The study uses the ENB2012 Energy Efficiency dataset comprising 768 simulated residential building
configurations, eight input variables (X1-X8) and two targets: heating load (HL) and cooling load (CL)!12.
The dataset was generated from controlled Ecotect simulations of 12 building forms with variations in glazing
area, glazing distribution, orientation and envelope geometry. It contains no missing values, but missing-data
handling is retained in the workflow to reflect practical concept-stage use. Inputs describe relative compactness,
surface area, wall area, roof area and overall height, plus orientation and glazing parameters. Orientation (X6)
and glazing distribution (X8) are discrete design factors rather than continuous free variables. The two outputs
are simulated heating and cooling load indicators in kWh/m2 under the original benchmark assumptions; they
are not measured operational loads and should not be interpreted as peak plant-sizing values.

The task is multi-output regression: given an input vector x € R, predict y = [HL, CL]. Consistent with
the ablation result, multi-output modelling is used here primarily for operational consistency: the same
preprocessing, validation, explanation and governance logic is applied to both thermal targets. The manuscript
therefore avoids claiming that multi-output learning is inherently superior to training two separate single-output
models unless this is demonstrated under the same protocol. This framing addresses the fact that joint prediction
may be a deployment convenience rather than a guaranteed algorithmic advantage.

Dataset transparency and feature constraints were strengthened in the revised manuscript. In particular,
the ENB2012 design grid should be viewed as a structured simulated benchmark rather than an independent
sample of real buildings. The geometry variables X1-X5 are physically related and should not be treated as fully
independent design levers in causal interpretation or unconstrained what-if analysis. This constraint is explicitly
considered in the scenario, explainability and OOD-governance discussions (Table 1).

Methodology

Data split and pre-processing

The dataset is split into 80% training and 20% test sets using a fixed random seed 42 to ensure reproducibility.
A robust pre-processing pipeline is applied: median imputation followed by standardisation (z-scoring) of all

Symbol | Description Type | Scale/ notes

X1 Relative compactness Input | unitless; coupled
X2 Surface area Input | m% coupled

X3 Wall area Input | m% coupled

X4 Roof area Input | m% coupled

X5 Overall height Input | m; coupled

X6 Orientation (2-5) Input | discrete 2-5

X7 Glazing area Input | fraction 0-0.40

X8 Glazing area distribution (0-5) | Input | discrete 0-5

Y1 Heating load (HL) Target | kWh/m?; simulated
Y2 Cooling load (CL) Target | kWh/m?; simulated

Table 1. Features and targets of the ENB2012 dataset. The benchmark contains 768 simulated configurations
with no missing values in the original data; HL and CL are reported in kWh/m2. X6 and X8 are discrete
factors, while X1-X5 are geometrically coupled variables.
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inputs. Although ENB2012 contains no missing values'2, imputation is retained to reflect typical project datasets,
where concept-stage parameters may be incomplete, and to enable a missing-data gate at deployment. Because
ENB2012 is a structured parametric simulation benchmark, the held-out random test set is interpreted primarily
as an interpolation check. The revised text therefore avoids treating a random split as proof of transfer to unseen
building typologies or project datasets.

Predictive models and multi-output training
Three multi-output regressors are compared:

(i) Ridge regression as a linear baseline; (ii) Random Forest; and (iii) Extremely Randomised Trees (Extra
Trees) as the main workflow ensemble?42>,

Tree ensembles are widely used in engineering regression because they capture nonlinearities and interactions
with limited feature engineering, while remaining relatively robust to monotonic transformations and moderate
outliers. In a multi-output setting, the same tree structure can be used for both outputs, improving consistency
and reducing the risk of contradictory sensitivities between heating and cooling predictions.

Model settings were selected to balance accuracy, stability and training cost. For Random Forest, n_estimators
=250 and max_features = sqrt(p) were used. For Extra Trees, n_estimators =400 and max_features = sqrt(p) were
used. Default settings were retained for other hyperparameters unless otherwise noted. To address the need for
stronger tabular and neural comparators without overstating a new leaderboard, a compact same-split sensitivity
check was also conducted with XGBoost, Light GBM and a shallow MLP/ANN using fixed, documented settings.
These additional models are interpreted as comparators only because they were not exhaustively tuned under
nested cross-validation. The revised manuscript therefore reports them to clarify workflow generality, not to
claim algorithmic state of the art. Further implementation details and the full reproducibility checklist are
provided in Online Resource 1.

Evaluation protocol, metrics and uncertainty-aware checks

Five-fold cross-validation is applied to the training set, and the final selected model is evaluated on the held-
out test set. Performance is reported using mean absolute error (MAE), root mean square error (RMSE) and
coefficient of determination (R2) for each target and their average. MAE and RMSE are reported in kWh/
m2; RMSE penalises larger errors and is therefore useful for screening risk, but it is not a direct plant-capacity
error. R2 is reported as a dimensionless goodness-of-fit indicator. Additional diagnostics, including a central
geometry-blocked validity-limit check, were generated from the same public ENB2012 data to address reviewer
concerns: geometry-blocked validation grouped the coupled geometry variables (X1-X5) into 12 geometry
families; split-conformal intervals were estimated at 90% and 95% nominal coverage; native multi-output
Extra Trees was compared with two separate single-output Extra Trees models; and paired Wilcoxon tests were
treated as descriptive because the five folds are too few to support definitive superiority claims. This reporting
is intentionally statistically cautious: it communicates variability and validity limits rather than using marginal
differences to claim a new benchmark winner.

Explainability and sensitivity analysis

Model transparency is provided through: (i) permutation feature importance, measured as the increase in RMSE
when a feature is permuted®’,(ii) partial dependence plots (PDPs) for key variables, to visualise approximate
marginal model responses; (iii) residual diagnostics to identify bias patterns and heteroscedasticity; and (iv)
a compact TreeSHAP diagnostic on the held-out set to compare global feature attribution with permutation
importance. The revised interpretation explicitly recognises that PDPs and permutation importance may be
misleading when features are strongly dependent. Therefore, the results are discussed as model-conditioned
diagnostics. SHAP and accumulated local effects (ALE) remain appropriate complementary analyses for future
project-level versions, particularly where local explanations or interaction effects are required under feature
dependence’?%1°,

These artefacts are designed to be “design-review ready”: they can be attached to concept-stage decision logs
and used to justify why a design should be prioritised, rejected or escalated for detailed simulation. They should
not be treated as universal physical laws or as substitutes for engineering calculations, because the explanations
are conditional on the ENB2012 benchmark and on the fitted model.

Scenario analysis and benchmark-scale screening

The scenario module computes expected changes in HL and CL under selected benchmark perturbations. In
the revised interpretation, these outputs are explicitly treated as model-based perturbations in the ENB2012
load scale. Because geometry variables are coupled, changes to height, roof area, wall area, surface area and
compactness should ideally be constrained to observed or physically feasible design combinations. Unconstrained
perturbations are retained only as sensitivity diagnostics, not as physically validated building transformations.

Deployment gates and validity limits

For practical use, the workflow includes layered governance gates rather than relying only on a single z-score
threshold: (i) a schema and completeness gate checks that all required inputs are available and correctly typed;
(ii) a categorical validity gate checks that orientation and glazing distribution are within the ENB2012 levels;
(iii) a range gate flags variables outside the training min-max envelope; (iv) a geometry-consistency gate flags
combinations of relative compactness, surface area, wall area, roof area and height that are not physically
consistent with the training manifold; and (v) an OOD escalation gate uses the standardised max|z| rule as
a simple first warning, with distance-to-training-set or domain-rule checks recommended for deployment
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Fig. 1. End-to-end workflow for ENB2012-compatible early-stage screening and escalation decisions.

Model CV RMSE CVR? Held-out RMSE | Held-out R?
Ridge 3.08+0.12 0.899 £ 0.006 | 3.09 0.902
Random forest 1.10 £ 0.04 0.984 £0.001 | 1.12 0.984
Extra trees (main) | 1.05 + 0.04 0.986 +0.001 | 1.03 0.987
XGBoost (fixed) Not run; held-out | Not run 1.17 0.983
LightGBM (fixed) | Not run; held-out | Not run 0.98 0.988
MLP/ANN (fixed) | Not run; held-out | Not run 2.40 0.941

Table 2. Model performance and compact same-split comparator check (averaged across targets). RMSE
values are in kWh/m2; fixed comparator rows report held-out checks only, and cross-validation was not run
for these rows. Using the five cross-validation folds, approximate fold-level 95% confidence intervals for the
mean average RMSE are Ridge 3.08 + 0.11 kWh/m?, Random Forest 1.10 + 0.04 kWh/m” and Extra Trees 1.05
+ 0.03 kWh/m?. The corresponding average R* intervals are 0.899 + 0.006, 0.984 + 0.001 and 0.986 + 0.001.
These intervals are descriptive because they are based on five folds; they are used to prevent overstatement of
small differences rather than to claim definitive statistical superiority.

datasets. Cases failing these gates should be routed to detailed simulation or expert review rather than relying
solely on the surrogate.

These gates operationalise lessons from the performance-gap literature: it is safer to refuse, warn or escalate
uncertain cases than to provide overly confident point estimates>*. They do not certify final physical feasibility;
instead, they provide conservative governance for deciding when a benchmark-trained surrogate is outside its
responsible use envelope (Fig. 1).

Results

Table 2 summarises cross-validated and test performance averaged across both targets for the original three-
model comparison and adds a compact same-split comparator check for XGBoost, LightGBM and MLP/
ANN. Ensemble models substantially outperform the linear baseline, indicating nonlinear interactions among
geometric and envelope variables. The fixed-setting comparator rows are included to contextualise the workflow
rather than to claim a tuned leaderboard or algorithmic state of the art.

Geometry-blocked validation and benchmark generalisation

Geometry-blocked validation is treated as a central validity-limit diagnostic rather than a supplementary
robustness check because it directly tests whether the fitted workflow can generalise beyond the observed
ENB2012 geometry families. This check grouped all samples sharing the same geometry tuple (X1-X5) into 12
geometry families and used grouped cross-validation. For Extra Trees, the average RMSE increased to 4.10 +
2.61 kWh/m2 and the average R2 decreased to 0.716 + 0.314. As a central validity-limit result, this diagnostic
supports a cautious interpretation of random-split results: they demonstrate interpolation within the structured
ENB2012 design grid, not external generalisation to unseen building typologies or unconstrained BIM-derived
project data.

The compact same-split sensitivity check in Table 2 shows that, under fixed non-nested settings, XGBoost
produced average RMSE 1.17 kWh/m2 and average R2 0.983, Light GBM produced average RMSE 0.98 kWh/m2
and average R2 0.988, and the MLP/ANN produced average RMSE 2.40 kWh/m2 and average R2 0.941. Because
these models were not exhaustively tuned under nested validation, the result is interpreted as a comparator
diagnostic and as evidence that the workflow is model-agnostic, not as a claim that any single algorithm is
universally superior (Fig. 2).

Figure 3 compares predicted versus measured loads on the test set for the main workflow model. The fit is tight
for HL and slightly more dispersed for CL. This behaviour is consistent with cooling load being more sensitive
to solar gains and glazing distribution effects that are only partially captured by the simplified variables!'""12.
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Fig. 3. Predicted versus actual heating and cooling loads for the main workflow model (test set).

Ridge (Baseline) Heating load | 3.035 0.912
Ridge (Baseline) Coolingload | 3.152 0.893
Random forest Heating load | 0.639 0.996
Random forest Cooling load | 1.604 0.972
Extra trees (main workflow model) | Heating load | 0.604 0.996
Extra trees (main workflow model) | Coolingload | 1.454 0.977

Table 3. Per-target test performance (RMSE and R2).

In design terms, the result supports an engineering intuition: when glazing and solar control strategies are
uncertain, early cooling predictions should be treated with more caution, and sensitivity artefacts should be
reviewed alongside the point estimate.

Table 3 reports per-target test performance. For HL, the main workflow model achieves RMSE =~ 0.60 kWh/
m2 and R2 = 0.996, while for CL it achieves RMSE = 1.45 kWh/m2 and R2 = 0.977. These results are consistent
with the high accuracy commonly reported on ENB2012, but they are not presented as definitive benchmark
superiority because published studies use different protocols, splits and metrics. The primary value of the
workflow is the combination of transparent reporting, explanation artefacts, scenario screening and validity
limits.
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Relative Compactness

A held-out multi-output ablation showed that native multi-output Extra Trees and two separate single-output
Extra Trees models were practically comparable. Native multi-output Extra Trees achieved average RMSE 1.03
kWh/m2 and average R2 0.987, while two separate single-output Extra Trees models achieved average RMSE
1.01 kWh/m?2 and average R2 0.987. The revised manuscript therefore retains multi-output modelling mainly for
operational consistency--shared preprocessing, validation, explanation and governance for HL and CL--rather
than claiming an inherent accuracy advantage.

A protocol-cautious comparison with selected published ENB2012 studies is provided in Supplementary
Table S1. Because reported results vary by validation strategy, train/test split, tuning and preprocessing, the
revised manuscript avoids claiming direct benchmark superiority from cross-study numbers.

Explainability and sensitivity analysis

Permutation importance (Fig. 4) indicates that overall height (X5), roof area (X4) and glazing area (X7) dominate
predictive accuracy. A compact TreeSHAP diagnostic on the held-out set produced the same top-three ranking
for both targets: for HL, mean absolute SHAP values were highest for X5 (4.33), X4 (2.68) and X7 (1.92); for
CL, the corresponding values were X5 (4.09), X4 (2.51) and X7 (1.45). These drivers align with building-physics
intuition and with prior analyses of the dataset!"!®. However, because ENB2012 geometry variables are coupled,
both permutation and SHAP rankings should be interpreted as the fitted model’s reliance on variables within
the observed design manifold, not as proof that each feature is an independent causal design lever or direct
physical sensitivity. This caution is especially important for relative compactness, surface area, wall area, roof
area and height. Because this compact TreeSHAP diagnostic uses single-feature mean absolute attributions, it
should not be read as a feature-interaction decomposition. The most relevant coupled feature pairs for future
SHAP-interaction/ALE analysis are X5-X4 (height/roof geometry), X1-X2 (compactness/surface area) and X7-
X8 (glazing level/distribution), the present manuscript therefore treats interactions qualitatively and avoids
causal interaction claims.

The learning-curve diagnostic is provided in Supplementary Figure S1. It shows rapid early improvement and
diminishing returns, consistent with the low-noise benchmark; in project transfer, however, sample size should
be determined by coverage of geometry, glazing and operating-condition diversity rather than by ENB2012
alone.

Partial-dependence curves are provided in Supplementary Figure S2. They show useful model tendencies,
but because ENB2012 geometry variables are coupled, they are interpreted as model-conditioned sensitivities
rather than independent design rules.

Residual diagnostics are provided in Supplementary Figure S3. Residuals are centred near zero for both
targets on the held-out split, with somewhat wider dispersion for CL; this supports using CL predictions as
decision-support indicators rather than final sizing quantities.

Scenario-based option screening

Benchmark-scale what-if simulations around a median design are provided in Supplementary Table S2. They
are retained strictly as transparent model perturbations in kWh/m2, not as physically complete geometry
transformations or direct plant-capacity changes.

In practice, these deltas can be used in two complementary ways. First, during early option selection, they
support rapid ranking of alternatives before modelling resources are committed. Second, they identify high-
leverage design variables that should be stabilised early or subjected to detailed simulation. When a scenario
changes coupled geometry variables independently, it should be labelled as a model perturbation rather than a
physically feasible design transformation.

Permutation Importance for the Main Workflow Model

Overall Height
Roof Area
Glazing Area
Wall Area

Surface Area

Glazing Area Dist.

Orientation

0 1 2 3 4 5
Importance (A negative RMSE)

Fig. 4. Permutation feature importance for the main workflow model.
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Fig. 5. Pareto-style re-ranking of observed ENB2012 configurations in the predicted HL-CL space.

Benchmark candidate re-ranking and Pareto-style screening

Within the ENB2012 benchmark, candidate screening rarely optimises a single target: heating and cooling loads
are both important, and minimising one may increase the other. Figure 5 visualises the observed ENB2012 design
configurations in the predicted HL-CL plane and highlights low-load candidates. The analysis is not presented as
generative optimisation or new design generation; it is a Pareto-style re-ranking of existing observed benchmark
configurations that can help shortlist options for subsequent detailed simulation.

The screening step is intentionally lightweight. It does not replace engineering judgement required to
evaluate comfort, ventilation, controls, feasibility, cost, carbon or system selection. Because ENB2012 heating
and cooling loads can be positively correlated for many configurations, the Pareto front should be interpreted as
a transparent visual triage aid rather than proof of a rich optimisation trade-off. The rounded top-candidate list
is provided in Supplementary Table S3.

Discussion: integration into building-services workflows and standards

Beyond predictive accuracy, deployment in practice depends on how the model is used, documented and
governed. This section maps the workflow to common building-services activities and UK/BSER&T guidance
themes.

Positioning relative to CIBSE guidance and dynamic simulation

CIBSE Guide A provides calculation methods and design criteria used by engineers for early sizing and comfort
evaluation?. In parallel, CIBSE TM54 emphasises the need to evaluate operational energy at the design stage by
making occupancy and operating assumptions explicit, and by recognising model uncertainty'?. The proposed
surrogate workflow is compatible with this framing: it provides rapid screening estimates that can be used to
explore geometric and envelope trade-offs, but it should be treated as an intermediate screening layer rather than
a final compliance or plant-sizing model. Where a design is near a decision threshold (e.g., equipment selection,
overheating risk, or regulatory limits), the surrogate should trigger detailed simulation and, where relevant,
calibration approaches as advocated in BSER&T performance-gap studies®=>.

Evidence artefacts and decision traceability

One practical advantage of the workflow is the generation of evidence artefacts: predicted loads, feature rankings,
sensitivity curves, residual checks and scenario deltas. These artefacts support transparent discussions with
architects and clients, and provide a documented rationale for decisions. Supplementary Table S4 summarises
a low-friction checklist that aligns these artefacts with typical lifecycle stages and embeds governance gates:
when assumptions change materially, or when OOD flags are raised, the process requires escalation to detailed
simulation rather than continued reliance on the surrogate.

Robustness, extrapolation and the role of uncertainty

The geometry-blocked result in Section "Geometry-blocked validation and benchmark generalisation” is
used as the main boundary-setting evidence for this manuscript: random-split accuracy supports benchmark
interpolation, whereas blocked performance provides a conservative warning for transfer beyond observed
geometry families. The ENB2012 benchmark is low-noise and controlled, so high R2 values are expected.
Real projects introduce additional variability from weather uncertainty, occupancy, internal gains, ventilation,
equipment performance, control strategy and construction tolerances. BSER&T has contributed foundational
work on design weather years and test reference years, highlighting that typical weather choices materially
affect design conclusions?»?. Accordingly, a prudent deployment approach is to: (i) train/retrain the surrogate
on climate- and typology-representative datasets; (ii) use schema, range, geometry and OOD gates to prevent
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extrapolation; (iii) treat scenario deltas as directional indicators rather than exact quantities; and (iv) report
calibrated uncertainty before the workflow is used for high-stakes decisions. As a post-revision diagnostic, split-
conformal intervals achieved approximately nominal behaviour: at 90% nominal coverage, empirical coverage
was 0.890 for HL and 0.909 for CL with mean widths of 2.15 and 6.77 kWh/m2; at 95% nominal coverage,
empirical coverage was 0.974 for both targets with mean widths of 3.08 and 9.81 kWh/m2. These intervals are
intended for risk communication and escalation decisions, not as safety margins for final plant sizing.

Reproducibility and supplemental material

To support reproducibility and peer review, Online Resource 2 includes a runnable core experiment script,
generated JSON/CSV outputs, a requirements file, a manifest and a README explaining how to place the
publicly available ENB2012 file as data/ENB2012_data.csv. The core script uses relative paths and regenerates the
held-out metrics, cross-validation summaries, geometry-blocked diagnostic, split-conformal interval metrics
and multi-output ablation; fixed-setting XGBoost/LightGBM, MLP and TreeSHAP diagnostic outputs are
supplied as additional generated output files.

Limitations and future work

First, ENB2012 is generated from controlled simulation rather than measured operational data!!2. Real
buildings may exhibit additional variability due to occupant behaviour, weather uncertainty, equipment
performance, control strategies, and commissioning. Future work should validate and retrain the workflow
on project- or portfolio-level datasets exported from BIM and building management systems, consistent
with BSER&T’s emphasis on connecting design predictions to operational performance through structured
assessment and calibration®. Established evidence-based calibration methodologies and model-to-measurement
matching practices should be applied when transferring surrogate models to operational datasets, to reduce
bias and ensure traceability?®*”. In addition, recent competition-based analyses highlight that machine-learning
predictors can fail silently under distribution shift and may overfit to benchmark artefacts, reinforcing the need
for governance and uncertainty reportingzs.

Second, although a split-conformal interval diagnostic has been added, the intervals are not yet embedded
as full operational safety margins, nor are they validated on external project datasets. For high-stakes option
selection and any plant-sizing-related decision, uncertainty information should be recalculated under repeated
or blocked validation and reported with coverage, interval width and escalation thresholds. Consequently, the
revised manuscript limits its practical claim to early screening and escalation rather than final HVAC sizing.

Third, the current workflow focuses on heating and cooling loads as design outputs. In practice, building-
services decisions are multi-criteria, involving comfort, indoor air quality, capital cost, operational cost
and carbon. Extending the framework to incorporate additional outputs (e.g., peak electrical demand, fan
power, or life-cycle carbon indicators) would better support holistic decision-making and align with current
decarbonisation agendas.

Finally, while the model is interpretable relative to many black-box approaches, explainability artefacts
can still be misused if treated as universal truths rather than dataset-conditioned summaries. Practitioners
should treat feature importance, PDPs and scenario deltas as model-based evidence, not as physical laws. In
particular, the coupled ENB2012 geometry variables can make independent feature perturbations misleading.
Major decisions should therefore be corroborated with engineering calculations, feasible-geometry checks and
dynamic simulation when appropriate.

Practical application

The workflow provides building-services engineers with fast, auditable screening estimates of simulated HL and
CL indicators from ENB2012-compatible concept-stage geometric/envelope parameters, or from mapped BIM-
derived/project inputs only after feature mapping, project-specific validation and retraining. It supports early
option triage, prioritisation of envelope changes and identification of alternatives that require detailed dynamic
simulation. It should not be used as a stand-alone tool for final HVAC capacity sizing, compliance assessment
or equipment selection. Explainability outputs can be attached to design reviews to document assumptions,
highlight influential parameters and justify why a candidate design should proceed to detailed engineering
analysis.

Conclusion

A risk-aware explainable multi-output workflow was developed for early-stage screening of simulated building
heating and cooling load indicators. On the ENB2012 benchmark, the Extra Trees model achieved strong
interpolation performance (test RMSE 0.60 kWh/m2 for heating and 1.45 kWh/m2 for cooling) and produced
interpretable feature rankings and scenario deltas. Additional diagnostics added during revision--geometry-
blocked validation, compact TreeSHAP attribution, split-conformal intervals, boosting/MLP comparators
and a multi-output ablation--clarify that the workflow should not be interpreted as a new machine-learning
method, a new algorithmic state of the art or as direct HVAC plant-sizing evidence. Instead, the contribution is
an auditable workflow that combines reproducible benchmark prediction, cautious interpretation, uncertainty
communication, residual checks, scenario-based option triage and deployment governance. Final HVAC sizing,
compliance decisions and BIM/project deployment require project-specific feature mapping, external validation,
retraining, uncertainty quantification, detailed simulation and professional engineering judgement.
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Data availability

The ENB2012 Energy Efficiency dataset used in this study is publicly available from the UCI Machine Learning
Repository. The dataset should be placed as data/ENB2012_data.csv before rerunning the reproducibility scripts.
Supplementary materials are provided as Online Resource 1 and Online Resource 2.

Code availability

The code and reproducibility materials supporting this study have been deposited in Zenodo and are available
at https://doi.org/10.5281/zenodo.20734588. The archived package includes the core Python scripts, generated
JSON/CSV outputs, requirements file, manifest, README file and instructions for placing the publicly avail-
able ENB2012 dataset as data/ENB2012_data.csv before rerunning the analyses. The code uses relative paths
and is intended to reproduce the held-out metrics, cross-validation summaries, geometry-blocked validation
diagnostic, split-conformal interval metrics and multi-output ablation reported in the manuscript.
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