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Abstract

Real estate decarbonization mandates necessitate improved building envelope thermal efficiency. These phys-
ical retrofits inadvertently restrict natural ventilation, increasing the risks of indoor dampness and poor air
quality. Addressing this operational trade-off, this research proposes a quantitative framework integrating IoT
sensor telemetry with static asset data. Formulated as a multi-label classification problem predicting three con-
current risks, the study evaluates a Random Forest model on a pilot portfolio of 81 residential units, achieving
an average localized test Area Under the Curve (AUC) of 0.751. Spatial cross-validation yields a baseline AUC
of 0.62, reflecting the physical complexity of generalizing predictive models to unseen architectural archetypes
lacking historical telemetry. Applying the SHapley Additive exPlanations (SHAP) algorithm interprets model
predictions, distinguishing between physical envelope degradation and occupant ventilation behaviors based
on feature contributions. The framework maps these predictive probabilities into a prescriptive four-quadrant
intervention matrix, designed to inform targeted capital and operational budget allocations. Longitudinal emis-
sion projections to 2040 quantify the environmental impact of delayed funding. Asset managers can use these
outputs to balance energy efficiency targets with indoor environmental quality standards and justify accelerated
green financing.
Keywords: low-carbon retrofit; IoT sensors; facility management; interpretable AI; trade-off optimization.

1. Introduction
Existing building stocks generate 28% of global energy-related CO2 emissions due to space heat-

ing, cooling, and ventilation requirements [1]. Reducing operational carbon in real estate portfolios
requires proactive, data-driven retrofitting strategies [2]. Physical retrofits prioritize envelope ther-
mal resistance and airtightness to lower space heating demands. Restricting natural air change rates
establishes a direct trade-offwith Indoor Environmental Quality (IEQ) [3] (Fig. 1(a)). Insufficient me-
chanical exhaust traps occupant-generated moisture and pollutants indoors [4]. Condensation on cold
internal surfaces promotes structural dampness and mold growth [5]. Portfolio management requires
a multi-objective approach to balance energy targets and health standards.

Multi-objective optimization (MOO) frameworks balance competing operational goals by evalu-
ating energy consumption, thermal comfort, and capital costs [6]. These computational models assess
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physical interventions ranging from insulation adjustments to HVAC upgrades [7]. Deterministic en-
ergy models assume static occupant behaviors and idealized material degradation rates. This reliance
limits large-scale empirical validation [8]. Integrating continuous Internet of Things (IoT) telemetry
with machine learning (ML) improves building asset management through data-driven energy fore-
casting and automated fault detection [9, 10]. Predictive ML frameworks isolate physical faults but
rarely offer prescriptive engineering solutions [11]. The inability to translate raw probability scores
into specific maintenance interventions restricts operational budget planning.

This research introduces a quantitative decision-support framework that advances building an-
alytics from pure predictive fault detection into prescriptive facility management (Fig. 1(b)). The
analytical pipeline processes raw environmental telemetry through machine learning algorithms to
predict multiple risk targets simultaneously. The methodology applies SHapley Additive exPlanations
(SHAP) values to extract localized feature importance, distinguishing physical degradation from be-
havioral patterns. These interpretable outputs directly inform a strategic decision matrix designed to
guide physical interventions and prioritize operational budget allocations. The research scope encom-
passes the formulation of this predictive pipeline and its empirical validation using continuous sensor
datasets from an existing residential portfolio, equipping asset managers with a pilot-scale screening
tool to manage the trade-off.

(a) Decarbonization trade-off

(b) Decision-support framework

Figure 1. Research context and analytical framework

2. Materials and methodology
2.1. Data acquisition and preprocessing

The dataset integrates building metadata with high-frequency IoT telemetry (Table 1). The pi-
lot portfolio comprises 81 social housing units located in a local authority in the UK. This region
features a temperate maritime climate with high winter humidity, where large indoor-outdoor tem-
perature gradients strictly dictate extended heating seasons and exacerbate condensation risks. Socio-
economically, these post-war estates (mean age: 58 years) are highly vulnerable to fuel poverty.
Residents restrict heating and block natural ventilation pathways to reduce energy costs, amplifying
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indoor moisture and CO2 concentrations. This specific intersection of climate-driven dampness and
constrained decarbonization budgets necessitates the proposed risk-balanced framework. Heat flux
and condensation risks are calculated via indoor-outdoor temperature ∆T and moisture ∆Humidity
gradients [12, 13]. Cubic spline interpolation reconstructs missing sensor readings to preserve ther-
modynamic dynamics [14]. This technique is restricted to signal gaps under four hours to maintain
data consistency. Longer interruptions are excluded to prevent thermal inertia artifacts. A 7-day
rolling window subsequently extracts maximum, minimum, and average values to capture weekly be-
havioral cycles [15]. Table 1 catalogs the raw telemetry variables. Feature selection isolated five core
predictors, Building Age, Property Type, MaxCO2, ∆T , and ∆Humidity, mitigating overfitting and
computational latency during model training. All other rolling statistical indicators were excluded
from the final dataset.

Table 1. Input feature catalog

Feature category Feature name Data type & Unit

Static metadata
Building Age
Property Type

Continuous (Years)
Categorical (Nominal)

Thermodynamic drivers
Max/Min/Avg Temperature
∆T (Indoor-Outdoor gradient)

Rolling 7D (◦C)
Time-series (◦C)

Moisture indicators
Max/Min/Avg Humidity
∆Humidity (Indoor-Outdoor gradient)

Rolling 7D (%)
Time-series (%)

IAQ & ventilation Max/Min/Avg CO2 Rolling 7D (ppm)

Figure 2. Data imputation and rolling aggregation pipeline

2.2. Multi-label classification framework
This study formulates predictive maintenance as a multi-label binary classification problem. For

each building asset, an input feature vector xi ∈ R5 represents the physical and environmental vari-
ables. The target output is a three-dimensional binary vector yi ∈ {0, 1}3, where components y1, y2,
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and y3 represent risks for Heat Loss, Dampness, and Indoor Air Quality (IAQ), respectively. Each
risk component y j is binarized using a portfolio-specific median threshold rather than absolute engi-
neering, regulatory, or health standards (e.g., WHO indoor air quality guidelines). Applying absolute
thresholds to aging post-war housing stocks classifies over 80% of assets as failing. Methodologi-
cally, this induces severe class imbalance, degrading the predictive performance and generalization of
multi-label machine learning models. Practically, near-universal failure labeling obscures actionable
insights for asset allocation. Establishing a relative benchmarking system (y j = 1 for values exceeding
the portfolio median, and y j = 0 otherwise) mitigates this class imbalance while capturing relative
operational vulnerability. This formulation enables asset managers to isolate the worst-performing
50% of the portfolio, prioritizing targeted capital and operational expenditure (CAPEX/OPEX) al-
locations under strict budget constraints. The model approximates the mapping function f (x) using
a Multi-Output Random Forest architecture (Fig. 3). Single-label methods isolate individual risks,
whereas this multi-label approach captures correlations among simultaneous environmental failure
modes [16]. The function f (x) predicts the joint probability distribution of these risks within the
defined input space X [17].

Figure 3. Proposed multi-task Machine Learning architecture

2.3. Model training and evaluation
Model evaluation requires rigorous partitioning to prevent data leakage. Building science datasets

exhibit high spatial correlation within geographic clusters due to synchronized construction peri-
ods and shared microclimates. Random cross-validation introduces severe data leakage and over-
optimistic performance estimates in panel-structured housing telemetry. This study employs a Group
K-fold strategy (K = 3) based on project lot identifiers. Let L be the set of M unique lots; the par-
titioning ensures that any two folds La and Lb are disjoint (La ∩ Lb = ∅). This spatial validation
assesses generalizability by testing predictions on unseen housing developments [18]. Optimization
maximizes the Area Under the Receiver Operating Characteristic Curve (ROC-AUC) via randomized
search [19]. Performance assessment relies on Precision, Recall, F1-Score, and ROC-AUC derived
from True Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives (FN). Pre-
cision measures the accuracy of positive predictions:

Precision =
TP

TP + FP
(1)

Recall =
TP

TP + FN
(2)

F1 = 2 ×
Precision × Recall
Precision + Recall

(3)
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2.4. Model interpretability

Facility managers require interpretable results to justify maintenance interventions. This study
applies SHAP to interpret the model predictions. Based on cooperative game theory, SHAP calculates
the marginal contribution of each environmental feature to the predicted risk probability. For an
original multi-label prediction model f (x) and a local explanation model g(z′), the additive framework
is formulated as:

g
(
z′
)
= ϕ0 +

M∑
j=1

ϕ jz′j (4)

The binary coalition vector z′ ∈ {0, 1}M indicates the active status of M input features. The
parameter ϕ0 is the baseline expected model output, and ϕ j is the Shapley value for feature j. The
Shapley value ϕ j evaluates the contribution of a feature across all possible combinations S , computed
as:

ϕ j =
∑

S⊆F∖{ j}

|S |! (|F| − |S | − 1)!
|F|!

( fx (S ∪ { j}) − fx(S )) (5)

Feature contributions are quantified using the complete input set F, a subset S ⊆ F ∖ { j}, and the
expected prediction E

[
f (x)|xS

]
. This mechanism isolates anomaly triggers by decoupling structural

degradation indicators (e.g., Building Age) from occupant behaviors (e.g., Max CO2). This feature-
level interpretability translates risk probabilities into targeted engineering interventions [20].

3. Results and discussion
3.1. Portfolio characteristics and predictive performance

Continuous 7-day rolling window aggregation expanded the dataset from 81 physical assets to 808
temporal observations. Although this rolling extraction introduces temporal autocorrelation among
sequential observations from the same unit, this dependence is controlled during model evaluation. As
detailed in Section 2.3, Group K-Fold cross-validation, partitioned by project lot identifiers, ensures
all temporal observations from a specific asset are assigned to a single fold. This structural separation
prevents data leakage, ensuring accuracy metrics reflect the model’s capacity to generalize to unseen
assets rather than overfitting to dependent temporal sequences. Within the 81-unit pilot portfolio
(Table 2), ‘Terraced/Other’ properties exhibit operational vulnerabilities. A mean temperature gradi-
ent of 4.8 ± 2.7 ◦C indicates thermal deficiencies and a dual-risk profile. The uniform building age
(56.0 ± 0.0 years) reflects post-war batch-developed estates rather than a data anomaly. Despite the
limited sample (N = 24), this subgroup provides representative evidence of structural patterns for that
architectural era. Dynamic telemetry uncovers wide statistical dispersion in Max CO2 concentrations,
with an overall standard deviation of 1044 ppm (reaching 1133 ppm in flat properties). This variance
confirms that occupant ventilation habits drive indoor conditions independent of envelope airtight-
ness. Parallel to CO2 variance, moisture telemetry reveals distinct condensation vulnerabilities across
the portfolio. The dataset exhibits an overall average indoor-outdoor humidity gradient (∆Humidity)
of 31.4%, with maximum indoor humidity levels averaging 73.4%. These baseline metrics exceed the
60% threshold critical for mold proliferation. Notably, terraced properties demonstrate severe mois-
ture retention (∆Humidity: 40.2%; Max Humidity: 79.5%), aligning with their concentrated failure
modes in Quadrant 1. This localized moisture accumulation directly substantiates the high damp-
ness risk frequencies observed in Fig. 4 and justifies the necessity for active extraction interventions.
Fig. 4(a) shows the temporal concentration of these vulnerabilities, showing sustained extreme risk
frequencies across specific property types. Fig. 4(b) maps the spatial risk intensity across geographic
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lots, confirming distinct localized failure modes. This pronounced spatiotemporal variance justifies
the implementation of the spatial cross-validation approach.

Table 2. Descriptive statistics of the training portfolio

Property
type

Sample
size
(N)

Building
age

(Mean ±
SD)

Temperature
gradient ∆T
(Mean ± SD,

◦C)

Max CO2

(Mean ± SD,
ppm)

Heat loss
risk (%)

IAQ risk
(%)

∆Humidity
(Mean ± SD,

%)

Max Humidity
(Mean ± SD,

%)

Flat 57 58.9 ± 17.0 5.7 ± 3.3 1151 ± 1133 51.6% 46.5% 30.3 ± 18.2 72.9 ± 18.8
Terraced/Other 24 56.0 ± 0.0 4.8 ± 2.7 1110 ± 815 49.7% 46.7% 40.2 ± 19.7 79.5 ± 18.3
Total/Average 81 58.0 ± 14.9 5.4 ± 3.1 1139 ± 1044 51.0% 46.6% 31.4 ± 18.6 73.4 ± 19.2

(a) Temporal risk frequency

(b) Spatial risk intensity

Figure 4. Spatio-temporal risk distributions

Table 3 details the spatial generalization performance. K-Nearest Neighbors (KNN) achieved
a Spatial CV AUC of 0.6254, slightly higher than the Multi-Output Random Forest (RF) score of
0.6221. RF was selected as the primary architecture to ensure TreeSHAP compatibility for localized
feature interpretation. Methodologically, decision tree ensembles process mixed data types, includ-
ing nominal property classifications and continuous environmental telemetry, without requiring fea-
ture scaling. RF captures non-linear thermodynamic interactions, whereas distance-based algorithms
like KNN are sensitive to scale variations in high-frequency sensor streams. The modest Spatial CV
AUC (0.6221) reflects the physical complexity of generalizing predictive models to unseen architec-
tural archetypes lacking historical telemetry. This metric differs from the localized test AUC (0.751)
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achieved under local calibration within known project lots. This framework functions as a pilot-scale
screening tool to prioritize portfolio interventions rather than a definitive diagnostic instrument.

Table 3. Performance comparison and optimized hyperparameters of ML models

Machine Learning model Spatial CV AUC Optimized hyperparameters

K-Nearest Neighbors (KNN) 0.6254 weights: ‘uniform’, n_neighbors: 20

Random Forest (RF) 0.6221 n_estimators: 200, max_depth: 10,
min_samples_leaf: 4, class_weight:
‘balanced_subsample’

XGBoost 0.6155 n_estimators: 100, max_depth: 3,
learning_rate: 0.05, colsample_bytree: 0.7

LightGBM (HistGBM) 0.6152 max_iter: 100, max_depth: 3, learning_rate:
0.01, l2_regularization: 0.0

Logistic Regression (Baseline) N/A Default parameters

Note: Spatial CV AUC represents the model’s spatial generalization capability, evaluated using Group K-Fold Cross-
Validation (split by project lots) to prevent data leakage between different building archetypes.

Random Forest (RF) serves as the primary model to enable TreeSHAP feature interpretation, a
capability absent in distance-based algorithms. Local calibration on the pilot portfolio yields the final
accuracy metrics (Fig. 5).

(a) Heat loss ROC (b) Dampness ROC (c) IAQ risk ROC

(d) Heat loss CM (e) Dampness CM (f) IAQ risk CM

Figure 5. Performance metrics across risk domains

The Multi-Output Random Forest yields ROC-AUC scores of 0.783 for Heat Loss, 0.730 for
Dampness, and 0.739 for IAQ risks. Deriving metrics from the confusion matrices, the Heat Loss
classifier registers a 0.94 precision with only 6 false positive predictions (F1-Score: 0.37). The Damp-
ness and IAQ models achieve F1-Scores of 0.72 and 0.60, respectively.
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This performance distribution indicates an operational trade-off. Optimizing the Heat Loss clas-
sifier for precision limits the misallocation of capital expenditures (CAPEX) on unnecessary retrofits.
The Dampness and IAQ models prioritize high recall rates, identifying 333 and 225 true positive
cases, respectively. Capturing these instances supports the mitigation of respiratory health hazards.

3.2. Feature importance and model interpretability

The SHAP algorithm facilitates both global and local model interpretability by quantifying indi-
vidual feature contributions. At the macro level (Fig. 6), the dynamic behavioral metric Max CO2
emerges as the leading predictive feature for both heat loss and IAQ risk classifications. The lower
comparative importance of static structural parameters suggests that these environmental vulnerabil-
ities are driven more by occupant habits than by material aging alone. Alongside these behavioral
factors, the temperature gradient ∆T serves as the core physical driver for heat loss.

(a) Heat loss (b) IAQ

Figure 6. Global SHAP feature importance for risk prediction

(a) Heat loss (b) IAQ

Figure 7. Global SHAP feature importance for risk prediction

High CO2 variance serves as a thermodynamic proxy for intermittent ventilation. Absent direct
window-contact sensors or occupancy logs, rapid CO2 decay events coupled with simultaneous in-
ternal temperature drops indicate occupant-driven heat loss. Fig. 7 isolates environmental drivers
for specific units. In apartment B (Fig. 7(a)), feature contributions attribute an 84.16% heat loss
probability primarily to the temperature gradient (+15.28) and indoor temperature (+9.01). Profiling
apartment B, Fig. 7(b) links a 70.95% IAQ risk predominantly to CO2 metrics (+30.43). This statis-
tical attribution identifies suspected envelope vulnerabilities, such as localized thermal bridging, but
does not constitute definitive physical proof. The dataset lacks physical validation records, such as
infrared thermography. These local SHAP values therefore function strictly as diagnostic indicators.
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The algorithmic outputs prioritize and direct targeted physical building audits, serving as a precursor
to manual field inspections.

3.3. Decision-support framework and intervention strategy

Translating predictive probabilities into an operational strategy, the Energy-IEQ matrix quanti-
fies the trade-off between thermal tightness and indoor environmental risks. A baseline 0.5 threshold
segments the building portfolio into four intervention quadrants. Functioning as a tunable parameter
rather than a rigid constraint, this boundary enables facility managers to dynamically scale inter-
vention scopes. Raising specific thresholds narrows the targeted asset pool, aligning maintenance
actions with constrained capital expenditure (CAPEX) budgets and prioritizing properties exhibiting
advanced physical degradation.

Mapping algorithmic risk thresholds against localized feature contributions, the intervention strat-
egy matrix (Table 4) provides a decision-support framework. For dual-risk profiles, Quadrant 1 in-
dicates a need for combined External Wall Insulation (EWI) and Mechanical Ventilation with Heat
Recovery (MVHR). From a psychrometric perspective, the regional winter climate exhibits high out-
door relative humidity alongside minimal absolute moisture. The MVHR heat exchanger draws and
heats this cold outdoor air, substantially decreasing the relative humidity. The mechanism supplies
continuous dry air with high moisture-absorption capacity, mitigating indoor condensation risks and
preserving the thermal integrity of the retrofit. Sensible-only mechanical ventilation with heat re-
covery (MVHR) systems supersede enthalpy-based architectures within the analyzed maritime cli-
mate. Enthalpy cores transfer exhaust moisture into the supply stream, an exchange mechanism that
amplifies condensation risks across high-occupancy residential retrofits. The sensible-only MVHR
methodology extracts moisture-laden indoor air and applies sensible heating to the introduced low-
absolute-moisture outdoor air, a thermal conditioning process that reduces supply relative humidity.
Continuous low-humidity air supply purges internal latent loads in adherence to UK Building Regu-
lations Part F [21] alongside CIBSE Guide A [22]. Quadrant 2 allocates non-structural operational
expenditures (OPEX), such as active extraction ventilation, to highly sealed units. Addressing spe-
cific thermal deficiencies, Quadrant 4 focuses on isolated envelope upgrades, whereas Quadrant 3
establishes a safe operational baseline involving routine IoT monitoring. Within the resultant scat-
ter distribution (Fig. 8), ‘Terraced/Other’ properties cluster in Q1, signaling a reliance on structural
capital. ‘Flats’ align predominantly along the single-risk axes of Q2 and Q4.

Table 4. Translation from ML probability to technical interventions

Quadrant & resource Diagnostic criteria Engineering action

Q1: Deep retrofit
(Priority 1, CAPEX)

High building age + High CO2 Synchronized EWI and MVHR

Q2: Vent upgrade
(Priority 2, OPEX)

High CO2 + High humidity decentralized Mechanical Extract
Ventilation (dMEV) installation; be-
havioral nudges

Q4: Insulation focus
(Priority 3, CAPEX)

High building age + Low tempera-
ture

Targeted CWI or Low-E glazing

Q3: Standard O&M
(Priority 4)

Parameters within safety baselines Routine IoT monitoring; no physi-
cal action
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Figure 8. Intervention strategy matrix applying a 0.5 risk threshold. Each data point denotes a 7-day
rolling-window observation (N = 808), distributing the portfolio across Q1 (High Heat Loss and IAQ Risk),

Q2 (High IAQ Risk), Q3 (Safe Zone), and Q4 (High Heat Loss)

3.4. Financial and environmental impact estimation

Integrating the prescriptive matrix with financial planning quantifies portfolio resource allocation
(Fig. 9). Quadrant 1 interventions for the 23 highest-risk units via whole-house retrofits incur an esti-
mated £26,300 per unit [23], requiring a £604,900 baseline capital expenditure (CAPEX). Localized
structural repairs in Quadrant 4 target defects at £8,000 per property [24, 25]. Regarding operational
expenditure (OPEX), Quadrant 2 ventilation upgrades average £1,000 per unit. While Quadrant 3
assets require no physical modification, a ‘Standard O&M’ allocation of £100 per unit covers IoT
recalibration, data hosting, and platform licensing [26]. Including this £3,500 maintenance provi-
sion, the cumulative portfolio intervention cost reaches £729,400. A ±20–40% market fluctuation
band provides a contingency buffer against material inflation and supply chain disruptions. Linking
currency allocations to algorithmically verified risks grounds the framework in applied asset manage-
ment, establishing a quantitative basis for green financing.

Table 5 demonstrates that retrofitting 46 critical units decreases annual energy use by 108,500 kW h
and drops emissions by 19,204.5 kgCO2e. Under static pricing, these interventions carry lengthy
payback periods of 53.7 years for deep retrofits and 28.6 years for envelope insulation. Incorporating
energy inflation and carbon taxes into financial models can shorten these timelines. At present, base-
line savings alone fail to cover upfront capital costs. Bridging this financial gap necessitates green
financing or asset appreciation [27]. In Quadrant 2, ventilation upgrades add to the electrical load but
remain essential for controlling respiratory hazards [28]. Delaying action incurs a measurable envi-
ronmental cost: a 10-year phased rollout creates a 68-tonne carbon penalty compared to immediate
execution (Fig. 10) [27, 29]. Quantifying this cumulative footprint provides direct evidence to justify
accelerated capital funding.
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Figure 9. Resource allocation dashboard. Pareto distribution of critical intervention units (columns) relative to
cumulative CAPEX/OPEX trajectories (lines) across varying market cost scenarios

Table 5. Estimated carbon and O&M financial impacts

Quadrant Intervention strategy
Target
units

Estimated energy
savings (kWh/yr)*

Estimated carbon
mitigation

(kgCO2e/yr)*

Q1 Deep retrofit 23 80,500 14,248.5

Q2 Ventilation upgrade (dMEV) 9
N/A

(Increased load)
N/A

(Health focus)

Q3 Standard O&M 35 N/A (Baseline) N/A (Baseline)

Q4 Envelope retrofit (Insulation) 14 28,000 4,956.0

Total Pilot target program 46 108,500 19,204.5
*Notes: Calculations utilize steady-state heat transfer equations assuming standard exposed areas, a 3,200-hour heating
season, and 85% boiler efficiency. U-value improvements reflect a 2.1 to 0.3 W/m2K reduction. Carbon reductions apply
the UK DESNZ factor of 0.177 kgCO2e/kWh for natural gas [30].

(a) Annual emissions and cost of delay
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(b) Cumulative emissions

Figure 10. Projected CO2 emission trajectories

4. Conclusions
Decarbonizing real estate necessitates a balance between thermal efficiency and indoor air qual-

ity. This study introduces a data-driven framework to navigate this physical trade-off, converting
sensor telemetry and asset metadata into targeted maintenance strategies. By formulating the thermo-
dynamic conflict as a multi-label classification problem, the Multi-Output Random Forest algorithm
predicted concurrent environmental risks with ROC-AUC scores between 0.730 and 0.783. Spatial
cross-validation verifies model generalizability across unseen housing developments [31]. SHAP
value analysis successfully isolated structural envelope degradation from occupant ventilation behav-
iors, giving engineering teams direct evidence to locate the physical origins of building decay.

Practically, the research translates raw predictive probabilities into a structured intervention ma-
trix. Mapping the inverse relationship between heat loss and condensation risks directs precise capital
and operational budget allocations. This approach justifies financial investments primarily through
respiratory hazard mitigation, shifting the focus away from energy-based metrics. Longitudinal car-
bon models also quantify the environmental cost of delayed funding, supplying asset managers with
the quantitative basis needed to secure green financing.

A primary limitation of this study is the reliance on temperature gradients, rather than direct utility
consumption, to evaluate thermal performance. Future iterations must integrate high-frequency smart
meters to calibrate projected energy savings against absolute thermodynamic baselines. A secondary
limitation is the reliance on CO2 as a proxy for air exchange rates. The deployed IoT network lacks
comprehensive IAQ metrics (e.g., TVOCs, particulate matter) and hardware telemetry for window
operations or localized pollution sources. Future iterations should integrate window-contact sensors
to empirically calibrate these behavioral proxies. Regarding dataset constraints, the pilot sample size
of 81 units limits broad epidemiological extrapolation across diverse architectural styles. Applying
spatial Group K-fold cross-validation counteracts this constraint by tightly controlling the risk of
overfitting, ensuring the algorithm’s predictive logic remains mathematically robust for these specific
post-war estates. Expanding this empirical validation to larger portfolios will scale these insights,
eventually enabling the integration of real-time air quality thresholds into automated heating and
ventilation management systems.
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